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Abstract

Sensor-based approaches are transforming the diagnosis and treatment of neurodegenerative
diseases by offering more sensitive, noninvasive tools and are capable of real-time monitoring.
Integrating advanced materials, nanotechnology, and artificial intelligence presents promise for
earlier detection, enhanced disease management, and improved patient outcomes. From a clinical
perspective, these technologies facilitate the shift toward precision medicine by enabling early
intervention strategies, real-time treatment monitoring, and more refined patient stratification in
practice and research contexts. The article “Innovative Sensor-Based Approaches for Assessing
Neurodegenerative Diseases: A Brief State-of-the-Art Review” provides an overview of recent
advancements in sensor-based technologies aimed at enhancing the diagnosis and monitoring of
neurodegenerative diseases (NDDs) such as Alzheimer’s and Parkinson’s, among others. Sensor-
based technologies are adjunct tools and integral components of a next-generation framework for
diagnosing, monitoring, and understanding neurodegenerative disorders.

Keywords: neurodegenerative diseases; sensors; technologies; innovation; clinical practice

1. Introduction

Neurodegenerative diseases (NDDs) are a group of disorders characterized by the progressive
degeneration and death of nerve cells (neurons) in the brain and spinal cord [1]. These degenerations
often result in a decline in brain function and neurological symptoms. Many NDD conditions
eventually lead to dementia, which is projected to affect approximately 150 million people worldwide
by 2050, imposing an economic burden of $10 trillion [2]. The exact causes of most neurodegenerative
diseases remain unclear; however, factors such as genetic mutations, environmental toxins, viral
infections, and aging contribute to the development of these conditions [2,3]. Symptoms of
neurodegenerative diseases vary depending on the specific condition and its stage of progression.
Common symptoms include: 1) cognitive decline (memory loss and confusion), 2) movement
disorders (tremors, stiffness, and difficulty with coordination), 3) sensory problems (numbness,
tingling), 4) muscle weakness, and 5) emotional changes (depression and anxiety) [4].

Common neurodegenerative diseases include: 1) Alzheimer’s disease (AD), one of the most
prevalent neurodegenerative disorders, which leads to memory loss, confusion, and cognitive decline
due to the buildup of amyloid plaques and tau tangles in the brain; 2) Parkinson’s disease (PD), which
impacts movement and results in tremors, rigidity, and bradykinesia (slow movements) due to the
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loss of dopamine in the substantia nigra; 3) Huntington’s disease (HD), a genetic condition that
results in uncontrolled movements, cognitive decline, and psychiatric symptoms; 4) Amyotrophic
Lateral Sclerosis (ALS), also known as Lou Gehrig’s disease, which causes muscle weakness and
paralysis from motor neuron degeneration; 5) Multiple sclerosis (MS), an autoimmune condition that
harms the myelin sheath surrounding nerve fibers, leading to neurological issues; and 6)
Frontotemporal Dementia (FTD), which affects personality, behavior, and language due to
degeneration in the frontal and temporal lobes [4-8].

Neurodegenerative diseases are progressive and typically worsen over time. There is currently
no cure for most neurodegenerative diseases [2]. Treatment focuses on managing symptoms, slowing
progression, and improving quality. Some treatments include medications to improve movement,
cognition, and mood. Other treatment modalities include physical and occupational therapy,
assistive devices, and lifestyle modifications such as exercise and a healthy diet. Research on new
diagnoses and treatments for neurological diseases is ongoing. Current diagnosis of
neurodegenerative disease typically involves medical history and physical exam, neurological tests,
imaging studies such as Magnetic Resonance Imaging (MRI) and Computed Tomography Scan (CT),
and genetic testing [9,10].

Recent advancements in sensor-based technologies have significantly improved the assessment
and diagnosis of neurodegenerative diseases [9]. These innovative approaches provide non-invasive,
cost-effective, and accurate alternatives to traditional diagnostic methods. Some of these sensors
include electrochemical biosensors, wearable sensors, gait analysis, artificial intelligence, digital
biomarkers, and other cutting-edge diagnostic devices such as handheld instruments capable of
detecting ultra-low concentrations of disease markers from a single drop of blood [9,10]. For example,
a palm-sized sensor developed by engineers at Monash University can quickly and painlessly
diagnose Alzheimer’s and Parkinson’s diseases by detecting beta amyloids and tau proteins, offering
instant results and enhancing accessibility to early diagnosis [11].

This review addressed categories of innovative sensor technologies, wearable and sensor-based
monitoring technologies, and Al and machine learning applications for assessing neurodegenerative
diseases. It also explored remote monitoring and telemedicine integrations in diagnosing and
managing neurodegenerative diseases. We discussed challenges, limitations, future directions, and
research opportunities. The advancement of these innovative sensors highlights the essential role of
sensor-based technologies in transforming the assessment and management of neurodegenerative
diseases, paving the way for more personalized and timely interventions.
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Figure 1. Systems Biology Approaches to Understand the Host-Microbiome Interactions in Neurodegenerative
Diseases/Frontiers [1].

2. Categories of Innovative Technologies

Innovative technologies can be categorized into groups that introduce novelty and
transformation across various sectors. They encompass broad categories with diverse applications
and implications in multiple domains. One such area is Artificial Intelligence and Machine Learning,
which relates to the evolution of algorithms and infrastructures that enable machines to perform tasks
requiring intelligence similar to that of humans. These technologies serve various functions,
including natural language processing, imaging, speech recognition, predictive analytics in finance
and healthcare, and personalization in e-commerce. Current trends in Al include the increasing
deployment of automation, the development of ethical Al frameworks, advancements in deep
learning, and an emphasis on explainable Al to improve transparency [16-20].

Another vital category is Biotechnology and Health Tech, which harnesses biological processes
to create solutions in healthcare and agriculture. Applications include gene editing technologies like
CRISPR, personalized medicine, diagnostic tools, and biopharmaceutical development. There is a
growing interest in telemedicine and wearable health technology, along with advancements in cell
and gene therapies [21-23].

The Internet of Things (IoT) refers to a network of interconnected devices that collect and share
data, enhancing automation and data analytics. Its applications include smart homes, industrial IoT
for predictive maintenance, smart city management, and healthcare monitoring systems. Current
trends involve expanding 5G technology to support loT applications and an increasing focus on loT
security [27].

Blockchain and cryptocurrency represent an innovative category of technology, characterized
by a decentralized ledger system for secure transactions. This includes applications in financial
transactions, supply chain management, smart contracts, and identity verification. Current trends in
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this field involve the growth of decentralized finance (DeFi) applications and increased institutional
investments in cryptocurrencies [28-31].

Robotics and automation involve machines designed to assist or replace human tasks, enhancing
productivity across various sectors, including manufacturing and services [32-34]. Key trends
include advancements in collaborative robots (cobots) that work alongside humans and the
increasing prevalence of remote-operated robots in hazardous environments [35].

Renewable energy and sustainability technologies harness natural processes for clean power
generation, aiming to reduce dependence on fossil fuels. Developments include solar panels, wind
turbines, and biofuels, with trends focusing on improved efficiency and the mainstream adoption of
electric vehicles [36-38].

The Advanced Materials category focuses on creating new materials with exceptional properties
essential for various industrial applications [39,40]. Innovations in nanomaterials, smart materials,
and biodegradable substances are driving advancements in this category [41].

Augmented Reality (AR) and Virtual Reality (VR) enhance user experiences by overlaying digital
information onto the real world or immersing users in virtual environments. These technologies have
found applications in gaming, education, and training, with current trends highlighting the growth
of AR in marketing and the development of mixed-reality platforms [42,43].

Quantum Computing is a cutting-edge field that utilizes quantum mechanics to process
information. It can tackle complex problems much faster than classical computers [44]. Applications
range from logistics optimization to cryptography, and advancements in quantum algorithms and
hardware development are shaping this field [45].

Lastly, 3D Printing and Additive Manufacturing create objects layer by layer from digital designs,
revolutionizing fabrication processes. These technologies enable rapid prototyping and customized
manufacturing, fostering innovation [46].

Together, these categories illustrate the forefront of technological advancements, driving
progress and shaping the future across various disciplines. The convergence of innovative
technologies, especially in Artificial Intelligence (AI), Machine Learning (ML), and Biotechnology,
fundamentally transforms healthcare and numerous other sectors. AI and ML enable the creation of
sophisticated algorithms capable of analyzing vast amounts of medical data, predicting patient
outcomes, enhancing diagnostic abilities, and personalizing treatment plans. When integrated with
advancements in Biotechnology, such as gene editing and telemedicine, these technologies generate
novel healthcare solutions and enhance the overall effectiveness of health interventions [47—49].

Moreover, the rise of wearable and sensor-based monitoring technologies enhances these
advancements by providing real-time health data that informs healthcare decisions. These devices
utilize Al and ML to analyze biometric information, empowering individuals to manage their health
proactively. As healthcare professionals gain access to detailed insights from traditional laboratory
tests and continuous monitoring through wearables, the potential to improve patient care and
outcomes becomes increasingly significant [50,51]. Integrating AI, ML, IoT, and biotechnology with
wearable technologies creates a holistic, synergistic effect that promises to enhance our
understanding of health, improve therapeutic strategies, and ultimately lead to better health
outcomes. This comprehensive approach addresses immediate healthcare needs and paves the way
for a future where technology plays a crucial role in health management and disease prevention,
fostering a healthier society [47,50-52].

2.1. Wearable and Sensor-Based Monitoring Technologies

Wearable and sensor-based monitoring technologies are innovative devices equipped with
sensors that can collect, transmit, and analyze data related to health and physical activities. These
technologies have rapidly evolved and are increasingly utilized in healthcare, fitness, and personal
wellness to monitor various physiological parameters in real time. Their primary aim is to empower
users with actionable insights about their health, promote proactive health management, and
facilitate remote patient monitoring [53-55].
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The key components of these technologies include wearable devices like fitness trackers,
smartwatches, and medical wearables. Fitness trackers, such as Fitbit and Garmin, monitor physical
activities, heart rate, sleep patterns, and caloric intake to encourage a more active lifestyle [56].
Smartwatches, including the Apple Watch or Samsung Galaxy Watch, offer advanced functionalities
by alerting users to notifications, providing GPS capabilities, and enabling health monitoring for
metrics such as ECG and blood oxygen levels. Medical wearables are specifically designed for clinical
settings and include continuous glucose monitors (CGMs) and wearable ECG monitors, which assist
patients in managing conditions like diabetes and heart disease [57,58].

Sensors play a critical role in wearable and monitoring technologies, measuring various bodily
functions such as heart rate, skin temperature, respiration rate, and blood glucose levels. Many of
these sensors are embedded in wearable devices. Environmental sensors are another component,
monitoring external factors like UV radiation, air quality, and noise levels to inform users about the
effects of their surroundings on health. Integrating wearable devices with mobile applications allows
users to conveniently visualize and analyze their data, while cloud technology enables data storage
and sharing with healthcare professionals. This integration yields valuable insights, assisting patients
in managing chronic diseases and allowing healthcare providers to monitor patient health remotely,
thereby improving outcomes and reducing hospital visits [8,49].

Current trends in this field include incorporating advanced data analytics and artificial
intelligence (AI), which enhance the functionality of wearables by providing predictive health
insights and personalized recommendations based on collected data. Innovations in sensor
technology are leading to more accurate and diverse measurements, ranging from biochemical
markers such as lactate to physiological parameters like hydration levels. Furthermore, there is a
growing focus on user experience, with designs evolving to become more user-friendly and
comfortable, ultimately encouraging regular usage [12,15,61,62].

However, challenges remain, particularly concerning data privacy and security, as the collection
of personal health data raises concerns that must be addressed to build user trust and ensure
compliance with regulations like HIPAA. Interoperability issues among various devices and
platforms necessitate standardized protocols for seamless data exchange. Additionally, maintaining
consistent user engagement with wearable technology can be challenging, as users may lose interest
or find devices uncomfortable. Additionally, the accuracy and reliability of measurements from these
devices are critical, as inaccuracies can lead to poor health decisions [63].

Wearable and sensor-based monitoring technologies represent a transformative shift in health
management, empowering individuals with real-time data that supports proactive decision-making.
As advancements continue, these technologies have the potential to improve the quality of care
significantly, encourage healthier lifestyles, and provide valuable insights for medical research.
Addressing data privacy, interoperability, and user adherence challenges will be crucial for realizing
their full potential in personal health and clinical settings [64].

The advancements in wearable and sensor-based monitoring technologies are closely tied to the
applications of artificial intelligence (AI) and machine learning (ML) in monitoring
neurodegenerative diseases. As these technologies provide real-time physiological and behavioral
data, they generate a rich dataset that can be analyzed through Al and ML algorithms to identify
patterns and early indicators of disease progression. For instance, machine learning models can
process data collected from wearables that track physical activity, sleep quality, and cognitive
performance, leading to personalized insights that enhance patient management. Additionally, Al-
driven predictive analytics can help understand how various factors influence disease dynamics,
informing treatment strategies. This integration can potentially revolutionize the landscape of
neurodegenerative disease management by improving monitoring capabilities and facilitating timely
interventions based on comprehensive data analysis. As the field advances, the synergy between
wearable technologies and Al will likely deepen our understanding of neurodegenerative diseases
and improve the quality of life for affected individuals [65].
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2.2. Emerging Sensor Technologies

Smartphone Integrated Sensors. Smartphone-based and wearable inertial sensors are significant
for the early diagnosis and monitoring of neurodegenerative diseases. A series of studies indicate
that smartphone-integrated sensors can estimate step length with 98% accuracy and detect gait
changes with 94% accuracy. Meanwhile, consumer wearable devices achieved 92.3% accuracy in
screening early Parkinson’s cases. Wearable inertial sensors, tested in everyday environments,
reported over 90% accuracy, with one study highlighting 95% accuracy in distinguishing early,
untreated Parkinson’s Disease. Digital biomarkers offer additional promise: eye-tracking methods,
for example, yielded a receiver operating characteristic AUC of 0.88 in separating Parkinson’s
patients from healthy controls, and breath analysis sensors reached up to 90% accuracy in classifying
Multiple Sclerosis and Alzheimer’s Disease cases [66,67].

Wearable devices are categorized as follows: 1) Focus on motor symptoms. Wearable sensors,
particularly inertial measurement units that combine accelerometers, gyroscopes, and sometimes
magnetometers, show significant promise in monitoring motor symptoms of neurodegenerative
diseases; 2)Versatility, where studies have explored various sensor placements (wrist, lower back,
ankles) to capture different aspects of movement and gait; 3) Accuracy, with reports indicating over
90% accuracy in detecting Parkinson’s Disease symptoms using inertial sensors in free-living
environments; and 3) Early-stage detection, combining wearable sensors with machine learning to
differentiate between early-stage Parkinson’s Disease patients and healthy controls. However, some
challenges have been noted regarding user acceptance, battery life, and data interpretation for clinical
use, which remain areas for improvement.

Multi-modal monitoring systems combine data from smart home sensors, video, audio, and
other sources to capture motor and cognitive symptoms. However, their specific performance
metrics, with up to 80% accuracy, and integration into clinical workflows vary. These studies suggest
that among innovative technologies, wearable inertial sensors, smartphone-based functions, and
selected digital biomarker approaches offer the most promising results for the early detection and
ongoing monitoring of neurodegenerative diseases. Smartphone-integrated sensors have several
potential uses, including continuous monitoring. Smartphone-based technologies show promise for
tracking neurodegenerative diseases, particularly Parkinson’s disease, in real-world environments.
Comprehensive assessments can measure various aspects of Parkinson’s disease and dementia, such
as voice, balance, gait, and cognitive function. A 98% accuracy has been reported in step length
estimation and 94% accuracy in identifying changes in walking patterns using smartphone
accelerometers [67]. For early detection, a 92.3% accuracy was found in screening for the early stages
of Parkinson’s disease using consumer-grade wearable devices and sensors, likely including
smartphones [66]. Multi-modal monitoring systems function in several ways: 1) Comprehensive
assessment—multiple studies explored combining various sensor types or data sources for a more
holistic evaluation of disease progression; 2) Diverse technologies —examples include combinations
of Magnetic Resonance Imaging, Electroencephalography, smart home sensors, video monitoring,
audio analysis, and accelerometers; and 3) Cognitive and motor symptoms—these approaches aim
to capture both cognitive and motor symptoms of neurodegenerative diseases. However, challenges
remain with using these multi-modal monitoring systems, including data integration, interpretation,
and practical implementation in clinical settings, which present significant hurdles for these systems.

2.3. Digital Biomarker

Innovation Movement Analysis—Key focus areas include movement analysis, which has
emerged as a central area for developing digital biomarkers, especially for Parkinson’s Disease. Some
reasons supporting this include: 1) high accuracy-reported 95% accuracy in distinguishing early,
untreated Parkinson’s Disease patients from healthy subjects using wearable sensors; 2) symptom
detection demonstrated high accuracy in identifying Parkinson’s disease symptoms such as tremors
(sensitivity 99.3%, specificity 99.6%) using inertial sensors; and 3) gait analysis parameters like step
length, gait velocity, and gait variability show promise as sensitive indicators of disease progression.
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Like other digital biomarkers, challenges remain in standardizing measurement protocols and
interpreting large amounts of significant continuous monitoring data [70].

Voice and Speech Patterns. The voice and speech patterns serve several functions: 1) early
indicators—changes in speech, such as reduced volume, altered pitch, and rhythm disturbances, may
act as early indicators of Parkinson’s Disease; 2) non-invasive monitoring —speech analysis provides
the advantages of being non-invasive, potentially remote, and suitable for frequent or continuous
monitoring; and 3) comprehensive assessment- This approach can capture both motor symptoms
(e.g., changes in articulation) and cognitive aspects (e.g., language processing) of neurodegenerative
diseases. There have been some research gaps in this area. For example, the studies we reviewed did
not provide detailed performance metrics for voice-based biomarkers, indicating a need for further
research to validate their accuracy and reliability in clinical settings.

2.4. Cognitive Function Markers

Cognitive function markers have many potential applications, encompassing various
approaches: Digital biomarkers for cognitive function range from smartphone-based cognitive tests
to more complex setups involving eye tracking and facial expression analysis. Additionally, some
promising results reported high accuracy (Receiver Operating Characteristic Area Under the Curve
of 0.88) in differentiating Parkinson’s Disease patients from healthy controls using eye-tracking
methods [72]. Smart home sensors show potential for long-term, ecologically valid assessment of
cognitive function in real-world settings. However, challenges remain with standardizing assessment
protocols and interpreting results across different technological platforms and patient populations,
which are significant hurdles.

2.5. Al and Machine Learning Applications in Neurodegenerative Disease Monitoring

Artificial intelligence (AI) and machine learning (ML) are increasingly playing crucial roles in
monitoring and managing neurodegenerative diseases such as Alzheimer’s, Parkinson’s, and
Huntington’s disease. These conditions are characterized by progressive nervous system
degeneration, leading to cognitive decline, motor deficits, and other symptoms affecting quality of
life. Given the complexities of understanding these diseases, Al and ML present innovative solutions
that enhance monitoring, diagnosis, and treatment customization [54,55,65,73].

Real-Time Data Collection- Wearable and sensor-based technologies have revolutionized patient
data collection in neurodegenerative disease management. Smartwatches, fitness trackers, and
specialized medical wearables continuously monitor physiological parameters, including heart rate,
movement patterns, sleep quality, and cognitive tasks. This real-time data collection provides a
comprehensive view of a patient’s health status, enabling more effective monitoring of disease
progression and response to treatment [57,74]

Pattern Recognition and Predictive Analytics— Al and ML algorithms excel at processing and
analyzing large datasets to identify patterns that may not be noticeable to clinicians. Using extensive
data collected from wearables, machine learning models can detect subtle changes in a patient’s
behavior or physiology that indicate disease progression. For example, algorithms can analyze gait
patterns using data from wearable sensors, providing insights into motor function deterioration in
patients with Parkinson’s disease. Predictive analytics can also produce risk scores for disease
progression, enabling healthcare providers to anticipate patient needs and proactively tailor
interventions [75].

Personalized Treatment Plans- The application of Al and ML in neurodegenerative disease
monitoring supports the development of personalized treatment plans. By integrating patient data
with clinical outcomes, machine learning models can help clinicians identify which therapies are
most effective for individual patients based on their specific profiles. This personalization is crucial
in neurodegenerative diseases, as treatment responses can vary significantly among patients [76].
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2.6. Remote Patient Monitoring and Telemedicine Integration

The rise of telehealth, driven by Al and machine learning, enables remote patient monitoring
and improves access to healthcare services for individuals with mobility challenges or those living in
remote areas. Al-powered platforms can automatically analyze data from wearables and notify
healthcare providers if a patient’s health worsens, ensuring timely interventions. This proactive
strategy reduces hospital visits and enhances the quality of care [77].

Early Detection and Intervention—One of the most significant advantages of Al and ML
applications in monitoring neurodegenerative diseases is their potential for early detection. Machine
learning algorithms can analyze patient data trends to identify early signs of cognitive decline or
motor dysfunction, often before they become clinically apparent. Early intervention can significantly
alter disease trajectories, providing opportunities for more effective management and improving
long-term outcomes [78].

2.7. Clinical Implementation Progress

Validation Outcomes. Several studies have reported high accuracy rates in distinguishing
patients with neurodegenerative diseases from healthy controls. An accuracy of 92.3%, a sensitivity
of 90.0%, and a specificity of 100% for Parkinson’s Disease screening using wearable sensors [66] was
found to be 95% accurate in differentiating early, untreated Parkinson’s Disease patients from healthy
subjects [70]. Breath analysis has been used to differentiate between multiple sclerosis patients and
controls with up to 90% accuracy [81]. Additionally, accuracy rates include 85% for Alzheimer’s
Disease compared to healthy subjects, 78% for Parkinson’s Disease versus healthy subjects, and 84%
for Alzheimer’s Disease versus Parkinson’s Disease through breath analysis [82]. However,
limitations exist, as many studies had small sample sizes or lacked rigorous validation methods,
which restricts the generalizability of these results. Furthermore, performance metrics and
methodologies varied widely across studies, making direct comparisons challenging.

2.8. Real-World Applications

Several studies have explored the potential of home-based monitoring technologies for real-
world applications, especially in home-based or continuous monitoring settings. Smartphone
platforms have demonstrated the feasibility of using a smartphone-based platform for remote
monitoring of Parkinson’s Disease and dementia symptoms in daily life.[83]. Additionally, smart
home sensors have shown their capability for long-term, unobtrusive monitoring of cognitive decline
in real-world situations.[84]. Wearable sensors accurately detect Parkinson’s Disease symptoms
using inertial sensors in free-living environments [68].

Potential benefits include real-world applications, which offer the potential for more ecologically
valid assessments and continuous monitoring, which could provide clinicians with more
comprehensive and timely information about disease progression. However, challenges can include
user acceptance, data privacy, and integration with existing clinical workflows, which remain
significant hurdles.

2.9. Integration Challenges

Many challenges involve data interpretation, particularly the processing and understanding of
extensive information from continuous monitoring technologies, which present significant obstacles.
Another challenge relates to advanced analysis techniques, emphasizing the need for sophisticated
methods like deep learning to effectively process and interpret sensor data for assessing Parkinson’s
Disease and other NDDs [85]. Additionally, a lack of standardization exists. The wide variety of
technologies, measurement protocols, and performance metrics used across studies complicates
result comparisons and the establishment of clinical guidelines. Furthermore, user acceptance
remains a concern. Long-term adherence to monitoring protocols is crucial, especially for wearable
devices and home-based monitoring systems. Clinical workflow integration: Ensuring that the data
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generated by these technologies is actionable and meaningful in clinical contexts is crucial for their

successful implementation.

Table 1. Table of Technology platforms, detection accuracy, early detection capabilities, and clinical validation

status.

Technology Platform

Detection Accuracy

Early Detection Capability

Clinical Validation Status

Wearable inertial
sensors

95% accuracy for early Parkinson’s Disease
detection; Over 90% accuracy for Parkinson’s
Disease symptom detection in free-living
environments

Demonstrated capability
for detecting early-stage
Parkinson’s Disease

Validated in multiple
studies, including real-
world settings

Smartphone-based
Sensors

98% accuracy in step length estimation, 94%
accuracy in identifying gait changes for
Parkinson’s Disease

Shown potential for early
Parkinson’s Disease
detection through gait
analysis

Limited clinical validation,
mostly proof-of-concept
studies

Breath analysis

Up to 90% accuracy for Multiple Sclerosis
detection; 85% accuracy for Alzheimer’s
Disease vs. healthy, 78% for Parkinson’s
Disease vs. healthy

Demonstrated potential for
early-stage detection

Limited clinical validation,
mostly experimental
studies

Blood-based biomarkers

High sensitivity and specificity reported, but

Shown potential for early

Promising results, but

Under the Curve of 0.88 for differentiating
Parkinson’s Disease patients from controls

early cognitive decline
detection

(ultrasensitive specific metrics not provided Alzheimer’s Disease limited large-scale clinical
detection) detection validation
Eye tracking Receiver Operating Characteristic Area Demonstrated potential for | Limited clinical validation,

mostly experimental
studies

Smart home sensors

Although specific accuracy metrics were not
reported, the system showed potential for
monitoring long-term mild cognitive
impairment.

Demonstrated capability
for detecting early signs of
cognitive decline

Limited clinical validation,
mostly proof-of-concept
studies

Multi-modal systems

Up to 80% accuracy reported for combined
sensor approaches

Shown potential for
comprehensive early
detection

Limited clinical validation,
mostly experimental
studies

3. Challenges and Future Directions

Artificial Intelligence (Al is poised to transform our understanding, detection, and treatment of
neurodegenerative diseases, offering significant advancements in medical diagnosis, disease
detection, progression modeling, and personalized treatment recommendations. Real-world case
studies illustrate Al's transformative potential in clinical settings; however, its integration presents
challenges, including data privacy concerns, the necessity for model interpretability, potential biases,
and technological limitations.

Overcoming these obstacles requires a joint effort from Al researchers, healthcare providers, and
policymakers to ensure that Al is used ethically and securely in this field. Despite these difficulties,
integrating Al and machine learning into monitoring neurodegenerative diseases offers great
promise. Continuous advancements in wearable tech, data analytics, and cross-disciplinary
collaboration will fuel innovation, improve patient management, and ultimately enhance the quality
of life for people with these debilitating conditions. The main aim is to seamlessly combine
technology and clinical care to empower patients and healthcare providers in the fight against
neurodegenerative diseases, improving patient care and results through better diagnostic accuracy
and a deeper understanding of disease progression.

4. Conclusions

The article “Innovative Sensor-Based Approaches for Assessing Neurodegenerative Diseases: a
Brief State-of-the-Art Review” provides an overview of recent advancements in sensor technologies
aimed at improving the diagnosis and monitoring of neurodegenerative diseases (NDDs) such as
Alzheimer’s, Parkinson’s, and others.

Integrating advanced sensor technologies, nanomaterial-based biosensors, and artificial
intelligence drives a significant evolution in the clinical assessment and management of
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neurodegenerative diseases (NDDs). These innovations facilitate transitioning from traditional
symptom-based diagnostics to objective, continuous, and biomarker-informed monitoring,
improving diagnostic sensitivity and specificity. Wearable and implantable sensor systems and non-
invasive biosensing platforms like graphene-based field-effect transistors provide unprecedented
opportunities to detect early pathophysiological changes before obvious clinical symptoms appear.
Meanwhile, Al-driven analytics enhance the interpretation of high-dimensional sensor data, enabling
nuanced phenotypic classification, progression modeling, and personalized therapeutic decision-
making.

From a clinical perspective, these technologies enhance the transition to precision medicine by
enabling early intervention strategies, real-time treatment monitoring, and more detailed patient
stratification in practical and research settings. Academically, they create new opportunities to
investigate the biological foundations of neurodegeneration through multimodal, longitudinal data
collection and analysis. However, effectively implementing these tools in standard clinical
environments necessitates addressing challenges related to validation, standardization, data
interoperability, and ethical considerations surrounding data use and patient privacy.
Interdisciplinary collaboration among neuroscience, engineering, clinical medicine, and data science
is essential for translating these promising advancements into scalable and clinically impactful
solutions. In summary, sensor-based technologies are considered adjunct tools and essential
components of a next-generation framework for diagnosing, monitoring, and understanding
neurodegenerative disorders.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviations Meaning

NDDS Neurogenerative disease

AD Alzheimer’s disease

PD Parkinson’s disease

HD Huntington’s disease

ALS Amyotrophic Lateral Sclerosis
MS Multiple Sclerosis

FTD Frontotemporal dementia

Al Artificial intelligence

LoT The internet of things

DeFi Decentralized finance

AR Augmented reality

VR Virtual reality

ML Machine learning

GSP Global positioning system
ECG Electrocardiogram

CGMs Glucose monitors

HIPAA Health insurance portability and accountability act
AUC Area under the curve
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