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Abstract

Cervical spondylotic myelopathy (CSM) is the leading cause of spinal cord dysfunction in older adults, yet
progression is monitored with episodic and subjective scales that detect decline only after symptoms emerge. We
retrospectively analyzed five gait metrics (walking speed, step length, double support, asymmetry, steadiness)
accrued passively up to five years by the personal iPhones of 56 patients with CSM and 42 controls. Each metric was
summarized as the median and worst-5% of daily values. All five separated patients from controls (worst-5% AUC
0.74-0.85) and tracked modified Japanese Orthopaedic Association severity, with worst-5% summaries
outperforming medians. On a diagnosis-anchored timeline, patient and control trajectories diverged 35-54 months
before diagnosis, and a within-person detection rule flagged decline a median of 15-26 months before diagnosis.
Passively collected consumer-grade gait data carry a functional signal that precedes clinical diagnosis in CSM and
may enable scalable monitoring in other disorders of gradual motor decline.

Introduction

Cervical spondylotic myelopathy (CSM) is the most common cause of spinal cord dysfunction in older adults. It
results from chronic, age-related compression of the cervical spinal cord and affects approximately 2% of adults.’?
Its prodrome, asymptomatic spinal cord compression, is more common still, present on imaging in roughly one-third
of adults over 60, up to one-quarter of whom develop symptomatic myelopathy.®* CSM produces progressive
neurological impairment, most commonly gait dysfunction and loss of hand dexterity, along with declines in physical
function and quality of life.® Surgery is the only treatment with high-level evidence for halting progression, and
outcomes are more favorable when performed before irreversible neurological injury occurs.®> Asymptomatic spinal
cord compression and some cases of mild disease are therefore typically managed by observation, with documented

progression often serving as the principal trigger for surgical intervention.®’ Effective management under this
treatment paradigm therefore depends on detecting such disease progression early and reliably.

In routine practice, progression is monitored through patient report and clinician evaluation, typically once or twice
per year.® The most widely used disease-specific instrument is the modified Japanese Orthopaedic Association
(mJOA) score, a clinician-administered ordinal scale that is largely based on patient report and does not incorporate
objective measures of neurological ability.? Therefore, by definition the mJOA generally only detects neurological
progression once it has led to a symptomatic decline. Consequently, developing objective tools capable of detecting
early or subclinical neurological worsening has been identified as a priority research goal by the AO Spine RECODE-

DCM initiative.'® Further support for such efforts has come from a recent qualitative study of patients with CSM,
spine surgeons, and therapists, which found current tools inadequate for individualized care, particularly citing an

inability to capture daily function outside the clinic.’

Smartphone and wearable digital biomarkers offer a means of addressing this gap. Sensor-derived measures can be
collected repeatedly and remotely with minimal burden and have shown discriminative and monitoring value in

Parkinson’s disease, multiple sclerosis, stroke, and cognitive decline.’>'3 Recently, we developed SynapTrack, a
smartphone platform for active assessment of gait, dexterity, and vibratory sensation in CSM, and demonstrated

preliminary reliability and validity against reference clinical assessments.'#~1° Like many digital assessments in
neurological conditions, SynapTrack relies on active testing, in which the patient performs a prescribed task. Active
testing is controllable and clinically interpretable, but it requires sustained adherence and may not capture the full

spectrum of disease fluctuations in everyday life.’”:'® On the other hand, passive monitoring, for example, continuous
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gait measurements, offers potential advantages that can complement active testing.'® Data accrue from a device the
patient already owns, removing hardware or adherence barriers that constrain scalable remote monitoring.2°

One of the most widely available sources of such data is Apple Health, the activity-tracking framework preinstalled on
every iPhone. Since i0S 14 (2020), a compatible iPhone carried during ordinary walking automatically estimates a
panel of gait metrics without any dedicated task or accessory,?’ with walking steadiness added in i0S 15 (2021)
(Apple Support, Monitor your walking steadiness in Health on iPhone,
https://support.apple.com/guide/iphone/monitor-your-walking-steadiness-iphff1bf03ed/ios, accessed August 2026).
Because these metrics accrue by default, a patient who has carried an iPhone may hold several years of continuous
gait history reaching back to the metric’s release, a longitudinal window that prospective studies cannot recover. Data

on their application in neurological disease, however, remain sparse.?2%3

We therefore sought to evaluate the putative utility of passively collected, consumer-grade Apple Health gait metrics
as a digital biomarker of gait dysfunction in CSM. Specifically, we examined whether these metrics distinguish
patients with CSM from healthy controls, scale with mJOA-defined severity, and follow distinct longitudinal
trajectories, including whether they begin to change before diagnosis. Because gait varies appreciably from day to
day and impairment may surface first on worse-performance days, each metric was summarized both as the median
and as the worst 5th percentile. Because these data are generated passively at no cost or burden, this approach
could extend CSM monitoring beyond the clinic and may generalize to other neurological conditions of gradual motor
decline.

Methods

Study design and participants

This single-center cohort study was conducted at a tertiary academic medical center and comprised a retrospective
analysis of passively collected Apple Health gait data in patients with CSM and disease-free controls. Eligible
participants were English-speaking adults aged 18 years or older. Patients with CSM required a diagnosis confirmed
by a fellowship-trained spine surgeon on the basis of clinical presentation and cervical imaging demonstrating spinal
cord compression; controls had no history of cervical myelopathy or any other condition affecting lower-extremity
function. Participants were excluded for major comorbid neurological disorders that could confound neurological
assessment (e.g., Parkinson’s disease, stroke, traumatic brain injury), severe cognitive impairment limiting adherence
to study instructions, musculoskeletal or physical limitations preventing completion of testing, substantial visual,
auditory, or motor impairments unrelated to CSM that could interfere with app use, and non-degenerative causes of
myelopathy (e.g., tumor, infection, inflammatory disease). The study was approved by the Washington University in
St. Louis Institutional Review Board (IRB #202401026), and written informed consent was obtained from all
participants.

Data acquisition and variables

Participants downloaded SynapTrack and used it to upload their Apple Health data,’® providing continuous gait
metrics that personal devices had recorded passively over up to five years prior to enroliment. The mJOA score,
obtained at enrollment, served as the clinical reference standard for myelopathy severity. It is the most widely used
disease-specific severity measure in CSM with validated severity strata of mild (15-17), moderate (12-14), and severe
(0-11).242 Clinical diagnosis and surgery dates were obtained from medical records.
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Five gait metrics were analyzed: walking speed, step length, double support, walking asymmetry, and walking
steadiness. All five are produced by Apple algorithms whose implementations are not fully disclosed. Walking speed,
step length, and double support are conventional spatiotemporal gait parameters with standard biomechanical
definitions.?? Gait asymmetry is likewise a well-established construct, but has no universally accepted
operationalization.?® Apple’s implementation reports the percentage of time within a walking bout during which steps
are detected as asymmetric.?' By contrast, walking steadiness is a proprietary machine-learning composite score
expressed as a percentage, generated approximately weekly rather than per walking bout, and it has no equivalent
construct in conventional gait analysis. For patients, all analyses were based on preoperative data; control data were
used in full.

Apple Health returns multiple observations per metric per day. These were first averaged to one value per metric per
day. For each participant and metric, the distribution of daily values was then summarized as the median of daily
values, and as the worst-5% of daily values (the 51 percentile for metrics in which higher values are favorable, and
the 95™ percentile for metrics in which higher values are unfavorable).

Statistical analysis

All hypothesis tests were two-sided with a = 0.05. Because gait summaries were skewed and bounded,
nonparametric tests were used throughout. Benjamini-Hochberg false discovery rate (FDR) adjustment was applied
to cross-sectional group comparisons, mJOA correlations, ordered severity trends, time-by-group interactions, and
comparisons of decline rules.?’ Unless otherwise stated, p values reported in the text, tables, and figures are FDR-
adjusted with p < 0.05 considered significant.

Cross-sectional discrimination and clinical associations

We used cross-sectional comparisons to evaluate how well passively collected Apple Health metrics discriminate
CSM from controls and how strongly they track myelopathy severity. Continuous demographic variables were
compared between groups using two-sample t-tests, and categorical variables using the chi-square test or Fisher's
exact test, as appropriate. For cross-sectional discrimination, CSM and control distributions of both the median and
worst-5% summaries were compared for each metric using the Wilcoxon rank-sum test. Discriminative performance
was quantified by the area under the receiver-operating-characteristic curve (AUC) with 95% DeLong confidence
intervals (Cls).?8 Because baseline characteristics differed between groups, a sensitivity analysis was performed
using linear regression for each gait summary, with group, age, and sex as covariates (Supplementary Table 1). Race
and educational attainment were excluded because sparse cell counts produced unstable estimates.

Within the CSM group, associations between each gait metric and the mJOA score were assessed by Spearman rank

correlation. Dose-response across controls and mJOA-defined severity strata (mild, moderate, severe) was tested by

rank-based correlation between each metric and the ordinal severity level.?*

Longitudinal trajectory modeling

These analyses evaluated whether the rate of gait change over the monitoring period differed between patients and
controls. Gait was modeled as a function of time since each participant’s first available observation. To reduce
autocorrelation and uneven sampling density, daily values were aggregated into per-participant monthly summaries.
Weekly rather than monthly grouping was evaluated as a sensitivity analysis (Supplementary Figure 1). Within each
bin, both the median and the worst-5% were computed to yield a per-participant trajectory of gait. Linear mixed-
effects models with participant-level random effects were fit by maximum likelihood. Because passively collected
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gait data are irregularly sampled and serially correlated, no single covariance structure was assumed. For each
metric, different functional forms of the trajectory (linear, quadratic, and natural spline) and covariance structures
were tested, with the Akaike Information Criterion (AIC) used to guide model selection.?® Full selection landscapes
are reported as supplementary figures. The time-by-group interaction reflected whether the rate of gait change
differed between groups.

Timing of group-level divergence relative to clinical diagnosis

To estimate how long before a CSM diagnosis patients’ gait first deviated from controls at the group level, CSM
participants were aligned to a common timeline anchored at clinical diagnosis; controls were anchored to their most
recent observation as a contemporaneous within-person reference. Group trajectories were estimated using the
same model-selection procedure described above, applied separately to each metric within the pre-diagnosis
window. To identify when trajectories diverged, the estimated patient-control difference was evaluated at every
month of the disease-time grid. Testing each month separately would inflate the false-positive rate across the ~60
months examined, so divergence was instead based on a simultaneous (sup-t) confidence band, which is
constructed so that the entire difference curve falls inside the band with 95% probability rather than each month
individually.3? The difference curve and its covariance across the monthly grid were obtained from the selected mixed
model by the delta method, and the critical value for the band was obtained by simulation (20,000 draws from the
estimated multivariate normal distribution of the difference curve).3! Divergence was defined as the earliest disease-
time month at which this band excluded zero for at least two consecutive months, among months contributed to by
at least 10 CSM participants. The =10 participant requirement was used only as the minimum sample to declare
divergence, while models were fit using all available participants. As a complementary measure of separation over
time, discrimination (patient versus control AUC) was estimated within successive pre-diagnosis intervals, with
bootstrap confidence intervals.

Individual-level early detection

To assess whether deterioration was detectable in individual patients before clinical diagnosis, a within-person
change-detection rule was applied in which each participant served as their own reference. Each participant’s
personal baseline was the mean and standard deviation of their monthly values over the first 6 months of monitoring.
Because walking steadiness became available only on later operating-system versions, its baseline was taken as
each participant’s first 6 available monthly values. Month-to-month reliability of each metric was characterized using
these same six baseline monthly values, which precede diagnosis and were verified to show no systematic drift
across the baseline window (all p > 0.168). A two-way random-effects intraclass correlation coefficient for single
measurements, ICC(2,1), was computed for each metric across patients, with 95% confidence intervals obtained by
patient-level bootstrap. ICCs were interpreted as poor (<0.50), moderate (0.50-0.75), good (0.75-0.90), or excellent

(>0.90).3?

Because there is not an absolute standard for defining a clinically meaningful gait decline in CSM, two individualized
thresholds were evaluated: a fixed 1.5-standard-deviation (SD) change from baseline and an individualized 90%
change threshold based on the minimal detectable change (MDC90) framework. The MDC90 was defined as the
smallest within-person change that can be distinguished from measurement error with 90% confidence. It was
calculated as 1.645 x V(1 + 1/k) x the standard error of measurement (SEM), where k = 6 baseline monthly
observations, yielding 1.777 x SEM.33 Rather than deriving the SEM from a population-level reliability coefficient (SD x
v(1 - ICC)), as in a conventional test-retest MDC, we defined it as each participant’s within-person SD across six
baseline monthly values. This approach incorporates both measurement error and natural within-person biological
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variability and is conceptually closer to an individualized reference-change threshold. It was chosen because a
personalized monitoring trigger should reflect an individual's own baseline variability rather than population-level
measurement error. The ICC is reported to characterize metric stability but does not enter the threshold calculation. A
participant was flagged at the first worsening relative to baseline that persisted for at least two consecutive months.

Lead time, defined as the interval by which the first sustained flag preceded clinical diagnosis, was summarized per
metric as the median and interquartile range (IQR). Time to first flag was estimated by Kaplan-Meier methods and is
reported as the cumulative probability of a first flag, with participants whose monitoring ended before any flag
treated as censored.3* Because both decline rules were applied to the same patients, the rules were compared using
a marginal Cox proportional-hazards model with a cluster-robust (sandwich) variance clustered on participant, which
estimates the marginal hazard ratio while correcting for within-person correlation. The proportional hazards

assumption was assessed by testing the scaled Schoenfeld residuals against time.3®

As an alternative for participants without a full 6-month baseline, the same analysis was repeated using weekly
rather than monthly bins, with a 13-week baseline and a trigger of 4 abnormal weeks out of any 6 consecutive weeks.
All analyses were performed in R 4.4.1.

Results

Cohort characteristics

The analysis cohort comprised 42 controls and 56 patients with CSM (Table 1). Controls and patients did not differ
significantly in age (57.0 £ 11.6 vs 61.3 + 11.4 years; mean = SD; p = 0.068) or in the proportion of female participants
(50% vs 57%; p = 0.48). Most participants were White (83% of controls, 84% of patients) and non-Hispanic (93% and
100%). A greater proportion of controls held a graduate degree (52% vs 27%), whereas college education was similar
between groups (45% vs 48%). Among patients with CSM, the mean Neck Disability Index (NDI) was 29.0 9.5, and
the mean mJOA score was 13.5% 2.6 (Table 1). Passive gait history spanned a median of 36.0 months in both
controls and patients with CSM (p = 0.50), with a median pre-diagnosis span of 34.5 months among patients with
CSM.
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Table 1

Demographic and clinical characteristics by group. Percentages are based on available data for
each variable; denominators vary because of missing responses.

Characteristic Control Myelopathy Statistic (p)
n 42 56

Age, years, mean (SD) 57.0(11.6) 61.3(11.4) p=0.068
Female, n (%) 21 (50) 32 (57) p=0.48
Ethnicity, n (%) p=0.091
Hispanic or Latino 3(7) 0(0)

Not Hispanic or Latino 38 (93) 49 (100)

Race, n (%) p =0.002
White 35 (83) 43 (84)

African American/Black 0 (0) 7 (14)

Asian 3(7) 1(2)

Other 4(10) 0 (0)

Education, n (%) p=0.003
Less than high school degree 0 (0) 1(2)

High school degree 1(2) 12 (23)

College degree 19 (45) 25 (48)

Graduate degree 22 (52) 14 (27)

mJOA total, mean (SD) - 13.5(2.6)

NDI total, mean (SD) - 29.0 (9.5)

Observation window

Total span, months, median [IQR] 36.0[20.6-42.5] 36.0[31.2-55.2] p=0.5
Pre-diagnosis span, months, median [IQR] - 34.5[25.5-52.0]

Fisher’s exact test was used for ethnicity, race, and education; chi-square test was used for sex; two sample t-test was
used for age. CSM = Cervical Spondylotic Myelopathy; SD = standard deviation; IQR = interquartile range; mJOA =
modified Japanese Orthopaedic Association; NDI = Neck Disability Index.

Cross-sectional discrimination of CSM from controls

Both median and worst-5% summaries separated CSM patients from controls (Fig. 1). At the participant level,
patients showed worse direction-corrected values than controls for every metric under both summaries, and all
differed significantly after FDR correction (all adjusted p < 0.002; Fig. 1a). Discrimination, quantified as the AUC, was
better for the worst-5% than for the median in four of the five metrics (Fig. 1b). Worst-5% AUCs ranged from 0.74 to
0.85 depending on the metric (Fig. 1b). The largest tail-associated gain occurred for walking asymmetry, which rose
from an AUC of 0.70 for the median to 0.74 for the worst-5% (Fig. 1b). In a sensitivity analysis adjusting for age and
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sex, between-group differences in every metric retained their direction and magnitude and remained significant after
FDR correction (all adjusted p < 0.024; Supplementary Table 1).

Association with clinical severity

Among patients with CSM, the worst-5% summary showed stronger correlations with mJOA scores than the median
summary for all five gait metrics. Correlations were strongest for walking speed (worst-5% p = 0.54, adjusted p =
0.002) and weakest for walking steadiness, with the remaining metrics showing intermediate associations (Fig. 2a).
Before adjustment, four worst-5% correlations and two median correlations were statistically significant. After FDR
adjustment, walking speed and walking asymmetry remained significant under both summaries (worst-5% adjusted
p =0.002 and 0.015), whereas step length and double support did not (both adjusted p = 0.066). Across groups
stratified by mJOA severity, all five metrics showed significant ordered trends with increasing severity (adjusted p <
0.001; Fig. 2b).

Longitudinal trajectories

The rate of change over the monitoring period differed between groups for most gait metrics, and the time-by-group
interaction was stronger for the worst-5% than the median in four of the five metrics (Fig. 3). After FDR correction
under the worst-5% summary, the interaction was significant for four of the five metrics (adjusted p < 0.040) versus
three under the median; step length was significant only under the worst-5% (adjusted p = 0.040) and walking
steadiness under neither (Fig. 3). Double support showed the strongest interaction overall (F = 18.0 for the worst-5%
vs 8.4 for the median), whereas step length showed the greatest proportional increase in the interaction statistic (F =
5.4 vs 1.6).

The model-selection landscapes underlying these fits are reported as supplements for the weekly-thinned, median-
summarized data (Supplementary Fig. 1) and for the monthly-thinned data computed for both the median and worst-
5% tail (Supplementary Fig. 2).

Timing of group-level divergence relative to clinical diagnosis

Whereas the preceding analysis modeled time from each participant’s first observation and asked whether the rate of
change differed between groups, this analysis realigned patients to their diagnosis date and asked when the two
groups first separated. When patients were aligned to clinical diagnosis (month 0), patient and control group
trajectories diverged well before diagnosis across all five metrics (Fig. 4). The earliest disease-time month at which
the simultaneous (sup-t) confidence band of the patient-control difference excluded zero for at least two consecutive
months was - 54 months for double support, step length, and walking speed, -50 months for walking asymmetry, and
- 35 months for walking steadiness (Fig. 4). The AIC landscape for these disease-clock trajectory models is reported
in Supplementary Fig. 3.

In a complementary analysis of discrimination across six pre-diagnosis disease-time bins (midpoints - 54, -42, -30,
-18, -9, and - 3 months), patient-versus-control AUC rose as diagnosis approached for all five primary metrics
(Supplementary Fig. 4). By roughly 30 months before diagnosis, discrimination exceeded the chance level of 0.5 for
every metric (AUC 0.63-0.79), and increased to 0.72-0.86 in the bin nearest diagnosis. In the earliest bin (54 months
before diagnosis), where fewer patients contributed, double support, step length, and walking speed were already
above chance (0.72, 0.73, and 0.68).

Individual-level early detection
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Month-to-month reliability across the six baseline monthly values was excellent for double support (ICC 0.97, 95% Cl
0.94-0.98), step length (0.92, 0.87-0.95), and walking speed (0.90, 0.83-0.93) and good for walking steadiness
(0.89, 0.83-0.93). Walking asymmetry had moderate reliability (0.65, 0.45-0.75).

Within-person change detection flagged sustained gait decline a median of 15 to 26 months before clinical
diagnosis, depending on the metric (Fig. 5a). For the fixed 1.5-SD rule, the median lead time and number of patients
flagged out of those eligible were double support 26 months (24/41), walking asymmetry 25 months (27/39), step
length 23 months (25/40), walking speed 22 months (26/40), and walking steadiness 15 months (20/33) (Fig. 5a).

On the cumulative-probability curves, the 1.5-SD rule reached an equal or higher cumulative probability of first flag
than the individualized 90% change threshold (MDC90) for every metric, ranging from 65% (double support) to 78%
(walking speed) under the 1.5-SD rule (Fig. 5b). In cluster-robust marginal Cox models, the two thresholds produced
closely similar flag timing (Fig. 5b). Only step length reached significance (unadjusted p = 0.019), and no metric
remained significant after FDR adjustment (all adjusted p = 0.076). The proportional hazards assumption showed no
evidence of violation for any metric (all p = 0.724), so a single hazard ratio adequately summarizes each comparison.
Walking steadiness is not shown because it is only on newer operating-system versions, so its curve is not timing-
comparable on the shared axis.

The weekly alternative, defined as four of six consecutive weeks beyond the threshold, produced similar results
(Supplementary Fig. 5). Under the 1.5-SD rule, median lead times ranged from 18 to 27 months, and the cumulative
probability of first flag ranged from 70% (walking asymmetry) to 81% (step length).

Discussion

In this study, passively collected consumer-grade gait data showed substantial promise and multidimensional
capabilities in serving as a digital biomarker of gait dysfunction in CSM. To our knowledge, this study is the first
characterization of gait in a neurological condition from retrospective, passively collected consumer health-platform
data. iPhone-derived gait metrics distinguished patients from controls, scaled with mJOA-defined severity, and
followed group-specific longitudinal trajectories. Cross-sectional discrimination was acceptable to good, led by
walking steadiness and double support, with four of five metrics at or above an AUC of 0.75. Likewise, passive gait
metrics distinguished CSM profiles from those of controls at the group and individual level years before a clinical
diagnosis was made. Collectively, these findings highlight the overall promise of passive gait digital monitoring in
neurological disease and specifically the capabilities of leveraging readily-available consumer trackers.

A key finding was that the worst-5% of gait performance consistently outperformed the median across analyses,
revealing a distributional signal in CSM that has not previously been recognized. Longitudinal gait monitoring has
conventionally relied on central-tendency summaries, yet gait varies appreciably from day to day.'®3® Features
beyond the mean or median, such as stride-to-stride variability, distributional percentiles of bout-level walking speed,
and activity fragmentation, have added discriminative or predictive value for functional or neurological decline in
related disorders.3”739 However, to our knowledge, the relative value of lower-tail versus central-tendency gait
summaries has not previously been evaluated in CSM.%%41 |n this study, the benefit was largest for double support
longitudinally, where the time-by-group interaction more than doubled. This directionality aligns with a growing body
of research. In Parkinson'’s disease, distributional measures of gait outperformed the average for distinguishing

motor state, grading severity, and tracking progression.*?*3 The clearest regulatory precedent is the stride velocity
95th centile in Duchenne muscular dystrophy, which the European Medicines Agency qualified as a primary trial

endpoint in 2023, outperforming median stride velocity in sensitivity.** Our findings identify the lower tail of gait
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performance as a previously unrecognized source of disease signal in CSM, suggesting that the most impaired
episodes of everyday walking may be more informative than a patient’s typical performance. Importantly, this signal
can be captured passively using ubiquitous consumer hardware. Because this approach requires only a distribution
of repeated measurements, it is broadly applicable to conditions in which continuous passive data are available.

The signal residing in gait quality fits the pathophysiology of CSM, which impairs the control of movement, such as
coordination, proprioception, and balance. Spatiotemporal gait-quality measures have similarly been used to detect
early disease progression in Parkinson’s disease, cerebellar ataxia, and neuromuscular disorders.*>~4” The metrics
examined here index the spatiotemporal quality of gait, and their ordinal association with mJOA severity supports
their ability to track clinical myelopathy impairment.

Arguably, the most impactful potential application of passive Apple Health data relates to earlier clinical recognition
of CSM. At the group level on a common disease timeline anchored at clinical diagnosis, patient and control
trajectories separated roughly 35 to 54 months before diagnosis across the five metrics with further separation of
the trajectories thereafter. For walking speed, step length, and double support, the - 54 month divergence coincided
with the earliest month at which the pre-specified minimum of 10 contributing patients was met. These estimates are
therefore bounded by data availability, and true divergence may predate the observation window. Because clinical
diagnosis is influenced by symptom recognition, healthcare-seeking behavior, and referral patterns, these findings
should be interpreted as a gait signal that precedes clinical diagnosis rather than evidence of preclinical CSM.
Nonetheless, the several-year interval over which gait trajectories differed exceeded the reported 1-2 year delay
between symptom onset and diagnosis, suggesting that passive gait monitoring may capture functional changes
before CSM comes to clinical attention.*® If confirmed prospectively, these findings could indicate a prolonged,
previously undercharacterized phase of functional change preceding CSM diagnosis. Similar temporal patterns have
been reported in other neurodegenerative diseases. In initially healthy older adults monitored using a lower-back
inertial sensor, gait pace deviated from that of non-converters roughly four years before a clinical diagnosis of
Parkinson’s disease.* Similarly, machine-learning models trained on passive UK Biobank wrist accelerometry
distinguished individuals who later developed Parkinson’s disease from healthy controls up to seven years before
clinical diagnosis.®® Prospective studies in individuals with asymptomatic spinal cord compression could determine
whether passive gait trajectories characterize this transition and identify patients before clinically apparent CSM.

Distinct from this group-level signal, the within-person change-detection rule flagged sustained decline a median of
15 to 26 months before diagnosis using each patient as their own baseline. Because change is referenced to an
individual's own prior gait rather than to a control distribution, a sustained deviation is meaningful for that person
independent of where they fall in the population. Individual-level lead times were shorter than group-level ones
because flagging sustained change within a single record requires overcoming within-person biological and
analytical variability as opposed to detecting a difference between groups.®'-%2 Furthermore, the within-person
declines are notable because they occurred within populations that had generally not yet presented for clinical
evaluation. More rapid declines may be expected in individuals with established CSM, in whom 20-62% deteriorate
neurologically within 3—6 years without surgery, a substantially higher rate than the progression to myelopathy
observed among individuals with asymptomatic cord compression.®® Thus, within-person change could in principle
serve as a personalized trigger to seek clinical evaluation. However, these rules were applied and evaluated entirely
within this cohort; consequently, these findings should be considered proof of concept and require prospective
validation to determine clinical implications and prognostic importance.
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Our results carry particular weight when considering the natural history of CSM, which is heterogeneous and poorly
predictable at the individual level.>® CSM phenotypes include a stepwise pattern of decline, slow steady deterioration,
and rapidly progressive functional decline.>*> Importantly, no clinical or radiographic feature reliably identifies who
will progress.® The rate of decline in these phenotypes is itself poorly characterized. In our data, patients declined
substantially faster than controls in four of the five metrics under the worst-5% summary. The separation was
consistently larger in the lower tail, most strikingly for double support (F = 8.4 for the median vs 18.0 for the worst-
5%), and for step length, where a rate difference was detectable only in the tail. Passive monitoring may therefore
offer a means of quantifying progression rate at the resolution the phenotypic heterogeneity of CSM demands.

Our detection results also appear to reflect CSM heterogeneity. Under the more sensitive 1.5-SD rule, the cumulative
probability of a first sustained flag plateaued between roughly 65% (double support) and 78% (walking speed),
leaving a consistent minority who never flagged. There are several potential explanations for these unflagged
patients. First, while gait is a critical feature of CSM, patients may have declined in other domains (e.g., hand
dexterity) rather than gait. Second, some patients may have experienced a much more drawn out and slower decline
not fully captured within the monitoring window. A less stringent progression threshold may have revealed such
cases. Finally, our definitions focus exclusively on objective changes, which may not fully correlate with subjective
disease impressions. Nonetheless, these results suggest that routinely collected consumer data may feasibly
separate disease progression, a question that may be defined more comprehensively in larger, prospective cohorts.

A related question is whether these detection results depend on the specific analytic choices made. Although the
individualized 90% change threshold is more conservative than the 1.5-SD rule, once the variance factor is corrected
for a six-month averaged baseline the two are numerically close (1.78 versus 1.50 baseline SD) and produced nearly
identical results. Substituting a 13-week baseline and a trigger of four abnormal weeks in any six consecutive weeks
likewise produced comparable lead times and detection rates. Taken together, the detection findings appear robust
to both the threshold and the temporal resolution chosen, and the approach does not require a full six-month
baseline to be available.

Reliability differed by metric. Month-to-month ICCs among patients were good to excellent for double support, step
length, walking speed, and walking steadiness (0.89-0.97), indicating that repeated passive measurements of these
metrics are stable enough to support individual-level monitoring. Walking asymmetry was a clear exception (ICC
0.65), consistent with instrumented gait studies in which symmetry measures have shown considerably poorer test—
retest reliability than pace-related measures such as walking speed and step length.%®%” Walking asymmetry may
therefore be a less optimal metric for tracking disease severity within an individual, even though it discriminated
patients from controls at the group level.

This study has several limitations. The study was retrospective and single-center, of modest size (56 patients, 42
controls), and the discrimination, severity, and longitudinal estimates were derived without external or hold-out
validation. While a sensitivity analysis adjusting for age and sex did not change group separation, groups differed in
race and educational attainment. By design, the cohort comprised iPhone owners, who tend to be younger and have a
higher income.>® Nonetheless, approximately 91% of US adults own a smartphone (Pew Research Center,
https://www.pewresearch.org/internet/fact-sheet/mobile/, 2025), and iPhones account for roughly 59% of the US
smartphone market (StatCounter Global Stats, https://gs.statcounter.com/os-market-share/mobile/united-states-of-
america/, 2026). Furthermore, although these metrics have been described at a conceptual level, they were
generated by proprietary algorithms, have not been specifically validated in CSM or other neurodegenerative disease
populations, and may be impacted by silent algorithm updates across operating-system versions.>® Independent
peer-reviewed validation against a reference inertial sensor system exists only for walking speed, step length, and
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double support, and only in healthy cohorts.?? Individual-metric findings will therefore require confirmation against a
reference standard in a myelopathic cohort. Finally, these gait metrics are likely not specific to CSM and may be
influenced by a range of comorbidities and individual factors that affect free-living gait. Lumbar stenosis, hip or knee
osteoarthritis, peripheral neuropathy, vestibular disease, parkinsonism, multiple sclerosis, frailty, general activity level,
and cardiopulmonary limitations may influence gait independent of CSM. Despite the added variance introduced by
such factors, the robustness of our results lends further support to the use of consumer-grade technology. More
comprehensive longitudinal validation against research-grade technology would further clarify the strengths and
limitations of consumer-grade monitoring.

Recognizing the strengths and limitations in our results, prospective, external validation in a larger cohort is now
indicated to more definitively characterize the performance characteristics of Apple Health monitoring. Beyond the
mJOA, future work should evaluate these measures against objective neurological examination findings, quantitative
gait assessments, and prospectively documented neurological progression. These metrics should also be compared
to research-grade trackers for further validation. Finally, as Android-based smartphone platforms expand availability
of gait quality metrics, further work will be needed to establish the reliability of such algorithms, particularly given
greater variability in smartphone sensors in Android devices.®°

In summary, passively collected, consumer-grade gait data carry a clinically meaningful neurological signal in CSM
that distinguished patients from controls, correlated with mJOA-defined disease severity, and identified sustained
within-person gait change preceding clinical diagnosis, with worst-day summaries outperforming medians
throughout. These findings support prospective, externally validated studies of passive gait monitoring in CSM and
other disorders of gradual motor decline.
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Figure 1

CSM and control gait differences are accentuated in the worst-case tail. Gait metrics compared between controls
(blue) and patients (red) at the participant level. a) Boxplots of patient median versus worst-5% (direction-corrected
per metric); points are individual participants with significance levels annotated. b) Control-versus-patient
discrimination (AUC) per metric for the median (gray circle) and worst-5% (red triangle). The dashed vertical line
marks chance (0.5). Groups were compared by Wilcoxon test with Benjamini-Hochberg FDR. Asterisks denote
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unadjusted significance (*p < 0.05, **p < 0.01, ***p < 0.001); # denotes comparisons that remain significant after FDR

adjustment.
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Figure 2

CSM gait metrics track clinical severity. a) Among CSM patients, Spearman correlations between each of the five
primary gait metrics and mJOA. Each metric is summarized with the patient-level median (gray circle) and the
direction-corrected worst-5% (red triangle). b) Participant-level median of each metric across participant groups.
Controls and CSM patients stratified by mJOA (mild =15, moderate 12-14, severe <12) shown as boxplots with
individual patients overlaid. An ordered-trend Spearman p-value (metric median vs ordinal severity rank) is annotated
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per metric. Asterisks denote unadjusted significance (*p < 0.05, **p < 0.01, ***p < 0.001); # denotes comparisons that
remain significant after FDR adjustment.
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Figure 3

Longitudinal gait trajectories and model selection. Change in the five primary metrics over months since each
participant’s first observation. Best-fit linear mixed-model group trajectories (controls blue, patients red; ribbons
represent 95% CI), with metrics in rows and the median versus worst-5% summary in columns; each panel notes the
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time x group interaction (F, p). Models were fit by maximum likelihood (nlme) with AR(1) and residual-variance
options. Asterisks denote unadjusted significance (*p < 0.05, **p < 0.01, ***p < 0.001); # denotes comparisons that
remain significant after FDR adjustment.
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Figure 4

Diagnosis-aligned group trajectories diverge from controls before diagnosis.Patients aligned to diagnosis (month
0); controls aligned to their most recent observation. Best-fitting AIC-selected mixed-model group-level estimates of
monthly medians for the five metrics (controls blue, patients red; ribbons represent pointwise 95% CI) over -60 to 0
months; dashed line = diagnosis, dotted line = marked group divergence. Divergence was the earliest disease-time
month at which simultaneous (sup-t) confidence band of the patient-control difference excluded zero for >2
consecutive months with =10 patients contributing.
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Within-person monitoring flags decline before clinical diagnosis. Individual early detection using each CSM patient
as their own baseline. A patient’s personal baseline was the mean and SD of the first 6 months of monitoring for all
metrics. A month was counted as abnormal when the change from that baseline exceeded a threshold, and a patient
was flagged at the first run of =2 consecutive abnormal months. Two thresholds are shown: 1.5 baseline SD, and an
individualized 90% change threshold based on the minimal detectable change framework (MDC90 = 1.645 x V(1 +
1/k) x SEM, where k is the number of baseline monthly values). a) Lead-time forest plot. For each metric, the median
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(point) and IQR (whisker) months before diagnosis at which the first sustained flag occurred, for the 1.5-SD rule (red
circle) and MDC90 rule (blue diamond); the vertical line marks diagnosis (0), and the right-hand column lists the
median lead time and the number of patients flagged out of those eligible. b) Time to first flag, shown as a Kaplan-
Meier cumulative-probability curve (1 — survivor function) on the monitoring-time axis (months since each patient’s
first observation), with one curve per decline rule within each metric. Patients who had not yet flagged were censored
at their last monitored month. Bands are 95% confidence intervals (log-log), and the per-facet n is the number of
patients entering the analysis. Each panel is annotated with n, the hazard ratio for the MDC90 rule versus the 1.5-SD
rule from a cluster-robust marginal Cox model with 95% Cl, and the corresponding p-value. Asterisks denote
unadjusted significance (*p < 0.05, **p < 0.01, ***p < 0.001).
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