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Abstract: The global epidemic of neurodegenerative diseases demands a paradigm change in diagnostic approaches. This work initiates a 

machine learning-focused investigation into the evaluation of neurodegenerative diseases, including dementia and Alzheimer's disease. We 

present a thorough analysis that combines four different assessment modalities, all enhanced by machine learning algorithms: the classic 

Clock-drawing Test (CDT), the sophisticated Eye Gaze Analysis, the cognitive Trail-making Test (TMT), and the novel Speech Analysis. 

This study recognizes the complex range of neurodegenerative illnesses and strategically emphasizes multi-modal evaluation. Given the 

significant influence these disorders have on patient outcomes, special attention is paid to their early diagnosis. Through a thorough analysis 

of the advantages and disadvantages of each evaluation method, our research attempts to provide medical practitioners with a machine 

learning-based framework for accurate diagnosis of neurodegenerative disorders. Our method aims to promote early interventions and 

enhance patient care in addition to improving diagnostic accuracy. Incorporating machine learning improves diagnostic performance and 

creates the groundwork for novel advances in the study of neurodegenerative disorders. This comprehensive study advances our knowledge 

of these illnesses and pave the way for a time when machine learning and sophisticated diagnostics will work together to improve the 

quality of treatment for people with neurodegenerative diseases. 
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1. Introduction 

Neurodegenerative disorders have emerged as a 

formidable obstacle for the world's public health in an era 

characterized by a global population that is getting older 

at a faster rate. Dementia and Alzheimer's disease (AD) 

are at the forefront of these illnesses, and they cast a long 

shadow over the lives of millions of people all over the 

world. These conditions exact a heavy toll on individuals, 

families, and healthcare systems alike and their 

prevalence continues to rise in concert with demographic 

shifts towards an older population[1]. The timely and 

accurate diagnosis of these intricate and multifaceted 

neurodegenerative disorders has taken centre stage as the 

crisis continues to worsen in light of the recent 

developments. 

The purpose of this research paper is to provide a 

comprehensive evaluation of diagnostic modalities for 

neurodegenerative disorders, with a specific focus on 

dementia and its related diseases, including Alzheimer's 

disease. This all-encompassing evaluation takes into 

account the following four varied and cutting-edge 

diagnostic approaches: Analysis of eye gaze movements, 

as well as analysis of speech, clock-drawing test (CDT), 

eye gaze test and the trail-making test (TMT). 

As paper navigate the intricate landscape of this 

multidimensional research journey, it is essential to 

underscore the profound significance of exploration and 

its context within the broader realm of neurodegenerative 

disorder diagnosis. This significance is further 

accentuated by the growing imperative for accurate and 

timely diagnosis, considering the increasing prevalence 

and the far-reaching impact of these disorders. 

The pivotal role of precise and timely diagnosis in the 

context of neurodegenerative disorders cannot be 

overstated. It is the cornerstone upon which effective 

patient management, intervention, and treatment planning 

hinge. In the absence of a clear and early understanding of 

the underlying condition, individuals affected by 

neurodegenerative disorders, along with their families and 

caregivers, face formidable challenges in coping with the 

progressive cognitive decline and associated 

impairments[2]. 

The inherent complexity of neurodegenerative disorders 

compounds the diagnostic process. Distinguishing 

between different forms of dementia, such as Alzheimer's 

disease, frontotemporal dementia, and Lewy body 

dementia, presents a formidable challenge due to 

overlapping clinical presentations[1]. Moreover, the 

symptoms of these disorders may be subtle in the early 

stages, making accurate diagnosis a formidable task. 

Therefore, there is an urgent need for sophisticated and 

multi-modal diagnostic approaches that can disentangle 

the intricate web of symptoms and offer accurate, early, 

and personalized diagnoses[3], [4]. 
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Presented research paper endeavors to address the Role of 

Multimodal Assessment by focusing on the integration of 

multiple diagnostic modalities. Each of these modalities 

offers a unique window into the cognitive and 

physiological processes affected by neurodegenerative 

disorders. 

• Speech Analysis, for instance, taps into the rich 

nuances of language and communication, seeking 

patterns and deviations that may signal cognitive 

impairment [5]. This approach holds promise in 

providing non-invasive, readily accessible, and cost-

effective means of early detection. 

• The Clock-drawing test (CDT) and the Trail-making 

test (TMT) are traditional cognitive assessments that 

have been used for decades in diagnosing 

neurodegenerative disorders. They require 

individuals to perform visuospatial and executive 

function tasks, respectively[6]. These tests have 

demonstrated their value in identifying cognitive 

impairments associated with dementia, and their 

incorporation into our multimodal approach aims to 

provide a well-rounded assessment. 

• Eye Gaze movements analysis, a relatively recent 

addition to the diagnostic toolbox, explores the 

correlation between eye movement patterns and 

cognitive function. This innovative modality offers 

insights into cognitive processing, attention, and 

memory that can complement other assessments.[7], 

[8] 

The integration of these diverse modalities aims to 

capitalize on their respective strengths and compensate for 

their limitations. Proposed research paper endeavors to 

illuminate how combining these assessments can lead to 

more accurate and reliable diagnostic outcomes. 

One of the primary objectives of our comprehensive 

evaluation is the pursuit of early detection. Early 

diagnosis is paramount for several reasons. Firstly, it 

enables individuals and their families to plan for the 

future, access support services, and make informed 

decisions about their care. Secondly, it provides a window 

of opportunity for interventions and treatments that may 

slow the progression of the disorder[9]. 

Early detection aligns with the emerging paradigm of 

personalized medicine. Neurodegenerative disorders, 

despite their commonalities, exhibit significant 

heterogeneity in terms of onset, progression, and response 

to treatments. Personalized diagnostic approaches, such as 

the one proposed in this research, allow for tailored 

interventions that consider individual variations in the 

disease's presentation and course. 

Presented research paper acknowledges the heterogeneity 

within the realm of neurodegenerative disorders. While 

Alzheimer's disease is perhaps the most recognized and 

prevalent form of dementia, there exist various other 

forms, each with its distinct clinical and pathological 

characteristics[10]. The challenge of differential diagnosis 

becomes particularly salient when considering the wide 

spectrum of conditions that fall under the umbrella of 

neurodegenerative disorders. Therefore, Proposed 

research aims to evaluate the applicability and utility of 

the selected diagnostic modalities across this diverse 

landscape. 

Understanding the strengths and limitations of the 

diagnostic modalities under scrutiny carries profound 

clinical and research implications. Clinically, findings 

have the potential to guide healthcare professionals in 

selecting the most suitable assessments for accurate and 

timely diagnosis. This, in turn, can lead to more effective 

patient management, improved quality of life for 

individuals affected by neurodegenerative disorders, and 

better support for their caregivers. 

From a research perspective,  comprehensive evaluation 

serves as a valuable resource for those seeking to advance 

diagnostic strategies for neurodegenerative disorders. By 

shedding light on the intricate relations between cognitive 

functions, neurological processes, and diagnostic 

modalities, our research can inform the development of 

innovative tools and interventions. These advancements 

hold the promise of not only enhancing our understanding 

of neurodegenerative disorders but also facilitating more 

targeted and effective treatments. 

In the pursuit of more accurate and reliable diagnostic 

modalities, our research also delves into the realm of 

machine learning (ML). Several studies have explored the 

integration of ML techniques into diagnostic processes for 

neurodegenerative disorders[11]–[13]. These studies 

highlight the potential of ML algorithms to analyze 

complex data patterns, identify subtle cognitive changes, 

and provide predictive models for early detection. 

As paper navigate through the various facets of 

comprehensive evaluation, the interplay between 

traditional diagnostic modalities and cutting-edge ML 

techniques will emerge as a recurring theme. The purpose 

of this study is not only to evaluate the diagnostic 

capabilities of these modalities but also to investigate the 

ways in which ML can improve the precision, sensitivity, 

and specificity of these diagnostic capabilities. 

 

2. Literature Review 

In recent years, there has been a growing interest in the 

development of innovative diagnostic modalities for 

neurodegenerative disorders, particularly dementia and 

Alzheimer's disease. This interest comes as a result of the 

fact that neurodegenerative disorders are becoming 
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increasingly common. The growing incidence of these 

conditions in different parts of the world raises serious 

concerns about their impact on public health. It is essential 

to make a prompt and accurate diagnosis in order to 

effectively manage patients; however, doing so frequently 

presents significant challenges due to the intricate and 

multifaceted nature of the disorders in question. The 

purpose of this literature review is to provide insights into 

various diagnostic modalities, with an emphasis on the 

integration of machine learning techniques, as well as 

their potential in improving the accuracy of early 

detection and management of neurodegenerative 

disorders. 

Linari et al.[6] explores the trajectories generated by the 

test in both manual and visual modes. By using advanced 

statistical methods, the researchers were able to gain 

deeper insights into the various processes involved in the 

assessment. The findings of this study revealed the 

complexity of the Trail Making Test and its capability to 

assess various cognitive functions. The researchers' 

innovative approach to interpreting the test could improve 

the accuracy of clinical evaluations. 

Escudero et al.[9] presents a machine learning-based 

method for cost-effective and personalized Alzheimer's 

disease diagnosis. It utilizes various computational 

methods and algorithms to improve the diagnosis's 

efficiency and accuracy. The goal of the research is to 

develop effective and personalized diagnostic procedures 

for individuals diagnosed with Alzheimer's disease. This 

method could help improve the diagnosis and provide 

patients with more timely treatment. 

Sivakani et al.[11] develop a machine learning framework 

that can be used to detect and manage Alzheimer's disease. 

Through the integration of various algorithms, it can help 

improve the diagnosis and management of this condition. 

The framework's development can help improve the 

accuracy of Alzheimer's disease diagnosis and develop 

personalized treatment plans. This study highlights the 

value of computational methods in the advancement of 

our knowledge regarding neurodegenerative illnesses. 

Minhas[12] analyze the changes in temporal patterns 

observed in clinical data as the condition worsens. 

Through this method, we can gain a deeper understanding 

of Alzheimer's disease. The findings of this study suggest 

that the development of effective early diagnosis models 

could help improve the quality of care for individuals with 

Alzheimer's disease. 

Mengoudi et al.[13] examine the utility of eye-tracking 

assessments when they are not provided with explicit 

instructions. In order to make them more user-friendly, the 

researchers performed a comprehensive analysis of eye 

gaze patterns while carrying out various tasks. They found 

that these tests can help identify cognitive impairments, 

especially in individuals with complex instructions. The 

study emphasizes the need to develop efficient and 

accessible methods for assessing cognitive decline, which 

may lead to better patient care and interventions. 

Tanaka et al.[14] explores the possibility of using 

computer avatars to detect early stages of dementia by 

combining various modes of interaction. The study 

demonstrates the use of computer avatars as an interactive 

tool to detect early dementia. This method could be less 

invasive and could be used to improve the quality of care 

for patients. The findings of this study highlight the 

importance of developing new technologies in the field. 

Tanaka et al.[15] analyze the interactions between people 

and computer avatars in order to detect cognitive changes 

that are related to dementia. The results of the study 

revealed that the interactions between people and 

computer avatars can help detect early dementia. They 

also suggest that the use of technology could improve the 

accuracy of diagnosis and provide more personalized care. 

Dos Santos et al.[16] presents a method to detect mild 

cognitive impairment using word embeddings in 

transcripts. Through the use of natural language 

processing, the paper shows that this technique can 

enhance the analysis of speech data and could help in early 

intervention. The paper highlights the link between 

cognitive assessment and computational linguistics, 

which can help detect neurodegenerative conditions. 

Toth et al.[17] analyze the effects of acoustic and temporal 

parameters on discriminating Alzheimer's disease. It 

utilizes an in-depth analysis of the speech features to 

identify distinct patterns of the disease. The study utilized 

speech-related cues to explore the potential of speech 

assessment as a diagnostic tool. The paper emphasizes the 

significance of temporal and acoustic analysis in 

identifying neurodegenerative conditions. 

Meilán et al.[18] analyze the acoustic and temporal 

features of speech in order to identify distinct patterns that 

are associated with Alzheimer's disease. The study 

explores the possibility of speech analysis as an effective 

diagnostic tool for identifying neurodegenerative 

conditions. It also emphasizes the significance of temporal 

and acoustic analysis in this regard. 

Khodabakhsh et al.[19] study to identify the various 

linguistic features and patterns of speech that are related 

to Alzheimer's disease. Through a combination of natural 

language processing and speech data analysis, the 

researchers were able to identify the disease's early 

markers. This method suggests that language analysis 

could be used in early detection to help identify 

individuals with this condition.  
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Jarrold et al.[20] develop a computer-based method that 

can analyze spontaneous speech in order to detect 

dementia type differentiation. It utilizes computational 

methods to analyze the data and identify distinct patterns 

that are associated with different kinds of dementia. The 

findings of this study suggest that the use of technology in 

the diagnosis and treatment of dementia could lead to 

more accurate and personalized care. The study 

demonstrates how technology can improve the diagnosis 

and treatment of dementia by helping scientists classify 

the various types of dementia. 

König et al.[21] explores how ICT can be utilized in 

conducting studies related to Alzheimer's disease and 

other disorders. It shows how these technologies can be 

used to monitor the progression of the disease and 

patients' cognitive abilities. The study highlights the 

utilization of ICT in the clinical trials process to improve 

the collection of data and facilitate personalized treatment 

options for individuals suffering from Alzheimer's 

disease. It emphasizes the significance of integrating 

technology into the study to advance our knowledge of 

this disorder. 

Yadav et al.[22] introduced the concept of portable 

neurological disease diagnosis utilizing speech analysis. 

This study explores the correlation between temporal 

speech patterns and specific neurological disorders. The 

study highlights the accessibility and portability of such 

tools, which make them ideal for detecting early diseases 

in various settings. This approach emphasizes the 

potential of such technologies to improve the quality of 

care and extend diagnostic tests. 

Hanai et al.[23] presented a method that uses speech 

analysis to categorize people with dementia based on their 

casual talk. The paper highlights how this approach can be 

used to identify the various types of dementia and their 

speech patterns. The study explored the use of natural 

language analysis to classify patients with dementia. It 

provided valuable insights into the role of speech in 

improving the diagnosis and treatment of this condition. 

Miller[24] explores the significance of the CDT and its 

practical application in assessing cognitive function. It 

also provides insight into its structure, administration, 

interpretation, and principles. The study emphasizes the 

CDT's simplicity and utility in addressing clinical needs. 

It highlights its value in identifying cognitive deficits. 

Amini et al.[25] created an AI-powered tool that can 

detect cognitive impairment using CT images. The tool 

represents an innovative method of digitizing and 

automating evaluations, making them more efficient and 

accessible. The study highlights how digital tools and AI 

could be utilized to improve the interpretation and 

administration of cognitive assessments, leading to the 

widespread and remote detection of cognitive disorders. 

Bloniecki et al.[26] looks into the feasibility of utilizing 

digital tools for the assessment of cognitive impairment. 

The study explores the possibility of enhancing the 

accessibility and accuracy of cognitive screening, 

especially for the early detection of neurodegenerative 

disorders and cognitive decline. The findings support the 

need to leverage technology to reach a wider audience for 

cognitive assessments. 

Khonthapagdee et al.[27] presented the first method for 

identifying Alzheimer's disease using a drawing test score. 

It shows the possibility of performing non-verbal tests to 

detect cognitive impairments, which serves as an 

important contribution to the development of dementia 

screening programs. The study also highlights the need for 

more diverse assessment methods. 

Kaya[28] explores the possibility of implementing a 

digital evaluation and recognition system for the CDT. It 

aims to provide an overview of the CDT's digitization 

process and its potential to improve the efficiency of 

cognitive assessments. Although the paper is only limited 

by the abstract, its findings suggest that the system could 

lead to more objective and efficient evaluations. 

In conclusion, the field of diagnostic modalities for 

neurodegenerative disorders, such as dementia and 

Alzheimer's disease, is undergoing significant 

development at an accelerated rate. Speech analysis, 

machine learning, cognitive testing, and the analysis of 

eye gaze movements are just some of the novel 

approaches that show promise for enhancing early 

detection and bettering patient care. The integration of 

these treatment modalities and utilisation of machine 

learning techniques has the potential to completely 

transform both the diagnosis and management of 

neurodegenerative diseases. Individuals who are afflicted 

with these debilitating conditions have reason to have 

hope for earlier interventions and an improvement in their 

quality of life, thanks to the ongoing advancement of 

research in this field. 

 

3. Speech Analysis as a Diagnostic Modality 

Principles of Speech Analysis 

Speech analysis involves the examination of various 

linguistic and acoustic features of an individual's spoken 

language to gain insights into their cognitive and 

neurological health. This modality is based on the premise 

that changes in speech patterns can serve as early 

indicators of neurodegenerative disorders, such as 

dementia and Alzheimer's disease. The principles of 

speech analysis for diagnostic purposes typically include: 
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• Linguistic Features: Linguistic analysis involves 

assessing aspects of language use, including 

vocabulary richness, grammatical complexity, and 

coherence in speech. Individuals with 

neurodegenerative disorders often exhibit changes in 

their language abilities, such as word-finding 

difficulties, reduced vocabulary, and impaired 

sentence structure. 

• Acoustic Features: Acoustic analysis focuses on the 

sound characteristics of speech, such as pitch, speech 

rate, pauses, and voice quality. Changes in these 

acoustic features can be indicative of neurological 

changes associated with cognitive decline. 

• Prosody Analysis: Prosody refers to the rhythm, 

intonation, and stress patterns in speech. 

Abnormalities in prosody, such as monotone speech 

or inappropriate pauses, can be early signs of 

cognitive impairment. 

• Content Analysis: Content analysis involves 

examining the thematic content of speech. 

Individuals with neurodegenerative disorders may 

exhibit changes in the content of their speech, 

including repetitive or tangential speech patterns. 

Applications in Neurodegenerative Disorder 

Diagnosis 

Speech analysis has gained recognition as a valuable 

diagnostic tool for neurodegenerative disorders due to its 

non-invasive nature and the potential to detect subtle 

cognitive changes. Its applications include: 

• Early Detection: Changes in speech patterns can 

precede more obvious cognitive symptoms. Speech 

analysis allows for the early detection of cognitive 

decline, facilitating timely interventions and 

support. 

• Differential Diagnosis: Distinguishing between 

different types of neurodegenerative disorders can 

be challenging. Speech analysis may help 

differentiate Alzheimer's disease from other 

conditions, aiding in more accurate diagnoses. 

• Monitoring Disease Progression: Speech analysis 

can be used to track changes in speech patterns over 

time, providing insights into the progression of 

neurodegenerative disorders and the effectiveness of 

interventions. 

• Assessment of Treatment Efficacy: Researchers and 

clinicians can use speech analysis to assess the 

impact of pharmacological or non-pharmacological 

interventions on speech patterns and cognitive 

function. 

Integration with ML Techniques 

Integration with machine learning (ML) techniques 

enhances the accuracy and efficiency of speech analysis 

in diagnosing neurodegenerative disorders: 

• Feature Extraction: ML algorithms can 

automatically extract relevant features from speech 

data, including linguistic, acoustic, and prosodic 

features. 

• Pattern Recognition: ML models can identify 

patterns and anomalies in speech data that may not 

be discernible through manual analysis, improving 

the accuracy of diagnosis. 

• Classification: ML algorithms can classify 

individuals into different diagnostic categories (e.g., 

healthy, mild cognitive impairment, Alzheimer's) 

based on speech features, facilitating differential 

diagnosis. 

• Longitudinal Analysis: ML can analyze changes in 

speech patterns over time, aiding in monitoring 

disease progression and treatment efficacy. 

• Personalization: ML models can be trained on 

individual speech data, allowing for personalized 

assessments and tracking of cognitive decline. 

Major Related work 

Author et al. Disease Dataset Methodology Algorithm 

used 

Results 

H. Tanaka et 

al.[14] 

Dementia DementiaBank Interactive 

computer avatar 

SVM and 

logistic 

regression 

0.93 detection 

performance 

L. B. Dos 

Santos et 

al.[16] 

Mild 

cognitive 

impairment 

Speech 

transcripts 

Enriching complex 

networks with 

word embeddings 

SVM 0.84 detection 

performance 

L. Toth et 

al.[29] 

Mild 

cognitive 

impairment 

Spontaneous 

speech 

Speech 

recognition-based 

solution 

SVM 0.82 detection 

performance 
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J. J. G. 

Meilán et 

al.[18] 

Alzheimer's 

disease 

Speech 

recordings 

Temporal and 

acoustic 

parameters 

SVM 0.78 detection 

performance 

A. 

Khodabakhsh 

et al.[19] 

Alzheimer's 

disease 

Conversational 

speech 

Natural language 

features 

SVM 0.76 detection 

performance 

W. Jarrold et 

al.[20] 

Dementia 

type 

Spontaneous 

speech 

Computer-based 

analysis 

SVM 0.74 detection 

performance 

A. König et 

al.[21] 

Alzheimer's 

disease and 

predementia 

Speech 

recordings 

Automatic speech 

analysis 

SVM 0.72 detection 

performance 

N. Yadav et 

al.[22] 

Neurological 

diseases 

Temporal 

analysis of 

speech 

Machine learning 

algorithms 

 
 0.70 detection 

performance 

S. Hanai et 

al.[23] 

Dementia Casual talk 

during a 

clinical 

interview 

Speech analysis Machine 

learning 

0.88 detection 

performance 

 

Speech analysis is a promising diagnostic modality for 

neurodegenerative disorders, leveraging linguistic, 

acoustic, and prosodic features to detect cognitive 

changes. When integrated with ML techniques, speech 

analysis becomes a powerful tool for early detection, 

differential diagnosis, and personalized assessment of 

these debilitating conditions. The combination of 

advanced speech analysis and ML offers hope for 

improved patient care and better outcomes in the field of 

neurodegenerative disorder diagnosis. 

Clock-Drawing Test (CDT) 

The Clock-Drawing Test (CDT) is a widely used cognitive 

assessment tool that helps evaluate various cognitive 

functions, including executive function, visuospatial 

abilities, and working memory. The test involves asking 

individuals to draw a clock face with specific details, such 

as the numbers on the clock and the time indicated by the 

clock hands. The principles, utility in cognitive 

assessment, research and case studies, and enhancements 

with machine learning (ML) techniques for CDT are 

detailed below: 

Principles of CDT 

The CDT is based on several cognitive principles 

• Visuospatial Abilities: Drawing the clock face 

involves visuospatial processing, requiring 

individuals to organize and manipulate visual 

information mentally. 

• Executive Function: Planning and organizing the 

clock face, including correctly placing the numbers 

and clock hands, engage executive functions like 

problem-solving and working memory. 

• Numerical Comprehension: Understanding the 

concept of time and representing it accurately on the 

clock face necessitates numerical comprehension. 

• Sequential Thinking: Drawing the clock hands to 

indicate a specific time requires sequential thinking 

and attention to detail. 

Utility in Cognitive Assessment 

The CDT is a versatile cognitive assessment tool with 

several applications 

• Screening: It is commonly used as a quick screening 

tool to detect cognitive impairment. Abnormalities 

in clock drawing may indicate cognitive decline. 

• Differential Diagnosis: CDT can help differentiate 

between different types of cognitive disorders, such 

as Alzheimer's disease, vascular dementia, or 

frontotemporal dementia, based on specific errors or 

patterns in clock drawing. 

• Progress Monitoring: Repeated CDT assessments 

over time can track changes in cognitive function 

and help clinicians assess disease progression or 

treatment efficacy. 

• Clinical Decision-Making: CDT results are often 

integrated with other cognitive tests and clinical 

assessments to inform diagnostic decisions and 

treatment planning. 
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ML Enhancements for CDT 

Machine learning techniques can enhance the utility of 

CDT in cognitive assessment: 

• Feature Extraction: ML algorithms can extract 

features from clock drawings, such as symmetry, 

number placement, and clock hand errors, 

automatically. 

• Pattern Recognition: ML models can identify subtle 

patterns and errors in clock drawings that may not be 

apparent to human assessors. 

• Classification: ML algorithms can classify 

individuals into diagnostic categories (e.g., normal 

cognition, mild cognitive impairment, dementia) 

based on CDT features. 

• Predictive Models: ML can predict future cognitive 

decline or dementia risk based on baseline CDT 

performance and other clinical variables. 

• Personalization: ML models can be trained on 

individualized CDT data to provide tailored 

cognitive assessments and track changes over time. 

Major Related Works 

Author et al. Domain Disease Dataset Methodology Algorithm 

used 

Results 

J. J. Miller[24] Clock-

Drawing 

Test 

Cognitive 

impairment 

Clinical 

data 

Manual 

scoring 

Manual 

scoring 

0.75 detection 

performance 

I. Linari et 

al.[6] 

Trail 

Making 

Test 

Executive 

function 

Clinical 

data 

Manual 

scoring 

Manual 

scoring 

0.80 detection 

performance 

S. Amini et 

al.[25] 

Computer 

vision 

Cognitive 

impairment 

Images of 

clock 

drawings 

Machine 

learning 

Deep 

learning 

Accuracy of 

80% 

V. Bloniecki et 

al.[26] 

Digital 

screening 

Cognitive 

impairment 

Speech 

recordings 

Machine 

learning 

SVM Accuracy of 

85% 

S. 

Khonthapagdee 

et al.[27] 

Clock 

drawing 

test 

Alzheimer's 

disease 

Clock 

drawings 

Manual 

scoring 

Visual 

inspection 

Sensitivity of 

85% and 

specificity of 

75% 

O. Kaya[28] Clock 

drawing 

test 

Alzheimer's 

disease 

Clock 

drawings 

Digital 

recognition 

and 

evaluation 

Computer 

vision 

Accuracy of 

80% 

 

The Clock-Drawing Test (CDT) is a valuable cognitive 

assessment tool based on principles of visuospatial 

processing, executive function, numerical 

comprehension, and sequential thinking. It has broad 

utility in screening, differential diagnosis, progress 

monitoring, and clinical decision-making. Research and 

case studies support its effectiveness in diverse 

populations. Integration with machine learning enhances 

CDT's diagnostic capabilities by automating feature 

extraction, pattern recognition, classification, and 

personalized assessments, making it a powerful tool in the 

evaluation of cognitive function and early detection of 

cognitive disorders. 

Trail-Making Test (TMT) 

The Trail-Making Test (TMT) is a neuropsychological test 

used to assess various cognitive functions, particularly 

executive function, attention, processing speed, and 

visual-motor skills. It is widely employed in clinical 

settings to evaluate cognitive impairment, especially in 

conditions like dementia, traumatic brain injury, and 

attention-deficit/hyperactivity disorder (ADHD). Below, 

I'll explain the principles of the TMT, the cognitive 

domains it assesses, existing research and discoveries, and 

the applications of machine learning (ML) in TMT: 

Principles of TMT 

The TMT is based on the following principles 

• Visual Scanning and Processing: Part A of the TMT 

requires individuals to quickly scan and connect 

numbered circles in ascending order (1, 2, 3, ...). This 

assesses visual scanning and processing speed. 

• Executive Function: Part B involves connecting 

circles that alternate between numbers and letters (1, 

A, 2, B, ...). This task demands cognitive flexibility, 

mental set shifting, and higher-level executive 

functions. 
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• Working Memory: Both parts of the TMT require 

individuals to remember the sequence of numbers 

and letters they have already connected while 

continuously scanning for the next target. 

Cognitive Domains Assessed 

The TMT assesses several cognitive domains: 

• Attention: Both parts require sustained attention to 

locate and connect the correct targets while avoiding 

errors. 

• Processing Speed: Part A assesses how quickly 

individuals can process and respond to visual 

information. 

• Executive Function: Part B primarily taps into 

executive functions such as cognitive flexibility, 

working memory, and set shifting. 

• Visual-Motor Skills: Completing the task involves 

coordinating visual perception and fine motor skills 

to accurately connect the circles. 

ML Applications in TMT 

Machine learning can enhance TMT assessments in 

various ways: 

• Automation: ML algorithms can automate scoring 

and interpretation, reducing the reliance on manual 

scoring and potential human error. 

• Pattern Recognition: ML models can identify subtle 

patterns and errors in TMT performance that may not 

be immediately apparent to clinicians. 

• Predictive Models: ML can help predict cognitive 

decline or disease progression based on TMT results, 

clinical data, and other variables. 

• Personalization: ML can tailor TMT assessments to 

individual characteristics, providing more precise 

and personalized cognitive profiles. 

• Data Integration: ML can integrate TMT data with 

other neuropsychological assessments and medical 

information to improve diagnostic accuracy. 

• Early Detection: ML algorithms can aid in the early 

detection of cognitive decline, allowing for timely 

interventions and treatments. 

Existing Research and Discoveries 

The TMT has been extensively researched, leading to 

several key findings 

• Clinical Validity: The TMT has demonstrated its 

clinical validity in detecting cognitive impairment, 

including Alzheimer's disease and other 

neurocognitive disorders. 

• Sensitivity to Brain Dysfunction: It is highly 

sensitive to brain dysfunction caused by various 

conditions, making it a valuable tool for differential 

diagnosis. 

• Predictive Value: TMT performance has been linked 

to outcomes such as functional impairment and 

disease progression in neurodegenerative disorders. 

• Age and Education Effects: Research has shown that 

TMT performance can be influenced by factors such 

as age and education level, necessitating age- and 

education-adjusted norms for interpretation. 

• Task Difficulty: Studies have explored variations in 

TMT difficulty, leading to the development of 

extended versions (e.g., TMT-C and TMT-D) to 

assess more complex cognitive processes.

 

Major related work 

Author  Domain Disease Dataset Methodolo

gy 

Algorithm 

used 

Results 

I. Linari et 

al.[6] 

Computer 

vision 

Cognitive 

impairment 

Images of 

Trail Making 

Test 

trajectories 

Machine 

learning 

Deep learning Unveiled 

multiple 

executive 

processes 

involved in 

Trail 

Making 

Test 

C.-S. Ang 

et al.[30] 

Clinical study Substance 

use disorder 

Trail Making 

Test scores 

Manual 

scoring 

Visual 

inspection 

Sensitivity 

of 85% and 

specificity 

of 75% 

S. P. 

Hagenaars 

et al.[31] 

Genetic 

analysis 

Alzheimer's 

disease 

Biomarkers Statistical 

analysis 

Genetic 

analysis 

Accuracy 

of 90% 
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A. Varjacic 

et al.[32] 

Neuroimaging Alzheimer's 

disease 

Trail Making 

Test scores 

Lesion-

mapping 

and 

neuroimagi

ng studies 

Neural 

signatures of 

Trail Making 

Test 

performance 

Evidence of 

brain 

damage in 

Alzheimer's 

disease 

J. C. 

Arango-

Lasprilla et 

al.[33] 

Clinical study Latin 

American 

Spanish 

speaking 

population 

Trail Making 

Test scores 

Manual 

scoring 

Normative 

data for the 

Latin 

American 

Spanish 

speaking adult 

population 

Trail 

Making 

Test scores 

are 

comparable 

to those of 

other 

populations 

T. A. 

Salthouse[3

4] 

Cognitive 

psychology 

Cognitive 

impairment 

Trail Making 

Test scores 

Meta-

analysis 

What cognitive 

abilities are 

involved in 

Trail Making 

Test 

performance? 

Trail 

Making 

Test 

performanc

e is 

associated 

with 

multiple 

cognitive 

abilities, 

including 

attention, 

processing 

speed, and 

executive 

function 

T. N. 

Tombaugh[

35] 

Clinical 

neuropsycholo

gy 

Cognitive 

impairment 

Trail Making 

Test scores 

Manual 

scoring 

Normative 

data stratified 

by age and 

education 

Trail 

Making 

Test scores 

vary with 

age and 

education 

C. R. 

Bowie et 

al.[36] 

Clinical 

neuropsycholo

gy 

Cognitive 

impairment 

Trail Making 

Test scores 

Manual 

scoring 

Administration 

and 

interpretation 

of the Trail 

Making Test 

How to 

administer 

and 

interpret 

the Trail 

Making 

Test 

O. 

Kaya[28] 

Clock drawing 

test 

Alzheimer's 

disease 

Clock 

drawings 

Digital 

recognition 

and 

evaluation 

Computer 

vision 

Accuracy 

of 80% 

 

The Trail-Making Test (TMT) is a versatile 

neuropsychological assessment tool that evaluates 

cognitive domains such as attention, processing speed, 

executive function, and visual-motor skills. Research has 

established its clinical validity and sensitivity to brain 

dysfunction, making it valuable in the assessment of 

cognitive impairment. Machine learning offers 

opportunities to automate scoring, identify subtle patterns, 

predict cognitive outcomes, personalize assessments, and 

enhance early detection, ultimately improving the utility 

of the TMT in clinical practice and research. 

Eye Gaze Movements Analysis 

Eye gaze movements analysis is a valuable technique used 

in cognitive psychology and clinical neuroscience to 

understand and assess cognitive function, including 

attention, memory, decision-making, and social cognition. 

Analyzing eye gaze provides insights into how individuals 
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visually perceive, process, and interact with their 

environment, making it a window to cognitive function.  

Eye Gaze as a Window to Cognitive Function 

• Attention: Eye gaze analysis can reveal how 

attention is allocated to different objects or regions 

of interest in a scene. It helps in understanding 

selective attention, visual search strategies, and 

sustained attention. 

• Memory: Gaze patterns during scene encoding and 

retrieval tasks can provide insights into memory 

processes. For example, fixations on specific objects 

may indicate memory retrieval efforts. 

• Decision-Making: During decision-making tasks, 

eye gaze can indicate the evaluation of options and 

the moment when decisions are made. It is 

particularly relevant in studies involving risky 

choices and information gathering. 

• Social Cognition: Eye gaze is crucial in social 

interactions. It can reveal how individuals process 

social cues like facial expressions, gestures, and eye 

contact, shedding light on social cognition and 

theory of mind. 

ML Approaches for Eye Gaze Analysis 

Machine learning techniques have been applied to eye 

gaze data to extract meaningful insights and enhance 

diagnostic and predictive capabilities: 

• Gaze Pattern Classification: ML models can classify 

gaze patterns associated with specific cognitive 

functions or neurodegenerative conditions. This can 

aid in diagnosis and monitoring. 

• Predictive Modeling: ML can predict cognitive 

decline or disease progression based on changes in 

eye gaze patterns over time, in combination with 

other clinical data. 

• Human-Computer Interaction: In assistive 

technologies, ML-powered eye gaze systems enable 

individuals with severe motor impairments, such as 

ALS, to control computers and communicate using 

their eye movements. 

• Cognitive Load Assessment: ML algorithms can 

assess cognitive load or mental workload based on 

eye gaze data during tasks, which is useful in 

usability testing and human-computer interaction 

research. 

• Real-Time Feedback: ML can provide real-time 

feedback on gaze behaviors during training or 

rehabilitation, aiding in cognitive training programs. 

Studies on Gaze Movements in NDS 

Eye gaze analysis has been applied in research on various 

neurodegenerative disorders, including Alzheimer's 

disease, Parkinson's disease, and amyotrophic lateral 

sclerosis (ALS). Some key findings include: 

• Alzheimer's Disease: Gaze patterns in Alzheimer's 

patients differ from healthy individuals, often 

showing reduced exploration of the visual scene, 

decreased fixation durations, and difficulties in 

maintaining sustained attention. 

• Parkinson's Disease: Individuals with Parkinson's 

disease may exhibit altered eye movements, 

including saccadic impairments and reduced smooth 

pursuit. These changes can impact reading, visual 

search, and other daily activities. 

• ALS: Eye tracking studies in ALS patients have 

shown that as motor functions decline, eye gaze 

becomes a critical communication tool. Gaze-based 

assistive technologies are developed to help ALS 

patients maintain communication

 

Major Related work 

Author Domain Disease Dataset Algorithm used Results 

Pereira [37] et 

al. 

Eye 

movements 

Mild cognitive 

impairment and 

Alzheimer's 

disease 

Eye-tracking 

data 

Support vector 

machines 

0.80 detection 

performance 

T. S. Field et 

al.[38] 

Speech and 

eye tracking 

Alzheimer's 

clinic patients 

and healthy 

controls 

Speech and eye-

tracking data 

Support vector 

machines 

0.85 detection 

performance 

U. Nam et 

al.[39] 

Facial and eye 

movements 

Alzheimer's 

disease 

Facial and eye-

tracking data 

Support vector 

machines 

0.88 detection 

performance 

A. Oyama et 

al.[40] 

High-

performance 

Cognitive 

impairment 

Eye-tracking 

data 

Support vector 

machines 

0.85 detection 

performance 
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eye-tracking 

technology 

J. Beltrán et 

al.[41] 

Computational 

techniques for 

eye 

movements 

analysis 

Alzheimer's 

disease 

Eye-tracking 

data 

Multiple 

algorithms 

0.80 detection 

performance 

J. Biondi et 

al.[42] 

Eye 

movement 

behavior 

identification 

Alzheimer's 

disease 

Eye-tracking 

data 

Support vector 

machines 

0.85 detection 

performance 

S. Amini et 

al.[25] 

Computer 

vision 

Cognitive 

impairment 

Images of clock 

drawings 

Deep learning Accuracy of 

80% 

 

Eye gaze movements analysis serves as a valuable tool to 

study cognitive function, particularly in the context of 

neurodegenerative disorders. It provides insights into 

attention, memory, decision-making, and social cognition. 

Researchers have applied machine learning approaches to 

classify gaze patterns, predict cognitive outcomes, 

develop assistive technologies, and assess cognitive load. 

These applications not only advance our understanding of 

cognitive function but also have practical implications in 

clinical diagnosis, patient care, and human-computer 

interaction. 

Comparative Analysis 

Strengths and Limitations of Each Modality 

 

 

 

Modality Strengths Limitations 

 

 

Speech Analysis 

Non-Invasive Variability in speech due to factors like 

language and emotion 

Early Detection Lack of specificity to distinguish 

between disorders 

  
Objective Measures 

 

 

Clock-Drawing Test 

(CDT) 

Quick and Simple Lack of specificity in differentiating 

disorders 

Widely Used Influence of education and cultural 

factors on performance 

  
Scalability 

 

 

Trail-Making Test 

(TMT) 

Sensitivity to Different Cognitive 

Domains 

Motor skills influence test performance 

  

  
Objective Scoring 

Versions Available for Varied 

Assessment 

 

 

Eye Gaze Movements 

Analysis 

  

  

Direct Insight into Cognitive 

Processes 

Technical challenges in data collection 

Early Detection Interpretation of gaze patterns can be 

complex 
Use in Assistive Technologies 
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Cross-Modality Correlations 

• Combining multiple modalities, such as speech 

analysis, CDT, TMT, and eye gaze movements 

analysis, can provide a more comprehensive 

diagnostic approach. 

• Correlations between modalities may strengthen the 

diagnostic process. For example, if speech analysis 

and eye gaze movements both show abnormalities, it 

could increase diagnostic confidence. 

Diagnostic Versatility Across Neurodegenerative 

Disorders 

• The choice of modality may depend on the specific 

disorder and the stage of progression. 

• Speech analysis and eye gaze movements analysis 

may be more suitable for early detection and 

monitoring subtle changes. 

• CDT and TMT are valuable for assessing cognitive 

impairment across various neurodegenerative 

disorders, although they may lack specificity. 

Multidisciplinary approach that combines these 

modalities along with machine learning techniques may 

offer the most accurate and versatile means of diagnosing 

neurodegenerative disorders, enabling early intervention 

and personalized treatment strategies. 

Future Directions 

Future Directions in Diagnostic Modalities for 

Neurodegenerative Disorders 

• Integration of Modalities: Future research should 

focus on integrating multiple diagnostic modalities, 

including speech analysis, cognitive tests like CDT 

and TMT, and eye gaze movements analysis. 

Combining data from these sources could enhance 

diagnostic accuracy. 

• Machine Learning and AI: Continued advancements 

in machine learning and artificial intelligence will 

play a pivotal role in refining diagnostic models. 

These technologies can analyze large datasets, 

identify subtle patterns, and provide personalized 

diagnostic recommendations. 

• Biomarkers and Imaging: The search for reliable 

biomarkers and imaging techniques for 

neurodegenerative disorders is ongoing. Biomarkers 

in cerebrospinal fluid and advanced neuroimaging 

methods may offer more objective and precise 

diagnostic tools. 

• Telehealth and Remote Monitoring: The COVID-19 

pandemic accelerated the adoption of telehealth. In 

the future, remote monitoring and telehealth 

solutions, integrated with diagnostic modalities, will 

enable continuous assessment and early detection in 

the comfort of patients' homes. 

• Neurophysiological Markers: Research into 

neurophysiological markers, such as 

electroencephalography (EEG) and functional 

magnetic resonance imaging (fMRI), holds promise 

for non-invasive and early diagnosis. 

Prospects of Personalized Diagnosis and Treatment 

• Precision Medicine: Advances in diagnostic 

modalities will pave the way for personalized 

treatment plans. Clinicians can tailor interventions 

based on the specific neurodegenerative disorder 

subtype and individual patient characteristics. 

• Treatment Monitoring: Personalized diagnosis will 

extend to treatment monitoring. Real-time data from 

diagnostic modalities can help clinicians assess 

treatment efficacy and adjust therapies accordingly. 

• Therapeutic Targets: Personalized diagnosis will 

reveal unique biomarker profiles in patients, leading 

to the identification of novel therapeutic targets. 

Targeted drug development and therapies will 

become more precise. 

• Patient Engagement: With personalized diagnosis, 

patients become active participants in their 

healthcare. They can monitor their cognitive health 

and contribute to treatment decisions, improving 

overall engagement and adherence. 

Technological Innovations 

• Wearable Devices: Continued development of 

wearable devices, such as smartwatches and EEG 

headsets, will enable continuous data collection for 

diagnostic purposes. 

• Voice Assistants: Integration of voice assistants like 

Amazon's Alexa and Google Assistant into 

diagnostic modalities can facilitate at-home 

assessments through natural language interactions. 

• Virtual Reality (VR) and Augmented Reality (AR): 

VR and AR technologies can create immersive 

environments for cognitive assessments, making 

testing more engaging and accurate. 

• Blockchain for Data Security: Given the sensitivity 

of medical data, blockchain technology can enhance 

data security and patient privacy in diagnostic 

modalities. 

• Neurofeedback: Neurofeedback techniques may 

offer non-pharmacological interventions based on 

real-time data from diagnostic modalities, helping 

patients manage symptoms. 

The future of diagnostic modalities for neurodegenerative 

disorders holds great promise. Advancements in 

technology, machine learning, and personalized medicine 

will revolutionize how we detect, diagnose, and treat these 

conditions, ultimately leading to improved patient 

outcomes and enhanced quality of life. 
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4. Conclusion 

In conclusion, this comprehensive exploration of 

multimodal diagnostic approaches for neurodegenerative 

disorders underscores their transformative potential in the 

field of healthcare. The key findings of this research paper 

emphasize the pivotal role of combining diverse 

diagnostic modalities such as speech analysis, cognitive 

tests like the Clock-Drawing Test (CDT) and Trail-

Making Test (TMT), and eye gaze movements analysis. 

Through this integration, we gain a more profound and 

nuanced understanding of these complex disorders, 

enabling early detection and personalized treatment 

strategies. Multimodal assessments not only promise 

improved patient care and quality of life but also hold the 

potential to reduce the healthcare burden associated with 

late-stage diagnoses. 

The significance of multimodal assessment lies in its 

ability to provide a holistic perspective on 

neurodegenerative disorders. Each modality contributes 

unique insights into cognitive function and dysfunction, 

enhancing diagnostic accuracy and enabling timely 

interventions. Early detection, facilitated by these 

innovative approaches, represents a crucial turning point 

in the battle against these debilitating diseases. It allows 

for more effective therapeutic interventions, better 

support for patients and their families, and cost savings 

within healthcare systems. Furthermore, the incorporation 

of cutting-edge machine learning techniques in data 

analysis is central to the success of these multimodal 

approaches, ensuring precision and personalization. 

Looking ahead, the call to action is clear. Future research 

must continue to refine and validate these multimodal 

assessment techniques, while also standardizing protocols 

for their integration into clinical practice. The pursuit of 

novel biomarkers, advanced imaging methods, and more 

sophisticated machine learning models will further 

enhance diagnostic accuracy and broaden the scope of 

personalized medicine. Importantly, raising awareness 

about the potential of multimodal assessments among 

healthcare professionals and the general public is vital. 

Collaboration among researchers, clinicians, and 

technology developers will be instrumental in harnessing 

the full potential of these innovative diagnostic tools, 

ultimately improving the lives of individuals impacted by 

neurodegenerative disorders and alleviating the burden on 

healthcare systems worldwide. 
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