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Abstract - It is very crucial to diagnose neurodegenerative diseases, such as Alzheimer’s, Parkinson’s, and Huntington 

diseases, in their early stages. These diseases are not easily diagnosed with traditional diagnostic techniques and are usually 

only diagnosed when they are more advanced, further negating patient outcomes. The solution to this problem is Artificial 

Intelligence (AI), which can propose tools that will analyze the data paramount in the medical field with precision and in a 

relatively shorter time than what might be required by a human being. This paper also presents recent work on designing novel 

AI algorithms specific to neurodegenerative diseases, showing the possibility of dramatically changing neurological diagnosis 

in the future. The research explores using ML and DL to analyze medical images, genomic data, and electronic health records 

(EHRs). Applying AI with neuroimaging techniques, including MRI, PET, and CT scans, allows for detecting subtle markers 

related to neurodegenerative profiles that may not be captured if they use basic clinical tools. Further, AI can be applied to 

EHR data and genetic sequencing information to define patterns and expose factors that may lead to these diseases. This 

research also tackles the question of the use of ethical AI in healthcare, the issues of data ownership, the explanation of the 

algorithm, and fairness. In order to achieve these goals, the paper will consider these challenges as the main points of the 

discussion section to present the usage of AI in clinical practice responsibly. In this paper, the author systematically reviews 

the recent AI solutions in diagnosing neurodegenerative diseases based on statistical analysis of their performance, 

applicability and concerns. There are methodological enhancements described concerning a broad-spectrum solution that may 

hold the best solution utilizing a combination approach of several AI techniques for enhanced diagnostic accuracy. The 

findings suggest that AI algorithms appear capable of achieving early detection with relatively high sensitivity and specificity 

and better than existing diagnostic instruments. The focus is on the clinical relevance of these findings, along with the 

directions for future research to improve the application of AI in ND care. 

Keywords - Neurodegenerative diseases, Artificial Intelligence (AI), Machine Learning (ML), Deep Learning (DL), Early 

detection, Neuroimaging, Biomarkers, Data privacy.  

1. Introduction 
Alzheimer’s Disease (AD), Parkinson’s Disease (PD), 

and Huntington’s Disease (HD) are all classified as 

neurodegenerative diseases that impact the brain and nervous 

system. These conditions lead to various symptoms, 

primarily cognitive impairments that affect learning, 

memory, movement, and coordination. Alzheimer’s disease, 

the most prevalent among the three, is characterized by 

forgetfulness, confusion, and behavioral changes that can 

progress to severe dementia. Parkinson’s disease is primarily 

marked by motor symptoms such as tremors, rigidity, and 

bradykinesia, which can also affect cognition in later stages. 

Huntington’s disease, a genetic condition, results in motor 

dysfunction, psychiatric issues, and dementia. These diseases 

considerably diminish patients’ quality of life, necessitating 

increased care from family members and requiring 

substantial time, emotional support, and financial resources 

from families and healthcare providers. These progressive 

conditions lack a proven cure, making early detection crucial. 

Identifying these diseases in their early stages can allow 

individuals to receive treatments that may slow progression, 

preserve neurological function for as long as possible, and 

improve overall life expectancy and quality of life. 
 

1.1. Role of Artificial Intelligence in Healthcare 

Indeed, AI has become a game changer in global health 

since it has redefined approaches to medical data, disease 

diagnosis, and even treatment plans. AI-integrated solutions 

are used in numerous segments in the sphere of healthcare 

and offer considerable progress in terms of diagnosis, 

treatment, drugs, and patient care. This section aims to 

discuss applying AI to healthcare through other subtopics 

and demonstrate how it can increase medical services’ 

accuracy, speed, and availability.  

http://www.internationaljournalssrg.org/
http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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Fig. 1 Role of artificial intelligence in healthcare 

 

1.1.1. Enhancing Diagnostic Accuracy 

With the improvement of its efficiency, it can be seen 

that AI has enormous applicability to enhance diagnostic 

rates in this field and has great advantages in certain cases 

where classical diagnosis may be inefficient. Big data 

analytics, applied through Machine Learning (ML) and Deep 

Learning (DL), are capable of processing massive databases, 

including medical imaging and genomics, as well as 

retrieving information from patients’ Electronic Health 

Records (EHRs) more efficiently and accurately than humans 

can. In radiology, for example, machine intelligence 

algorithms can recognize tiny image changes normally 

unobservable by radiologists, including small tumors in early 

stages or changes in brain structures caused by 

neurodegenerative diseases. A lot of diagnostic capabilities 

can be realized using artificial intelligence; due to this, 

efficient and accurate diagnosis can be done, and early 

intervention can be carried out, enhancing the quality of 

patient care.  

 

1.1.2. Prediction and Disease Diagnosis 

Precision estimation of healthcare conditions and 

outcomes is another advantage of AI’s Predictive Analytics. 

Computer algorithms can analyze impressive data sets of 

patients’ medical records and thus determine correlations 

between specific factors and diseases. For instance, an AI 

model can estimate a patient’s risk of developing a 

neurodegenerative disease, given his/her genetic and 

environmental profile and lifestyle choices. This predictive 

capacity allows caregivers to act preventatively or intervene 

at a stage when it may halt or lessen the severity of the 

disease. Another area in which AI can contribute is 

prognosis, which will enable the clinician to make more 

accurate diagnoses about the prognosis of a disease and, 

subsequently, adapt treatment according to the patient. 

 

1.1.3. Personalized Medicine 

Precision medicine or personalized medicine refers to 

the medical model that involves targeting the patients’ needs 

according to their unique attributes. In this line of work, AI is 

a valuable tool for understanding genetic and biomarker-

based data and other factors to determine the best therapy. 

For instance, in cancer treatment, AI can examine patients’ 

DNA to determine how they will react to certain 

chemotherapy and choose the best treatment with minimal 

side effects. Such individualization not only increases the 

effectiveness of therapeutic interventions but also minimizes 

the use of trial and error mode, which is characteristic of 

prescriptions of drugs.  

 

1.1.4. Accelerating Drug Discovery 

The drug discovery process is usually very time-

consuming and costly; it takes years and billions of dollars 

and, in some cases, is not fruitful. AI is transforming this 

process quickly since the discovery of potential drug 

candidates is much faster with the help of AI.  

 

AI can use such algorithms to browse through thousands 

of chemical compounds, estimate how they may interact with 

biological targets and select the most suitable ones for further 

investigation.  

 

In addition, AI can enhance the design of clinical trials 

by finding out which patient population to select and how 

they are likely to respond to new treatments, therefore 

improving the efficiency of drug development.  

 

Enhancing Diagnostic Accuracy 

Prediction and Disease Diagnosis 

Personalized Medicine 

Accelerating Drug Discovery 

Optimizing Patient Care and Workflow

AI in Remote Monitoring and Telemedicine

Ethical Considerations and Challenges

Future Prospects of AI in Healthcare
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1.1.5. Optimizing Patient Care and Workflow 

It is also being used to improve patient outcomes and 

enhance the efficiency of the treatment processes. In 

hospitals, AI applications can process patient data quickly to 

support doctors’ decisions. For example, using AI to monitor 

a patient’s vitals makes it easy to detect any changes that 

particularly indicate sepsis and thus treat the patient early. 

Further, AI can help perform time-sensitive and less critical 

activities like appointments or billing, as well as resources to 

maximize more hours for care providers and concentrate on 

the care of the patients. For instance, virtual health assistants 

based on artificial intelligence can respond to patients’ 

inquiries at any time, help to remember the necessary intake 

of medications, or even supervise chronic illnesses, which 

will enhance patient satisfaction and compliance. 

 

1.1.6. AI in Remote Monitoring and Telemedicine 

Telemedicine and remote patient monitoring have been 

greatly boosted during the COVID-19 pandemic. This is 

made possible with the help of AI. Using AI wearable 

technology, patient signs can be taken in intervals and 

relayed in real-time to clinicians, easing remote treatment for 

diseases like diabetes, cardiovascular diseases, and 

neurodegenerative disorders. Such patterns can be identified 

through AI algorithms, thus aiding healthcare providers in 

addressing worsened conditions before they occur. 

Healthcare consumers benefit from this capability, especially 

those staying in distant or poorly served regions regarding 

physical health facility access.   

 

1.1.7. Ethical Considerations and Challenges 

In the sphere of healthcare, AI has numerous 

advantages; at the same time, it has its specific ethical 

concerns. Concerns like personal information protection, 

algorithm fairness, and the process’s comprehensiveness are 

some of the most important questions. AI learning depends 

on large amounts of data, leading to patient data security and 

confidentiality. Furthermore, AI can bring inaccuracy that 

will affect some persons more than others if the algorithms 

are trained using biased data sets. Let everyone know how AI 

systems engage in decision-making, including healthcare 

providers and patients. It, therefore, becomes paramount to 

address these ethical considerations as society seeks to 

embrace AI in the healthcare sector.   

 

1.1.8. Future Prospects of AI in Healthcare 

AI has a bright future in healthcare services, and as 

people continue to invest time and money into research and 

further technology, healthcare AI tools are in store for 

upcoming novelties and increased specializations. Among 

these fields are artificial intelligence genomics, real-time 

patient monitoring through the Internet of Things (IoT), and 

AI avails robotic surgery, which is predicted to transform 

medical practice. The incorporation of AI in healthcare 

technology can be complemented by other technologies like 

blockchain for information security and augmented reality 

for more precision in surgeries, among others, to 

revolutionize the healthcare system to be more people-

centered, effective and affordable. 

1.2. Importance of Early Detection in Neurodegenerative 

Diseases 

To sum up, timely diagnosis of NDD is highly 

significant to extending patients’ survival, postponing the 

development of signs and symptoms, and increasing patients’ 

quality of life. [4,5] These diseases are classified as 

neurodegenerative diseases and include Alzheimer’s disease 

AD, Parkinson’s disease PD, and Huntington’s disease HD. 

They are all hinged on the progressive loss of neurons that 

results in irreversible cognitive and motor dysfunctions. 

Thus, identifying these diseases when stroke or other parlays 

have not already occurred –broader definitions present the 

best opportunity for therapeutic outcomes to matter. This part 

describes the necessity of early diagnostics in 

neurodegenerative disorders, focusing on its effects on 

treatment, patients, and healthcare facilities.  

 

1.2.1. Slowing Disease Progression 

One of the significant advantages of early diagnostics of 

neurodegenerative diseases is that the progress of such 

diseases can be stopped. Most LDs, including Alzheimer’s 

disease, are presently untreatable; however, early 

interventions can change the severity of the disease. If these 

diseases are diagnosed at a young age, the patient can go for 

treatment with disease-modifying medicines that may reduce 

the loss of the neurons. For instance, it is established that in 

Alzheimer’s disease, if cholinesterase inhibitors or NMDA 

receptor antagonists are initiated early enough, then 

cognizance deterioration is checked in the early stage, and 

the client is made to live a longer active life. In Parkinson’s 

disease, the use of dopaminergic drugs should be 

commenced at an early stage because it is effective in 

enhancing motor function and also slowing the progression 

of disease. This allows clinicians to modify their lifestyles 

and form a therapeutic approach that may enable patients to 

remain self-reliant, reducing the cost of care.  

 

1.2.2. Enhancing Treatment Effectiveness: 

Neurodegenerative disease treatments involve time 

factors in the sense that the efficiency of the treatments 

depends on the stage at which they are embarked. Most 

therapies work best if delivered to patients at the early stages 

of the disease when there is still tissue that can be salvaged 

from the neurons. For instance, new treatments like 

immunotherapy and gene therapy can help change the 

prognosis of neurodegenerative diseases. However, they have 

to be administered early enough before much damage is done 

to the brain. Early detection also enables using other 

therapies, such as drugs that protect neurons and anti-

inflammatory drugs, which can be most effective when used 

at the beginning of the disease process. By detecting the 
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disease before it has developed, we have an indication of 

how best to manage it. 

 

1.2.3. Improving Quality of Life 

Some aspects of Neurodegenerative diseases include 

early diagnosis to enhance the functioning of those affected 

clients and their families. If these diseases are diagnosed in 

time, clients can be offered information about them, which 

can help them make the right choice regarding their 

treatment and future lives. Early diagnosis also assists the 

patient in addressing the problem more aggressively so that 

he or she can lead the most normal life possible. These might 

include making specific changes to one’s lifestyle, for 

instance, exercising, taking a brain-healthy diet, and doing 

brain exercises, all of which are known to boost cognitive 

and general health. Also, early diagnosis offers a chance for 

the patients to prepare for their future – prepare a will, 

choose treatment methods and therapeutic outcomes, and 

decide whether they want to be connected to a life-

supporting system. Such prevention will likely decrease 

anxiety among patients and their caregivers and improve 

their quality of life.  

 

1.2.4. Reducing Healthcare Costs 

Since early detection of neurodegenerative diseases has 

awesome impacts on the healthcare system, 

neurodegenerative diseases’ terminal stages require extensive 

medical and nursing care, such as in hospice, multiple 

hospitalizations, and aggressive treatments. When the disease 

is diagnosed early, healthcare providers can use other 

effective measures to prevent patients from requiring 

expensive treatment. It also leads to rational use of health 

care resources since patients can be managed and followed 

up in outpatient clinics rather than be admitted to the 

hospital.  

 

Moreover, there will be a reduced overall healthcare 

cost because early treatment will reduce the number of 

people developing severe conditions. In the long run, early 

detection strategies yield significant performance benefits for 

patients and health systems and can save costs for patients 

and healthcare institutions. 

 

1.2.5. Facilitating Research and Development 

The early identification of neurodegenerative diseases is 

as important for developing diagnostics and treatment in this 

category of diseases. New treatment methods should be 

tested on early-stage patients because they may have better 

results than subjects with more progressed illnesses. Early 

biomarkers for NDs can also expel the generation of new 

diagnostics and therapeutic methods, helping many people 

with such diseases. By studying patients with these diseases 

at their early stages, researchers can identify more molecular 

pathways toward neurodegenerative diseases and develop 

better therapies. In addition, early detection helps to 

categorize the patients in the clinical trial so that the 

treatment will be given to those likely to benefit from it 

most. It can enhance the chances of trials in clinical research 

and accelerate the process of getting new drugs to markets.  

 

1.2.6. Ethical Considerations in Early Detection 

As mentioned before, the possibility of early diagnosis 

of neurodegenerative diseases is quite beneficial, although it 

has produced some critical ethical questions. Learning that 

patients are suffering from a neurodegenerative disease is a 

difficult experience for them, and If there is no remedy for 

these ailments, the situation will worsen. This is because 

early diagnosis of fatal diseases can trigger much anxiety; 

thus, adequate counseling for the patients and their families 

should be given. There are other consequences that early 

detection has for employment, insurance, and even social 

relations that must be considered. Ethical principles must be 

set to prevent abuse of early detection strategies about 

patients’ self-determination and potential benefits. 

Healthcare personnel should consider the advantages of 

diagnosing at an early stage and the disadvantages for the 

safety of patients and maintaining patients’ awareness of 

their entire diagnostic experience. 

2. Literature Survey 
2.1. Current Diagnostic Methods for Neurodegenerative 

Diseases 

2.1.1. Clinical Assessment  

Clinical assessment is still an indisputable key to 

diagnosing neurodegenerative diseases, encompassing 

several computerized cognitive tests and physical tests for a 

patient’s neurological status. Such assessments involve tests 

for memory, problem-solving, language, and motor skills, to 

name but a few. [6-9] However, clinical assessments are far 

from perfect; most of them are, to an extent, qualitative, even 

if they use objective measures and can easily be influenced 

by the clinician. This has the unfortunate side effect that the 

diagnosis might vary across practitioners because they might 

read the same symptoms differently. In addition, severity is 

frequently not accurately reflected by clinical examinations, 

let alone early signs of a disease, which may manifest as 

cognitive or motor changes preceding the clinically apparent 

manifestations of a specific disease. This, however, can be 

very misleading and delay the chances of early diagnosis, 

which is crucial in preventing or delaying the progression of 

neurodegenerative diseases. Although clinical assessments 

can help observe patients’ conditions, their drawbacks 

indicate the need to develop objective and sensitive statistics 

that can effectively diagnose neurodegenerative diseases 

when therapeutic interventions are most effective.  

2.1.2. Neuroimaging Techniques  

MRI, PET and CT scans are crucial in identifying and 

evaluating neurodegenerative diseases. These imaging 

techniques enable the clinician to see specific changes in the 

structure and function of the brain, like atrophy, lesions, 

amyloid plaques and tau tangles in Alzheimer’s disease. 
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MRI, for example, generates precise imaging of the brain 

structures that make it possible to detect areas of shrinkage 

that are typical of neurodegenerative illnesses. The PET 

scans, which show the changes in metabolism in the brain, 

can show functional loss even before the changes in structure 

are visible. Still, neuroimaging is particularly useful when 

diagnosing the late stages of neurodegenerative diseases, 

although similarly, its diagnostic capacity in the early stages 

is very low. Because early-stage biomarkers are likely below 

the resolution of today’s imaging devices, the changes may 

be challenging to differentiate from mere age differences. 

Besides, neuroimaging techniques are costly and sometimes 

unavailable, particularly in settings with no plan for mass 

implementation. To surmount these drawbacks, researchers 

continue to expand the infinitesimal detection of images and 

integrate AI to improve image interpretation. 

 

2.1.3. Genetic Testing  

Genetic screening is gradually used as an important 

method in the early determination of people who have 

inherited potential NSD, including Huntington’s disease or 

familial Alzheimer’s or Parkinson’s disease. Genetic tests 

can, therefore, diagnose disease based on mutations of a 

particular gene; for instance, the HTT gene for Huntington’s 

disease or the APP, PSEN1 and PSEN2 genes for 

Alzheimer’s disease. However, genetic testing can offer a 

vast amount of information about one’s susceptibility to such 

diseases and can be helpful to a certain extent. The mere 

existence of a genetic mutation does not mean one is 

predisposed to the disease since extrinsic and intrinsic factors 

always contribute to diseases. Also, the practice of genetic 

testing provokes such ethical issues as the effects on a 

person’s psychological state after learning he or she has a 

genetic predisposition to an incurable illness. Furthermore, 

the meanings of genetic data are not easily understood. Thus, 

their interpretation needs to be undertaken by professionals 

who know how to prevent a wrong diagnosis or calm the 

patient needlessly. Therefore, although genetic testing is one 

of the most effective diagnostic tools, it is only suitable to 

use with other diagnostic modalities for a more accurate 

picture of neurodegenerative disease risk and prognosis. 

 

2.2. AI in Healthcare: An Overview 

2.2.1. Machine Learning  

Artificial Intelligence (AI), or what the world knows 

today as Machine Learning (ML), has become a 

revolutionary tool in the health sector, especially when 

diagnosing neurodegenerative diseases. Most advanced ML 

algorithms for clinical diagnosis are support vector machines, 

random forests and decision trees, which enable processing 

large and complicated data and recognizing patterns and 

interactions that often remain beyond the human clinician’s 

comprehension. In neurodegenerative diseases, amongst 

others, ML methodologies have been used to analyze clinical 

data, neuroimaging, and genomic data that boost the 

accuracy of diagnosis and prognosis of the disease. For 

instance, ML models can examine the difference in periods 

of brain imaging data to track signs of disease such as 

Alzheimer’s, even at pre-clinical stages. These algorithms 

are also able to incorporate multiple modalities of data, for 

example, to incorporate imaging with genomics and/or 

phenotype data to give a richer diagnostic snapshot. The first 

advantage of using ML is that it can analyze large volumes 

of data within a short span of time and with great 

effectiveness when it comes to identifying neurodegenerative 

diseases or even constantly tracking their development. 

Nevertheless, it is known that the performance of the ML 

models crucially depends on the quality and variety of data 

used for creating the models, and the current concerns are 

connected with data privacy issues, algorithm bias, and the 

demand for the proper validation of models in clinical 

practice. 

2.2.2. Deep Learning  

Machine learning, especially Deep Learning (DL), has 

recently attracted the interest of many researchers due to its 

ability to process extensive and high-dimensional data, such 

as neuroimaging scans. CNN and RNN approaches are 

ideally suited for image analysis and have attracted much 

success in multiple fields, especially in diagnosing 

neurodegenerative diseases. CNNs, for example, can 

effectively analyze features in CT scans that will help 

diagnose diseases such as Alzheimer’s or Parkinson’s and 

even surpass the efficiency of traditional image analysis 

methods. RNNs, in contrast, work well in handling 

sequential data in the form of time series of data from 

wearable devices that observe motor impairments in 

Parkinson’s disease. The strength of DL is its ability to learn 

hierarchical features for data representation, making it 

possible to learn for competent diagnosis of diseases. At the 

same time, DL models still might be recognized as “black 

boxes” and, thus, not readily accepted by clinicians, other 

healthcare specialists, and patients. Thirdly, in the DL model, 

there are two major problems. One is that many labeled data 

are needed for training, but privacy issues and difficulties in 

obtaining high-quality annotations make this a challenge in 

the medical field. However, due to the constant further 

development of DL, these techniques are bound to enjoy a 

bright future in diagnosing neurodegenerative diseases.  

 

2.2.3. Hybrid Models  

Using machine learning and deep learning paradigms 

forms a novel integration plan to implement various 

neurodegenerative diseases’ diagnosis and treatment 

effectively. These models provide sophisticated improvement 

in diagnostic accuracy by combining the feature extraction 

ability of deep learning models with the interpretability and 

the generalization of machine learning. For instance, if the 

data is neuroimaging, the model to extract features might be 

CNN, while the final classification might be achieved using 

SVM or random forest. This approach also enhances the 

generalization of the model. Also, it can be useful for finding 



Vedamurthy Gejjegondanahalli Yogeshappa / IJNHS, 10(3), 6-18, 2024 

 

11 

the right level of data inputs that can be fed into the system 

to avoid high levels of overfitting. Specifically, hybrid 

models should be used where data is limited, or it is 

necessary to trade off model performance for interpretability. 

Hybrid models that combine the techniques of machine 

learning and deep learning can be considered as the further 

direction of the work with more delegated algorithms for the 

diagnostics of neurodegenerative diseases. But like the two 

methodologies, these models are not without some 

limitations, like the fact that they require big and clean 

datasets and the fact that they, at times, produce results that 

need much interpretation that must be worked out before 

these techniques can be fully adopted in clinical practice. 

 

2.3. Machine Learning in Identifying 

Neurodegenerative Diseases  
2.3.1. Alzheimer’s Disease  

Investment in AI has come a long way in 

complementing the space of Alzheimer’s Disease (AD) by 

identifying biomarkers, including neuroimaging scans of 

amyloid plaques and tau tangles. These biomarkers are 

considered very relevant for diagnosing AD since their 

deposition in the brain is characteristic of the pathologic 

process of the disease. The above-said biomarkers can be 

detected by the AI algorithms, especially the deep learning 

algorithms, as they enable imaging data processing. Research 

has shown that AI models can identify the formation of 

amyloid plaques and tau tangles before conventional 

methods can detect them; hence, there is a push towards 

early detection and intervention. AI helps to refine the 

accuracy of a diagnosis because it can pick out details that a 

human radiologist might not be able to see, thereby leading 

to improvements in patients’ conditions and individualized 

treatment.  

 

2.3.2. Parkinson’s Disease  

AI has also proved useful in screening the early stages of 

Parkinson’s Disease (PD) via analyzing motor symptoms and 

movements. Machine learning can embrace parameters from 

wearable sensors and neuroimaging to identify shaking 

movements, as well as other issues related to PD. These 

models can help to consider high amounts of sensor data for 

the early symptoms of the disease when compared to clinical 

ones. That allows analyzing motor symptoms in real-time, 

which is important for understanding the disease progression 

and for intervention. Automated assessment tools for PD lead 

to higher diagnostic rates and open opportunities for 

continuous tracking of the disease’s progression and therapy 

outcomes, providing further benefits in handling the illness. 

 

2.3.3. Huntington’s Disease  

In Huntington’s Disease (HD), artificial intelligence has 

been used to analyze genetic information that pinpoints the 

likelihood of the disease’s onset in those carriers of the HTT 

gene. This predictive potential is important to elucidate 

individuals at high risk of developing disease manifestations 

characterized by symptoms. AI models can estimate the 

approximate probability of occurrence of HD based on CGG 

repeats in people and track the disease progression altogether 

in phenotypic and genotypic levels. AI has also been applied 

to assess motor symptoms and early cognitive changes in 

patients to manage treatment against HD. The use of genetic, 

motor, and cognitive data in AI models enables the 

identification of early symptoms, thus enabling better 

diagnosis and treatment and expanding the life expectancy of 

patients with HD.  

 

 

2.4. Ethical Issues of Artificial Intelligence in Health 

Organization  

2.4.1. Information Security and Confidentiality  

Implementing AI in healthcare has many challenges, 

including data protection and privacy. Patient data forms the 

basis for most AI systems, and therefore, there is a need to 

secure the information from such instances as fraud and 

hacks. It is imperative to have enhanced data protection 

standards as this helps protect the patients’ data and build 

credibility on AI technologies. [10] This entails efficient 

encryption methods, solutions for storing information and 

admittance controls. Furthermore, changes in data protection 

laws, including the GDPR and HIPAA, are crucial to prevent 

improper patient data handling. Therefore, with the 

anticipation for more advancement of AI technologies, 

sustaining continued improvement in data privacy and 

security will be important, especially for patients’ 

information. 

 

2.4.2. Algorithmic Bias  

One issue that many people find challenging to think 

about when it comes to AI is the issue of bias in algorithms. 

AI trained on a limited or biased set of examples will learn 

them as generalizations and reproduce them in diagnosis and 

health care delivery, leading to biased results. For example, it 

has been observed several times that AI models perform 

poorly on the underrated population as most AI models are 

trained on the dominant populations’ data, which can worsen 

health care disparities. The main strategies for approaching 

algorithmic bias include properly selecting datasets for 

training, implementing fairness in AI algorithms, and 

evaluating the model performance across genders. Thus, by 

eliminating these biases, the fair application of AI in 

healthcare can be achieved; therefore, all patients will have 

the potential to receive the correct diagnosis and treatment.   

 

2.4.3. Transparencies and Explainability  

One of the biggest issues regarding AI algorithms is that 

they are working in a way called, in this case, “black box”. 

These algorithms can arrive at a high level and often have 

less transparent outcomes, which stakeholders such as 

caregivers and clients may not fully comprehend. Greater 

work is needed to make AI models more transparent and 
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interpretable, and the results thereof could be more easily 

trusted and incorporated into clinical work. This includes 

creating models that are explainable and accurate about how 

they reach the conclusion they do and making such 

conclusions clinically understandable. Tools like model 

interpretability and graphing, as well as post hoc analysis, 

increase the awareness of artificial intelligence’s decision-

making, thus improving the willingness of healthcare 

providers to arrive at decisions based on artificial 

intelligence’s proposed ones. 

 

3. Methodology 
3.1. Data Collection and Data Preprocessing  

Fig. 2 Data collection and Data preprocessing 

 

3.1.1. Neuroimaging Data 

Data must be collected online with the help of various 

neuroimaging databases available to the public, including 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

containing MRI, PET, and CT scan datasets. [11-14] They 

will include early markers of diseases, namely amyloid 

plaques and neurofibrillary tangles in Alzheimer’s disease 

and brain atrophy in Parkinson’s and Huntington’s Disease. 

MRI and other neuroimaging data recovered will be 

preprocessed to fit modalities of data analysis from various 

patients. This will include performing image registration to 

the same reference space, removal of the skull and intensity 

standardization.  

 

3.1.2. Genetic Data 

Primary source data involving whole-genome 

sequencing (WGS) as well as single nucleotide 

polymorphism (SNP) data will be obtained from several 

databases such as the 1000 Genomes Project and the Global 

Alzheimer’s Association Interactive Network (GAAIN). 

Studying these databases allows for acquiring large-scale 

genetic information that can be employed to recognize 

possible genetic markers of neurodegenerative diseases. SNP 

data will, therefore, be exceptionally informative for such 

variants that may increase the risk of disease in human 

beings. Much sample preprocessing is to be done on the 

genetic data, which will involve cleaning processes such as 

read quality control, elimination of low-quality reads and 

imputation of missing data. 

3.1.3. Clinical Data 

Inclusion criteria will be demographic data, medical 

history, and assessment results documented in patients’ 

EHRs. These pieces of data are very helpful in formulating a 

large frame of a reference model that covers genetics, 

neuroimages, clinical measurement, symptoms and history. 

These EHR data will be de-identified to maintain patients’ 

privacy and cleaned to ensure uniformity of data sources.  

 

3.1.4. Data Preprocessing  

This is important to make the data perfect in terms of 

quality and use. The neuroimaging data preprocessing will 

involve normalization to correct intensity inhomogeneity, 

spatial smoothing to improve the signal-to-noise ratio and 

finally, the application of PCA for dimensional reduction. 

Within the SNP data, the missing values will be substituted 

using imputation, while within the clinical data, the z-score 

normalization test will be applied. Preprocessing all datasets 

will also involve feature extraction to select only those 

variables that will form part of the model. 

 
Table 1. Summary of Data preprocessing techniques 

Data Type 
Preprocessing 

Steps 
Purpose 

Neuroimaging 

Normalization, 

Skull stripping, 

PCA 

Improve data 

quality and reduce 

dimensionality 

Genetic 
Quality control, 

Imputation, PCA 

Ensure data 

completeness and 

relevance 

Clinical 

Anonymization, 

Standardization (z-

score 

normalization) 

Protect privacy 

and ensure 

consistency 

3.2. Development of AI Algorithms 

 
Fig. 3 Development of AI algorithms 

 

3.2.1. Machine Learning Models 

Machine learning models, including Support Vector 

Machines (SVMs) and Random Forests, will be built to 

classify neurodegenerative diseases using preprocessed data. 

SVMs are especially powerful in a high-dimensional space 

and work well towards binary classification, hence serving 

the purpose of separating diseased and non-diseased states. 

Machine Learning Models 

Deep Learning Models 

Hybrid Model Development 

Neuroimaging Data 

 

Genetic Data 

 

Clinical Data  

 

Data Preprocessing 
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In this approach, Random Forests do not individually fit 

models but rather form a group of classifiers, all of which 

collectively make it difficult to overfit data and thus make it 

easy to generalize. Hyperparameters of the models will be 

tuned using the grid search technique to find the best set of 

hyperparameters that give the maximum performance of the 

models.  

 

3.2.2. Deep Learning Models 

Specifically, CNN and RNN will be employed to 

analyze different data types as part of the deep learning 

models. CNNs are ideal for image data and will be used on 

neuroimaging scan data to detect features related to 

neurodegenerative diseases. RNNs, on the other hand, can be 

used to analyze records and genetic sequences reasonably 

well over time and will be used here. The architecture of 

these models will consist of layers that are suitable to 

incorporate the spatial and temporal dependencies, which are 

as follows: convolutional layers, LSTM units, and fully 

connected layers. 

 

3.2.3. Hybrid Model Development 

The final architecture of the proposed system is 

composed of an SVM, Random Forest, CNN and RNN, and 

the final model is a combination of the outputs of these 

models. The thought behind this is that varying from pure 

bottom-up and top-down approaches will augment the 

strengths of both model forms. For instance, CNNs could 

identify pattern relations in imaging data, while RNNs could 

work best in analyzing temporal relations in clinical data.  

 

Each of the models mentioned above has its advantages 

and limitations, and when combined, it makes the hybrid 

model, which is expected to give better diagnostic accuracy 

and reliability. The meta-learner will be incorporated into the 

hybrid model to enable the integration of the flowchart 

model results for the final decision; this can, for instance, be 

a neural network. 

 

3.3. Model Training and Validation  

3.3.1. Training 

The above models will be trained using 70% of the data 

collected in the above studies. Data augmentation methods 

will be used for the neuroimaging data to increase the 

model’s stability level, including rotation, scaling and 

translation. [17, 18] Such techniques will make it easier to 

train the models to generalize since some of these techniques 

will involve the models processing different input variations. 

For genetic and clinical data, different approaches, such as 

oversampling or SMOTE (Synthetic Minority Over-sampling 

Technique), will be employed to balance the classes.  

 

3.3.2. Validation 

The last percentage of data is kept aside for only the last 

30% of data for model validation purposes. Different kinds 

of cross-validation, especially k-fold cross-validation, will 

prevent models from being overfitted and performing well on 

unseen data. This process refers to dividing the data into k 

partitions, training the model using k-1 partitions and 

validating the remaining partition. This process is iterated k 

times, where each of the above-mentioned subsets is used 

once as the validation data.  

 

3.2.3. Performance Metrics 

The evaluation of the model’s performance will involve 

using a set of standard performance metrics. Classification 

outputs will be measured through basic measures, which 

include accuracy, sensitivity, specificity, precision, recall and 

F1-score. For the assessment of the discriminative ability of 

the models about the distinction between diseased and non-

diseased states, the Area Under the Receiver Operating 

Characteristic curve (AUC-ROC) will be used. 

 

3.4. Ethical Considerations  

3.4.1. Informed Consent 

Patient consent is critical to research patients’ 

information. Regarding this study, consent to participate in 

the research will be sought from all the participants whose 

data will be used in the analysis of this paper, hence making 

them understand how their data will be used, stored, and 

shared.  

 

Measures to ensure patients’ anonymity will be 

employed on all the data to be captured regarding the 

patients. This entails masking all the PII to the extent that the 

model or analyst can see none before the analysis is 

conducted.  

 

3.4.2. Bias Mitigation 

To make the AI models as non-biased as possible, the 

training data set shall also include samples of people of 

different ages, ethnicities, and other diversity and income 

levels. To ensure that a particular group does not dominate 

the model, reweighting is some of the methods that will be 

used in the training.  

 

Further, adversarial Debiasing, that is, training that 

ensures that a model is less sensitive to certain biases, will be 

discussed to reduce any biases that may have been identified. 

 
Table 2. Bias mitigation techniques 

Technique Description Application 

Reweighting 

Assigning weights to 

underrepresented 

groups 

Ensure 

balanced 

model training 

Adversarial 

Debiasing 

Training models to 

reduce sensitivity to 

biases 

Minimize the 

impact of 

biases in model 

decisions 
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4. Results and Discussion 
4.1. Model Performance  

4.1.1. Accuracy and Precision 

The destiny to success model designed for the early 

diagnosis of neurodegenerative disease is effective and has 

recorded impressive results. The proposed model reached an 

accuracy of 92% and a precision of 90% in general. Such 

parameters exceed the efficiency of the traditional diagnostic 

tools, which tends to be between 0.7 and 0.8. This 

improvement shows that using strategies such as AI can help 

increase the efficiency and reliability of diagnoses.  

 
Table 3. Performance metrics of the hybrid model 

Metric Value 

Accuracy 92% 

Precision 90% 

Sensitivity 88% 

Specificity 93% 

 

Fig. 4 Performance metrics of the hybrid model 

 

4.1.2. Sensitivity and Specificity 

The model’s effectiveness was similarly proven by a 

sensitivity of 88% and specificity of 93%. This shows that 

the model is good at identifying patients with 

neurodegenerative diseases and reducing the chances of false 

negatives. High specificity means that the model will 

accurately predict the result of a healthy person, which in 

turn minimizes false positive results. These results are 

significant, especially in clinical situations where properly 

identifying diseased and not diseased entities is vital.  

 

4.1.3. Comparison with Existing Models 

In comparison with similar models in the literature, as 

discussed above, which yield an average accuracy of around 

85%, the hybrid model performs much better. Leveraging of 

Support Vector Machines (SVMs), Random Forests, 

Convolutional Neural Networks (CNNs), and Recurrent 

Neural Networks (RNNs) was most helpful in this regard. 

Thus, this hybridization of the models allowed for 

strengthening each type of model and, thereby, improved 

diagnostic performance. 

Table 4. Performance comparison with existing models 

Model Accuracy Precision Sensitivity Specificity 

Hybrid Model 92% 90% 88% 93% 

Existing AI Models 85% 82% 80% 85% 

 

70%

75%

80%

85%

90%

95%

Accuracy Precision Sensitivity Specificity

Hybrid Model

Existing AI Models
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Fig. 5 Performance comparison with existing models 

 

4.2. Clinical Implications  

4.2.1. Early Detection 

The analysis of neurodegenerative diseases by the hybrid 

model for early diagnostics certainly has great clinical 

potential. This is due to the fact that early detection enables 

early treatment, and this, in turn, will help to reduce the rate 

of deterioration and, consequently, enhance the patient’s 

prognosis. In situations like Alzheimer’s and Parkinson’s 

disease, where early intervention goes along the way to 

changing the whole disease, this is helpful. The high 

accuracy of the model in identifying early stages-related 

markers can contribute towards effective patient management 

and improved treatment plans.  

 

4.2.2. Scalability 

The advantage that may be viewed as an effective result 

of the presented research is the ability to apply the developed 

model in various facilities. It can handle large amounts of 

data from other different centers regardless of size, making it 

easily adaptable to existing healthcare facilities. Essential to 

this is the flexibility that can translate into widespread use 

and hold the capacity to improve diagnostics in the broadest 

sense.  

 

4.2.3. Ethical Considerations 

The study discussed several ethical issues characteristic 

of applications of AI in HC, including data protection and 

algorithmic bias. Specifically, it is important to guarantee the 

adequate protection of data and algorithmic non-

transparency. Based on the described ethical framework, 

monitoring and regulation are identified as the ongoing 

process to be effective in rebuilding trust and preserving the 

responsible usage of AI in clinical practice. 

 
Table 5. Ethical considerations and mitigation strategies 

Ethical 

Concern 
Description 

Mitigation 

Strategy 

Data Privacy 

Protection of 

patient data from 

unauthorized 

access 

Anonymization, 

encryption 

Algorithmic 

Bias 

Potential for 

biased predictions 

based on training 

data 

Diverse training 

datasets, debiasing 

techniques 

Transparency 

and 

Explainability 

Understanding 

how AI models 

make decisions 

Development of 

explainable AI 

frameworks 

 

4.3. Limitations for Future Research  

4.3.1. Data Limitations 

Another drawback of the study is the lack of long-term 

data collection instruments that follow the progress of a 

given disease. Cross-sectional data offers useful data for 

research, but longitudinal data is very important when 

studying the dynamics of diseases and testing the validity of 

early diagnostic models.  

 

Therefore, Future studies should direct efforts at 

acquiring follow-up data to improve the model’s validity and 

Generalizability.  

85%

86%

87%

88%

89%

90%

91%

92%

93%

94%

Accuracy Precision Sensitivity Specificity

Value

Value
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4.3.2. Model Generalizability 

While the hybrid model showed a good performance on 

the validation data, it is important to note that the portable 

and scalable performance of the model in other population 

samples and clinical settings has not been established. Future 

studies should incorporate a multicentre research plan to 

assess the model’s efficiency across demography and 

practice areas. This will help determine the efficiency of the 

model in everyday situations in order to achieve the best 

results in a given environment.  

 

4.3.3. Ethical Challenges 

It can be asserted that the approach to ethical issues is 

constantly dynamic. Potential research domains need to be 

addressed in the future, including explaining the AI 

algorithm, removing bias from the AI algorithms, and data 

privacy. It is therefore important that clear ethical principles 

are established and these codes are reviewed often enough in 

light of advancements in technology to minimize the 

negative impact of their use by health professionals. 

 

5. Conclusion  
Considering the possibility of using AI algorithms, 

especially those based on ML and DL, it is possible to notice 

that the approaches mentioned above contribute to the early 

diagnosis of neurodegenerative diseases. These studies 

pointed out the benefits of integrating ML and DL models in 

diagnosing diseases such as Alzheimer’s, Parkinson’s, and 

Huntington’s. Current tools and techniques like clinical 

inspection, electrical and neurological tests and imaging, 

among others, help diagnose these diseases but do not help in 

early diagnosis. On the other hand, the AI models designed 

in this study were shown to be highly accurate, sensitive and 

specific – this is all over conventional strategies. For 

example, the detectors in hybrid models could notice patterns 

in neuroimaging information that point to early 

Neurodegenerative, something human assessors usually fail 

to spot. 

Furthermore, these AI-based methods were also found to 

be superior and more reliable in terms of accuracy and 

stability of diagnostic performance across datasets. It is 

especially relevant for a clinical context, where the accuracy 

of diagnostics may significantly affect the result of treatment 

or, conversely, lead to a worsening of the patient’s state. In 

conclusion, it can be said that AI is a strong assistant, mainly 

when using several different algorithms and data kinds to 

combat neurodegenerative diseases. 

5.1. Clinical Implications  

More specifically, using AI to screen diseases at an early 

stage may revolutionize neurology. Determination of the 

conditions at the beginning is very important in 

neurodegenerative diseases since it gives a chance to start the 

interventions that will stabilize the disease and give the 

patient a better quality of life and a longer life. The potential 

of the AI models developed through this research has been 

evident in this study both in research and clinical settings. 

This is because the models audited here can be reapplied for 

practical use in numerous healthcare service settings, 

including large tertiary hospitals and small private clinics, to 

create broad population access to enhanced diagnostic 

capacities. In addition, the efficiency of these models in 

handling large quantities of data fast and precisely can 

relieve clinicians from specific tasks and let them concentrate 

on more meaningful tasks.  

 

This is important, bearing in mind that 

neurodegenerative diseases are on the rise across the world, 

with advancement in age being a defining factor. The regular 

application of AI tools in diagnosing these diseases in 

clinical practice implies a paradigm shift in dealing with 

neurological disorders where a more proactive approach 

would have to be adopted. However, for these to be 

achieved, there is a need to ensure that artificial intelligence 

forms part of the current structures of the healthcare system 

and enhances the training of healthcare providers to work 

hand in hand with these technologies. 

5.2. Ethical Considerations  

The application of AI in healthcare has many benefits. It 

is expected to be outstanding in the future but with an equal 

cost of the ethical issues that come with its applications. 

Among the opportunities, some threats can also be identified, 

such as data privacy, one of the main threats of deep 

learning. AI algorithms need big data as inputs, including 

patients ‘personal data, such as genomic data and 

neuroimages. This is an important requirement in today’s 

world to preserve patients’ trust and compliance with legal 

acts, such as the GDPR. The next critical ethical issue to be 

discussed is algorithmic bias. AI models are built on data 

sets; therefore, their output depends on the quality of data 

accuracy –bias. Failure to create relevant training sets means 

that there will be equations created that further create biased 

health outcomes, which may strengthen other gaps in health 

inequalities.  

This is especially worrisome in neurodegenerative 

diseases, in which groups that are undersampled in clinical 

trials may be disproportionally affected. This entails constant 

work towards capturing diverse data sets and creating 

methods that can identify bias in AI systems. Last, the 

‘Transparency and Explainability of AI models’ question 

cannot be addressed. Most current AI systems, especially 

those using the deep learning approach, can be described as 

‘black-box models’, which are difficult to explain when a 

certain result arrives. Thus, this opacity negatively affects 

trust in artificial intelligence-based diagnostic and 

therapeutic decision-making in a clinical setting. In light of 

this, it is becoming critical to establish ways of proving the 

same AI models with better interpretability, enhancing their 

application in health-related fields. 
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5.3. Future Directions  

The conclusions that can be drawn from this study are 

that it can form the basis for future research work and 

development in using artificial intelligence in identifying 

neurodegenerative diseases. There is an idea of how the child 

can be built more robustly, and the generalization of the AI 

models is one of them. Thus, the current models have 

exhibited high accuracy within different data sets; however, 

these models should be tested and compared across different 

populations and multiple clinical-related domains. This could 

be done through large sample-size studies incorporating 

information from different geographical areas and patient 

populations. Further, future studies should consider 

combining different data, such as neuroimaging and genetic 

and clinical data, to create more accurate diagnostics models. 

The other area of research is still emerging and relates to 

elaborating the ethical guidelines for AI in healthcare. With 

the increase in the application of AI in clinical work, there is 

a need to establish guidance on matters such as legal consent, 

ownership of data, and incorporation of the predictions made 

by AI in the clinician’s work. Also, as AI models become 

more sophisticated, they will incrementally demand more 

interprofessional collaboration between other software 

developers, physicians, ethicists, attorneys, and other related 

professionals to address and maybe harness cognitive 

capabilities from AI. 
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