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ARTICLE INFO ABSTRACT

Keywords: Parkinson’s disease (PD) is a progressive neurodegenerative disorder that requires early detec-
Parkinson’s disease tion and continuous monitoring. This paper presents NeuroLens, a multimodal patient system
Multimodal sensing that integrates sensor data, behavioral analysis, and real-time monitoring to support early
Digital health

screening and disease progression tracking. The proposed system demonstrates potential for

Real-time monitorin, . . s . . . . . .
& improving clinical decision-making and enabling personalized healthcare interventions.

Early screening

1. Introduction

Parkinson’s disease (PD) represents a significant health challenge, especially among the elderly, leading to severe impairments in
motor function and a range of psychological, social, and economic burdens on patients, caregivers, and society (Bloem et al., 2021).
Parkinson’s Disease manifests through a series of debilitating symptoms that profoundly impact patients’ physical and psychological
well-being. Common motor symptoms include resting tremor, bradykinesia, rigidity, and postural instability (Xia & Mao, 2012),
which can make even simple daily tasks challenging (Armstrong & Okun, 2020). As the disease progresses, these motor symptoms
worsen, and patients may eventually lose the ability to live independently, rendering them unable to walk, stand, or perform any
form of self-care. This results in complete dependence on others for all daily activities, placing immense physical and psychological
strain on the patient. Prolonged immobility can lead to severe complications such as pneumonia, deep vein thrombosis, and pressure
ulcers, further increasing the patient’s health risks. In addition to these life-threatening motor impairments, many Parkinson’s Disease
patients experience non-motor symptoms such as severe cognitive decline, depression, anxiety, and hallucinations (Pfeiffer, 2016).
These psychological symptoms not only worsen the patient’s mental state but also increase the burden on families and caregivers,
significantly diminishing the quality of life for both patients and their loved ones. Cognitive decline may lead to severe memory
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loss, an inability to make simple decisions, and the inability to handle daily tasks, potentially progressing to dementia. This results
in the complete loss of self-awareness and the ability to live independently.

As the disease advances, it leads to irreversible physical and cognitive impairments, affecting the patient’s ability to perform
basic activities such as eating, dressing, and speaking. This further emphasizes the need for timely intervention to slow disease
progression and mitigate long-term disability. Additionally, although early initiation of dopaminergic therapy may not slow the
biological progression of Parkinson’s Disease, clinical studies have shown that early treatment significantly improves patients’ quality
of life and functional outcomes. For example, the LEAP study demonstrated that even in patients with minimal disability, early
low-dose levodopa treatment led to better disease-related quality of life, with significantly improved PDQ-39 scores at 22 weeks,
and 21% of patients in the delayed-treatment group required early switching due to emerging symptoms (de Bie et al., 2020).
Similarly, the PD MED trial reported that patients starting with levodopa achieved higher mobility scores (PDQ-39: +1.8, p = 0.005)
and better overall quality of life (EQ-5D: +0.03, p = 0.0002), without an increase in motor complications. These findings were
consistent across different populations, including comparative studies in Ghana and Italy, suggesting that treatment timing does not
affect complication onset. Together, this growing body of evidence shows that early symptomatic treatment reduces disability and
improves long-term outcomes, reinforcing the critical importance of early diagnosis to ensure patients receive timely interventions
before irreversible decline occurs.

Currently, the diagnosis of Parkinson’s Disease relies heavily on a combination of questionnaire-based assessments and imaging-
based confirmation. The Unified Parkinson’s Disease Rating Scale (UPDRS) is the most widely adopted clinical instrument, offering
a structured evaluation across multiple domains including motor performance, activities of daily living, and non-motor symptoms
(Martinez-Martin et al., 2015). It assigns numerical scores based on clinician observations and patient-reported experiences,
providing a semi-quantitative estimate of disease burden. To improve standardization and sensitivity, the Movement Disorder
Society—sponsored revision of the UPDRS (MDS-UPDRS) was introduced, which refines the scale structure and scoring anchors while
expanding coverage of non-motor symptoms. The MDS-UPDRS includes four parts: (I) non-motor experiences of daily living, (II)
motor experiences of daily living, (III) motor examination, and (IV) motor complications, each scored on a uniform 0-4 scale.
It has demonstrated strong psychometric properties and correlates well with quality-of-life outcomes across large patient cohorts
(Skorvanek et al., 2018). Besides, the Hoehn and Yahr scale is frequently used in parallel to stage disease progression, categorizing
patients into discrete levels based on symptom severity and physical independence (Bhidayasiri et al., 2012). Beyond questionnaires,
clinicians often use dopamine transporter (DAT) scans via SPECT imaging to visualize striatal dopamine depletion, a biological
hallmark of Parkinson’s Disease (Kaegi et al., 2010). Structural MRI is also utilized to rule out alternative diagnoses and assess brain
atrophy patterns (Mahlknecht et al., 2010). Furthermore, patient-reported non-motor symptoms — such as mood disturbances, sleep
disorders, and hallucinations — are often included in assessments to provide a more holistic view of disease progression (Mei et al.,
2021). Together, these tools represent the current gold standard for clinical diagnosis, combining subjective scales with objective
imaging biomarkers.

While questionnaire-based scales and imaging techniques remain indispensable tools in Parkinson’s Disease diagnosis, their
practical application is constrained by several real-world limitations. Instruments like the UPDRS and MDS-UPDRS provide structured
and validated frameworks for evaluating motor and non-motor symptoms, yet their effectiveness depends heavily on consistent
administration and interpretation. In practice, questionnaire-based assessments are conducted infrequently during scheduled clinic
visits—making it difficult to capture symptom fluctuations between appointments. Moreover, questionnaire-based evaluations rely
significantly on patient self-reporting and clinician interpretation, both of which introduce subjectivity. Patients may underreport or
misrepresent symptoms due to recall bias, misunderstanding, or communication barriers, while clinicians may vary in their scoring
due to differences in training or observational emphasis (Balestrino & Schapira, 2020; Sanchez-Ferro et al., 2016). Studies have
shown that inter-rater variability in UPDRS scoring can reach up to 20%, particularly during early-stage PD when symptoms are
subtle and harder to detect reliably (Regnault et al., 2019). Even the MDS-UPDRS, though improved, shows a Person Separation Index
(PSI) of only 0.72 for early-stage assessments, indicating modest sensitivity in this critical diagnostic window (Regnault et al., 2019).
Imaging-based techniques such as PET, SPECT, and MRI add objectivity by revealing neurophysiological and structural changes,
yet they are constrained by high costs, technical infrastructure requirements, and limited availability (Mortezazadeh et al., 2021).
These modalities are typically not used for routine follow-up or community-based screening due to their resource-intensive nature.
Therefore, while traditional methods form the clinical foundation for Parkinson’s Disease diagnosis, their reliance on infrequent,
subjective, or inaccessible procedures underscores the need for more scalable, objective, and high-frequency assessment tools.

To address these challenges, we developed NeuroLens, a cloud-based platform that provides a comprehensive and scalable
solution for early Parkinson’s Disease screening and real-time symptom assessment. Specifically, our system incorporates the
following design elements:

» Comprehensive Multimodal Data Benchmark: NeuroLens replaces traditional lab-grade equipment with mobile-compatible
sensors, including smartphone-based IMUs, wearable EEG headsets, and microphones. This setup enables scalable and low-cost
data acquisition across diverse settings. The system supports eight input modalities—gait, fine motor control, breath, speech,
auditory memory, sentence reading, vowel articulation, and EEG forming one of the most comprehensive datasets to date for
Parkinson’s Disease assessment as shown in Table 1.

Interactive and Mobile Trial Protocols Co-Designed with Experienced Neurologists: All testing protocols were jointly
designed with experienced neurologists from a tertiary clinical setting to ensure clinical validity and usability in mobile
environments. These protocols include Straight Walking, Turning, Tremor, Join Circle, Auditory Memory, Record Breath,
Record Sentence, and Record Vowel tasks. Each protocol is optimized to capture domain-specific motor and cognitive
biomarkers through smartphone-based or wearable interfaces.
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Table 1

Summary of Parkinson’s Disease diagnostic systems.
Paper Method type Sensors Dataset Classification Accuracy
Tong et al. (2021) Single-modality Gait 47 participants Multi-level (3 stages) 98.08%
Navita et al. (2025) Single-modality Gait 166 participants Multi-level (3 stages) 96.4%
Ramesh and Bilal (2022) Single-modality Gait 35 participants Binary 78%
Drotér et al. (2016) Single-modality Fine motor 75 participants Binary 81.3%
Galna et al. (2014) Single-modality Gait 19 participants Binary ICC 0.989
Vésquez-Correa et al. (2018) Multi-modality Gait + Fine motor + Speech 84 participants Binary 97.6%
Lim et al. (2025) Multi-modality Gait + Fine motor + Speech Not specified Binary AUC 0.82
Wang et al. (2020) Multi-modality Gait + EEG 17 participants Binary MCC 0.211
Zhang et al. (2022) Multi-modality Gait + Fine motor + EEG 18 participants Binary 93%
Zhang and Gu (2019) Multi-modality Gait + EEG 10 participants Binary 94.3%
Hannan (2024) Multi-modality MRI + UPDRS + Genetic Biomarkers 31 participants Multi-Level (4 stages) 94%
NeuroLens Multi-modality Gait + Fine motor + Breath + 86 participants Multi-Level (5 stages) 91%

Speech + Memory + EEG

» Multimodality Data Stream Processing and Fusion via Meta Classifier Integration: NeuroLens employs task-specific
models for each modality and integrates their predictions using a meta classifier based on Bayesian-optimized soft voting.
This fusion approach captures cross-modal dependencies and improves classification robustness over individual models.

» Fine-Grained Symptom Quantification Across Five Clinically Defined Stages: NeuroLens provides five-stage symptom
scoring—Normal, Mild, Moderate, Severe, and Profound aligned with clinical standards (Martinez-Martin et al., 2015). This
granularity enables better disease progression tracking and personalized treatment planning.

2. Related work

Early efforts to quantify Parkinson’s Disease (PD) symptoms have heavily relied on mobile health applications and digital
questionnaires derived from clinical scales such as the Unified Parkinson’s Disease Rating Scale (UPDRS). Several smartphone-based
applications have been developed to support daily symptom logging, medication adherence tracking, and remote motor assessments
(Li, Chen et al., 2023; Zhang et al., 2020). These tools offer improved accessibility and promote longitudinal data collection outside
the clinic, enabling researchers to monitor patients in assisted daily living environments. However, they do not fundamentally
resolve the limitations of traditional assessments. Most mobile platforms are modeled after paper-based questionnaires and still
rely on subjective patient input, introducing recall bias and interpretation errors. Moreover, the temporal sparsity of self-reporting
and the lack of continuous monitoring lead to missed episodes of transient symptoms or subtle progression, which are critical in
early-stage PD diagnosis and treatment optimization (Evers et al., 2019).

To address the subjectivity inherent in questionnaire-based assessments, researchers have explored the use of wearable and
portable sensor systems to objectively capture specific PD symptoms. Wearable motion sensors such as inertial measurement units
(IMUs), accelerometers, and gyroscopes have been widely used to measure gait parameters — such as step time asymmetry, stride
variability, and cadence — which are strongly correlated with motor impairments like bradykinesia and postural instability (Brog-
nara et al., 2019; Di Biase et al., 2020). Tong et al. (2021) applied permutation-variable importance analysis to gait data from
PhysioNet, using a support vector machine (SVM) classifier to distinguish multiple PD severity levels among 47 participants,
achieving 98.08% accuracy. Similarly, Navita et al. (2025) performed multi-level classification using ground reaction force data from
166 participants, reporting an accuracy of 96.4%. Ramesh and Bilal (2022) proposed a CNN+GAN model using a single wearable IMU
to predict postural instability and gait disorder (PIGD) scores and classify ON/OFF medication states in 70 participants, achieving up
to 100% accuracy in distinguishing OFF from ON states during a 2-minute walk test. Audio-based systems analyze features like pitch
variation, articulation rate, and voice jitter to detect hypophonia and dysarthria, both of which are common in PD patients. Fine
motor symptoms have been studied using spiral drawing or finger tapping tasks collected through tablet-based styluses or capacitive
touchscreen input, which allow for kinematic analysis of tremor amplitude, movement velocity, and coordination (Drotar et al.,
2016). In addition to wearables, non-contact systems such as time-of-flight cameras and depth sensors (e.g., Microsoft Kinect) have
been utilized to assess gross motor movements and gait patterns through 3D skeletal tracking (Galna et al., 2014). These single-sensor
approaches offer non-invasive, objective, and low-cost alternatives to clinical observation, enabling large-scale, automated symptom
tracking.

Despite their contributions, single-sensor systems face inherent limitations. Each sensor modality targets only a narrow symptom
domain, limiting the comprehensiveness of the evaluation. For example, motor sensors for gait analysis can effectively quantify
lower-limb movement abnormalities but cannot capture speech impairments or upper-limb tremor. Similarly, speech-based assess-
ments may detect vocal deficits but provide no insight into axial rigidity or fine motor control. Consequently, these systems often
correlate with only one or two subdomains of the UPDRS, failing to capture the full range of symptoms necessary for reliable disease
staging (Tong et al., 2021). Moreover, signal variability due to sensor placement, environmental noise, and user compliance can affect
measurement reliability. Most studies also utilize relatively small sample sizes under controlled conditions, limiting their ability to
generalize across different populations, disease stages, or usage environments. These constraints have prompted a shift toward
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Fig. 1. System architecture: This figure depicts the NeuroLens system architecture for Parkinson’s Disease severity assessment through a
multimodal approach. The Multi-Modal Input Module collects data from auditory, motor, and visual tasks performed via a mobile application.
This data is transmitted to the Cloud Platform, where it undergoes preprocessing and feature extraction. A meta-classifier integrates results from
individual protocol-specific models to estimate Parkinson’s Disease severity. The Feedback Module visualizes the severity score and provides
actionable insights to participants and clinicians.

multimodal sensor fusion approaches, which aim to leverage complementary data streams to enable more holistic and accurate
assessments.

Multimodal systems have progressively evolved to improve the detection and monitoring of Parkinson’s Disease (PD) by
combining various symptom-related signals. Vasquez-Correa et al. (2018) pioneered a system that integrates gait, handwriting, and
speech data using deep convolutional networks, achieving a high binary classification accuracy of 97.6%. However, their system
operated in a controlled environment and only provided coarse binary diagnosis without real-time capability. Lim et al. (2025)
extended this concept by developing a smartphone-based platform that collects voice recordings, finger tapping, and walking data,
achieving an AUC of 0.82. While more portable, this system still lacked clinician-guided protocols and could not support continuous
feedback or fine-grained staging. Building on neurophysiological data, Wang et al. (2020) employed wearable EEG and gait sensors
to detect freezing of gait episodes, revealing that fusing brain and movement signals improved detection (MCC = 0.211). Yet,
the system relied on cumbersome equipment and limited participant data (17 subjects), hindering scalability. Zhang et al. (2022)
later incorporated EEG, fine motor, and gait data into a multimodal model, achieving 93% accuracy, but the study used only 18
participants and remained confined to binary classification. Similarly, Zhang and Gu (2019) reported 94.3% accuracy with just 10
subjects. Cai et al. (2022) proposed a multimodal deep learning system combining pressure sensors and IMUs to estimate stride length
and recognize rehabilitation activities, achieving 3.89 cm mean absolute error and 97.08% classification accuracy, demonstrating
the potential of lightweight mHealth systems in real-world gait monitoring. Multimodal sensing includes EEG generally enlarge
the difficulty for data collection, processing, analysis, and visualization without a cloud-based infrastructure. TherapyPal (Li, Qian
et al., 2023) was proposed as a privacy-preserving companion diagnostic tool that uses smartphone sensors to assess medication
effectiveness among 65 PD patients. It extracts digital symptomatic phenotypes via semantic hashing and performs contrastive
learning on hash representations to detect drug efficacy. While TherapyPal demonstrates strong binary classification performance
(84.1% accuracy) with larger sample size, it focuses solely on before/after-medication symptom fluctuation and does not support
multi-stage symptom classification. Moreover, its primary goal is medication response detection rather than comprehensive disease
staging or multi-domain assessment.

To overcome these challenges, we propose NeuroLens—a cloud-based, multimodal sensing platform that integrates six input
types: gait, fine motor skills, breathing, speech, auditory memory, and EEG signals. It establishes a comprehensive multimodal data
benchmark using lightweight, accessible hardware suitable for home and clinical settings. By addressing the limitations of traditional
assessments, single-modality systems, and existing multimodal tools, NeuroLens offers a clinically scalable, real-time solution suitable
for early-stage detection and continuous monitoring. The platform establishes a comprehensive benchmark for Parkinson’s Disease
assessment by integrating EEG, motion, and auditory data within a unified cloud-based framework.

3. System design
3.1. System overview

The NeuroLens system is designed to assess Parkinson’s Disease (PD) severity through a multimodal connected health framework
that integrates motor, cognitive, and auditory assessments. The system consists of three core components: a Multi-Modal Input
Module, a Cloud Platform Analysis Module, and a Feedback Module. This modular design enables seamless data flow from edge
sensing to cloud-based analysis and clinical feedback, as illustrated in Fig. 2.

3.2. Multi-Modal Input Module

All assessment protocols were co-designed in collaboration with experienced neurologists to ensure clinical relevance and
diagnostic validity. The Multi-Modal Input Module acquires complementary data streams through a mobile application and wearable
sensors, covering auditory, motor, haptic, and neurophysiological domains commonly affected in Parkinson’s disease.

Auditory protocols assess speech production, respiratory control, and auditory memory through sentence reading, sustained
vowel phonation, and controlled breathing tasks. These capture vocal and respiratory biomarkers associated with hypophonia,
monotonicity, and impaired breath control.
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Fig. 2. NeuroLens system workflow: The diagram illustrates the integration of sensor modules, biomarker extraction, task-specific protocols, and
cloud-based analysis, culminating in a personalized feedback system for Parkinson’s Disease management.

Motor protocols focus on gait, balance, and tremor using smartphone-based inertial sensors during structured walking, turning,
and tremor tasks, targeting hallmark PD motor symptoms including bradykinesia, postural instability, and involuntary movement
patterns.

Haptic protocols evaluate fine motor control and cognitive planning through structured touchscreen tasks such as sequential
circle-connecting exercises, reflecting impairments in coordination, hand-eye control, and executive function.

Neurophysiological protocols capture cortical activity via wearable EEG during resting state and task performance, providing
neural-level biomarkers complementary to behavioral and motor signals.

Representative protocol illustrations are shown in Fig. 5.

3.3. Cloud Platform Analysis Module

The Cloud Platform Module transforms raw multimodal sensor data into clinically meaningful representations and integrates them
for PD severity estimation. Incoming data streams undergo modality-specific preprocessing and feature extraction to characterize
speech dynamics, gait and tremor behavior, neural activity patterns, and fine motor performance.

To address heterogeneity across modalities and task conditions, NeuroLens employs a meta-classifier that aggregates predictions
from modality-specific models. This fusion strategy improves robustness to noisy or incomplete inputs and produces a unified PD
severity score that reflects impairments across motor, cognitive, and auditory domains.

3.4. Feedback Module

The Feedback Module translates analytical results into clinically actionable insights for both patients and clinicians. Multimodal
assessment outcomes are synthesized into a structured PD report summarizing symptom severity across key functional domains,
including memory, reaction, auditory, and physical function.

A visual Parkinson Report, shown in Fig. 1, supports longitudinal symptom monitoring by categorizing functional performance
into clinically interpretable severity levels. This design facilitates informed clinical decision-making and personalized disease
management.

3.5. Edge Sensing Infrastructure

The Edge Sensing Infrastructure provides the hardware foundation for multimodal data acquisition, comprising four sensor
categories that map directly to the protocol domains described in Section 3.2.

EEG sensors consist of a wearable electrode cap (shown in Fig. 3) that records multichannel neural signals. Signals are filtered
using a bandpass filter and referenced to a common electrode to suppress artifacts before transmission. The EEG headset outputs
ten neurophysiological indicators, including five brainwave band power values and five cognitive state indices, as summarized in
Table 2.

Inertial Measurement Units (IMUs) are embedded in the participant’s smartphone, providing tri-axial accelerometer and
gyroscope data at 50 Hz to capture gait kinematics, postural dynamics, and tremor characteristics.

Audio sensors utilize the smartphone microphone to record speech and breathing signals at 16 kHz sampling rate, with ambient
noise suppression applied locally.
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Fig. 3. EEG sensor system: A wearable head cap equipped with multiple electrodes for capturing brain activity signals.

Table 2

EEG output metrics: Brainwave band power and cognitive state indices.
No. EEG metric Value range
1 Alpha wave 8-25
2 Beta wave 15-70
3 Gamma wave 1-15
4 Delta wave 20-60
5 Theta wave 15-35
6 Attention 1-100
7 Stress 1-100
8 Emotion -1, 1
9 Fatigue 1-100
10 Relaxation 1-100

Haptic interfaces leverage the capacitive touchscreen to record finger trajectory, pressure, and timing during fine motor tasks.

Lightweight preprocessing is performed on-device to reduce transmission latency, remove gross motion artifacts, and protect raw
data privacy prior to cloud upload. Only preprocessed feature streams — rather than raw signals — are transmitted to the AWS
platform, minimizing bandwidth overhead and supporting compliance with data privacy requirements (see Fig. 4).

3.6. Cloud platform infrastructure

The NeuroLens cloud platform is deployed on Amazon Web Services (AWS), supporting scalable data storage, efficient model
inference, and real-time feedback delivery. Machine learning models are trained offline and deployed as containerized services to
enable flexible updates and cost-efficient operation. Cloud-based monitoring ensures system reliability and responsiveness under
real-world usage conditions.

4. Experiment

This section presents the design, data collection methods, and results of experiments conducted to evaluate the system'’s
effectiveness in assessing Parkinson’s disease symptoms. The experimental setup includes specific tasks targeting motor, cognitive,
and auditory abilities, all administered through a mobile application. Data collected from these tasks are processed and analyzed
using a Meta Classifier to produce an overall Parkinson’s Disease severity score.
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Fig. 5. Illustrations of representative experimental protocols used in the Parkinson’s Disease assessment system.

The dataset used in this study consists of detailed clinical and test information from 86 participants, including 64 individuals
diagnosed with Parkinson’s Disease and 22 healthy controls. These participants underwent comprehensive evaluations targeting
motor functions and cognitive abilities. The dataset spans a wide age range (20-80 years) and includes an equal distribution of
male and female participants within each group, ensuring diversity and balance in the study population. Key attributes include
participant ID, age, gender, medication usage details, symptom profiles, and results from specific motor and cognitive tests.

Participants were categorized into five groups based on PD severity: 22 healthy controls (Level 0) and four patient levels
representing increasing symptom severity (Level 1-4). The distribution was as follows: 34 patients at Level 1, 12 at Level 2, 10
at Level 3, and 8 at Level 4.

To ensure robust and unbiased performance estimation under the constraints of a limited sample size and pronounced class
imbalance, we adopted 5-fold stratified cross-validation. Stratified splitting was applied at the participant level to preserve the
proportion of each severity class across all folds, preventing minority classes from being absent or underrepresented in any individual
fold. In each iteration, four folds were used for training and one fold was held out for evaluation. All reported accuracy figures
represent the mean performance averaged across the five folds. Crucially, splitting was performed at the participant level prior to
any feature extraction, ensuring that no participant’s data appears in both the training and evaluation subsets and thereby precluding
data leakage across splits.

The experiment begins with a pre-test preparation phase where participants are required to provide information regarding their
medication status to evaluate its potential impact on their test performance. They choose from four options: “Before Medication”,
“After Medication”, “Other Times”, or “I do not take Parkinson’s medication”. This is followed by a series of motor and cognitive
evaluations, which include rhythm, auditory memory, speech, and drawing tests. Each test is designed to capture critical data related
to motor coordination, cognitive function, speech clarity, and fine motor skills. Upon completing all test items, participants are asked
to fill out three post-test questionnaires: the MDS-UPDRS survey (Evers et al., 2019), which assesses Parkinson’s disease severity; the
MMSE survey, which evaluates cognitive function; and a demographic information questionnaire that collects age, gender, and other
relevant clinical information. The entire process, from pre-test preparation to post-test survey completion, ensures comprehensive
data collection for subsequent analysis and supports a robust machine learning-based classification of healthy individuals and
Parkinson’s patients.

In this study, the cognitive ability of participants is assessed using the Mini-Mental State Examination (MMSE) (Arevalo-Rodriguez
et al., 2021), and the results are categorized into labels based on their MMSE scores. Specifically, the MMSE scores are mapped to
the following categories: a score between 24 and 30 is labeled as 1, indicating mild or no cognitive impairment; a score between
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19 and 23 is labeled as 2, suggesting moderate cognitive impairment; a score between 10 and 17 is labeled as 3, indicating severe
cognitive impairment; and a score below 10 is labeled as 4, representing very severe cognitive impairment. This categorization
allows for the effective segmentation of participants based on cognitive function, supporting the development and evaluation of
machine learning models designed to predict and classify motor and cognitive impairments in individuals with Parkinson’s disease.

Each experiment is designed to evaluate a specific Parkinson’s Disease symptom category. The mobile application captures
multimodal data through auditory, motor, and haptic protocols, enabling a comprehensive assessment of Parkinson’s Disease
symptomatology. The primary tasks include:

» Motor Tasks: Straight Walking Protocol, Turning Protocol, and Tremor Protocol
» Auditory Tasks: Auditory Memory Protocol, Record Breath Protocol, Record Sentence Protocol, and Record Vowel Protocol
» Haptic Task: Join Circle Protocol, shown in Fig. 4

4.1. Mobile application test setup

All task protocols integrated into the mobile application were co-designed in close collaboration with experienced clinical experts.
These experts guided the selection, structure, and duration of each task to ensure alignment with real-world diagnostic workflows and
clinically relevant Parkinson’s Disease (PD) symptom domains. This clinician-led design process ensures that the mobile assessments
are both scientifically rigorous and suitable for early-stage PD screening and longitudinal symptom monitoring.

The mobile application evaluates motor, cognitive, and auditory functions through a set of standardized and guided tasks. Each
protocol follows a structured interaction flow to ensure consistent data collection across participants while remaining intuitive for
home-based use.

4.1.1. Auditory protocols
The auditory protocols assess speech production, respiratory control, and auditory memory—domains commonly affected in PD.

Auditory Memory Protocol. Participants listen to a short sequence of spoken words (3-5 items, difficulty-adjustable) and verbally
recall the sequence after a brief delay. Response accuracy and recall latency provide indicators of auditory memory retention and
cognitive processing speed.

Record Breath Protocol. Participants perform guided breathing cycles consisting of controlled inhalation and steady exhalation. The
protocol captures respiratory duration and stability, which are associated with respiratory muscle rigidity and impaired breath
control in PD.

Record Sentence Protocol. Participants read a standardized sentence aloud while the application records speech fluency, articulation,
and pitch variation. This protocol targets speech impairments such as hypophonia and reduced prosody.

Record Vowel Protocol. Participants sustain a designated vowel sound for a fixed duration. Vocal steadiness, pitch stability, and
sound duration are analyzed to detect vocal tremor and reduced vocal endurance.

4.1.2. IMU protocols
Motor protocols leverage smartphone inertial sensors to capture gait, balance, and tremor characteristics.

Straight Walking Protocol. Participants walk a predefined number of steps while carrying the smartphone in a stable position.
Accelerometer and gyroscope data are used to extract gait-related metrics such as stride length, walking speed, and stability.

Turning Protocol. Participants perform guided turning movements following auditory prompts. Sensor data captures rotational speed,
balance, and postural control, which are sensitive to PD-related instability during directional changes.

Tremor Protocol. Participants hold the smartphone steadily while seated for a fixed duration. Inertial signals are recorded to quantify
tremor amplitude and frequency, enabling differentiation between resting and action tremors.

4.1.3. Haptic protocol

Join Circle Protocol. Participants draw a continuous path connecting sequential target circles on the touchscreen without lifting their
finger. Path accuracy, smoothness, and deviations are analyzed to assess fine motor control, hand-eye coordination, and cognitive
planning.

4.1.4. Data transmission and integration

Upon completion of each task, data are securely transmitted to the cloud platform for processing and analysis. All records are
timestamped and linked to participant identifiers to support traceable and longitudinal assessment. Modality-specific features are
extracted server-side and integrated through a meta-classifier to produce a unified PD severity estimate.

4.2. Feature extraction and preprocessing
To assess Parkinson’s Disease severity, we extracted and processed a variety of features from the auditory, motor, and haptic

data collected from each test. These features aim to capture symptoms commonly associated with Parkinson’s Disease, including
vocal instability, motor dysfunction, and cognitive impairment.
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Table 3

Definition of corresponding features and description of each variable.
Variable Description
pitch Fundamental frequency of the voice
jitter Short-term frequency instability
shimmer Short-term amplitude instability
hnr Harmonics-to-noise ratio
mfcc Mel Frequency Cepstral Coefficients
tremor Low-frequency vocal tremor
dfa Complexity of the vocal signal
rpde Temporal stability of the signal
ppe Phonation period variability
wavelet Wavelet coefficients representing multi-scale features
gq Glottal quotient of vocal fold vibration
gne Glottal-to-noise excitation ratio
vfer Vocal fold excitation ratio
totalTime Total time to complete the task

Waveform of Parkinson Patient Waveform of Healthy Individual

amplitude

00 o5 10 s 20 25 30 s 5 1 H 3 3 H 5
Time () Time (s)

(a) Parkinson’s Disease vocal wave. (b) Health vocal wave.

Fig. 6. Comparison of vocal waveforms between a Parkinson’s Disease patient and a healthy individual. The Parkinson’s Disease patient’s
waveform demonstrates irregularities in vocal production, while the healthy individual’s waveform shows smooth and consistent patterns. This
contrast highlights the potential of vocal waveform analysis for distinguishing between Parkinson’s Disease patients and healthy individuals.

4.2.1. Auditory features

Auditory features were extracted to evaluate vocal performance, respiratory control, and memory retention. Key auditory
characteristics such as pitch, jitter, and shimmer provide insights into vocal stability, which is often affected in Parkinson’s
Disease patients. Additionally, advanced acoustic features like Mel Frequency Cepstral Coefficients (MFCCs) and wavelet coefficients
capture the frequency and temporal nuances in participants’ voices. The analysis includes measurements that reflect phonation
quality (e.g., harmonics-to-noise ratio, glottal quotient), signal complexity (e.g., detrended fluctuation analysis), and vocal stability
(e.g., phonation period variability). The full feature set is defined in Table 3.

Figs. 6(a) and 6(b) compare sustained vowel waveforms from a PD patient and a healthy individual. As shown in Fig. 6(a), the
PD waveform exhibits pronounced irregularities in amplitude and frequency, indicative of vocal tremor, reduced vocal strength, and
unstable phonation. In contrast, Fig. 6(b) displays a stable waveform with consistent amplitude and frequency, reflecting smooth
phonation and preserved vocal control. Quantitative features such as jitter, shimmer, and HNR derived from these signals provide
a robust, non-invasive basis for machine-learning-based PD differentiation.

4.2.2. Motor and haptic features

Motor and haptic data were collected to analyze participants’ movement patterns, balance, and fine motor skills—essential
indicators of PD-related motor impairment. Motor features include stride length, walking speed, and balance stability metrics
obtained from accelerometer, gyroscope, and magnetometer data. Haptic features from the Join Circle Protocol capture path
accuracy, drawing smoothness, and error rate, evaluating fine motor control and cognitive planning.

Figs. 7(a), 7(b), and 7(c) illustrate progressive motor impairment across participants. The healthy subject (Fig. 7(a)) produces
smooth, continuous trajectories connecting all target circles. A participant with moderate PD (Fig. 7(b)) shows frequent deviations
indicative of tremor-related instability. Severe impairment (Fig. 7(c)) yields fragmented, incomplete paths revealing pronounced
deficits in motor planning and coordination. Quantitative metrics such as path smoothness, deviation error, and trajectory continuity
serve as discriminative features for severity classification.

4.3. Classification models and performance
Modality-specific classifiers were selected based on the temporal and statistical structure of each feature set. For motor tasks,

Long Short-Term Memory (LSTM) networks were chosen due to their ability to model sequential dependencies in temporal data.
Each walking sequence is represented as a multivariate time series X; € R, where T is the number of time steps and d the number
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(a) Health Join Circle. (b) PD Join Circle 1. (c) PD Join Circle 2.

Fig. 7. Comparison of Join Circle Protocol results across participants. (a) A healthy individual demonstrates smooth, continuous, and accurate
lines connecting all target circles, indicating strong fine motor control and cognitive planning. (b) A Parkinson’s Disease patient with moderate
symptoms shows irregular paths and deviations from the target circles, reflecting reduced motor precision and tremor-induced instability. (c) A
Parkinson’s Disease patient with more severe symptoms exhibits fragmented and incomplete paths with poor continuity and accuracy, highlighting
serious impairments in hand-eye coordination and fine motor control.

of sensor channels per step. Two stacked LSTM layers (64 units each) process the sequence; the final hidden state h; is projected
through a fully connected layer with softmax activation:

9; = softmax(W - hy +b), (€8]

where W and b are trainable parameters and ; € RX is the predicted distribution over K severity levels. Training minimizes
categorical cross-entropy:

N K
Lep=- Z 2 1ly; = k] log f’z('k)' @
i=1 k=1
For auditory and haptic tasks, whose feature vectors are high-dimensional and exhibit non-linear class boundaries, Support Vector
Classifiers (SVCs) were selected. Given feature vectors {Xi}ﬁ ) with severity labels y; € {0, 1,2,3,4}, the SVC solves:

N
. 1 2
min 3wl +C;cf,-

§ ®)
st y;(w px)+b)21-¢,

& =20,

where ¢(-) is the kernel-induced mapping and C is the regularization parameter. For tasks with high inter-subject variance in vocal
features, Gradient Boosting was applied as an ensemble alternative. Their outputs are subsequently fused by the meta-classifier
described in Section 4.4.

4.3.1. Motor symptoms
Motor symptoms were evaluated through gait, balance, and tremor tests:

+ Straight Walking Protocol: Achieved 82% accuracy by modeling stride length, step symmetry, and walking speed sequences.
LSTMs capture the stride-to-stride temporal dependencies that rule-based methods cannot represent.

» Turning Protocol: Reached 96% accuracy using gyroscope-derived rotational dynamics. The high sensitivity reflects that
PD-related postural instability is strongly expressed during directional changes.

» Tremor Protocol: Attained 79% accuracy. The comparatively lower figure reflects the non-stationary nature of resting tremor,
which varies substantially across severity levels and individuals.

4.3.2. Auditory symptoms
Cognitive and auditory symptoms were evaluated through memory, speech, and respiratory control tasks:

» Auditory Memory Protocol (SVC): 73% accuracy. Temporal stability and harmonic features capture cognitive processing
speed, which degrades progressively in PD.

» Record Breath Protocol (SVC): 68% accuracy. Respiratory irregularities are subtle; the SVC kernel helps separate overlapping
class distributions in the feature space.

» Record Sentence Protocol (Gradient Boosting) and Record Vowel Protocol (SVC): both achieved moderate accuracy.
Gradient Boosting was applied to sentence-reading features given their high inter-subject variance; ensemble averaging reduces
overfitting on the relatively small dataset.

4.3.3. Haptic symptoms
The Join Circle Protocol (SVC) achieved 75% accuracy. Path smoothness and deviation error exhibit non-linear relationships

with severity level, making kernel-based SVC more effective than linear discriminants for this task.

10
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Table 4

Per-class classification metrics of the meta-classifier (5-fold stratified cross-validation).
Class n Precision Recall F1
Level 0 (Healthy) 22 1.00 0.96 0.98
Level 1 (Mild) 34 0.97 0.94 0.96
Level 2 (Moderate) 12 0.85 0.92 0.88
Level 3 (Severe) 10 0.75 0.90 0.82
Level 4 (Profound) 8 0.86 0.75 0.80
Overall accuracy - 91.0%

4.4. Meta classifier integration

The meta classifier integrates predictions from individual models across all test modalities to generate a comprehensive
Parkinson’s Disease severity assessment. By leveraging complementary features extracted from motor, auditory, and cognitive tasks,
the meta classifier enhances diagnostic performance and mitigates the limitations of single-task classifiers.

Formally, let yf.'") € RX denote the predicted probability distribution over K severity levels for the ith participant from the mth
modality-specific classifier, where m € {1,2, ..., M }. The meta classifier performs soft voting by computing a weighted average over
the individual predictions:

M M
yi = Z @, -, with Z a,=1, a,>0 “@
m=1 m=1
The final predicted class label is obtained by:
o ()
y; = arg m/?x ¥; 5)

To determine the optimal set of weights {«,,}, we employed Bayesian optimization using the Optuna framework. Let the weight
vector be a = [ay,a, ..., ay] € AM~!, where AM~! denotes the (M — 1)-dimensional probability simplex. The goal is to maximize
the validation accuracy A, of the soft voting ensemble on a held-out set:

a* =arg max Ay,(a) (6)
acaM-1

Optuna builds a Tree-structured Parzen Estimator (TPE) to approximate the objective landscape. At each iteration ¢, it selects
the next candidate @, by maximizing the acquisition function:

a, = argmax El(a; M) )
a

where EI(-) is the Expected Improvement, balancing exploration and exploitation.

This optimization proceeds iteratively until convergence or a fixed budget is reached. Compared to uniform or heuristic
weighting, this principled approach allows the ensemble to adaptively emphasize more informative modalities while maintaining
interpretability and simplicity.

By integrating soft voting with Bayesian-optimized weight tuning, the proposed meta-classifier achieves improved generalization
and stability across varying PD severity levels. As shown in Fig. 9, this fusion strategy maintains high overall performance while
substantially reducing level-wise performance fluctuations, enabling reliable severity stratification beyond binary disease detection.

Fig. 10 further illustrates accuracy distributions across PD severity levels. Although the Turning Test attains the highest single-task
accuracy (93%), its performance varies markedly in early stages. In contrast, the multimodal classifier yields a slightly lower overall
accuracy (91%) but demonstrates significantly greater consistency across all severity levels, as quantified by a balanced accuracy of
89.3%. This stability indicates superior robustness to heterogeneous and subtle clinical manifestations, particularly in early-stage
patients where unimodal signals are often weak.

To provide a rigorous evaluation under class imbalance, we report balanced accuracy, per-class precision, recall, and F1-score
in addition to overall accuracy. Balanced accuracy is defined as the arithmetic mean of per-class recall:

&oTR

1
BA = — [l S (8
K k;) TP+ FN,

where TP, and FN, denote true positives and false negatives for class k, and K = 5. Table 4 summarizes the per-class metrics of
the meta-classifier evaluated under 5-fold stratified cross-validation.

Fig. 8 presents the confusion matrix aggregated across all five folds. No errors span more than one stage boundary, and no
healthy participant is misclassified as moderate or severe PD. This adjacency-constrained error pattern is clinically meaningful, as
confusing neighboring stages carries substantially lower diagnostic risk than cross-boundary misclassification.

Statistical validation using one-way ANOVA across Levels 0-4, followed by Tukey’s HSD test, confirms these observations.
Unimodal models exhibit significant performance variation across severity levels (p < 0.05), whereas the multimodal classifier shows
no statistically significant differences (p > 0.05), highlighting its robustness under real-world symptom variability.

11
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Fig. 8. Confusion matrix of the meta-classifier aggregated over 5-fold stratified cross-validation. Rows represent true severity levels; columns
represent predicted levels. All misclassifications are confined to adjacent severity boundaries, with no cross-boundary errors between healthy
controls and moderate-to-severe PD stages.
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Fig. 9. Visualization of multi-modal accuracy. This plot shows the accuracy achieved by different tests, with the yellow circle representing the
accuracy of the meta classifier. The dashed red line indicates the overall accuracy of the meta classifier (91%).

Error analysis reveals that unimodal models frequently misclassify early-stage subjects (Levels 1-2), reflecting limited sensitivity
to subtle impairments. The multimodal classifier corrects a substantial portion of these errors, particularly in cases where gait and
speech appear normal but neurological disruption is captured by complementary modalities. Residual errors are concentrated at the
Level 2-3 boundary, consistent with the confusion matrix findings and known clinical symptom overlap in mid-stage PD. Notably,
even weaker modalities (e.g., breathing and sustained vowel tasks) contribute complementary information when fused, reducing
early-stage false negatives and strengthening overall prediction.

Compared with existing approaches, NeuroLens achieves competitive performance (91% overall, 89.3% balanced) using
lightweight, non-invasive, and easily deployable sensors. While Hannan (2024) reports higher overall accuracy (~94%), their
framework relies on MRI and PET imaging, limiting scalability and suitability for routine or remote screening. NeuroLens instead
offers a practical multimodal alternative without compromising clinical relevance.
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Fig. 10. Accuracy heatmap by test and level. The heatmap visualizes the accuracy achieved by different tests at various levels, with color
intensity representing accuracy. Higher accuracy is shown by darker blue shades, while lower accuracy is represented by lighter shades. The
analysis emphasizes the varied performance of each test across different levels, showcasing the advantages of a multimodal approach in enhancing
the overall evaluation of Parkinson’s Disease.

4.5. Discussion

This study presents a significant advancement in the detection and assessment of Parkinson’s Disease by introducing a com-
prehensive, multimodal platform. The experimental results underscore the advantages of this approach, particularly in addressing
limitations inherent to single-modality methods. Traditional tests are effective at identifying advanced symptoms of Parkinson’s
Disease, but they often lack the sensitivity needed for detecting subtle, early-stage indicators. NeuroLens fills this gap by integrating
motor, auditory, and cognitive data, providing a holistic view of Parkinson’s Disease symptoms and improving diagnostic accuracy.

The contribution of this work lies in its ability to leverage complementary data modalities to achieve superior diagnostic
outcomes. Motor-based tasks, such as the Straight Walking Protocol, Turning Protocol, and Tremor Protocol, performed exceptionally
well in detecting physical symptoms associated with mid- to late-stage Parkinson’s Disease. For instance, the Turning Protocol
achieved a remarkable 93% accuracy in identifying balance issues, a symptom prevalent in advanced Parkinson’s Disease. However,
motor tasks alone fall short in capturing cognitive impairments or subtle vocal fluctuations that are often present in the disease’s
early stages.

To address these limitations, NeuroLens incorporates auditory and haptic-cognitive assessments, which demonstrated the
platform’s capacity to identify early cognitive and vocal changes. These features, while challenging to detect in isolation, serve
as critical early indicators of Parkinson’s Disease. For example, the Auditory Memory Protocol and Record Breath Protocol provided
essential data when integrated into the meta-classifier model, enhancing sensitivity to early cognitive and respiratory symptoms.
Specifically, auditory features such as pitch stability, jitter, and shimmer were effective in detecting subtle vocal instabilities,
highlighting the utility of this multimodal approach.

The development and implementation of the meta-classifier further exemplify the study’s contribution. By integrating predictions
from individual tasks, the meta-classifier achieved an overall accuracy of 91%, mitigating the limitations of single modalities and
enabling a comprehensive assessment of motor precision, vocal clarity, and cognitive planning abilities. This integration not only
enhances diagnostic accuracy but also supports early intervention strategies, with the potential to significantly improve patient
outcomes.

Beyond diagnostic improvements, this study demonstrates the feasibility of an accessible, cloud-based multimodal platform for
real-time Parkinson’s Disease evaluation. By leveraging mobile applications for data collection and AWS cloud infrastructure for
processing, NeuroLens ensures scalability and real-time feedback. This design empowers both patients and clinicians with actionable
insights, enabling continuous monitoring and tailored interventions.

5. Conclusion

NeuroLens presents a novel solution for early-stage Parkinson’s Disease detection by addressing the limitations of traditional
diagnostic methods. Traditional diagnostic techniques, which often rely on subjective evaluations and specialized equipment, face
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challenges in terms of both accuracy and accessibility, especially during the early stages of Parkinson’s Disease when symptoms
may be less apparent. NeuroLens overcomes these challenges by integrating EEG, IMU sensors, and audio data into a cloud-based
platform, enhancing diagnostic precision and enabling the quantification of Parkinson’s Disease severity. This multimodal approach
not only improves detection but also facilitates the assessment of medication effectiveness over time. Achieving 91% accuracy in
distinguishing Parkinson’s Disease patients from healthy individuals, NeuroLens offers a non-invasive, scalable, and cost-effective
tool for early detection and continuous monitoring of Parkinson’s Disease symptoms.

In addition to its diagnostic capabilities, NeuroLens integrates real-time data processing via AWS cloud infrastructure, which
ensures both accessibility and the generation of actionable visual diagnostic reports. This platform provides healthcare providers
with immediate insights, enabling dynamic care adjustments. NeuroLens’s ability to detect subtle, early-stage symptoms through its
multimodal approach makes it a superior tool for early intervention, crucial for slowing disease progression and improving patient
outcomes. Future work will focus on refining its sensitivity to cognitive and vocal symptoms, further enhancing the platform’s
diagnostic capabilities and positioning NeuroLens as a vital tool in the ongoing management and detection of Parkinson’s disease.

For the future development, we plan to expand our patient dataset to include a broader range of individuals at various stages of
Parkinson’s Disease. This will improve the robustness of the system, ensuring its reliability in early diagnosis. Additionally, future
development will focus on validating the effects of medication in real time. We aim to integrate longitudinal data to evaluate
symptom changes before and after treatment, providing healthcare providers with actionable insights to adjust therapies and improve
patient outcomes. These efforts will ensure that NeuroLens continues to evolve as a comprehensive tool for both diagnosing and
managing Parkinson’s Disease.
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