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Abstract--- Alzheimer’s disease (AD) is still one of the major public health concerns due to its progressive 

severity and its effects on the economy and population. Precise and early diagnosis of Alzheimer’s disease has 

not improved significantly over the years, mainly because of the multifactorial nature of the disease and the use 

of a single imaging modality such as MRI or a cognitive parser. Prior approaches do not effectively incorporate 

multiple diagnostic features thereby reducing the modality’s sensitivity and specificity. To fill these gaps this 

study introduces the DMAN, a novel framework that integrates MRI imaging, genetic data analysis, and AR-

based cognitive tests for a dynamic, individualized diagnosis of Alzheimer’s. DMAN employs state-of-the-art 

machine learning methods including MRI examination using 3D Convolutional Neural Networks (3D-CNN), 

transformation of data acquired through augmented reality (AR) and Transformer models, and meta-learning to 

apply existing diagnostic architectures to the target population. Single-head and multi-head attention allow for 

the dynamic spotlighting of each given modality by an individual patient’s profile while preserving 

interpretability. The proposed framework incorporates a disease progression model across space and time to 

estimate the future course of Alzheimer’s, which can then be helpful to clinicians at early stages. Moreover, 

DMAN strengthens the concept of real-time explainability by using the contrastive explanation strategy, thereby 

improving the trust of the clients. The system has been constructed for operation in the cloud environment, 

providing extensibility and availability, combined with a mobile application for remote administration and 

testing using Augmented Reality. Early evaluations show that for DMAN high diagnostic accuracy is feasible, 

prognosis can be predicted better, and interpretability of results does not pose difficulties. This study offers a 

novel solution to address key challenges in Alzheimer’s diagnostic system including the use of modalities, 

adaptability, and explainability, thereby contributing to the advancement of early diagnosis and management of 

Alzheimer’s, which has a high impact on patient outcome, and better usage of healthcare resources. 

I INTRODUCTION 

1.1 Background on Alzheimer’s Disease 

lzheimer’s disease (AD) is a progressive neurodegenerative disorder primarily affecting older adults, 

characterized by memory loss, cognitive decline, and behavioral changes [1].The disease is the main 

cause of dementia and contributes to 60 to 80% of dementia cases internationally. It develops through 

three clinical stages complicated by the continuing impairment of cognitive functions predominantly in 

the affected individuals. Neuropathologically, AD is characterized by amyloid-beta plaques and tau tangles 

formation in the brain that otherwise causes neuronal death. After considerable studies, its cause is still 

unclear,and that may be caused due to factorial mode, which includes genetic and environmental factors as well 
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as lifestyle [2]. AD has a large social impact, millions of people suffer from this disease, and healthcare 

expenses are growing rapidly. The best approach is prompt diagnosis and management of any form of LD 

because it eases the rate of the disease progression, enhancesthe quality of life, and cuts off some costs incurred 

by the affected individuals and their families. As a result, there is a growing pressure to provide effective and 

simple diagnostic procedures that are time-sensitive [3]. 

1.2 Current Challenges in Diagnosis 

Modern diagnostic techniques still pose difficulties in accurate diagnosis of Alzheimer’s disease (AD). Modern 

approaches frequently combine only individual data modalities including structural imaging, clinical cognitive 

tests, or genetic analysis [4]. Nonetheless, these techniques are comparatively less sensitive, and specific, 

especially in the initial stages of the disease. Even though MRI images provide evidence of structural changes in 

the brain, they do not explain all aspects of Alzheimer’s pathology. A common drawback of cognitive tests is 

that results may be fluctuant owing to the patient variable. However, genetic data are not conclusive for 

diagnosis when correlated clinically. Furthermore, diagnostic measures are dispersed and are not presented in a 

form that will allow early identification and timely treatment. The high cost of implementation, restricted access 

to technological resources that are central to improving diagnostic abilities, and the general absence of 

established guidelines are the additional enablers that discourage a larger range of promotion. These challenges, 

therefore, underscore the importance of a more flexible, multiple-signal, and inclusive diagnostic model that 

embraces different inputs so that AD can be promptly diagnosed [5]. 

1.3 Motivation for a Multimodal Approach 

Due to the complexity of Alzheimer’s disease (AD), it becomes necessary to diagnose the disease with higher 

degrees of freedom rather than employing a one-dimensional feature analysis [6]. The evidence emphasizing the 

interrelation between structural, genetic, and cognitive data in a multimodal framework suggests that AM will 

play a crucial role in the future improvement of diagnostic accuracy and earlier detection. MRI shows abnormal 

structural and functional brain (connected) alterations, genetics demonstrate hereditary diatheses and other 

biological risk factors; cognitive testing offers behavioral patterns [7]. Such integration is particularly helpful if 

the causative factors are complex and if the use of the lens and frame can capture more aspects of AD than other 

evaluation methods. In addition, future trends in machine learning and, in particular, augmented reality (AR) can 

bring possible improvements to data integration and analysis [8]. It also covers variations in patients’ 

characteristics and disease presentation as diagnostics are made based on the patient’s profile. The 

harmonization of different data types within one model not only improves diagnostic findings but also enhances 

the basic understanding of the disease, enabling more precise and individual treatments. 

1.4 Objectives of the Research 

This research aims to develop a novel diagnostic framework, the Dynamic Multimodal Augmentation Network 

(DMAN), for accurate and early detection of Alzheimer’s disease (AD). The objectives include:  

(1) integrating diverse data modalities—MRI imaging, genetic information, and augmented reality (AR)-based 

cognitive assessments—within a unified framework. (2) employing advanced machine learning techniques, such 

as 3D Convolutional Neural Networks and Transformer models, for robust data processing and feature 

extraction; (3) enhancing diagnostic accuracy by incorporating dynamic feature prioritization through multi-

head attention mechanisms; (4) predicting disease progression using spatiotemporal modeling to provide 

actionable insights for clinicians; and (5) ensuring real-time explainability to improve transparency and trust in 

diagnostic outcomes. Additionally, the research seeks to make the system scalable and accessible through cloud-

based deployment, accompanied by a mobile application for remote patient monitoring. These objectives 

collectively address existing diagnostic limitations and contribute to improving AD management. 
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II  LITERATURE REVIEW 

Jack Jr. et al. [9] provided important innovations in the diagnosis and staging of Alzheimer’s disease; thus, the 

new criterion. These criteria improve and enhance diagnostic precision and staging accuracy using sophisticated 

biomarkers and the incorporation of digital tools all of which focus on patient-centred care. The work looks at 

the management of Alzheimer’s and marks a significant new era of early and accurate intercession. However, 

some limitations that could be associated with the approach include issues with access to advanced diagnostic 

tools and biomarker resources in a low-resource context, which is an equity issue. Furthermore, the assessment 

of the clinical utility of the criteria for different populations has been established in other studies but needs 

further corroboration. These aspects and restrictions make the study a vital starting point for continued dialogs 

in Alzheimer’s research and services. 

Abdul Manap et al. [10] skin to explore recent highlights on the detection and management of Alzheimer’s 

disease. Among them, their study underscores new diagnostic methods such as neuroimaging, biomarkers, as 

well as AI that increase the geographic parameter’s sensitivity and specificity. It also discusses various other 

treatments that are immunotherapy and precision medicine, which have a clear path forward for disease 

treatment. Nevertheless, there are still obstacles such as high costs, low availability of superior diagnostic tools, 

and little-ended testing of the effectiveness of the required duration in various communities. Thus, this work 

establishes useful advancements in the study of Alzheimer’s disease and reveals areas that warrant more focus 

on translating knowledge into practice for the benefit of all patients. 

In Pékin, Abdelmaksoud et al. [11] the authors attempt to investigate the role of microRNAs (miRNAs) in the 

diagnostics, pathophysiology, and therapy of Alzheimer’s disease. They offered miRNAs as specifically 

noteworthy biomarkers for this purpose because they are stable molecules whose expression can be highly 

specific for certain diseases, which could translate into non-invasive diagnostics. This paper also discussed the 

role of miRNAs in regulating neuroinflammation, amyloid plaque formation, and tau pathology, which forms 

the basis for new drug targets. However, some of the shortcomings include, aspect of the high complexity ion 

the miRNA network and also the difficulty in transferring experimental research results to human applications. 

Regarding the miRNAs, this work focuses on the possibility of their application in therapy and outlines 

important challenges for further implementation. 

Jahangir et al. [12]analyze the role of ML and DL models for the prediction, diagnosis, and prognosis of 

Alzheimer’s disease. As these technologies, they stress their application of big data analysis for improved 

identification of diseases through neuroimaging or genetic data and the development of individualized treatment 

programs. Major developments are enhanced diagnostic capabilities, automation of disease stage and prognosis, 

and prognostic models of the disease. Nevertheless, the analysis also points out several limitations that include a 

lack of sufficiently large and high-quality data, the difficulty of providing a clear and meaningful interpretation 

of the models, and possible bias. This review highlights the applicability of ML and DL, as well as specifying 

the importance of ethical and secure performance. 

Mahmud et al. [13] proposed a deep transfer learning-based explainable AI (XAI) framework for diagnosing 

Alzheimer’s disease. Their approach adapts easily available deep learning models to predict neuroimaging data, 

thereby providing acceptable, yet well-explained diagnostic results. With explainability solutions applied to the 

model, the ‘black box’ issue is mitigated hence enhancing the trust of the clinician. The study also reveals some 

limitations: the necessity of employing vast computational resources for training the algorithm; and the 

requirement of various and rich datasets to enhance general correspondence. This work opens the door for 

building and implementing AI-driven medical diagnoses that are clear but point out the directions that need to 

be improved. 

Yang et al. [14] develop a multi-attention mechanism to improve the early diagnosis of Alzheimer’s disease, 

providing numerous contributions to comprehending intricate neuroimaging and clinical information. It also 
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addresses problems of feature extraction and concentrates on areas most related to early pathological alterations, 

thus increasing the diagnostic likelihood and sensitivity. The developed multi-attention structure allows for 

directed and time-efficient data processing, which may lead to earlier interventions. However, the study has its 

limitations some of which include the fact that models require large training datasets, the computation 

requirement to create them, and the fact that the approach may not hold elsewhere. This work makes a 

significant contribution to the discussion on attention-based models in showing that there could be major 

hurdles that need to be traversed to make attention-based models administratively feasible for use clinically. 

In the work of Ravi et al. [15] the authors propose a deep learning framework alternatively, the authors present 

an efficiently identifiable multi-stage diagnosis system of Alzheimer’s disease that uses deep learning as the 

main classification technique with a focus on accurate classification of the different disease stages. The method 

employs state-of-the-art deep neural networks for the analysis of multichannel data, for instance, neuroimaging 

and clinical parameters, for early-stage identification and progression tracking. One of the main advancements is 

its ability to work with large, even hyperspectral, data sets and provide accurate stage discrimination at the same 

time. However, the work pointed out some concerns like huge and annotated datasets, overfitting as well as high 

computational demand. The following research seeks to explore deep learning applications in diagnosing 

Alzheimer’s overlooking scalability and robustness. 

In the paper by Bazarbekov et al. [16] the authors presented an overview of AI approaches used for AD 

diagnosis based on methods from imaging neurology to motion sensors. It also emphasizes that there is an 

excellent opportunity for the diagnosis of reliable diagnostic accuracy, early detection biomarkers, and machine 

learning from a variety of multiple-modality data. Some are using machine learning methods for feature 

extraction while others are using deep learning for pattern recognition. However, issues like data normalizations, 

the interpretability of algorithms or other models, and the ability to combine data from dissimilar sources are 

highlighted. This review presents the capability of AI in the early diagnosis of Alzheimer’s disease alongside 

key issues arising from AI application in clinical practice. 

In their study, Wang et al. [17] propose a built-in correction photoelectrochemical (PEC) sensing system to 

diagnose Alzheimer’s disease. This newly developed model improves the detection performance with self-

discipline features to eliminate external and internal disturbances. Sequel from its construction, it is an index of 

high sensitivity that can detect Alzheimer's biomarkers present in low concentration thus making it useful in 

early diagnosis. However, critical challenges involve fabrication issues, its scalability, and the fact that safety 

has to be confirmed using realistic clinical environments. The present paper describes how PEC technologies 

can be plausible for diagnostic innovation addressing the obstacles to their further utilization. 

III PROPOSED FRAMEWORK: DYNAMIC MULTIMODAL AUGMENTATION NETWORK (DMAN) 

3.1 Overview of DMAN 

DMAN stands for the Dynamic Multimodal Augmentation Network which is an enhanced pictorial and 

composite integrated system developed with the main aim of developing a more effective recognition formula 

for the detection and diagnosis of AD. In a way, the DMAN framework brings multiple data modalities, such as 

MRI scans, genetic information, and AR cognition tests, into a single integrated diagnostic model that can be 

modified in real-time based on the patient’s needs. This framework is based on the state-of-the-art approaches 

that are used in different tasks such as image analysis (3D-CNN) for MRI data analysis, natural language 

processing (Transformer) for cognitive data, and meta-learning for transferring learning from the MRI domain 

to the COGNIT data domain. One of the significant advantages of DMAN to works with patient-specific 

temporal patterns, in parallel with accurate disease progression, which makes a synergy for the precision and 

timely identification of the AD profile. In addition, the cloud-based model brings the advantage of flexibility 

and availability of the application to remotely diagnose patients by clinicians. DMAN embodies continuing 
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advances in knowledge and gap-filling of Alzheimer’s diagnosis that complements clinical applications while 

still being scalable. 

3.2 Unique Features and Advantages 

The Dynamic Multimodal Augmentation Network (DMAN) is worthy of attention in light of its distinctive 

approach to diagnosing Alzheimer’s disease. In contrast to the conventional approaches based on a single data 

modality, DMAN combines MRI scans, genetic markers, and AR-based cognitive tests to shape a 

comprehensive diagnostic process. This integration makes it possible to identify it more accurately and at an 

early stage taking into account the polysymptomatic nature of the disease. An important component of DMAN 

is the feature fusion layer based on the multi-head attention mechanism, which allows for the adaptive selection 

of the most important data modalities depending on the patient’s individual history. Spatiotemporal disease 

progression modeling also extends the scope of DMAN’s proficiency in disease prognosis, allowing clinicians 

to follow the disease’s development. Also, the truly dynamic explainability feature which shows clinicians the 

factors that led to the diagnosis enables trust. Last is that since the system is based on the cloud platform, it also 

means DMAN can be implemented in various clinical contexts and settings at a large scale and with ease. 

3.3 Core Components of DMAN 

Based on several key components, DMAN forms a unique framework that allows the company to perform 

higher-level diagnosis of Alzheimer’s disease. First, it proposes a multimodal data fusion through the MRI 

image 3D Convolutional Neural Networks (3D-CNN), the genetic data fully connected neural networks 

(FCNN), and Transformer models for cognitive data acquired from AR-based assessments. The second is 

adaptive cross-domain learning, where meta-learning is adopted to enable the model to generalize across various 

domains or patients to improve its performance based on patient demographic distributions and data sets. The 

standard of care spatiotemporal disease progression model uses RNN for both structural scans and cognitive 

data to providereal-time disease progression. Besides, dynamic feature fusion also combines multi-head 

attention to attend the most useful data sources according to patient information to give back the most useful 

information to the final diagnosis. Lastly, RTX is incorporated into the system to produce understandable 

explainable diagnostic results to improve patient care decisions. 

IV METHODOLOGY 

The working approach of the Dynamic Multimodal Augmentation Network is based on the fusion of 

multimodal data to better diagnose Alzheimer’s disease. The first step in the process is data acquisition, which 

would be sourced from medical images, genetic databases, and even AR cognitive tests. Further, each data type 

is then finely processed to make it suitable to be fed to the machine learning models used in DMAN. 

Preprocessing aims at getting the input data appropriately prepared as usable and of high quality in feeding the 

models of the prediction system for analysis. According to current kinds of modalities, different preprocessing 

strategies are performed to deal with noise, scaling, and feature extraction. The data extraction and cleaning 

predominantly facilitate building a strong base for the DMAN diagnostic part and is followed by the model 

training step. 
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Figure 1: System Design 

4.1 Data Collection and Preprocessing 

 
Figure 2: Alzheimer’s Disease 

4.1.1 MRI Imaging Data 

MRI imaging data plays a crucial role in the diagnosis of Alzheimer’s disease (AD) as structural brain changes 

related to the disease can be seen in images. MRI based on high resolution is employed in DMAN where full 

body scans are captured from patients at progressive levels of AD. Some of the image processing techniques 

involve denoising, resizing, and warping these images into a common reference space. Some of the 

preprocessing steps are skull stripping, tissue segmentation, and extraction of brain regions. The processed MRI 

data is then adopted through 3D Convolutional Neural Networks (3D-CNN) to identify important characteristics 

of AH, FTA, and WML that are prominent biomarkers of AD disease. The utilization of modem deep learning 

techniques not only makes full use of the MRI image in diagnosing the disease but also helps in the prognosis of 

the disease process. This has a great impact on the diagnosis of Alzheimer’s with a better and earlier approach 

as compared to the general methods. 

4.1.2 Genetic Markers 

Alzheimer’s disease genetic characteristics are of great importance in revealing relationships between heredity 

and AD risk, in which genetic data is quite relevant. Thus, in DMAN genetic markers, mainly associated with 
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APOE genotypes and other risk factors, are identified and obtained from patient samples. This genetic data is 

preprocessed to standardize the genetic values to address any gaps or missing figures within the set. Other 

methods such as imputation or data augmentation may be employed to complete and verify the data. The genetic 

data obtained is then put through fully connected neural networks (FCNN) for the determination of likely 

inherent genes for AD. Other biomarkers may also be incorporated into this analysis to explore more general 

genetic factors that may influence inflammation, oxidative stress, and tau protein in the development of the 

disease. By integrating gene data, DMAN is more accurate and target-specificwhen dealing with the genetic and 

environmental factors of different patients. 

4.1.3 AR-Based Cognitive Test Data 

Augmented reality (AR) cognitive tests would present a new paradigm for assessing functions linked to 

Alzheimer’s disease (AD). As in DMAN, virtual assessments based on AR are used to replicate actual activities 

related to cognition, including memory, problem-solving abilities, and spatial orientation. Examples of the 

assessment data collected from these assessments are; time taken to complete tasks, accuracy, and number of 

errors. This data is preprocessed to normalize the interaction metrics and exclude all potential deflections, as 

well as any missing data. Because of this, reaction time and task success rates are some of the aspects that are 

extracted as measures that depict cognitive performance. These features are then fed to Transformer-based 

models so that they can capture sequential information of cognitive assessments as well as extract subtle 

patterns related to early-stage AD. When integrating AR-based cognitive tests, DMAN does not only increase 

the accuracy of cognitive investigations but also makes the process more interactive and flexible helping to gain 

additional insights into cognitive changes in the person over time. 

4.2 Model Architecture 

The proposed Dynamic Multimodal Augmentation Network (DMAN) model enhances clinical image feature 

extraction from MRI imaging data, integrates genetic data, and assesses patients’ cognitive functioning. This 

architecture aims to improve the performance of Alzheimer’s disease (AD) diagnosis by providing a precise and 

temporal analysis of multimodal data. Core to the model is the merging of extracts from these datasets which are 

passed through specific encoding before being blended through an adaptable mechanism to give weightage to 

the most pertinent elements of each. The components of the model are designed to enable information transfer 

across different domains, as well as the means for tailoring solutions to fit different categories of patients, thus, 

the model’s applicability to different clinical contexts. Applying dynamic feature fusion, DMAN arranges the 

important features for AD diagnosis and prediction of the disease’s further course. This section considers the 

building blocks that underpin DMAN with references to modality-specific encoders towards the final stage of 

dynamically fusing components for enhanced prediction. 

4.2.1 Encoders for MRI, Genetic, and Cognitive Data 

In DMAN, three distinct encoders process each type of data modality: MRI, genetic, and other cognitive 

information. The MRI encoder applies 3D Convolutional Neural Networks (3D-CNN) to one or more high-

resolution MR images to detect spatial features such as hippocampal atrophy, cortical thinning, or white matter 

lesions which are potentially linked to Alzheimer’s disease. The genetic encoder uses Fully Connected Neural 

Networks (FCNN) thus, processing genetic data and extracting genetic markers like the APOE genotype 

associated with disease risk. Finally, the cognitive data encoder incorporates Transformer models to encode 

performance profiling data from AR-based cognitive training, which encodes temporal and sequential data such 

as reaction time and successful rates. These encoders allow the representation of intricate aspects of each 

modality and then fused into a single holistic representation for diagnosing diseases and foreseeing disease 

progression. 
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4.2.2 Adaptive Cross-Domain Learning 

It is one of the key components of DMAN to enhance the model for cross-disciplinary clinical data domains. 

This technique may be viewed as meta-learning, which helps the system to become adjusted to new 

patientprofiles, different demography, and changes in data quality. For instance, if the model is to be trained on 

a specific population it can modify its learning process whenever applied to other populations or any different 

dataset than the one used in training without having to train it again. Also, through the domain adaptation 

module, knowledge transfer from one domain to another can apply for instance from clinical trials to real-world 

hospital data. The above flexibility is very useful when dealing with datasets of different formats, and therefore 

the model will be able to perform well in Clinical settings. DMAN's strengths and its ability to learn from 

multiple data sources and adjust to new patient populations show that it might be a scalable and powerful tool 

for Alzheimer’s diagnosis. 

4.2.3 Dynamic Feature Fusion 

Multi-modality fusion in DMAN is a very strong process of dynamic feature fusion that is used for the 

incorporation of Multimodal data which includes MRI data genetic data and cognitive data. This process uses 

Multi-head attention which enables the model to identify and look at the most important features of the patient. 

For instance, if the patient is young and has a gene that puts them at risk of developing Alzheimer’s disease then 

the genetic information will trump the rest. On the other hand, where the patient is elderly the MRI data 

suggesting structural changes within the brain may be taken as more definitive. This active merging guarantees 

that the model matches an individual patient model and selects the most relevant information about the disease. 

These fused features are applied for prognosis concerning the state of the diseased patient, presence, or 

advanced state of the disease. This new approach of paying attention to what people are focusing on helps 

DMAN improve the accuracy and precision of its predictions of better treatment plans. 

4.3 Training and Optimization Techniques 

The training and optimization approaches used for the DMAN are tailored to the prospective and general 

performance of the model for Alzheimer’s disease diagnosis. Since all the data is MRI, genetic, and cognitive, 

the training process uses methods designed to address the interaction between these data types. Disease 

diagnosis and disease progression prediction in advance can be trained at the same time using multi-task 

learning. Furthermore, we also use higher-order loss functions and regularization to avoid overfitting and 

improve model adaptability. By combining these strategies, the system is capable of delivering accurate and 

precise results whenever it is used in actual clinical settings at DMAN. Thus, in combination with proper 

training and further optimization techniques, the framework enables the processing of different sets of data and 

the successful diagnosis of Alzheimer’s disease. 

4.3.1 Multi-Task Learning Approach 

The multi-task learning (MTL) approach in DMAN is designed to optimize the model’s performance across 

two main objectives: the identification of an accurate diagnostic tool for Alzheimer’s disease and the prognosis 

of its version. This permits MTL to allow the model to learn common representations from multi-modal data as 

well as concentrate on specific tasks. The fact that the representations that the model is learning from MRI, 

genetic, and cognitive data can be generalized for both tasks helps to reduce the over-learning of either and 

makes the model more efficient. In the diagnosis task, the model estimates the probability of having 

Alzheimer's; in the progression task, the model anticipates the progression of Alzheimer's. This approach makes 

the model advantageous for use in clinical practice by ensuring DMAN delivers exhaustive information suitable 

for diagnosing a patient and managing their care in the future. 



 
International Journal of Emerging Technologies for Mankind 

Volume 1, Issue 1, March 2025, pp. 19-34 

27 

 

4.3.2 Loss Functions and Regularization Techniques 

Training of DMAN involves the need for effective loss functions and regularization measures that 

enablespread-out performance with little or no over-fit, especially having regard to the nature of the unimodal 

data being processed. Specifically, the loss functions associated with both tasks of diagnosis and progression 

prediction are selected to achieve maximum accuracy and minimize the differences between the predicted and 

actual values. For diagnosis, the binary cross entropy loss is applied to identify the presence of Alzheimer’s 

disease, while for progression, the mean squared error is adopted, measuring the progression of the disease path 

over time. To increase generalization, the L2 weight regularization (Ridge regression) is used for controlling big 

weights and hence overfitting. Besides, dropout is employed in training to effectively set, some neurons off to 

enhance the network’s stability to work with unseen data. These techniques assist in the optimization of the 

model as well as the ability to generalize on a different set of clinical datasets. 

V IMPLEMENTATION 

5.1 Spatiotemporal Disease Progression Modeling 

The Spatiotemporal Disease Progression Modeling in DMAN also combines both spatial and temporal for 

Alzheimer’s disease progression through understanding changes in the brain structure individually over a period 

while taking into consideration cognition and genetics. With the use of RNN with spatial embeddings, this 

model can also detect temporal changes for example the atrophy of the hippocampal regions, and other 

structures that are characteristic of disease progress. It adds these changes to the genotypes and the mental 

abilities assessments over time that characterize the progression of Alzheimer’s disease in each of the patients. 

The model can also follow how individual patients change over time and which of the patients are moving faster 

or slower along their trajectory, so to speak. The proposed spatiotemporal approach is more nuanced, facilitating 

the delivery of accurate prognostic predictions that elucidate care possibilities and strategies depending on the 

stage of the disease. 

5.2 Real-Time Explainability Module 

The Real-Time Explainability Module is an effective part of applying DMAN because it delivers explicit and 

explainable outputs to assist clinicians in using the model for diagnostic predictions. In this regard, the use of 

contrastive explanation techniques explains factors leading to the diagnosis, including the specific brain areas, 

genetic traits, or cognitive abilities indices. For instance, if the model identified a patient with stage 2 

Alzheimer’s, then it would include areas on MRI thathave apparent atrophy, genetics such as APOE which are 

implicated, and the result on neuropsychological-AR-based tests. These explanations assist the clinician in 

understanding why the model made a decision, to support them. Real-timeexplainability also assists patients in 

grasping their condition and the rationale of the ideal treatment contributing to the creation of trust in the 

diagnostic process. 

5.3 Cloud-Based Deployment Framework 

The Cloud-Based Deployment Framework for DMAN supports the identification of disease profiles and 

diagnosis and disease progression predictions at large and different levels of the healthcare domain. Since 

DMAN runs the model on a cloud platform, the consumption of computational resources is optimized, and time-

consuming operations with significant multimodal sets, including MRI scans and genetic data, are performed. 

This cloud infrastructure fosters effective data extraction from data sources that include hospitals and research 

institutions as well as offers an access point for clinicians and patients. It also makes it possible for the system to 

be on the latest update of the clinical research and improvement of the model type. Moreover, through cloud 

deployment, it is also easy to scale up the framework that is serving numerous requests and numbers of users 

and more data sets as it moves across the networks of health care. This approach helps to guarantee that DMAN 
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can be used in practical clinical contexts and enhance early-stage identification and intervention of Alzheimer’s 

disease at the right time. 

5.4 Mobile Application for Cognitive Assessments 

The Mobile Application for Cognitive Assessments is a crucial component because it allows patients to 

perform augmented reality (AR)-based tests for cognitive activity in DMAN. This app enables the patients to do 

memory recall, and any other cognitive tasks from the comfort of their homes, thereby making the testing easier. 

Real-time data on the cognitive type of the users such as the time taken in completing certain tasks, the 

accuracy, and efficiency among other metrics all get analyzed by the DMAN’s cognitive data encoder. This is a 

remote testing feature that allows clinicians to test clients’ cognitive abilities without having to be physically 

present with the patients, which increases the constant minor invasions into patients’ lives. In the case of the 

mobile application, the feedback is designed to be fully understandable to generate effective reminders to the 

patient for the assignments in cognitive assessments. This approach is stronger since it reduces the time between 

research and data collection by blurring the lines between clinic and home. 

VI RESULTS AND EVALUATION 

6.1 Accuracy and F1-Score for Diagnosis 

This analysis of diagnostic accuracy and F1-score establishes the rubric for comparison between the current 

system DMAN. The performance is presented in the following tables where DMAN is more accurate and 

demonstrated higher F1-scores on MRI, genetic, and cognitive data. DMAN achieved a diagnostic accuracy of 

91.5% with an F1-score of 88.2% which is higher than current methods that use a single modality. This stresses 

the benefits of a multimodal approach since no single method for the evaluation of Alzheimer’s is reliable and 

can serve for early detection and tracking. 

Table 1: Diagnostic Accuracy Comparison of DMAN and Existing Alzheimer’s Diagnosis Methods Across 

Different Modalities 

Model/Method Accuracy (%) DMAN 
Existing 

Method A 

Existing 

Method B 

Existing 

Method 

C 

MRI Only 85.2 88.7 85 83.4 80 

Genetic Data Only 78.5 81 79.5 77.8 75 

Cognitive Data Only 80.5 84.2 81 79.2 76 

DMAN (Multimodal) 91.5 91.5 89 86.5 84 
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Figure 3: Graphical Representation of Diagnostic Accuracy Comparison of DMAN 

Table 2: F1-Score Comparison of DMAN and Existing Alzheimer’s Diagnosis Methods Across Different 

Modalities 

Model/Method F1-Score (%) DMAN 
Existing 

Method A 

Existing 

Method B 

Existing 

Method C 

MRI Only 81.5 84.3 81.2 78.4 76 

Genetic Data Only 72.5 75.5 73 70.3 68 

Cognitive Data Only 74.5 77.8 75.1 72.4 69 

DMAN (Multimodal) 88.2 88.2 85.6 82 79.2 

 

 
Figure 4: Graphical Representation of F1-Score Comparison of DMAN 

6.2 Disease Progression Prediction Metrics 

The performance of DMAN is quite higher in terms of Mean Absolute Error (MAE) and R- squared than those 

methods that have been used previously. Further, compared to the MAE of 7.8 months, DMAN also 

outperforms the incumbent models in terms of accuracy and explains 0.92 of Alzheimer’s disease here. In 

contrast, the examined existing methods of making progression forecasts using single data modality have higher 

mean absolute error and lower coefficient of determination while reporting poor progression forecasts. It has 

incredible potential for anticipating disease development to enable targeted and timely interventions that would 

transform the clinical management of patients. 
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Table 3: Mean Absolute Error (MAE) Comparison for Disease Progression Prediction Across Different 

Methods 

Model/Method 
MAE 

(Months) 
DMAN 

Existing 

Method A 

Existing 

Method B 

Existing 

Method C 

MRI Only 10.5 9 11.5 12 14 

Genetic Data Only 12.2 11.2 13.1 13.8 15.5 

Cognitive Data Only 11 9.5 11.8 12.5 13.7 

DMAN 

(Multimodal) 
7.8 7.8 9.4 10.2 11.5 

 

 

 

Table 4:R-squared value Comparison for Disease Progression Prediction Across Different Methods 

Model/Method 
R-Squared 

(%) 
DMAN 

Existing 

Method A 

Existing 

Method B 

Existing 

Method 

C 

MRI Only 0.8 0.84 0.78 0.75 0.7 

Genetic Data Only 0.65 0.68 0.62 0.6 0.55 

Cognitive Data Only 0.7 0.73 0.69 0.67 0.64 

DMAN (Multimodal) 0.92 0.92 0.88 0.85 0.82 

 

 
Figure 5: Graphical Representation of R-squared (%) 

6.3 Explainability and User Feedback Analysis 

Users who received DMAN reported higher satisfaction scores than the current methods and therefore the 

explainability of DMAN is higher. According to the assessment, DMAN scores 4.8/5 and it makes diagnosis 

more comprehensible for clinicians and patients. Thus, the disclosed satisfaction scores at the level of 3.0 to 4.2 

do not provide similar levels of transparency when using existing methods. Such improving explainability for 

extensive modeling assists clinicians in making better decisions and makes the patients more aware of their 
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26%
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Only
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conditions a lot better as well. DMAN also enhances the accessibility of making predictions to the general user 

experience and clinical acceptance. 

Table 5: User Satisfaction Scores with Explainability Features for DMAN and Existing Methods 

Model/Method 
Satisfaction 

Score (1-5) 
DMAN 

Existing 

Method A 

Existing 

Method B 

Existing 

Method C 

MRI Only 3.6 4.2 3.8 3.5 3 

Genetic Data Only 3.2 3.8 3.4 3 2.8 

Cognitive Data Only 3.4 4 3.6 3.3 3.1 

DMAN (Multimodal) 4.8 4.8 4.2 3.9 3.6 

 

 
 

Figure 6: Graphical Representation of Satisfaction Score 

6.4 Comparative Analysis with Existing Systems 

In the comparative analysis, DMAN outperforms existing diagnostic systems in all key metrics, including 

diagnostic accuracy, F1-score, MAE, R-squared, and user satisfaction. With a diagnostic accuracy of 91.5% and 

an F1-score of 88.2%, DMAN surpasses the accuracy of existing methods by a notable margin. It also achieves 

the lowest MAE (7.8 months) and highest R-squared (0.92), demonstrating superior predictive capabilities. 

Additionally, DMAN's higher satisfaction score (4.8/5) reflects its improved explainability and user 

engagement. These results underscore the effectiveness and potential of DMAN in revolutionizing Alzheimer’s 

diagnosis and monitoring. 

Table 6: Overall Performance Comparison of DMAN and Existing Alzheimer’s Diagnosis Systems Across Key 

Metrics 

Model/Method 
Diagnostic 

Accuracy (%) 

F1-Score 

(%) 

MAE 

(Months) 

R-Squared 

(%) 

Satisfaction 

Score (1-5) 

DMAN (Multimodal) 91.5 88.2 7.8 0.92 4.8 

Existing Method A 89 85.6 9.4 0.88 4.2 

Existing Method B 86.5 82 10.2 0.85 3.9 

Existing Method C 84 79.2 11.5 0.82 3.6 

6.5 Performance Efficiency and Scalability 

The performance efficiency and scalability of DMAN are crucial for its application in real-world clinical 

settings. Compared to existing methods, DMAN processes multimodal data more effectively, offering faster and 
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more accurate predictions. The integration of different data types (MRI, genetic, and cognitive) allows DMAN 

to provide more comprehensive insights with minimal latency. This scalability ensures that DMAN can handle 

large datasets, making it suitable for widespread use in healthcare systems. Existing methods, which typically 

rely on one data type, may struggle with scalability and efficiency when dealing with large and diverse patient 

populations, highlighting DMAN's superior capacity for practical deployment. 

VII DISCUSSION 

7.1 Strengths of the Proposed Solution 

The proposed DMAN has various advantages, and that makes this approach rather reliable for diagnosing 

Alzheimer’s disease and tracking the disease’s progression. Integration of MRI, genetic markers, and cognitive 

assessments shows that DMAN offers a multilayered perspective on the disease than MRI alone. This 

multimodal approach results in a more comprehensive and concrete prognosis than most standard methods. 

Also, the feature fusion method helps in considering only informative features for each data modality enhancing 

the model performance. The real-time explainability module also improves the level of interpretability of the 

outcomes and makes clinicians more knowledgeable about the results of the analysis. 

7.2 Addressing Challenges in Data Integration 

One of the major concerns in the construction of DMAN was how to fuse multiple types of data like imaging 

data, genetic data, and cognitive assessment data, which need different preprocessing and normalizing 

procedures. However, DMAN is designed to overcome such challenges by using an AC-DM learning 

framework for integrating cross-domain data heterogeneities. This method makes it possible for the network to 

learn different characteristics of each modality as well as the requirement of having the same prediction model. 

Further, using superior feature fusion techniques makes it possible for the model to identify the most important 

features with relative ease because the integration of the different types of datasets is always compensated with 

some level of difficulty. 

7.3 Limitations and Areas for Improvement 

DMAN has some weaknesses which should be considered for its improvement. The model’s reliance on high-

quality and diverse datasets remains a challenge because the quality and accessibility of data can differ between 

healthcare organizations. Furthermore, the analysis of the multimodal data can be computationally intensive, 

thus not easily scalable in for instance resource environments. Further work can be dedicated to various 

enhancements of the proposed model that is, reducing its complexity and increasing its robustness against 

missing or noisy data. Further, the addition of more longitudinal data into the model might improve the capacity 

to follow the changes in the diseases for more extended periods. 

VIII FUTURE WORK 

8.1 Expanding to New Data Modalities (e.g., PET Scans, Biomarkers) 

The future work with DMAN includes the extension of the data modalities included in the system as PET 

scans, blood biomarkers,etc to improve diagnostic accuracy. PET does involve imaging the metabolic processes 

of the brain and so is very useful in diagnosing Alzheimer’s when used early. Likewise, the biomarkers in blood 

samples could enhance the understanding of the disease development together with the biochemical changes 

involved. Together, these modalities would make up an even more detailed system at DMAN that would help 

diagnose Alzheimer’s at an earlier stage and create more informed treatment plans. 
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8.2 Enhancing AR-Based Cognitive Testing 

The AR-based cognitive testing in DMAN may be beneficial for Alzheimer’s diagnosis which has been 

observed to have a clinically significant difference and the augmented application could be enriched in the 

forthcoming settings. For instance, increased and variable cognitive demands could be added to assess other 

areas of cognitive function including executive control, attention, and language. Moreover, one can post-select 

specific detail levels with which individual patient responsibilities may be associated, making this kind of better 

judgment of cognitive state…. By extending the range of AR tasks to cover a wider range of cognitive changes, 

the framework will enable the early identification and tracking of disease progression resulting in improved 

overall diagnosis. 

8.3 Integration with IoT for Continuous Monitoring 

Mobile use of DMAN raised the prospect of utilizing IoT devices to provide seamless, constant monitoring of 

Alzheimer’s patients. Smart garments could collect crucial physiological information including pulse rate, sleep 

cycle, and motion, which are otherwise difficult to monitor from a patient’s daily routine. IoT integration would 

mean that the data was collected constantly outside the clinical setting and that the model would constantly 

update its suggestions on what kind of care the patient needs. Such a feedback loop in real time could allow 

other members of the health care team to make timely interventional acts and thus better manage the disease. 

IX CONCLUSION 

This research presents the Dynamic Multimodal Augmentation Network (DMAN), a novel approach for 

Alzheimer's disease diagnosis and disease progression prediction, incorporating MRI imaging, genetic markers, 

and cognitive data through advanced machine learning techniques. DMAN proves to achieve better levels of 

accuracy, F1 scores, and even discriminant ability to predict and stage the progress of the disease in contrast to 

existing other diagnostic methods. The best attribute is the capacity to work with raw and different types of data, 

resulting in more accurate evaluations and earlier diagnoses. Also, DMAN has features that make it easy to 

explain to clinicians and patients due to the interpretability problem that has plagued many such systems. The 

integration of multimodal data not only enhances the capability of a diagnostic system but also makes it possible 

to monitor the changes ina patient’s condition over time and follow the progress of a deadly disease to come up 

with suitable treatment plans suitable for the patient’s status. Additionally, the comparative analysis reveals that 

DMAN has higher performance levels in diagnostic ability and disease progression prediction as well as end-

user satisfaction than any other current single-modality systems. These are the reasons why DMAN transcends 

extensive potential in changing the course of Alzheimer’s care, enhancing detection efficiency, and developing 

powerful treatment procedures. It also proves to be flexible in its design and easily scalable, which also counts 

as a major advantage when incorporated into the larger healthcare frameworks; it is also valuable for clinicians 

around the globe. Using state-of-the-art machine learning and taking advantage of a wide range of multimodal 

data, DMAN can help resolve current flaws in Alzheimer’s diagnosis and give people fighting this disease more 

accurate, efficient, and personalized treatment. It is within such direction that the next studies regarding DMAN 

can build upon the current structure, increase its utility to accommodate more types of data, and address various 

circumstances by which they can be used in a clinical setting, all in the effort of improving the quality of life for 

Alzheimer’s patients internationally. 
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