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Abstract

Traditional clinical gait assessments focus on lower-limb kinematics and over-
all walking speed, often overlooking the upper-limb dynamics and inter-limb
coordination that matter for real-world ambulation. Measuring these movements

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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outside the laboratory is difficult, and this study presents and validates a wear-
able sensor algorithm to quantify arm swing kinematics and arm-leg coordination
(Phase Locking Value, PLV) during overground walking in the home. Validated
against optical motion capture, the algorithm detected swing events reliably and
with negligible temporal bias. In home-based gait recordings from nearly 1500
community-dwelling older adults, arm-leg coordination was the strongest arm
swing predictor of rhythmic gait stability once walking speed was accounted for.
Exploratory factor analysis separated upper-limb function into distinct “coordi-
nation and stability” and “pace and capacity” axes, identifying arm swing as an
independent dimension of the gait profile. Analysis of dynamic resilience during
turns showed that frail older adults have slower recovery of arm-leg coordina-
tion, pointing to a loss of motor automaticity. Across a 30-year age span, arm
swing amplitude declined with age while arm—leg coordination did not change
detectably. In a separate laboratory cohort, coordination was also reduced in
Parkinson’s disease, indicating that the measure responds to neurological impair-
ment as well as to frailty. This algorithm offers a scalable way to assess upper-limb
gait dynamics in daily life. Shifting the clinical focus from walking speed alone
to full-body movement may help detect instability early.

Keywords: Arm swing, wearable sensors, ageing, fall risk

1 Introduction

The evolution of bipedalism freed the upper limbs but left the body less stable dynam-
ically. The rhythmic, bi-phasic swing of the arms is one adaptation that helps to
overcome this instability. Holding the arms still during walking increases metabolic
cost by about 12% and raises the peak twisting moment between the foot and the
ground by roughly 63% [1]. Oscillating in a bi-phasic manner, arm swing works as a
counterweight that regulates angular momentum and stabilises the centre of mass [2].
Controlling lateral balance is itself metabolically costly: providing external lateral sta-
bilisation reduces both step width variability and the energy cost of walking, in older
as well as young adults [3]. Restricting the arms does not by itself reduce the sta-
bility of steady-state walking, but it does slow the return to the normal gait pattern
after a perturbation, which indicates that it is the recovery movements of the arms
that contribute to overall stability [4]. Actively increasing arm swing also improves
local dynamic stability, particularly in the medial-lateral direction [5], which matters
for preventing injurious falls. Arm swing may therefore be a useful training target: in
healthy older adults, brief seated training of arm-swing rhythm with a wearable robot
increased stride length and walking speed and reduced the proportion of double-limb
support [6], and perturbation-based balance training reduces fall rates among older
adults, including those who are frail [7].

Arm swing and gait kinematics have typically been measured with optical motion
capture systems in the laboratory. However, these setups do not necessarily capture
what happens in real-world walking — the turns, pauses, and unexpected perturbations
that can lead to falls [8, 9]. While wearable inertial measurement units (IMUs) allow
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continuous, overground kinematic assessment of arm swing [10, 11], current IMU-
based methods derive swing amplitude from angular velocity without establishing the
direction of travel. Arm swing therefore cannot be expressed relative to the plane of
progression, and changes in walking direction are not accounted for. An algorithm that
estimates and corrects sensor orientation (heading) continuously, and without relying
on a magnetometer, is therefore required for valid free-living assessment of arm swing
and inter-limb coordination.

Quantifying Arm Swing Dynamics using Wearable Sensors
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Fig. 1: Schematic overview of the wearable sensor arm swing algorithm and data anal-
ysis framework:(a) Sensor setup, kinematic extraction, and validation against optical
motion capture. (b) Arm swing predicts gait variability and separates from lower-
limb measures in factor analysis. (c) Clinical signature: amplitude declines with age,
coordination recovery after turns is slower with frailty, and coordination is reduced in
Parkinson’s disease.

Although arm swing changes naturally with age, specific deviations in amplitude,
symmetry, and coordination may signal underlying neuromuscular conditions [12, 13].
Reduced arm swing amplitude, increased asymmetry and reduced bilateral coordina-
tion are candidate prodromal markers for neurological disorders such as Parkinson’s
disease, and have been detected in at-risk individuals before other major motor deficits
appear [14, 15]. More broadly, wearable and smartphone-based gait measures are
being developed as sensitive digital markers of disability progression in other neuro-
logical conditions such as multiple sclerosis [16]. Ageing affects the protective use of
the arms as well: older adults accelerate their arms more slowly than young adults
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when responding to a slip, which reduces the stabilising contribution of the arm reac-
tion and leaves them more vulnerable to falls [17]. Despite this diagnostic value, the
translation of upper-limb kinematics into standard geriatric assessment is limited by
a lack of data collected outside the laboratory. Quantitative arm swing parameters —
swing variability and inter-limb coordination indices — together with a description of
how they vary with age and frailty status are therefore needed. With them, these con-
tinuous metrics could function as non-invasive biomarkers to detect early neuromotor
change and track the progression of fall risk in daily life. Consumer-grade smart-
watches, already worn by millions of older adults, offer a ready deployment platform
for such algorithms, making population-level arm swing assessment possible without
disrupting standard clinical protocols.

We develop a wearable-sensor algorithm (Figure 1) that extracts continuous arm
swing kinematics and discrete swing events during overground walking, validated
against optical motion capture as a gold standard. We then use it to explore the role
of upper-limb movement in overall gait using Exploratory Factor Analysis and quan-
tify step-by-step recovery of inter-limb coordination after turns using Phase Locking
Value (PLV). Finally, we describe how arm swing parameters vary across a 30-year
age span in older adults. This framework and its reference values allow upper-limb
movement, gait stability and coordination to be assessed in real-world walking.

2 Results

2.1 A wearable algorithm measures arm swing and inter-limb
coordination accurately

We benchmarked the algorithm against optical motion capture on three criteria: con-
tinuous trajectory reconstruction, temporal accuracy of swing event detection, and
agreement of the derived parameters (Figure 2; full results in Appendix A, Tables A1,
A2 and A3). Agreement is reported throughout as the Intraclass Correlation Coef-
ficient in its single-measure, absolute-agreement form, ICC(A,1). By estimating the
orientation dynamically with adaptive PCA, the proposed method removed the orien-
tation drift of existing algorithms (Fan et al. [10] and Warmerdam et al. [11]), reducing
the Root Mean Square Error (RMSE) from 8.3 +4.9° and 8.8 + 4.1° to 3.6 £ 2.0°,
and tracked the reference closely (Coefficient of Multiple Correlation (CMC)=0.93;
Pearson’s r=0.94). Maximal Forward and Backward Swing events were identified with
over 99% sensitivity and few false detections (Fl-score = 0.99), with timing errors
of —2.4 + 8.6 ms and 6.3 + 14.4 ms respectively. Arm Swing Time showed no sys-
tematic bias (Bias = 0.00 s; ICC(A,1) = 0.998); because this metric is the interval
between consecutive backward swing events, any constant detection offset cancels in
the difference, so the event timings above are the more informative test of tempo-
ral accuracy. Agreement was also high for the variability measures (Arm Swing Time
Variability ICC(A,1) = 0.966; Arm Swing Amplitude Variability ICC(A,1) = 0.963),
with biases of 0.11 and 0.67 percentage points of the coefficient of variation, while
Arm Swing Amplitude was underestimated by —3.5° at a reference mean of 43.2°
(relative error 9.2%; ICC(A,1) = 0.936), as expected from a single distal sensor that
does not capture dynamic elbow flexion. Amplitude Asymmetry showed the weakest
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agreement (ICC(A,1) = 0.848, mean absolute error 2.55 percentage points), reflecting
the propagation of bilateral amplitude error into a ratio measure.

Technical validation of wearable arm swing kinematics and quantification of coordination
metrics against optical motion capture
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Fig. 2: Technical validation of wearable arm swing kinematics and coordination met-
rics: (a) Representative trajectories show that the proposed orientation-correction
algorithm (blue) eliminates the orientation drift typical of existing methods (Fan et
al. 2025, Warmerdam et al. 2020), closely tracking the optical motion capture gold
standard (grey line). (b) Temporal validation shows detection of gait events with high
accuracy (Fl-score = 0.99) and minimal lag. (¢) The arm-leg Phase Locking Value
(PLV) captures distinct coordination patterns: healthy gait (top) maintains stable 1:1
phase locking, whereas frail gait (bottom) exhibits wandering phase differences. PLV
= 1 represents perfect locking, PLV = 0 represents complete randomness. (d) Bland-
Altman analyses for Arm Swing Amplitude, Arm Swing Time Variability, and PLV.
Agreement with optical motion capture is high for the variability and coordination
measures.

Coordination between the contralateral upper and lower limbs (e.g. left wrist and
right foot) was quantified using the PLV, which combines the temporal and spa-
tial aspects of coordination into a single metric derived from the continuous arm
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swing angle and foot pitch. Similarly, agreement with the optical reference was high
(ICC(A,1) = 0.929; Bias = -0.004; relative error 1.1%), and the metric separated the
stable phase-locking of a healthy participant from the dispersed phase control of a
frail one (Figure 2c). From this agreement, the minimal detectable change for
one participant is 0.027 PLV units at 95% confidence, which is the reso-
lution at which an individual’s coordination can be tracked over repeated
assessments. Group mean differences smaller than this remain detectable,
because the standard error of a group mean scales with 1/y/n. Together,
these findings show that paired wrist- and foot-worn sensors can capture the small
fluctuations of inter-limb coordination during real-world walking. With the measure-
ment in hand, we turned to overground walking in older adults, and to what arm-leg
coordination shows about locomotor health.

2.2 Arm-leg coordination is a distinct dimension of gait,
independent of walking speed

We first asked whether arm-leg coordination is a real, separable part of gait, or just
a byproduct of how fast and how far the limbs move. Two questions follow: does
coordination matter for gait stability beyond what walking speed explains, and does
it stand apart statistically from lower-limb and arm-amplitude measures?

2.2.1 Arm-leg coordination predicts gait variability independent of
walking speed

Arm swing metrics were mapped against two domains of gait performance: pace (gait
speed, Figure 3 Top Row) and lower limb gait variability (swing time variability
adjusted for speed, Figure 3 Bottom Row), the latter representing rhythmic stabil-
ity. All arm swing metrics were significantly associated with walking speed (Pearson’s
correlation coefficient, |r| = 0.22 — 0.52), but their relationship with gait variability
changed after controlling for the confounding effect of speed. Arm Swing Amplitude
explained little of the variance in gait variability (Partial R2=0.056). Similarly, tempo-
ral variability of the arm swing (Partial R?=0.078) and amplitude variability (Partial
R? =0.094) showed only moderate associations.

Arm-leg PLV was the strongest arm swing predictor of gait variability. Even after
adjusting for walking speed, it explained 13.1% of the residual variance (Partial R? =
0.131, p < 0.001), more than any unilateral arm metric. Dominance analysis showed
a clear hierarchy of predictors (Table 1; total model R? = 0.463). Gait speed was
the primary determinant of gait variability, accounting for 44.8% of the model’s total
explained variance, followed by arm-leg PLV at 26.0%. Arm Swing Amplitude con-
tributed only 1.6%. This indicates that the temporal synchronisation of the limbs is
a stronger predictor of rhythmic stability than the kinematics of the arm swing itself,
and that some of the instability observed in frail gait is associated with degraded
inter-limb coordination rather than slower walking speed alone.
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Distinct Associations of Arm Swing Metrics with Gait Speed versus Speed-Adjusted Gait Variability
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Fig. 3: Distinct associations of arm swing metrics with gait speed and speed-adjusted
gait variability. Top row: Relationships between arm swing parameters and gait speed
(walking pace). Pearson’s correlation coefficients (r) indicate that arm swing ampli-
tude and variability metrics are coupled with walking speed (purple lines). Bottom
row: Relationships between arm swing parameters and lower limb Swing Time Vari-
ability (gait rhythmic stability) after adjusting for gait speed and age. Partial residual
plots (brown lines) display the unique variance explained (Partial R?) and the regres-
sion slope (). Higher Arm Swing Amplitude is associated with increased variability
(positive B, indicating noise), whereas higher coordination (PLV) is associated with
decreased variability (negative 3, indicating stability). All associations displayed are
statistically significant (p < 0.001).

Table 1: Dominance Analysis of Arm Swing Metrics, separating the unique contribution
of each parameter from the shared variance.

Predictor Regression Dominance Analysis
Std. 3 R? Rank % Contribution
Gait Speed -0.491 0.208 1 44.8%
Arm-leg PLV -0.249 0.120 2 26.0%
Variability of Arm Swing Time -0.020 0.073 3 15.7%
Variability of Arm Swing Amplitude 0.089 0.042 4 9.1%
Age 0.015 0.013 5 2.8%
Mean Arm Swing Amplitude 0.097 0.007 6 1.6%

2.2.2 Arm swing kinematics form an independent dimension of the
overall gait profile

Regression analysis showed coordination to be an independent predictor of stability,
but this result leaves unexplained whether arm swing parameters represent a dis-
tinct domain of locomotor control or whether they are simply a byproduct of lower
limb movement. To test this, we ran an Exploratory Factor Analysis on the full gait
parameter set (Table 2) and a focused analysis of arm swing metrics (Table 3).
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For the whole structure of gait (Table 2), the parameters are separated into
six orthogonal dimensions explaining 82.9% of the total variance (Parallel Analy-
sis identified six dimensions as optimum). Several arm swing metrics, consisting of
spatio-temporal variability and arm-leg PLV formed an independent factor (Factor 3),
distinguishing from lower-limb temporal rhythmicity (Factor 1) and step-to-step vari-
ability (Factor 2). Factor 3, representing Arm Swing Variability, accounts for 12.6% of
the total variance in the gait parameter space, marking it as a substantial, independent
locomotor domain.

Table 2: Rotated Factor Matrix for Gait and Arm Swing Parameters:
Bold values indicate |loadings| > 0.5. |Loadings| < 0.2 are omitted. F1=Rhythm,
F2=Rhythmic Stability, F3=Arm Swing Variability, F4=Pace, F5=Spatial Stabil-
ity, F6=Lower-limb Swing Timing. F6 is not the primary loading for any variable.
The highest loadings of F6 are Avg Swing Time (0.683) and Cadence (—0.449),
listed under F1.

Gait variable F1 F2 F3 F4 F5 F6
Rhythm (F1)

Avg Stride Time 0.953

Avg Step Time 0.954

Avg Stance Time 0.951 -0.204

Avg DLS Time 0.923 -0.263

Cadence -0.809 0.227 -0.449
Avg Swing Time 0.517 0.683
Rhythmic Stability (F2)

Var Step Time 0.218 0.925 0.212

Var Swing Time 0.258 0.821 0.215 -0.225 0.204

Var DLS Time 0.754 0.312

Var Stance Time 0.660 0.446 0.434 0.243
Var Stride Time 0.641 0.458 0.408
Asymmetry 0.586

Arm Swing Variability (F3)

Var Arm Swing Time 0.290 0.792

Arm-leg PLV -0.353 -0.769 -0.229

Var Arm Swing Amplitude 0.753 0.201

Pace (F4)

Avg Stride Length -0.314 0.899

Avg Step Length (L) 0.776 -0.236  0.214
Avg Gait Speed -0.523 0.743 -0.270
Arm Swing Amplitude -0.223 0.295 0.291

Spatial Stability (F5)

Var Gait Speed 0.349 0.329 -0.209 0.832

Var Stride Length 0.232 0.247 -0.242  0.812

Var Step Length (L) 0.255 0.401 -0.201  0.523
Variance Expl. 24.8% 17.7%  12.6% 11.7% 114%  4.7%
Cumulative Var 24.8%  425% 55.1% 66.8% 78.2% 82.9%

The focused analysis on the upper limb parameters (Table 3) separated two under-
lying groups: Factor 1 (“coordination and stability”) loaded heavily on arm-leg PLV
(0.897) and Arm Swing Time Variability (—0.875), capturing the consistency of the
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movement pattern, while Factor 2 (“pace and capacity”) loaded on Mean Arm Swing
Time (—0.696), capturing the magnitude of the movement. Mean Arm Swing Ampli-
tude loaded on the same factor at 0.474, below the 0.5 threshold used here. Gait Speed
was shared, cross-loading on both factors (0.643 on coordination and stability, 0.717
on pace and capacity). Arm Swing Amplitude Asymmetry loaded weakly on both
(—0.216 at most), indicating that side-to-side imbalance varies largely independently
of the two axes. Overall, this suggests that while walking speed reflects the ability to
maintain healthy spatiotemporal strides, the control needed for precise arm-leg coordi-
nation (Factor 1) is different from the physical capacity driving arm swing magnitude
and pace (Factor 2).

Table 3: Rotated Factor Matrix for Upper Limb Parameters. This focused factor
analysis identifies the two factors of arm swing behaviour. Bold values indicate |[loadings|
> 0.5. |Loadings| < 0.2 are omitted. Factor 1 represents Coordination and Stability, while
Factor 2 represents Pace and Capacity of arm swing.

Variable Factor 1 Factor 2
Coordination & Stability

Arm-leg PLV 0.897

Variability of Arm Swing Time -0.875

Variability of Arm Swing Amplitude -0.718 0.345
Arm Swing Amplitude Asymmetry -0.216
Pace & Capacity

Mean Arm Swing Time -0.696
Mean Arm Swing Amplitude 0.474
Cross-Loading

Gait Speed 0.643 0.717
Variance Explained 36.0% 20.1%
Cumulative Variance 36.0% 56.2%

2.3 Coordination shows no age-related change but is reduced
with frailty

We then asked whether coordination carries clinical meaning. If it reflects a neural
control process rather than general physical capacity, it should hold steady across
older age yet respond once the neuromotor system that maintains it is challenged or
damaged. We looked for this pattern across three settings — older age, frailty, and
Parkinson’s disease.

2.3.1 Arm swing amplitude declines with age while coordination
does not

To characterise how arm swing varies across older age, we modelled trajectories for
men and women aged 60 to 90 years using Generalised Additive Models for Location,
Scale and Shape (GAMLSS), in the 1,476 participants of the home-based cohort who
fell within this age range (847 women, 629 men; 23 were older than 90). This analysis
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showed a clear dissociation between the physical magnitude of movement and the
neural control of rhythm.

Age Trajectories of Arm Swing Metrics
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Fig. 4: Age trajectories of Arm Swing Amplitude and Inter-limb Coordination:
GAMLSS-fitted centiles for home-based Arm Swing Amplitude (left) and arm-leg PLV
(right), in 1,476 participants aged 60 to 90 years. Arm Swing Amplitude declined
progressively with advancing age in both sexes, consistent with general losses in loco-
motor capacity. The bands for PLV are flat across the 30-year span, and the age term
did not improve model fit in either sex (both p > 0.6).

Arm Swing Amplitude declined steadily with age in both sexes (Figure 4, left
panels), reflecting a natural loss of locomotor capacity or musculoskeletal flexibility.
The decline was clear in both sexes when tested against a model with no age term
(women: likelihood-ratio x?(1) = 32.3, p < 0.001; men: y%(1) = 15.2, p < 0.001),
amounting to a fall in fitted median amplitude of 12.2° in women (95% CI 8.0 to
16.3°) and 8.4° in men (95% CI 4.2 to 12.5°) across the 30-year span.

In contrast, arm-leg PLV showed no detectable trend with age (Figure 4, right
panels): the fitted centile bands were flat across the age range in both sexes. Testing
the age term directly, neither a linear age effect (women: x2?(1) = 0.18, p = 0.67; men:
x2(1) = 0.23, p = 0.63) nor a penalised smooth (women: x?(2.1) = 4.87, p = 0.10; men:
x%(1.4) = 1.07, p = 0.41) improved on a model without age. The fitted median PLV
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changed by +0.013 in women and —0.015 in men between ages 60 and 90, both well
inside the 0.027 minimal detectable change computed in the validation cohort. Arm
swing amplitude and inter-limb coordination therefore behave differently across this
age range. Whether the stability of the coupling reflects preserved control or simply an
insensitive measure cannot be settled from these trajectories alone, so we next asked
whether the same measure responds to an everyday challenge and to disease.

2.3.2 Recovery of coordination is slower for frail compared to
healthy older adults

We next used arm-leg PLV to ask how quickly coordination is restored after a turn.
Turns act as natural perturbations that disrupt steady-state walking and are a known
challenge for older adults, contributing to falls [18, 19]. Of 18,614 turns detected across
the home-based recordings, 1,334 participants had enough straight-line walking around
a turn to give a coordination value at every step in the window (116 non-frail, 1,030
pre-frail, 188 frail; median 7 turns each, IQR 4 to 13). All groups showed the same
“V-shaped” trajectory (Figure 5a): PLV dropped during the turn and recovered over
the following steps. Coordination before the turn was already lower with increasing
frailty (0.731, 0.680 and 0.637 in non-frail, pre-frail and frail adults; both differences
p < 0.001), and the recovery that followed was slower.

(a) Gait resilience: recovery of coordination after turning (b) Slope deficits (frail vs non-frail) remains
08 iz significant across most window sizes
H
12 0.01
075} Hi =
q S p=0022" p=0004 p=0050 p=0.011*
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Fig. 5: Dynamic resilience and recovery of arm-leg PLV following a turn. (a) Tra-
jectories of arm-leg PLV before and after a turn event (Step 0), stratified by clinical
frailty phenotype. While all groups experience an expected mechanical drop in phase-
locking during the turn, recovery slows progressively with frailty status: pre-frail adults
regain baseline coordination 11% more slowly and frail adults 21% more slowly than
non-frail older adults. Estimates are from a mixed model weighted by the number of
turns each participant contributed. Shaded regions represent 95% confidence interval.
(b) Recovery slope deficits (frail vs. non-frail) across varying post-turn windows (2-5
steps). Estimates are negative at every window length and reach significance at three
of the four, indicating a consistent direction of effect.

Non-frail older adults recovered at 0.069 PLV units per step (95% CI 0.062 to
0.075). Pre-frail adults recovered 11.2% more slowly (Binteraction = —0.008, 95% CI

11


https://doi.org/10.64898/2026.08.03.26359452
http://creativecommons.org/licenses/by/4.0/

medRXxiv preprint doi: https://doi.org/10.64898/2026.08.03.26359452; this version posted August 5, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in
perpetuity.
It is made available under a CC-BY 4.0 International license .

—0.015 to —0.001, p = 0.034) and frail adults 20.6% more slowly (Binteraction = —0.014,
95% CI —0.024 to —0.005, p = 0.004). Recovery therefore slowed step by step with
frailty status, which suggests a progressive loss of the reserve needed to restore stability
after an everyday perturbation. The deficit was consistent across post-turn windows of
2 to 5 steps (Figure 5b). Sensitivity analyses that weighted, adjusted for, or restricted
on the number of turns each participant contributed gave the same result, with one
exception: when the sample was limited to the 542 participants with at least ten turns,
the estimate was smaller and no longer significant (Table A4).

2.3.3 Coordination is reduced in Parkinson’s disease

If rhythmic arm-leg coordination does not change across older age, is it affected by
neurological disease? We tested this in patients with Parkinson’s disease. This com-
parison used a laboratory dataset recorded with optical motion capture rather than
the wearable system (previously reported by Mei et al. [20]; Amprimo et al. [21]), and
is therefore a test of the PLV construct itself rather than of the wearable algorithm.
As the two groups were recruited independently and the controls were on average 6.9
years older, we first age-matched them one-to-one, giving 35 pairs with no residual age
difference (both groups 62.5 years). We compared Arm Swing Amplitude, Asymme-
try and PLV between these 35 matched controls and 35 individuals with PD recorded
before Deep Brain Stimulation (DBS) surgery.

Table 4: Arm swing comparison between Parkinson’s Disease and healthy control in the age-
matched sample, measured with optical motion capture. LMM S is reported in the units of
each measure.

Control PD , LMM g
Measure M (SD) M (SD) Hedges’ g [95% CI] (SE) PLMM
Amplitude (°)  24.1 (7.9) 18.7 (9.6)  —0.60 [~1.08, —0.12]  —5.38 (2.07)  .009
Asymmetry 103 (5.1)  16.7 (10.9) 0.75 [0.27, 1.24] 6.47 (2.01)  .001
PLV 0.860 (0.017) 0.820 (0.075) —0.73 [-1.21, —0.24] —0.040 (0.013)  .002

Note. M = participant mean; SD = between-participant standard deviation. Hedges’ g is from independent-
samples t-tests on participant means in the age-matched sample (Control n = 35, PD n = 35); all three
differences were significant (p < .013), and the confidence intervals exclude zero. LMM f = fixed-effect esti-
mate from the segment-level model with Control as reference; SE = standard error. Positive g for Asymmetry
indicates higher (worse) values in PD; negative g for Angle and PLV indicates lower (worse) values in PD.

Arm Swing Amplitude was significantly reduced in PD relative to healthy con-
trols (Hedges’ g = —0.60, 95% CI [—1.08, —0.12]), about a 22% reduction. Arm Swing
Asymmetry was substantially greater in the PD group (g = 0.75 [0.27,1.24]), reflect-
ing greater side-to-side imbalance. PLV was significantly lower in PD (¢ = —0.73
[—1.21, —0.24]), indicating degraded bilateral arm-leg coordination. A linear mixed-
effect model gave group differences in the same direction and of comparable magnitude
(Table 4). The PD—control difference in PLV of 0.040 units exceeds the 0.027 mini-
mal detectable change of the wearable system, though we note that this comparison
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was made with optical markers on a fixed path, so it does not by itself show that the
wearable would resolve the same difference in home conditions. Taken together, these
results show that arm-leg coordination is separable from pace and lower-limb move-
ment, stays steady across healthy age, and is sensitive to both frailty and neurological
disease.

3 Discussion

Using a wearable-sensor algorithm validated against optical motion capture, this study
quantifies home-based arm swing parameters and arm—leg coordination in older adults,
and shows their value as markers of locomotor health beyond walking speed. The algo-
rithm quantified arm swing parameters, their variability, and inter-limb coordination
through the Phase Locking Value (PLV) in settings where earlier methods could not.
Applied to home-based recordings, this framework produced several findings about
gait of older adults:

1. PLV was validated as a measure for coordination, and explained gait variability
well after adjusting for gait speed;

2. Exploratory factor analysis showed that arm swing kinematics form a distinct
dimension of overall gait;

3. Arm Swing Amplitude declined with age, whereas arm-leg coordination did not
change detectably across the same range;

4. Recovery of coordination following a turn slowed progressively with frailty status,
from non-frail through pre-frail to frail older adults;

5. Parkinson’s Disease (PD) patients showed worse arm swing coordination, smaller
swing amplitude and greater asymmetry than healthy controls.

Together, these findings challenge the view that arm swing is a passive, mechanical
byproduct of lower limb movement. Gait speed was the single largest contributor to
gait variability, accounting for 44.8% of the explained variance, but PLV contributed
to gait stability independent of walking speed, explaining a meaningful share of the
remaining variance (partial R?=0.131). This indicates that inter-limb phase locking
plays an active role in managing step-to-step fluctuations. The factor analysis sup-
ported this finding: a separate axis for arm swing variability, on which arm swing
spatio-temporal variability and inter-limb coordination loaded highly. Taken together,
the results highlight the value of directly measuring arm swing to capture a fuller
picture of gait. The arm-swing-specific factor analysis separated two axes: “pace and
capacity” (Arm Swing Amplitude and gait speed) and “coordination and stability”
(arm-leg PLV and swing variability). This distinction matters clinically: an older adult
who walks quickly with a large Arm Swing Amplitude (high capacity) may still lack
the neural coordination to stabilise that movement against everyday perturbations
(low stability) — and walking fast without rhythmic stability could increase their fall
risk. Quantifying PLV during walking in the home allows identification of coordination
deficits, that speed-based assessments such as the 4-metre walk test miss, enabling
clinicians to identify these hidden subtle deficits and intervene in time.
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Our findings show that arm-leg coordination (PLV) predicts real-world rhythmic
stability, consistent with evidence linking poor inter-limb coordination to higher fall
risk in older adults [22, 23]. The lower baseline PLV in frail older adults, together
with their slower post-turn recovery, indicates that these individuals possess limited
functional reserve and reduced automaticity in locomotor control [24]. The inter-limb
coupling that PLV captures reflects a locomotor control system that humans share
with other mammals. In animal models, each limb is controlled by its own spinal
central pattern generator, and these networks are coordinated by long propriospinal
pathways linking the cervical and lumbar cord, together with somatosensory feed-
back and descending supraspinal pathways [25]. In humans, rhythmic arm movement
during walking arises from both passive biomechanical linkages and active neural
commands, and the arm-leg coordination it produces is thought to draw on these
same conserved circuits [25, 26]. This layered organisation may help explain the pat-
tern we observed: the basic arm—leg coupling appears stable and largely automatic,
showing no change across the age range we modelled (Section 2.3.1), yet dependent
on intact neural circuitry — hence the reduced PLV in individuals with PD (Section
2.3.3), where dopaminergic degeneration specifically disrupts the basal ganglia organ-
isation that drives rhythmic locomotor automaticity [27, 28]. Adjusting that coupling
to meet a more complex demand, such as restoring coordination after a turn, relies
on more flexible control that is vulnerable in frail individuals (Section 2.3.2). Turning
also demands prefrontal executive control beyond that of steady-state walking [29, 30].
Hence, a frail functional reserve, already challenged during straight line walking, is
quickly overwhelmed [24, 31]. This cognitive-motor overload is a plausible explanation
for the delayed inter-limb coordination recovery we observed, and illustrates how a
loss of automatic neural control may leave frail individuals vulnerable to falls during
daily life.

Clinically, separating locomotor capacity from coordination control matters for
accurate geriatric assessment. Age-related declines in Arm Swing Amplitude likely
reflect normal physiological changes with age, such as sarcopenia, joint stiffness, or
more cautious gait [32]. Arm-leg coordination behaved differently: PLV showed no age
trend across the 30-year span we modelled. Earlier reports of age-related change in
inter-limb coordination compare young with older adults and largely concern coupling
between the legs [22]; in the treadmill validation cohort, young (n=41, 23.7 years) and
older adults (n=25, 68.0 years) differed in PLV by only 0.008 units, well below the
0.027 minimal detectable change and not statistically significant (p = 0.36). A drop
in arm—leg coordination in an older adult is therefore more likely to signal a neuro-
logical deficit than ordinary physical decline. The clear reduction in PLV observed
in individuals with PD — a large effect size, derived from wrist and foot kinematics
alone — points to the diagnostic sensitivity of these coordination metrics and their
potential as screening tools for neuromotor dysfunction across the clinical spectrum.
Given that arm swing can be captured continuously and unobtrusively from wearable
sensors in free-living conditions, inter-limb coordination indices could offer a scalable,
low-burden complement to assessments such as the MDS-UPDRS or Timed-Up-and-
Go test. Future work should test whether inter-limb coordination is a modifiable risk
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factor, for example, whether rhythmic auditory stimulation, dual-tasking, or com-
plex agility training can restore PLV and preserve sensorimotor plasticity in pre-frail
populations [31].

This study has three main limitations. First, the design is cross-sectional, so we
cannot describe how arm swing changes within a person over time, and the minimal
clinically important difference for these metrics remains to be established; both require
longitudinal follow-up. Second, the algorithm was validated on treadmill walking. Sen-
sor heading drifts on a treadmill as it does overground, and the adaptive-PCA step
corrected that drift here, so the same correction should extend to the larger head-
ing changes that turning produces. However, showing this directly would nonetheless
require overground recordings against optical motion capture, which this study does
not include. Third, the home recordings were supervised and confined to a single ses-
sion, and participants chose their own route, so the number of turns available differed
between them. We weighted each participant by their turn count and repeated the
analysis across window lengths, turn-count thresholds and model specifications (Table
A4). The deficit held in every setting except the most restrictive turn-count thresh-
old. Recording over several days would supply more turns per person and allow how
much a person walks to be separated from how well they recover.

4 Conclusion

In summary, this study measured overground arm swing kinematics with a wearable
sensor algorithm, yielding metrics for locomotor capacity, variability, and coordina-
tion. While traditional clinical evaluations heavily prioritise lower-limb movements
and overall walking speed, arm swing measures added information about gait beyond
walking speed and lower-limb parameters in older adults. By providing a validated
method to measure arm swing under real-world conditions, this work offers a new
instrument for evaluating coordination and rhythmic stability, potentially targeting
underlying locomotor deficits before falls occur.

5 Methods

5.1 Data Collection and Processing
5.1.1 Study participants and data collection protocol

This study used data from three different cohorts: (a) a lab-based study with IMU and
motion capture system for technical validation of arm swing parameters, (b) a home-
based overground walking study for evaluation of arm swings in older adults and (c) a
Deep Brain Stimulation (DBS) study cohort that consists of Parkinson’s Disease (PD)
patients and healthy controls. All participants provided written informed consent, and
the respective study protocols were approved by the local institutional review boards,
adhering to the principles of the Declaration of Helsinki. Ethical approval was granted
by the Cantonal Ethics Commission Zurich for the lab-based treadmill cohort (EK-
2021-N-145) and by the National University of Singapore Institutional Review Board
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for the home-based cohort (NUS-IRB-2021-168); approval for the DBS cohort is stated
in Section 5.1.4. Table 5 summarises the demographics of all three cohorts.

Table 5: Demographics of the lab-based treadmill cohort, the home-based overground
walking cohort and the DBS Parkinson’s disease cohort.

Cohort Group n Age (years) Range Female
M (SD) (years) n (%)
. Young 41 237 (2.3) 19-20 24 (58.5%)
Lab-based treadmill Older 25 68.0 (4.5) 60-77 16 (64.0%)
Home-based overground — 1499 73.8 (7.6) 60-99 861 (57.4%)
Control 35 62.5 (10.3) 40-77 n.r.
DBS, age-matched PD 35 625 (10.1) 4177 7 (20.0%)

Note. The home-based row describes the 1,499 participants with complete gait, demographic and
frailty data; the number contributing to each analysis is given in the relevant Results section and
in Section 5.1.3. The DBS rows describe the age-matched sample used in Section 2.3.3, drawn from
51 controls and 54 patients; the two groups were matched one-to-one on age and do not differ
(p = 1.00). n.r. = not recorded; sex was not available for the DBS control group.

5.1.2 Lab-based treadmill cohort

Data were collected from 100 participants recruited from the local community in
Zirich, Switzerland, in two age groups: 50 young adults (23.8 + 2.3 years) and 50
older adults (68.8 + 5.7 years). Inclusion criteria were individuals with no known neu-
rological disorders, movement dysfunction, or fall history. Each participant walked
continuously on a treadmill for six minutes at a constant, self-selected comfort-
able speed. Synchronised wearable and optical recordings suitable for validation were
obtained from 66 of them, and these 66 form the validation sample reported here: 41
young adults (23.7 4 2.3 years, range 19 to 29; 24 women, 58.5%) and 25 older adults
(68.0 £ 4.5 years, range 60 to 77; 16 women, 64.0%).

For validation ground truth, gait kinematics were recorded at 100 Hz using a
10-camera optical motion capture system (Vicon Nexus v2.3/2.8.2, Oxford Metrics,
UK) with 61 reflective markers. Wearable gait data were recorded using Inertial Mea-~
surement Unit (IMU) sensors (ZurichMove, Ziirich, Switzerland [33, 34]). Sensors
were placed on both feet, on the pelvis and on both wrists. Each IMU captured tri-
axial acceleration and tri-axial angular velocity with a dynamic range of £16 g and
+2000° /s, respectively, sampled at 200 Hz and time-synchronised across all sensors.

5.1.3 Home-based overground walking cohort

Data were drawn from the Targeted Assessment and Recruitment of Geriatrics for
Effective fall prevention Treatments (TARGET) cohort study for assessment of falls
and fracture risk in community-dwelling older adults in Singapore. The study is a
cross-sectional investigation with stratified random sampling of older adults across

16


https://doi.org/10.64898/2026.08.03.26359452
http://creativecommons.org/licenses/by/4.0/

medRXxiv preprint doi: https://doi.org/10.64898/2026.08.03.26359452; this version posted August 5, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in
perpetuity.
It is made available under a CC-BY 4.0 International license .

Singapore. The study was conducted in the participant’s own home environment.
Participants were instructed to walk continuously for at least five minutes, at home
in their preferred setting. They were free to turn as needed, and a study interviewer
closely followed behind for safety. IMU data were collected with the same sensor model,
placement (both wrists, both feet, pelvis) and sampling configuration as the lab-based
cohort.

1,499 participants with wrist sensor data had complete demographic and frailty
data and form the home-based cohort described in Table 5 (73.8 £ 7.6 years, range 60
to 99; 861 women, 57.4%). The number contributing to each analysis differs according
to the variables it requires: 1,497 for the speed-adjusted regressions, dominance anal-
ysis and factor analyses; 1,476 for the normative GAMLSS models, which additionally
require the participant to fall within the modelled age range of 60 to 90 years; and
1,334 for the turn-recovery analysis, which requires a complete peri-turn coordination
profile (Section 2.3.2).

5.1.4 DBS PD study cohort

We used a previously collected dataset introduced by Mei et al. [20] and Amprimo et
al. [21], Gait kinematics were available before STN-DBS electrode implantation, while
ON-medication, for 54 individuals diagnosed with PD, and for 51 healthy controls
evaluated once. The groups were recruited independently and were not age-matched
by design: the PD patients were 59.7 £ 10.5 years old (range 36 to 77) and the
controls 66.6 + 10.8 years (range 40 to 85), a difference of 6.9 years (p = 0.001).
The comparison therefore used an age-matched subsample of 35 pairs, implemented in
the Matchlt package for R [35]. Matching was one-to-one without replacement, both
groups averaged 62.5 years.

Within that subsample the PD patients had a mean age at symptom onset of 53.4
+ 9.5 years, a disease duration of 9.1 + 4.4 years, a Hoehn and Yahr stage of 2.1
4 0.5. Inclusion criteria for the PD group were a diagnosis of idiopathic Parkinson’s
disease, age between 18 and 90 years, designation for STN-DBS implantation at Uni-
versity Hospital Zurich, and the ability to walk independently and continuously for 10
minutes. Participants in the lab-based treadmill cohort and this cohort were separate
samples with no overlap. Participants walked barefoot at a self-selected speed for 10
continuous minutes, without assistance, along an 8-shaped path around two markers
positioned 10 m apart. Only straight-path segments were recorded. Gait kinematics
were recorded at 100 Hz using a 10-camera optical motion capture system (Vicon
Nexus v2.3/2.8.2, Oxford Metrics, UK) with 61 reflective markers. All arm swing and
coordination parameters for this cohort were derived directly from the marker trajec-
tories, using the same definitions applied to the wearable data. Ethical approval was
granted by the Cantonal Ethics Commission Zurich (Protocol no. 2015-00141), and
all participants provided written informed consent.

5.1.5 Wearable Data Processing and Gait Parameter Extraction

The lab-based treadmill and home-based overground cohorts were both recorded with
wearable IMUs and processed as follows. For each walk, key gait events (heel-strikes
and toe-offs) were then extracted from the foot sensors across the full recording using
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a previously validated event-detection algorithm from the tri-axial accelerometer and
gyroscope signals [34]. As non-stationary movements can confound variability metrics,
we also applied validated turn- and pause-detection algorithms [33] and discarded
pauses longer than 5 seconds and turns exceeding 45°. This restricted the analysis to
continuous straight-line walking, so that the resulting metrics reflected near steady-
state gait variability in the home-based overground setting.

A set of spatio-temporal parameters was then derived per gait cycle from these
events. The temporal parameters — stride, swing, stance, step, and double-limb-support
times — followed directly from the event timings [33]. The spatial parameters, stride
length and gait speed, were obtained by strapdown integration of the foot accelerom-
eter signals, with sensor orientation estimated using the Versatile Quaternion-based
Filter (VQF) [36]. Variability was quantified as the Robust Coeflicient of Variation:

1.4826 x Median Absolute Deviation(z)

100
Median(z) x 100%,

RCVMAD (Z‘) =

where the constant 1.4826 rescales the median absolute deviation so that it esti-
mates the standard deviation for normally distributed data, making RCVyap directly
comparable in magnitude to the conventional coefficient of variation [37].

5.2 Arm Swing Quantification with Wearable Sensors

To quantify the behaviour of arm swing using wearable IMU sensors, we extracted
continuous arm swing trajectories, discrete gait events, and spatiotemporal parameters
from the wrist-worn IMU data. This process mirrors standard lower limb gait analysis
algorithms [33], where continuous kinematics are broken down into cycles (analogous
to heel strikes in lower-limb analysis) to enable cycle-to-cycle variability assessment
[23].

5.2.1 Continuous Drift-Free Arm Swing Trajectories Estimation
from IMU Sensors

The Arm Swing Trajectory (6) is the overall angular displacement of the forearm
segment projected onto the instantaneous plane of progression. Biomechanically, this
projection isolates the anterior-posterior contribution of the limb to locomotor rhythm,
omitting non-sagittal components such as arm abduction or circumduction. To quan-
tify Arm Swing Angle in real-world environments without reliance on magnetometers
(which are susceptible to ferromagnetic interference), we developed a drift-correction
algorithm based on adaptive Principal Component Analysis (PCA). First, raw sensor
orientation quaternions (q) were converted into a global rotation matrix to extract the
forearm unit vector, Viorearm. Since the gravity vector (g = [0,0, —1]) provides a sta-
ble vertical reference, the primary challenge was correcting the drift in the horizontal
orientation (yaw).

We assumed that during walking, the dominant axis of arm motion occurs in
the sagittal plane (anterior-posterior direction). These are the steps to estimate this
heading vector dynamically:
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1. Horizontal projection: The vertical component of the forearm vector was
subtracted to isolate the horizontal trajectory.

2. Sliding window PCA: We applied PCA to the horizontal forearm trajectory
over a sliding window of 2.0 seconds (approx. 2 gait cycles). The first principal
component (eigenvector corresponding to the largest eigenvalue) was identified as
the instantaneous axis of arm swing.

3. Heading alignment: To prevent 180° flipping (i.e. forward to backward), the
eigenvector was continuously aligned with the previous heading estimate using a
dot-product continuity check.

4. Signal smoothing: The resulting heading vector was low-pass filtered (Butter-
worth filter, 4th order, cut-off 0.1 Hz) to remove step-to-step oscillations while
preserving the trajectory of the walking path.

Finally, the arm swing angle 6(t) was evaluated by projecting the forearm vector onto
the sagittal plane defined by the estimated heading and the gravity vector (as shown
in Figure 1). The angle was computed as the deviation between the projected vector
and the vertical, where positive values indicate forward swing and negative values
indicate backward swing, as stipulated by the following equation:

H(t) = atanz(vprojected (t) - Uforward Vprojected (t) : g)

where Vprojected 18 the projected forearm vector, § is the gravity vector defining the
vertical axis, and Ugorwarq 1S the drift-corrected heading vector defining the forward
axis. This formulation ensures a continuous signed angle where 0° corresponds to the
neutral vertical position, positive values denote forward swing, and negative values
denote backward swing.

5.2.2 Determining arm swing events

Gait events were automatically detected from the continuous arm swing angle signal
using a peak detection algorithm (findpeaks, Signal Processing Toolbox, MATLAB
R2025b [38]) validated against optical motion capture.

e Maximal Forward Swing (FS): Defined as the local maxima of the angle signal (peak
flexion).

e Maximal Backward Swing (BS): Defined as the local minima of the angle signal
(peak extension).

For each gait cycle i, the Arm Swing Amplitude was calculated as the range of motion.
Arm Swing Time was calculated as the temporal difference between consecutive back-
ward swing events. To ensure analysis of steady-state gait, turns and non-walking
periods were automatically excluded based on the angular velocity of the pelvis-worn
IMU.

The FS event was used as the primary temporal point for the arm swing cycle —
analogous to the Heel Strike in lower-limb gait analysis. Just as the heel strike marks
the initiation of the stance phase and sets the cadence of the legs, the FS marks
the distinct maximal point of the arm’s pendular movement, providing a marker for
extracting cycle-to-cycle timing and variability.
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5.2.3 Derivation of Spatio-temporal Arm Swing Parameters

Based on these events, the following spatiotemporal arm swing parameters were
calculated for each gait cycle i:

® Arm Swing Amplitude, Oswing: Quantifying the total range of motion within a cycle,
calculated as the difference of angles between FS and BS i:

Oswing = Ors, — 0Bs,-

® Arm Swing Time, tswing: The temporal duration of one complete arm cycle, defined
as the time interval between consecutive BS events

tswing = tBS,i+1 — tBS,i-

® Arm Swing Time Variability and Arm Swing Amplitude Variability, Var(tswing) and
Var(Oswing): The Robust Coefficient of Variation, RCVumap as defined above, of the
arm swing time and of the arm swing amplitude respectively [37], serving as metrics
of rhythmic stability.

® Arm Swing Asymmetry: The symmetry angle of bilateral swing amplitudes ((45" -

arctan(Xp/Xp))/ 90") x 100, quantifying the difference in amplitude between the
left and right arm swing. [39]

5.2.4 Quantifying upper and lower limb coordination using Phase
Locking Value

To quantify the stability of inter-limb coordination, we sought a single-valued metric
that captures the strength of synchronisation between the contralateral arm and leg.
Phase-based measures of limb coupling have precedent in this setting: using wrist-
worn accelerometers, Huang et al. [15] showed that the variability of the instantaneous
relative phase between the two arms was elevated in Parkinson’s disease, and that
this loss of coordination was distinguishable from the amplitude asymmetry more
commonly reported. That work addressed bilateral arm—arm coupling; the arm-leg
coupling of interest here requires a metric with the same phase-based logic but applied
across the upper and lower limb. Although the Phase Coordination Index (PCI) [40] is
widely used in gait analysis, it was developed to characterise the anti-phased timing of
left-right stepping (bilateral lower-limb coordination) and is therefore not intended to
capture the 1:1 frequency locking between the upper and lower limbs that is of inter-
est here. Continuous Relative Phase (CRP) offers a more detailed, time-continuous
phase relationship, but the choice of summary statistic matters [41]. Linear summaries
such as mean absolute relative phase or deviation phase can be distorted by phase-
wrapping, because phase is a circular quantity confined to [—m, 7] and thus jumps
discontinuously at the boundary. For example, a set of phase differences clustered near
a half-cycle boundary (e.g. +178° and —178°, just 2° apart across the wrap) represents a
constant coordination state, yet a linear average returns approximately 0° erroneously
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implying in-phase coupling. To overcome these limitations and obtain a direct quan-
tification of coordination, we used the Phase Locking Value (PLV) [42]. Rather than
averaging the phase-difference values, PLV represents each phase difference as a unit
vector and computes the magnitude of their mean resultant vector. As this operation
has no boundary discontinuity, it is inherently insensitive to phase wrapping; in the
example above, the samples across the wrapping boundary point in nearly the same
direction and yield a high PLV, correctly reflecting stable coupling. PLV is mathemat-
ically equivalent to the circular concentration of the CRP distribution, and returns a
normalised value between 0 and 1 that is independent of movement amplitude or the
specific phase lag angle, where 1 denotes perfectly consistent coupling and 0 denotes
random phase drift.

First, the instantaneous phase ¢(t) of the arm swing trajectory and the con-
tralateral foot pitch were extracted using the Hilbert Transform. This transformation
converts the real-valued kinematic signal z(t) into a complex analytical signal Z(t):

Z(t) = z(t) + iH[z(t)] = A(t)e?®

where H is the Hilbert transform, A(t) is the instantaneous amplitude envelope, and
¢(t) is the instantaneous phase within [—, 7r]. The continuous relative phase difference
between arm swing and foot pitch was then calculated as Ad(t) = Parm swing(t) —
(bfoot pitch (t)

Then, the PLV was computed as the length of the mean resultant vector of
the relative phase distribution over the duration of the walking bout (over N data
samples):

LS~ s

PLV = ’ ~ ; e :

The resulting value ranges from 0 to 1, providing a normalised index of synchronization

consistency. PLV = 1 indicates perfect 1:1 frequency locking with a constant phase lag

(strict coupling), while PLV = 0 indicates complete uncoupling or random drift. In the

context of upper and lower limbs coordination, a high PLV reflects a gait controller

that maintains synchronisation despite environmental noise. Conversely, a reduced

PLV indicates poor arm-leg coupling, characterizing a frailty-associated degradation
in the precise timing of inter-limb coordination.

5.3 Statistical analysis
5.3.1 Validation and Comparison

The proposed wearable system was assessed against the optical motion capture across
three dimensions: continuous waveform fidelity, event detection precision, and param-
eter agreement. Continuous arm swing trajectories were evaluated using Root Mean
Square Error (RMSE), Pearson’s correlation coefficient (r), and the Coefficient of
Multiple Correlation (CMC) [43] to quantify waveform similarity and tracking accu-
racy. Discrete gait event detection (Maximal Backward and Forward Swing) was
assessed using Fl-scores, Sensitivity, and Positive Predictive Value (PPV) [34] to
determine temporal precision. Finally, the agreement of derived spatiotemporal and
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coordination parameters (e.g., Amplitude, Swing Time, PLV) was quantified using
the single-measure, absolute-agreement Intraclass Correlation Coefficient, ICC(A,1)
[44], and Bland-Altman analysis [45] to visualise systematic bias and limits of agree-
ment (LoA). Left and right sides were averaged within a participant before computing
agreement statistics. From these, the standard error of measurement was obtained
as SEM = SD+/1 — ICC and the minimal detectable change at 95% confidence as
MDCgs = 1.96y/2SEM, giving the smallest change in an individual that can be
distinguished from measurement error.

5.3.2 Differential Association of Arm Swing Metrics

Baseline associations between arm swing metrics and gait stability were visualised
using scatter plots with fitted regression lines. To isolate speed-independent contri-
butions, we calculated the Partial Coefficient of Determination (Partial R?) for each
arm swing metric, adjusting for walking speed. This quantified the proportion of
residual variance in gait variability explained by arm kinematics after removing the
confounding effect of locomotor speed.

To establish a hierarchy of predictors, we constructed a multivariate linear model
including all potential determinants (Speed, PLV, Amplitude, Arm Swing Time Vari-
ability, Amplitude Variability, and Age). We then conducted a Dominance Analysis
[46] to decompose the model’s total explained variance (R?). The General Dominance
Weight (average marginal contribution across all subset models) was calculated for
each predictor, allowing us to rank variables by their relative importance in preserving
gait stability independent of model specification order.

5.3.3 Exploratory Factor Analysis

Two exploratory factor analyses were run on the 1,499 participants of the home-
based cohort, both using varimax (orthogonal) rotation in R [47]. The full-model
analysis entered 22 spatio-temporal gait parameters (means and variability of stride,
stance, swing, step and double-limb-support time; stride and step length; gait speed;
cadence; asymmetry) together with the four arm swing measures, and extracted six
factors by minimum residual. The focused analysis entered the seven upper-limb and
pace measures listed in Table 3 and extracted two factors by the same method. The
number of factors was set by parallel analysis with 100 iterations. Loadings above 0.5
in absolute value are treated as substantial and those below 0.2 are omitted from the
tables.

5.3.4 Quantification of Dynamic Resilience - Turn Recovery
Analysis

To assess the dynamic resilience, we analysed the recovery of arm-leg coordination
following a turning manoeuvre. Turning represents a natural perturbation that tran-
siently disrupts steady-state walking, requiring the system to actively restore the
continuous phase-locking pattern.

To process the data for walking windows selection, turning events were automati-
cally detected using the yaw angular velocity of the pelvis-worn IMU exceeding 90°/s,
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an established threshold that corresponds to deliberate body rotation (a rate that
produces a 90° change in walking direction if sustained for approximately one second)
and excludes the smaller rotations associated with postural sway during straight-line
walking. This turn detection is separate from, and serves the opposite purpose to,
the turn exclusion described in Section 5: the steady-state analyses discard segments
containing turns above 45° so that variability metrics reflect straight-line walking,
whereas the present analysis deliberately selects turns to study recovery from them.
We extracted walking windows consisting of:

® The Pre-Turn Phase: Three steps before turn initiation (Steps -3 to -1).

® The Turn Event: The turning phase itself (Step 0).

® The Recovery Phase: Five steps immediately following turn completion (Steps +1
to +5).

The instantaneous arm-leg Phase Locking Value (PLV) was calculated for each step
within this window, then averaged across a participant’s turns to give one trajectory
per participant per side. Participants whose recordings never provided three clean
pre-turn steps and five clean post-turn steps were excluded. The pre-turn steps (—3
to —1) provide the pre-perturbation baseline shown in Figure 5a and were compared
between groups separately; the recovery rate was defined as the linear slope of the
PLV trajectory from the Turn Event (Step 0) to the third post-turn step (Step +3),
capturing the acute phase of recovery.

Differences in recovery dynamics between frailty groups were assessed using a Lin-
ear Mixed-Effects Model (LMM) to account for repeated measures (left and right
sides within a participant, and repeated steps within a trajectory) and subject-specific
baselines. The model was specified as:

PLV;; = Bo + p1(Phase;;) + B2(Group,) + B3(Phase;; x Group;)+
54(Sldew) + U, + ulehaseZ-j + €ij

where Phase;; represents the step index relative to the turn (0, 1, 2, 3), Groupj is the
frailty status (Non-frail, Pre-frail, Frail) based on the Fried Frailty Phenotype [48],
and Side;; distinguishes the two contralateral arm-leg pairs. The random effects ug;
and ui; are the subject-specific intercept and slope for Phase. A random slope for
Phase is required because the hypothesis concerns a group difference in slope; both it
(x%(2) = 393.6) and the Side term (x?(1) = 30.2) were supported by likelihood-ratio
test (both p < 0.001). Each participant was weighted by their turn count, since a
trajectory averaged over more turns is more precisely estimated. Sensitivity analyses
without weights, with turn count as a covariate and as an interaction with step, and
with the sample restricted at turn-count thresholds of three, five and ten are reported
in Table A4. In this model, the fixed effect coefficients were interpreted as follows:

e (31 (Main Effect of Phase): Represents the baseline recovery rate (slope) for the
healthy (Non-frail) reference group.

e (5 (Interaction Effect): Represents the difference in recovery slope between the Frail
group and the Healthy group. A negative (3 indicates a slower recovery.
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To quantify the magnitude of the deficit, the percentage reduction in recovery rate
was calculated as:
Ps

Slope Deficit = 3 x 100%
1

This metric isolates the relative loss of dynamic resilience in frail individuals compared
to the healthy physiological standard.

To ensure that our findings were not dependent on the specific length of the recov-
ery window, we repeated the LMM analysis across varying window lengths (Steps +2,
+3, +4, and +5), keeping the same random-effects structure. The interaction effect
(8 slope) was evaluated for stability of direction and for statistical significance across
all windows.

5.3.5 Modelling of arm swing across age

To describe how the extracted upper-limb parameters vary with age, we employed
Generalised Additive Models for Location, Scale and Shape (GAMLSS) [49]. The
GAMLSS framework allows for the flexible modeling of a distribution’s mean, vari-
ance, and skewness as smooth functions of chronological age. Because the statistical
properties of our metrics differ, distribution families were selected accordingly. For
Arm Swing Amplitude, models were fitted using the Box-Cox Cole and Green (BCCG)
distribution, which handles strictly positive, continuous data and accounts for poten-
tial age-dependent skewness in kinematic amplitudes. Conversely, because the arm-leg
PLV is a coordination index strictly bounded between the intervals of [0, 1], we used
a Beta Inflated (BEINF) distribution to accurately model its boundaries and vari-
ance. Following model optimization, continuous centile curves (i.e., 5th, 25th, 50th,
75th and 95th percentiles) were extracted to visualise the physiological aging trajecto-
ries of both locomotor capacity and neural coordination (performed using the gamlss
package in R, version 5.5-0 [50]).

5.3.6 Comparison of Arm Swing between Parkinson’s Disease
Patients and Healthy Controls

Arm swing parameters were compared between groups at two levels. At the participant
level, segmented data were averaged per participant, and group differences were tested
using independent-samples t-tests with Hedges’ g as the effect size. At the segment
level, a linear mixed-effects model (LMM) was fit for each outcome (Outcome ~ 1+
Group + (1|Participant ID)), accounting for within-participant segment correlation.
The fixed-effect estimate is reported in the original units of each measure in Table 4;
dividing it by /o2 + o2 gives a standardised effect size comparable to Hedges’ g. The
participant level analysis is treated as the inferential results and provide effect sizes
for the two groups; the LMM results are reported as supporting evidence.

Statistical significance was set at & = 0.05 (two-tailed) throughout. Signal process-
ing, parameter extraction, validation analyses and the Parkinson’s disease comparison
were carried out in MATLAB R2025b [38]; the turn-recovery mixed models and the
GAMLSS age models were fitted in R (Ime4 and gamlss). No correction for multiple
comparisons was applied. The analyses are organised as a small number of pre-specified
questions rather than a screen, and each is reported with its effect size and confidence
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interval; the exception is the three-outcome Parkinson’s disease comparison, where a
Bonferroni-corrected threshold of @ = 0.017 would leave all three results significant.
The exploratory factor analyses are descriptive and are not accompanied by hypothesis
tests.
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Appendix A Supplementary materials

Table A1l: Comparison of kinematic tracking accuracy between the
Proposed Method and existing integration-based algorithms (Fan et al.,
Warmerdam et al.). Values are presented as Mean (Standard Deviation).

Metric Fan et al. Warmerdam et al. Proposed Method
RMSE (°) 8.3 (4.9) 8.8 (4.1) 3.6 (2.0)
Pearson’s r  0.77 (0.23) 0.77 (0.38) 0.94 (0.17)
CMC 0.70 (0.24) 0.74 (0.23) 0.93 (0.17)

RMSE: Root Mean Square Error; CMC: Coefficient of Multiple Correlation.

Table A2: Validation of gait event detection performance against the optical motion
capture gold standard. Mean Error represents the temporal difference (ms) between IMU
and Vicon events.

Mean Error (ms) Sensitivity PPV

Event (SD) (%) (%) F1 Score
Max Forward Swing (FS) -2.4 (8.6) 99.5 (1.0) 99.2 (2.7)  0.99 (0.02)
Max Backward Swing (BS) 6.3 (14.4) 99.3 (1.6) 99.0 (2.9) 0.99 (0.02)

PPV: Positive Predictive Value; SD: Standard Deviation.
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Table A4: Sensitivity of the turn-recovery result to the handling of turn count. Each row reports
the frail x step interaction, the difference in recovery slope between frail and non-frail adults,
from the model described in the first column. The primary model weights each participant by
the number of turns contributing to their trajectory.

Model n B 95% CI p Deficit

Primary (weighted by turn count) 1334 —0.0141 [—0.0238, —0.0045] .004 20.6%
Unweighted 1334 —0.0135 [-0.0247, —0.0023] .018 20.0%
+ log(turn count) as covariate 1334 —0.0134 [-0.0231, —0.0038] .007 19.1%
+ log(turn count) x step 1334 —0.0105 [—0.0204, —0.0006] .038 17.9%
Restricted to > 3 turns 1155 —0.0144 [—0.0246, —0.0042] .006 20.9%
Restricted to > 5 turns 937  —0.0133 [-0.0243, —0.0022] .019 19.3%
Restricted to > 10 turns 542  —0.0065 [—0.0210, +0.0081] .383 9.2%

n = participants. Deficit = reduction in recovery slope relative to non-frail adults.
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