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Abstract
Background

Early detection of Parkinson’s disease (PD) is limited by the late emergence of overt motor symptoms,
while subtle gait abnormalities may appear years earlier. Older adults with recurrent unexplained falls
have been suggested as a population with elevated prodromal PD risk, yet objective tools to quantify PD-
like motor dynamics in this group remain scarce. We aimed to develop and validate a multi-channel
time—frequency deep learning framework for segment-level identification of PD-like gait dynamics.
Furthermore, we aimed to derive subject-level, model-defined transition metrics that characterize
sustained PD-like motor states in fall-prone older adults.

Methods

Overall, 211 older adults (PD, n = 50; fall-prone older adults, n = 161) who completed inertial sensor-
based gait assessment under slower (80%), preferred, and faster (120%) walking speeds were included.
Data from 16 bilateral inertial measurement unit channels were transformed into continuous wavelet
transform scalograms and used to train single- and multi-channel convolutional neural network models
using subject-wise stratified five-fold cross-validation. Subject-level “transition” was defined as entry into
a sustained PD-like state using smoothing and a hysteresis rule, with an operating threshold selected to
control false positives (target false-positive rate [FPR] 5%).

Results

The multi-channel model achieved consistently high segment-level discrimination across speeds (area
under the receiver operating characteristic curve [AUC]: faster 0.992 + 0.007; preferred 0.974 +0.016;
slower 0.975 + 0.017), outperforming representative single-channel models (AUC: 0.65-0.75). Subject-
level transition detection under the 5% FPR operating point yielded high sensitivity (0.96—1.00) with
strong specificity (0.857-0.913) across speeds, while relaxing the FPR constraint to 10% substantially
reduced specificity.

Conclusions

Multi-channel time—frequency deep learning enables robust identification of sustained PD-like gait
states from short walking segments and provides interpretable model-derived transition metrics for
motor risk stratification in fall-prone older adults.

Background
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Parkinson’s disease (PD) is a progressive neurodegenerative disorder characterized by impairments in
motor control, postural stability, and gait regulation, and represents the second most common
neurodegenerative condition worldwide [1]. Clinical diagnosis is typically established only after overt
motor symptoms emerge, by which time approximately 50-60% of dopaminergic neurons have already
degenerated [2, 3]. Increasing evidence suggests that subtle motor alterations may occur years before
formal diagnostic criteria are met [2, 3]. Identifying these early motor changes has therefore become a
central objective in PD research, because earlier detection may improve risk stratification and enable
timely intervention strategies aimed at delaying functional decline [2, 3]. Despite this growing interest,
objective approaches to detecting early motor vulnerability prior to clinical diagnosis remain limited [2,
4].

To facilitate earlier identification of individuals at risk for PD, the International Parkinson and Movement
Disorder Society proposed research criteria that integrate multiple prodromal risk markers—including
non-motor symptoms, autonomic dysfunction, sleep disturbances, and genetic susceptibility—to
estimate future PD probability [3, 5]. These criteria have substantially advanced probabilistic risk
stratification for prodromal PD [4, 6]. However, the current framework relies predominantly on clinical and
non-motor indicators and only partially reflects objective motor dysfunction directly associated with
functional mobility. Consequently, quantitative motor biomarkers that can capture early alterations in gait
stability, postural regulation, and movement variability remain insufficiently incorporated into existing
predictive models.

Recent epidemiological and clinical studies suggest that older adults experiencing recurrent unexplained
falls may represent a population at higher risk for prodromal PD [7, 8]. Falls are highly prevalent in aging
populations and are frequently associated with gait instability and cognitive—motor interference,
including executive dysfunction—features that partially overlap with early parkinsonian motor
characteristics [9—12]. Emerging evidence further indicates that fall-prone older adults may exhibit
subtle mobility impairments that precede PD diagnosis, suggesting that fall vulnerability may reflect
early neurodegenerative processes affecting motor control networks [7, 8, 13, 14]. Nevertheless,
objective frameworks that can systematically quantify PD-like motor dynamics and characterize
transition-related risk in this population remain limited [15].

Gait analysis provides a particularly promising avenue for addressing this challenge because locomotion
requires continuous integration of motor planning, sensory feedback, and postural regulation across
distributed neural systems [9, 16]. Parkinsonian gait is commonly characterized by increased variability,
reduced movement automaticity, heightened attentional demand, impaired inter-limb coordination or
asymmetry, and disrupted rhythmic regulation—features reflecting dysfunction within corticobasal
ganglia—brainstem motor circuits [9, 10, 16]. Recent advances in wearable inertial sensing technologies
have enabled quantitative characterization of gait dynamics beyond traditional clinical observation,
supporting the emergence of digital motor biomarkers for neurological disorders [4, 17]. However, most
existing analytical approaches rely on summary gait parameters averaged across walking trials, which
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may obscure transient or context-dependent motor abnormalities occurring over short temporal intervals
[4, 9].

In parallel, gait-based machine learning approaches for PD identification have gained increasing
attention [18, 19]. Most prior studies have focused on subject-level classification using aggregated
features derived from cross-sectional recordings [18, 19]. Such approaches implicitly assume motor
impairment to be stable over time. However, PD-related motor deterioration is increasingly recognized as
a gradual and dynamic process in which gait and balance impairments may fluctuate and appear
intermittently, particularly under increased task demands [2, 9, 10]. As a result, averaging procedures
may dilute early micro-level instability signals that precede overt behavioral differences at the individual
level [4, 9]. Therefore, analytical frameworks that can capture short-duration motor fluctuations may be
necessary to detect emerging PD-like motor dynamics before stable clinical manifestations become
apparent. Such approaches may also support earlier identification of mobility-related vulnerability and
facilitate timely implementation of targeted intervention strategies in clinically high-risk older adults.

Recent developments in deep learning provide new opportunities to model complex time-series signals
without reliance on predefined feature engineering [19]. Time-frequency representations generated
using continuous wavelet transforms (CWT) enable simultaneous characterization of temporal and
spectral structures within inertial sensor signals [20]. When combined with multi-channel architectures
integrating bilateral kinematic information, such models may capture coordinated motor signatures
reflecting system-level motor control rather than isolated signal deviations [16, 19]. Importantly, this
framework allows motor behavior to be examined as a dynamically evolving process, enabling
identification of transient motor states that may reflect early instability within locomotor control
systems.

Despite these advances, a critical gap remains; current analytical approaches rarely capture the temporal
evolution of PD-like motor dynamics at fine temporal scales. Frameworks that can identify transient
motor-state fluctuations—conceptualized as early markers of dynamic motor vulnerability—are largely
absent from existing predictive models. Such approaches may be especially relevant in populations
exhibiting intermittent mobility instability, such as older adults with recurrent falls, where early
neurodegenerative motor signatures may emerge only under specific locomotor demands.

Therefore, this study aimed to develop and validate a multi-channel time—frequency deep learning
framework for identifying sustained PD-like motor states using segment-level gait representations
derived from wearable inertial sensors. Rather than relying solely on aggregated gait features, our
approach models short-duration locomotor segments to capture dynamically evolving motor patterns.
We further examined whether temporal metrics derived from prediction trajectories could characterize
transition-related motor instability in older adults with a history of falls. Finally, we investigated whether
increased locomotor demand during faster walking speed (FWS) would enhance the discriminability of
PD-related motor patterns.

We hypothesized that:
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1. Multi-channel integration of bilateral gait signals would improve discrimination of PD-like motor
dynamics compared with single-channel models.

2. Segment-level temporal analysis would reveal transition patterns indicative of latent motor
vulnerability within a fall-prone aging population.

3. FWS would enhance the discriminability of PD-related motor signatures due to increased locomotor
control demands.

Methods
Participants

A total of 211 older adults participated in this study, including 50 with PD and 161 fall-prone individuals.
The inclusion criteria for participants with PD were as follows: (a) a clinician-confirmed diagnosis of
idiopathic PD according to the UK Parkinson’s Disease Society Brain Bank Clinical Diagnostic Criteria, (b)
age = 50 years, and (c) a modified Hoehn and Yahr (H&Y) scale score of 1-3, indicating independent
ambulation without the use of an assistive device. Participants were screened to ensure the absence of
clinically significant cognitive impairment prior to enrollment. The fall-prone older adults were
community-dwelling older adults aged 65 years or older with no diagnosis of PD or other neurological
disorders and a self-reported history of at least one fall during the previous 12 months. Individuals with
musculoskeletal, cardiovascular, vestibular, or neurological conditions that could have affected gait
substantially within the previous 6 months were excluded.

Demographic and clinical characteristics of all participants are summarized in Table 1. This study was
approved by the Institutional Review Board of Dong-A University Hospital (IRB number: DAUHIRB-22-
089). All participants received a detailed explanation of the study procedures and provided written
informed consent prior to participation. The study was registered in the Clinical Research Information
Service of the Republic of Korea (KCT0009353).
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Table 1
Demographic and clinical characteristics of study participants.

Characteristics PDs (n =50) Fall-prone older adults (n=161)
Sex (male/female) 26/24 37/124
Age (years) 68.4+7.0 74.6%5.0
Height (cm) 161.7+8.5 155.8+ 8.1
Body mass (kg) 63.5+10.6 59.6+9.2
BMI (kg/m?) 242426 24.5+33
HR&Y scale (stages) 2.0+0.7

UPDRS total (scores) 55.7+19.9

UPDRS part Ill (scores) 32.5+13.9

L-DOPA equivalent dose (mg/day) 560.8 +331.2

Treatment duration (years) 50+3.6

Symptom duration (years) 58+3.7

Data are presented as mean * standard deviation unless otherwise indicated. PD, Parkinson’s disease;
BMI, body mass index; H&Y, Hoehn and Yahr; UPDRS, Unified Parkinson’s Disease Rating Scale; L-Dopa
equivalent dose, daily levodopa equivalent dosage.

Test procedures and data analysis

Gait analysis was conducted using shoe-type data loggers (Smart Balance® SB-1, JEIOS, Korea)
equipped with inertial measurement units (IMUs) embedded in the shoe outsole. Each IMU recorded tri-
axial acceleration (z 6 g) and angular velocity (£ 500°/s) along three orthogonal axes, with data
transmitted wirelessly to a gait analysis system (DynaStab™, JEIOS, Korea).

Participants with PD performed the gait assessment while in the “ON” state of antiparkinsonian
medication for at least 2 h, reflecting their typical gait performance during daily activities. All participants
underwent clinical assessments, including the H&Y scale and Unified Parkinson’s Disease Rating Scale.
Physical characteristics, including height, weight, shoulder width, hip and waist circumference, thigh and
calf circumference, and leg length, were also measured. Prior to data collection, participants completed
a 5-min warm-up consisting of stretching exercises. Static calibration was performed while participants
stood still wearing the shoe-type IMU sensors.

Gait assessment was conducted using wearable inertial measurement units under three walking
conditions: preferred walking speed (PWS), slower walking speed (SWS; 80% of PWS), and FWS (120% of
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PWS). Participants were instructed to walk at their self-defined comfortable pace to determine PWS,
which was quantified using a metronome in steps per minute. SWS and FWS were subsequently
calculated as 80% and 120% of PWS, respectively. Participants completed three to five practice trials
with metronome guidance to adapt to the target walking speeds. Following an adaptation period and a
washout phase, all gait trials were performed without auditory cues to avoid potential cueing effects,
particularly in individuals with PD.

Gait data were collected along a straight walkway using the same wearable sensor system in both
groups. To ensure comparable gait measurements, only steady-state walking segments were included in
the analysis. Initial acceleration and terminal deceleration phases (2 m at each end) were excluded, and
time-series gait data were extracted from the remaining continuous walking segments. Because the
available walkway length differed between experimental environments, the effective steady-state walking
distance was approximately 15 m in the fall-prone older adults and 20 m in the PD group.

All sensor data were sampled at 100 Hz and filtered using a second-order Butterworth low-pass filter
with a cutoff frequency of 10 Hz. Gait events were identified based on acceleration signals, with heel
strikes detected as peaks in anteroposterior acceleration and toe-offs identified as peaks in vertical
acceleration. Subsequent gait analyses and image-based representations were derived from stride-
normalized segments, minimizing the influence of absolute walking distance.

Signal processing and scalogram image generation

For image-based modeling, one-dimensional inertial sensor signals were segmented using an
overlapping sliding-window approach. Given the sampling frequency of 100 Hz, a window length of 1.0 s
(100 samples) was applied to each sensor channel, while the window was shifted by 0.5 s (50 samples)
between consecutive segments. This configuration generated partially overlapping segments in which
each new segment shared 50% of its data with the previous one. The selected window length was
designed to capture at least one complete gait cycle during steady walking, since a typical gait cycle in
older adults occurs approximately every 1-1.2 s. Meanwhile, the 0.5-s stride provided sufficient temporal
resolution to detect gradual changes in gait dynamics while maintaining overlap between segments,
which helps stabilize time-series representations and increases the effective number of training
samples. Overlapping sliding-window segmentation is widely used in time-series analysis to preserve
temporal continuity while improving the robustness of machine-learning models [21]. Using this
procedure, each walking trial was decomposed into a sequence of short-duration signal segments
representing local gait dynamics.

Sixteen gait-related channels were used for image generation, including tri-axial accelerations and
angular velocities from the left and right sensors (L/R X/Y/Z acceleration and gyroscope), as well as
their vector magnitudes (L_acc_XYZ, L_gyr_XYZ, R_acc_XYZ, R_gyr_XYZ). These channels were selected
to capture bilateral lower-limb kinematics comprehensively while maintaining a fixed and interpretable
multi-channel input structure for the convolutional neural network (CNN).
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For each segment, a CWT using the Morlet wavelet was applied to generate time—frequency
representations of the inertial signals. Wavelet coefficients were computed across scales 1-63 with a
sampling period of 1/100 s. The Morlet wavelet was chosen because it provides a suitable balance
between temporal and frequency resolution for analyzing non-stationary gait signals. Scalogram power
was defined as the squared magnitude of the wavelet coefficients (|ICWT]|?), representing the signal
energy distribution across time and frequency. CWT-based time—frequency representations have been
widely used to characterize non-stationary patterns in wearable sensor signals and have demonstrated
strong performance as inputs for CNNs in human activity recognition and gait analysis tasks [22-25]. To
reduce the influence of extreme values and improve numerical stability during model training, scalogram
power values were clipped at the 99th percentile within each segment and subsequently normalized to a
0-1 range. Finally, the normalized scalograms were resized and converted into 128 x 128 RGB images,
which served as inputs to the CNN models. Output files were organized hierarchically according to group
(PD or fall-prone older adults) and sensor channel, and each image filename encoded the source
recording and segment index to preserve temporal ordering.

Model development, validation, and post-processing

Dataset construction

Scalogram images served as inputs to CNNs. For single-channel models, each input consisted of a
grayscale scalogram derived from one sensor variable. For multi-channel models, 16 corresponding
scalograms were stacked along the channel dimension to form a 128 x 128 x 16 input tensor. Only
segments available across all 16 channels for a given subject and segment index were included to
ensure consistent input dimensionality.

Subject-wise cross-validation

Model performance was evaluated using subject-wise stratified five-fold cross-validation.
StratifiedGroupKFold was used when available, with subject identifiers treated as grouping variables to
prevent segments from the same participant from appearing in both training and validation sets.
Otherwise, stratified splitting was performed at the subject level. All segment-level samples inherited the
diagnostic label of their corresponding subject (PD or fall-prone older adults).

CNN architecture and training

Both single- and multi-channel CNNs employed the same backbone architecture, consisting of
sequential two-dimensional convolutional layers with 32, 64, and 128 filters (3 x 3 kernels; ReLU
activation; same padding), interleaved with max-pooling layers. Global average pooling was applied prior
to a fully connected layer with 128 units (ReLU activation), followed by a sigmoid output layer for binary
classification. Models were trained using the Adam optimizer (learning rate 1 x 10-#) and binary cross-
entropy loss for up to 15 epochs with a batch size of 32. To address class imbalance, class weights were
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computed using an inverse-frequency balanced scheme and applied during training. Early stopping and
learning-rate reduction on a plateau were employed based on validation area under the receiver
operating characteristic curve (ROC-AUC), and the best-performing model for each fold was retained.

Performance evaluation and segment-level analysis

For each validation fold, the trained CNN generated probabilistic prediction scores for individual
segments. Discriminative performance was evaluated using ROC-AUC. Accuracy was computed using a
fixed probability threshold of 0.5 for fold-level descriptive reporting only. ROC curves were generated for
each fold, and mean ROC curves with variability across folds were summarized.

All segment-level predictions were exported to CSV files, including subject identifiers, segment indices,
predicted scores, and true labels. For the multi-channel model, channel importance was assessed using
an occlusion analysis, in which one input channel was set to zero at a time, and the resulting change in
AUC (AAUC) was quantified.

Post-processing and subject-level decision rules

Operating-point selection

To control false-positive classifications in the fall-prone older adults’ group, the primary operating
threshold (T_high) was determined from the segment-level ROC curve using a target false-positive rate
(FPR) strategy. Specifically, T_high was selected to achieve an FPR of 5% while maximizing sensitivity. A
corresponding lower threshold (T_low) was defined as T_high minus a fixed margin (A = 0.08), bounded
at zero.

Smoothing, hysteresis, and transition detection

Segment-level prediction scores were ordered by segment index and smoothed using a moving average
filter with a window size of three segments. A hysteresis-based rule was applied, where entry into a
positive (PD-like) state required the smoothed score to exceed T_high for three consecutive segments,
and exit required the score to fall below T_low for the same duration. The first transition time was
defined as the onset of the first sustained entry into the positive state and converted to seconds using
the segment stride (0.5 s).

Dual-rule subject-level classification

Subject-level classification was primarily determined by the presence of a detected transition. In
addition, a dual decision rule was applied such that a subject was also classified as positive if the
proportion of smoothed segments exceeding T_high (high_ratio) was > 0.05, even in the absence of a
detected transition.

Subject-level summary metrics and sensitivity analyses
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For each subject, summary metrics were computed, including the total number of segments, mean and
maximum prediction scores, proportion of segments exceeding T_high (high_ratio), and estimated first
transition segment and corresponding time. Subject-level classification performance was evaluated
using confusion matrices to derive sensitivity, specificity, accuracy, positive predictive value, negative
predictive value, F1 score, and the control over-detection rate.

To minimize potential bias arising from threshold selection, a fold-wise thresholding strategy was
implemented as a sensitivity analysis. Within each cross-validation fold, T_high was selected using the
same target FPR (5%) criterion and applied exclusively to subjects within that fold. Subject-level
performance metrics are summarized as mean + standard deviation across folds.

As an additional sensitivity analysis, the operating-point constraint was relaxed to an upper bound FPR of
10% and compared with the primary 5% operating point using identical post-processing and decision
rules. For this analysis, a fixed operating threshold was determined from the overall dataset and applied
uniformly across all subjects.

Decision curve analysis

Clinical utility was evaluated using decision curve analysis (DCA) at the subject level, with the mean
prediction score used as the decision variable. Net benefit was calculated across threshold probabilities
ranging from 0.01 to 0.99 and compared with “treat all” and “treat none” strategies.

Visualization of time-by-channel score patterns

For illustrative purposes, time-by-channel heatmaps were generated for subjects with available single-
channel segment-level predictions. These visualizations depicted the temporal evolution of PD-likeness
scores across sensor channels, with estimated transition times indicated when applicable. These
visualizations were used for exploratory interpretation and were not involved in model training or
evaluation. All analyses were conducted using Python 3.10 within a Conda-managed environment with
TensorFlow, scikit-learn, NumPy, Pandas, and PyWavelets libraries (Fig. 1).

Statistical Analysis

Data normality was assessed using the Shapiro—Wilk test. Depending on the distribution, either an
independent t-test or a non-parametric test was used to compare demographic and clinical
characteristics between groups. Agreement between estimated and measured walking speeds was
evaluated using intraclass correlation coefficients (ICC) derived from a two-way mixed-effects model for
consistency (3,1). The limits of agreement (LoA) between the measured and estimated walking speeds
were calculated using the Bland—Altman plot. Statistical analyses were performed using SPSS version
21.0 (IBM Corp., Armonk, NY, USA), with significance set at p < 0.05.

Results
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Reliability of estimation and measurement speeds

The agreement between target and actual walking speeds showed moderate-to-good reliability in the
SWS and good-to-excellent reliability in the FWS across both groups. Specifically, ICC(3,1) values for the
SWS were 0.739 in the PD group and 0.801 in the fall-prone older adult group, whereas ICC(3,1) values
for the FWS were 0.839 and 0.875, respectively (all p<0.001). These results support the validity of the
walking speed protocol used in this study (Table 2, Fig. 2).

Table 2
Reliability of the results for slower and faster walking speeds.
Slower PDs Fall-prone older adults (n=161)
(n=50)

Estimated/measured (m/s)  0.99/0.94 0.92/0.80

ICC (3,1) 0.739 0.801
p-value <0.001 <0.001
Faster

Estimated/measured (m/s) 1.48/1.50 1.38/1.44
ICC (3,1) 0.839 0.875

p-value <0.001 <0.001

ICC values were calculated using a two-way mixed-effects model for consistency (ICC(3,1)). Estimated
speed represents the target walking speed calculated from preferred walking speed, whereas measured
speed represents the actual walking speed recorded during gait assessment. ICC, intraclass correlation
coefficient; significant difference, p < 0.05.

Segment-level performance of the multi-channel model
across walking speeds

At the segment level, the multi-channel CNN demonstrated robust performance in distinguishing PD gait
segments from those in fall-prone older adults across different walking speed conditions.

Across FWS, PWS, and SWS, the mean ROC—AUC remained consistently high (FWS: 0.992 + 0.007; PWS:
0.974 +£0.016; SWS: 0.975 + 0.017), indicating reliable PD-likeness prediction irrespective of walking
speed (Table 3, Fig. 3). Performance variability across cross-validation folds was low for all speed
conditions, supporting the stability and generalizability of the segment-level classification model.
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Table 3
Segment-level classification performance of the multi-channel model.

Walking speed ROC-AUC (mean +SD) Accuracy (mean t SD)

Faster 0.992 +0.007 0.953+0.025
Preferred 0.974+0.016 0.921 £0.025
Slower 0.975+0.017 0.925+0.023

Classification performance is summarized using the area under the receiver operating characteristic
curve (ROC-AUC) and accuracy for faster, preferred, and slower walking conditions. Values are reported
as mean t standard deviation across subject-wise cross-validation folds.

In contrast with the multi-channel model, single-channel models trained on individual sensor-derived
inputs demonstrated lower and more variable segment-level classification performance. Across walking
speed conditions, representative single-channel models achieved ROC—AUC values in the range of
approximately 0.65 to 0.75, with no single variable consistently approaching the performance of the
multi-channel model (Supplementary Table S1). These findings highlight the advantage of integrating
multi-sensor information for robust PD-likeness prediction at the segment level.

Subject-level transition detection performance

In this study, the term “transition” refers to a model-based subject-level state defined by the proposed
post-processing and decision rules, rather than a clinically confirmed longitudinal conversion.

A total of 211 participants were included in the subject-level analysis. The proportion of participants
classified as transition cases varied across walking speeds, with 65 (30.8%) under FWS, 52 (24.6%)
under PWS, and 54 (25.6%) under SWS. At the subject level, individuals classified as transition cases
showed significantly higher mean PD-likeness scores than those classified as non-transition across all
walking speed conditions (two-sided Mann—-Whitney U tests). Under the FWS, transition subjects
demonstrated markedly elevated mean PD-likeness scores relative to non-transition subjects (0.727 +
0.307 vs. 0.034 £ 0.041, p<0.001). Comparable differences were observed during PWS (0.817 £0.210
vs. 0.076 £ 0.077, p<0.001) and SWS (0.787 £0.181 vs. 0.084 £ 0.073, p < 0.001) (Fig. 4).

Similarly, the proportion of high PD-likeness segments was substantially greater in transition subjects
across all walking speeds (FWS: 0.827 +0.292 vs. 0.005 + 0.022; PWS: 0.880 £ 0.216 vs. 0.012 £ 0.038;
SWS: 0.865+0.237 vs. 0.006 £ 0.020; all p<0.001) (Table 4). These findings demonstrate that subject-
level aggregation of segment-wise PD-likeness predictions robustly distinguishes subjects classified as
transition cases from those classified as non-transition, regardless of walking speed.

Page 12/30



Table 4
Subject-level high PD-likeness ratio.

Walking speed  Transition (mean+SD) Non-transition (mean t SD)

p-value

Faster 0.827+0.292 0.005+0.022 <0.001
Preferred 0.880+0.216 0.012 +0.038 <0.001
Slower 0.865+0.237 0.006 £0.020 <0.001

The table summarizes the proportion of segments exceeding the high PD-likeness threshold (high_ratio)
for subjects classified as transition and non-transition cases under faster, preferred, and slower walking
conditions. Values are presented as mean + standard deviation. Group differences are assessed using
two-sided Mann—Whitney U tests. PD, Parkinson’s disease.

Temporal characteristics of PD-like transition

To characterize the temporal dynamics of PD-like gait emergence, we examined the timing of the first
sustained high PD-likeness segment among transition subjects. Across all walking speed conditions,
sustained PD-like segments emerged early during the walking task, with a median first transition time of
approximately 0.5 s. This early onset pattern was consistently observed under FWS, PWS, and SWS,
indicating that the temporal emergence of PD-like gait characteristics was not dependent on walking
speed.

Sensitivity/robustness analyses

Fold-wise stability

Under fold-wise threshold selection, subject-level classification performance remained stable across
cross-validation folds. For the PWS, accuracy was 0.910 £ 0.062, with sensitivity of 0.98 + 0.045 and
specificity of 0.888 + 0.082. Comparable stability was observed under FWS (accuracy: 0.891 + 0.054) and
SWS (accuracy: 0.924 + 0.054). These findings indicate that subject-level transition detection
performance was not driven by a specific fold (Table 5).

Table 5
Fold-wise subject-level performance (5% FPR)

Walking speed Accuracy Sensitivity Specificity F1 score

(mean t SD) (mean+SD) (mean t SD) (mean & SD)

Faster 0.891+0.054 1.00+0.00 0.857+0.071 0.819+0.082
Preferred 0.910+0.062 0.98+0.045 0.888+0.082 0.845+0.087
Slower 0.924+0.054 1.00+0.00 0.900+0.071 0.869+0.085
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Subject-level classification performance of the multi-channel model is summarized across walking
speed conditions using subject-wise cross-validation folds. Performance metrics include accuracy,
sensitivity, specificity, and F1 score. Values are reported as mean * standard deviation across folds. The
operating threshold is determined to achieve a target false-positive rate of 5%. FPR, false-positive rate.

Operating-point sensitivity (5% vs. 10% FPR)

To further evaluate the robustness of the model to threshold selection, we compared performance under
different operating-point constraints using a fixed threshold derived from the overall dataset. This
analysis complements the fold-wise thresholding approach presented above, in which thresholds were
determined independently within each cross-validation fold.

Relaxing the operating-point constraint from a target FPR of 5% to 10% resulted in a modest increase in
sensitivity but a substantial reduction in specificity across walking speed conditions. Under the PWS,
sensitivity increased from 0.96 to 0.98, whereas specificity decreased from 0.882 to 0.727, leading to a
reduction in overall accuracy (0.900 to 0.787). Similar patterns were observed under FWS and SWS.
These findings indicate that a conservative 5% FPR provides a more balanced trade-off between
sensitivity and specificity while maintaining robust performance (Table 6).

Subject-level performance unde-[adbhl‘?e?ent operating-point constraints.
Walking speed FPRtarget Sensitivity Specificity Accuracy
Faster 5% 1.00 0.857 0.891
Faster 10% 1.00 0.689 0.763
Preferred 5% 0.96 0.882 0.900
Preferred 10% 0.98 0.727 0.787
Slower 5% 1.00 0.913 0.934
Slower 10% 1.00 0.752 0.810

Subject-level sensitivity, specificity, and accuracy of the multi-channel model are reported for operating
thresholds corresponding to target false-positive rates of 5% and 10% across walking speed conditions.

Decision curve analysis

DCA demonstrated that the multi-channel model provided a positive net benefit across threshold
probabilities ranging approximately from 0.05 to 0.60 under FWS, PWS, and SWS. Across this clinically
relevant range, the model consistently outperformed both treat-all and treat-none strategies, supporting
the potential clinical utility of subject-level PD transition detection (Fig. 5).

Discussion
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In this study, we developed and validated a multi-channel deep learning framework that can identify PD-
like motor states and detect transition events using segment-level gait-derived time—frequency
representations from wearable inertial sensors. Three principal findings emerged. First, the multi-channel
model demonstrated substantially superior discriminative performance compared with single-channel
approaches. Second, segment-level temporal modeling enabled detection of sustained PD-like motor
patterns through high-resolution probability trajectories. Third, transition-related metrics derived from
segment aggregation provided interpretable indicators of PD-like motor phenotype expression at the
subject level.

Multi-channel integration improves detection of
parkinsonian gait dynamics

Our results demonstrate that integrating multi-sensor inertial signals within a time—frequency deep
learning framework markedly improves discrimination of PD-like gait dynamics compared with single-
channel approaches [19, 20, 26]. The multi-channel CNN achieved near-ceiling segment-level
performance across walking speeds (ROC—AUC up to 0.992), whereas individual sensor-derived inputs
yielded substantially lower and more variable performance [19, 26]. These findings suggest that PD-
related motor alterations are not confined to isolated axes or single limbs but instead reflect disruptions
in coordinated, multi-planar, and bilateral motor integration [16, 27, 28]. By simultaneously modeling
cross-axis synchrony and inter-limb dynamics, the multi-channel architecture captured integrated motor
signatures that single-channel models were unable to detect [19, 26].

From a motor control perspective, parkinsonian motor impairment is characterized by increased gait
asymmetry, impaired trunk—lower limb coupling, and reduced movement automaticity—features arising
from dysfunction within distributed corticobasal ganglia—brainstem motor networks [16, 27, 29]. By
integrating bilateral accelerometer axes, gyroscope axes, and composite magnitude features, the present
model likely captured coordinated spatiotemporal and oscillatory abnormalities rather than isolated
signal deviations [16, 26, 27]. Thus, the superiority of the multi-channel architecture likely reflects
improved modeling of motor system integration breakdown rather than a simple increase in feature
dimensionality [16, 28].

Segment-level modeling enables detection of dynamic motor-state
transitions

Building upon this high-resolution segment-level modeling, we implemented a conservative hysteresis-
based framework to identify sustained entry into PD-like motor states at the subject level [20, 30]. Using
a predefined operating threshold corresponding to a 5% FPR and requiring three consecutive high-
probability segments for state entry, the model achieved high sensitivity (0.96-1.00) while maintaining
strong specificity (0.857-0.913) across walking speeds [30, 31]. This design prioritized stability over
transient fluctuations and minimized over-detection in non-PD individuals.
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Importantly, the transition detected in this study represents entry into a sustained PD-like motor
phenotype, rather than clinical diagnostic conversion to PD [16, 26]. Instead of relying solely on static
subject-level classification, the present framework captures dynamic probability trajectories across time
[30, 32]. This distinction is important because PD motor deterioration is generally not abrupt but
gradually accumulates through subtle fluctuations in movement variability, jerk modulation, and
coordination instability [9, 16]. Traditional analyses based on averaged gait parameters may dilute such
micro-level fluctuations [9, 32]. In contrast, segment-level modeling enables detection of transient PD-like
patterns that would likely be obscured under subject-level averaging approaches [30, 32]. These findings
support a micro-instability hypothesis, whereby early transition toward a PD-like motor phenotype may
initially manifest as increased intra-individual variability rather than uniform motor impairment [9, 33].

Walking speed as a functional stressor revealing latent
motor deficits

An additional finding of this study was that segment-level discriminative performance remained
consistently high across walking speeds, with the highest performance observed during FWS. This
observation is consistent with prior gait studies showing that locomotor task demands modulate the
detectability of parkinsonian motor abnormalities [9, 34]. The speed-dependent pattern may have
mechanistic relevance rather than reflecting a purely methodological effect, since gait speed is
recognized as an important modulator of neural control strategies during locomotion [16].

FWS imposes greater demands on motor automaticity, inter-limb coordination, and dynamic postural
stability—processes strongly dependent on basal ganglia—mediated locomotor regulation [34, 35].
Previous studies have shown that individuals with parkinsonian motor impairment experience
disproportionate difficulty maintaining rhythmic coordination and gait stability as walking speed
increases, leading to amplified stride variability and reduced adaptability of movement patterns [9, 36,
371.

From a motor control perspective, FWS reduces the opportunity for conscious compensatory strategies
and increases reliance on automatic locomotor programs governed by subcortical networks [16, 38].
Because PD-related dysfunction primarily affects automatic movement regulation, pathological motor
signatures may become more pronounced under higher-speed locomotor conditions [34, 39].
Consequently, PD-like gait dynamics may be more readily distinguishable from non-PD gait during FWS,
explaining the superior discriminative performance observed in this condition [9, 40].

Importantly, the preservation of strong performance across PWS and SWS indicates that PD-like motor
instability is not restricted to a specific locomotor state but represents a stable motor phenotype
observable across functional contexts [30, 40]. Together, these findings support the concept that gait
speed may function as a physiological stressor that reveals latent locomotor control deficits, consistent
with frameworks proposing that increased motor demand exposes subclinical motor impairments in
parkinsonian populations [10, 16].

Page 16/30



Clinical implications for fall-prone older adults

The clinical relevance of these findings is particularly notable in older adults with a history of falls [41,
42]. Falls in aging populations are associated with increased gait variability, impaired postural reflexes,
reduced automaticity, and executive dysfunction—features that overlap with early parkinsonian motor
characteristics [16, 33, 42]. The markedly elevated proportion of high PD-likeness segments among
transition-positive individuals suggests that, in a subset of fall-experienced older adults, motor instability
may reflect PD-like motor network vulnerability rather than generalized age-related frailty alone [26, 32,
42]. In this context, the proposed framework may provide a quantitative approach for motor risk
stratification within clinically vulnerable populations, potentially supporting earlier identification of
individuals exhibiting parkinsonian-like motor phenotypes [30, 42]. This may be particularly relevant for
developing individualized monitoring and mobility management strategies in older adults with recurrent
falls.

Methodological considerations

An important methodological consideration of this study is the difference in age thresholds between the
PD and fall-prone older adult groups [26, 43]. Individuals with PD were included from 50 years of age to
reflect the typical onset range of idiopathic PD, whereas the fall-prone group was restricted to adults
aged 65 years or older with a history of falls to represent a population with substantial age-related
functional vulnerability [26, 41, 43]. This design intentionally created a conservative comparison
framework, evaluating PD-related gait characteristics against an older high-risk non-PD population rather
than younger healthy controls [26, 41, 43]. Although the deep-learning models did not explicitly include
chronological age as a covariate, age-related motor characteristics were implicitly embedded within the
learned spatiotemporal gait representations [19, 43]. Therefore, classification performance likely reflects
integrated gait signatures rather than chronological age alone [26, 43]. Future studies with larger cohorts
may benefit from age-stratified or age-matched analyses to further disentangle disease-specific gait
patterns from aging-related changes [26, 43]. Additionally, although analyzed walking distances differed
between groups, the use of stride-normalized and image-based representations minimized the effect of
absolute walking distance on model learning, thereby reducing potential bias associated with task
duration differences [20, 44].

Comparison with previous approaches

Compared with previous studies that primarily relied on summary gait parameters, subject-level cross-
sectional classification, or clinical score—based binary modeling, the present study employed time-series
imaging of gait signals, segment-level deep learning, and probability trajectory analysis [19, 20, 26]. By
modeling locomotor signals at high temporal resolution, this framework enables dynamic estimation of
PD-like probability over time, providing both mechanistic insight and clinically interpretable state
transitions [9, 20, 30]. Beyond discrimination accuracy, DCA demonstrated positive net benefit across
clinically relevant threshold probabilities (approximately 0.05-0.60), suggesting that the model may offer
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practical value for identifying higher-risk motor phenotypes among fall-experienced older adults
compared with treat-all or treat-none strategies [31].

Strengths and limitations

This study has several notable strengths. Integration of 16 synchronized inertial sensor channels
enabled comprehensive modeling of bilateral lower-limb kinematics within a unified time—frequency
deep-learning framework [17, 19]. Conservative operating-point selection (5% FPR), hysteresis-based
transition rules, temporal smoothing, and fold-wise threshold sensitivity analyses collectively enhanced
analytical robustness [30, 31]. Furthermore, the incorporation of DCA extended evaluation beyond
statistical discrimination to clinical utility [31].

Some limitations should also be acknowledged. The detected transition represents a model-defined PD-
like motor state rather than longitudinal clinical conversion to PD [16, 31]. The cross-sectional single-
session design precludes direct inference regarding future diagnostic outcomes [26, 41]. External
validation in independent cohorts will be necessary to confirm the generalizability of the framework [17,
19]. In addition, although CNNs provide powerful pattern recognition capabilities, the interpretability of
learned representations remains limited [45, 46]. Future work integrating explainable artificial intelligence
approaches may improve the mechanistic interpretability of model-derived motor signatures.
Importantly, longitudinal studies linking model-defined motor transitions to clinically confirmed PD
diagnosis, as well as integration with cognitive, neurophysiological, and imaging biomarkers, represent
important next steps [16, 31]. Such efforts may further clarify the potential utility of model-derived motor
transitions for longitudinal functional monitoring and intervention tracking.

Conclusions

In this study, we developed and validated a multi-channel time—frequency deep-learning framework
capable of identifying parkinsonian gait dynamics at the segment level and summarizing these
dynamics into subject-level transition metrics. By leveraging synchronized multi-sensor inertial signals
and high-resolution temporal modeling, the proposed approach enabled the detection of sustained PD-
like motor states that are not readily observable using conventional subject-level averaging strategies.

Robust performance was maintained across walking speeds while preserving a favorable balance
between sensitivity and specificity under a conservative false-positive operating point. Notably, FWS
enhanced discriminability, supporting the interpretation that increased locomotor demand acts as a
functional stressor, revealing latent motor control deficits associated with parkinsonian pathology.

These findings provide a quantitative basis for identifying parkinsonian-like motor phenotypes within an
aging, fall-prone population and establish a foundation for scalable motor risk stratification using
wearable sensing technologies. These capabilities may contribute to earlier detection of mobility-related
decline and support more personalized management approaches in high-risk older adults. Importantly,
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the detected transitions represent model-defined motor states rather than clinical diagnostic conversion.
Future longitudinal studies integrating clinical follow-up and multimodal biomarkers will be essential to
determine whether these model-derived PD-like states are prospectively associated with clinically
confirmed PD outcomes and longitudinal mobility-related functional changes.
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Figure 1

Overview of the proposed analysis pipeline. Gait signals acquired using wearable inertial measurement
units are segmented into short time windows and transformed into time—frequency scalogram images
using continuous wavelet transform. The scalograms are used as inputs to convolutional neural
networks trained using subject-wise cross-validation. Segment-level prediction scores are subsequently
processed using threshold-based smoothing and hysteresis rules to detect Parkinson’s disease (PD)-like
gait transitions and derive subject-level classifications. FPR, false-positive rate; ROC, receiver operating
characteristic; AUC, area under the curve.
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Figure 2

Bland-Altman plots showing agreement between estimated and measured walking speeds under
slower and faster walking conditions in fall-prone older adults and patients with Parkinson’s disease
(PD). The x-axis represents the mean of the estimated and measured walking speeds, whereas the y-axis
represents the difference between the two measurements. The solid gray line indicates the mean bias,
and the dashed lines represent the upper and lower limits of agreement (LoA; mean difference + 1.96
standard deviations). Percentages indicate the proportion of participants located above the upper LoA,
within the LoA, and below the lower LoA. Most data points were distributed within the LoA across both
walking conditions and groups, indicating acceptable agreement between target and actual walking
speeds. LoA, limits of agreement.
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Figure 3

ROC curve of the multi-channel convolutional neural network for segment-level classification of
patients with Parkinson's disease versus fall-prone older adults' gait segments. The solid line
represents the mean ROC curve across cross-validation folds, and the shaded area indicates +1 standard
deviation, demonstrating robust and stable classification performance. ROC, receiver operating

Page 27/30



characteristic; AUC, area under the curve; TPR, true positive rate; FPR, false-positive rate; SD, standard
deviation.
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Figure 4

Subject-level mean Parkinson’s disease (PD)-likeness scores in transition and non-transition groups
across walking speed conditions. Boxplots represent the distribution of mean PD-likeness scores under
faster, preferred, and slower walking conditions. Transition subjects exhibit significantly higher mean PD-
likeness scores than non-transition across all walking speeds. Group differences were evaluated using
two-sided Mann—-Whitney U tests (all p < 0.001). Boxes indicate the interquartile range, center lines
represent medians, whiskers denote 1.5x interquartile range, and circles indicate outliers.
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Decision curve analysis of subject-level Parkinson’s disease (PD) transition detection using the multi-

channel model. Decision curves illustrate the net benefit of using the subject-level mean PD-likeness
score to identify transition cases under faster, preferred, and slower walking conditions. The solid line

represents the proposed multi-channel model, while the dashed and dotted lines represent the treat-all

and treat-none strategies, respectively. The x-axis indicates the threshold probability used to define a
positive decision, and the y-axis represents the corresponding net benefit. Across a wide range of

threshold probabilities, the model provided higher net benefit than both alternative strategies, indicating
potential clinical utility for subject-level transition detection.

Supplementary Files

Page 29/30




This is a list of supplementary files associated with this preprint. Click to download.

e Supplementaryfile1.SupplementaryTableS1.docx

Page 30/30


https://assets-eu.researchsquare.com/files/rs-9786931/v1/72ad1ac6751305dd373d9d54.docx

