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Abstract

Existing clinical assessments for upper-limb motor rehabilitation post-stroke pose
limitations as endpoints for clinical trials. This study aims to develop a wearable-
based digital biomarker for assessing motor recovery using accelerometer data
collected in naturalistic environments. The study analyzed approximately 23,000
hours of data from 215 participants, including subacute and chronic stroke
survivors and healthy individuals. A novel analytical approach decomposed con-
tinuous accelerometer data into a lower-level unit of motor behaviors called
movement segments, from which key features were extracted and aggregated
using a linear mixed-effects model to produce a composite biomarker. The
resulting digital biomarker demonstrated excellent interpretability, reliability,
concurrent validity, discriminant validity, known-group validity, and responsive-
ness, enabling a nearly 66% reduction in the required sample size for clinical
trials compared to traditional measures. These findings highlight its potential
as a low-burden, scalable assessment tool for upper-limb motor recovery, with
applications in both clinical trials and routine clinical practice.

Introduction

The availability of valid, reliable, and responsive outcome measures is imperative
to support the efficient and effective development of novel therapeutic interventions
for upper-limb motor rehabilitation post-stroke [1, 2]. Currently, clinician-performed
assessment tools, such as the Fugl-Meyer Assessment of the Upper Extremity (FMA-
UE) and Action Research Arm Test (ARAT), which evaluate patients’ behavioral
phenotypes within laboratory environments, are considered the gold standard for
domain-specific endpoints [2]. However, they rely on ordinal scales with limited gran-
ularity and sensitivity [3], are affected by significant ceiling and floor effects [4], and
are vulnerable to variability caused by external factors, such as patient motivation or
assessors’ encouragement during motor tasks [5]. Furthermore, they demand substan-
tial resources, including trained specialists for administration [6] and ongoing training
to maintain reliability [7], which offers only episodic snapshots of a patient’s response
trajectory. Critically, these tools fail to capture biologically meaningful phenotypes in
ecologically valid settings, despite the time- and environment-dependent nature of neu-
ral recovery [8]. These shortcomings have also posed significant barriers to translating
research findings into clinical practice, despite numerous completed trials [1, 2].
Digital biomarkers—defined as indicators of biological processes collected from
digital technologies, including wearable devices [9]—have emerged as a promising
alternative [10, 11]. In the realm of post-stroke upper-limb research, wearable-based
outcome measures built on continuous inertial data during patients’ performance of
everyday activities could support low-cost, objective, and longitudinal assessment of
the motor recovery process [3, 6]. However, since their inception in the early 2000s [12],
these approaches have predominantly focused on a unidimensional aspect of motor
performance—Ilimb activity levels—which quantify wrist acceleration magnitudes of
the stroke-affected limb or compare them to the contralateral limb [13]. While simple,
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easy to interpret, and exhibiting solid convergent validity, these methods have demon-
strated weaker concurrent validity and responsiveness compared to standardized
domain-specific endpoints, likely due to their inability to capture the multidimen-
sional complexity of upper-limb motor behaviors. Consequently, clinician-performed
assessments remain the primary choice for endpoints in clinical trials [2].

To bridge these gaps, we investigate a new composite digital biomarker for assess-
ing stroke upper-limb motor recovery, constructed using accelerometer data from the
stroke-affected wrist and a set of machine-learning algorithms. However, extracting
information about biologically meaningful phenotypes from unstructured and natu-
ralistic upper-limb movements poses significant challenges due to the wide variation
in the types of ADLs and the diverse ways in which these ADLs are executed, both
across and within individuals [13]. To that end, we employed a novel data analytic
method, motivated by theories of motor control and behavior [14-17], which decom-
poses patients’ performed linear movements into a lower-level unit of motor behavior
called movement segments [18, 19]. By focusing its analysis on these isolated segments
of linear movements, the proposed technique could capture meaningful phenotypes,
irrespective of the amount or type of ADLs undertaken. Our central hypothesis is that
kinematic and temporal characteristics of these movement segments are indicative of
upper-limb motor recovery post-stroke and can be used to construct a valid, reliable,
and responsive digital biomarker.

The proposed digital biomarker, according to the BEST biomarker category [20],
is a monitoring biomarker that can be repeatedly used to assess upper-limb motor
recovery in stroke survivors. Its primary application is to serve as a cost-effective
endpoint in clinical trials. However, it also holds potential for use in clinical care to
bolster more personalized therapy [2, 3] and patients’ self-managed rehabilitation [21].

Results

Overview

We employed a data-driven approach (Fig. 1A) to construct the proposed digital
biomarker, leveraging continuous inertial data collected by a three-axis accelerome-
ter placed on the stroke-affected wrist. The biomarker was developed and validated
using approximately 23,000 hours of accelerometer data from 215 individuals in their
naturalistic environments [22]. The dataset [22—24] included three different subpop-
ulations captured across three independent studies, as summarized in Fig. 1B: 61
subacute-stage stroke survivors [25], 79 chronic-stage stroke survivors [26, 27|, and 75
neurologically-intact, community-dwelling adults [28, 29].

Subacute and chronic stroke survivors participated in multiple assessments. Sub-
acute participants, receiving conventional rehabilitation therapy, were assessed up
to eight times over 24 weeks, while chronic participants, enrolled in an eight-week
upper-limb rehabilitation clinical trial, completed up to 14 assessments over 20 weeks.
Each assessment began with clinical evalautions: subacute participants completed
ARAT and FMA-UE, while chronic participants completed only ARAT. Continu-
ous accelerometer data from the stroke-affected limb during the following 24 hours
of naturalistic activities were collected and analyzed. Healthy individuals underwent
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Fig. 1 Overview of the proposed digital biomarker and study design. A Graphical rep-
resentation of our system, where wrist-worn accelerometer data were utilized to construct a digital
biomarker for post-stroke motor recovery. B Summary of the three datasets used for the biomarker’s
development and validation. C Flowchart of the biomarker development process: accelerometer data
were first preprocessed using a band-pass filter to attenuate gravitational components and sen-
sor noise. Linear movements were then identified, and movement segments were decomposed. The
machine learning pipeline included feature extraction from movement segments, feature pruning, and
training of a linear mixed-effects model.

a single cross-sectional session, with accelerometer data from both wrists included
in the analysis. They were assigned with the highest possible clinical scores without
administrating the assessments, indicating full motor capacity and no impairment.

Development and validation of the digital biomarker

Fig. 1C visually summarizes the data analytic pipeline, which consists of acceleration
data preprocessing, movement segment decomposition, and machine learning model
training, as previously described [18]. Briefly, a band-pass filter with cutoff frequen-
cies of 0.25-2.5 Hz was applied to attenuate gravitational effects, motion artifacts,
and sensor noise [25, 27, 28]. A heuristic algorithm then identified linear movements,
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indicating a relatively straight path within 3D space [30]. Linear movements were
decomposed into movement segments based on velocity zero-crossings within the two
primary axes of motion and clustered into three groups as described in prior work [19]:
1) the homogeneous set, with smooth, bell-shaped velocity profiles typical of neuro-
logically intact individuals [31]; 2) the outlier set, featuring irregular morphologies
indicative of impairment-specific motor characteristics [17]; and 3) the entire set,
encompassing both for comprehensive motor characterization. Kinematic, morpholog-
ical, and temporal features relevant to stroke-related motor deficits were extracted
from each cluster and aggregated at the subject level using statistical functions (see
Methods for details) [19].

The machine learning algorithm was designed to integrate relevant features into
a comprehensive indicator of motor status, ensuring that the resulting composite
biomarker satisfies core statistical validation criteria: reliability, concurrent validity,
and responsiveness [32, 33]. First, feature pruning was performed to eliminate unreli-
able and irrelevant features. A linear mixed-effects regression model was then applied
where 1) fixed effects captured cross-sectional associations with min-max-normalized
ARAT scores, supporting concurrent validity, and 2) random effects modeled within-
subject temporal correlations, addressing responsiveness. The resulting biomarker
primarily ranged from 0 to 1, with lower values indicating more severe motor impair-
ment, though its theoretical range was unbounded and thus free from floor or ceiling
effects.

The model was trained using a combined dataset of subacute stroke survivors and
healthy subjects, as subacute participants exhibited more dynamic changes in motor
status over time than chronic participants, which was essential for developing a respon-
sive biomarker. Healthy subjects were included to represent neurologically intact
phenotypes. We utilized nested leave-one-subject-out cross-validation (LOSOCV) for
evaluation so that no identical subject data was included in the training, hyperpa-
rameter tuning, and testing processes [32]. We used chronic data to demonstrate the
biomarker’s generalizability beyond the subacute stage. In this case, the model trained
and validated on subactue and healthy data through LOSOCV was tested on the
chronic data.
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Fig. 2 Validation of the digital biomarker in subacute stroke survivors. A Scatter plot
assessing test-retest reliability between even-numbered (y-axis) and odd-numbered (x-axis) time win-
dows across all clinical visits. B Scatter plots showing the correlation between the proposed biomarker
(y-axis) and standardized clinical assessments (x-axis), including the mean trend (solid line) and two
standard deviations (shaded area). C Boxplot comparing the distribution of the biomarker between
subacute-stage stroke survivors and healthy controls, with statistical significance assessed using the
Wilcoxon rank-sum test. D Temporal trends of the proposed biomarker and clinical measures over the
treatment weeks, showing the mean trend and two standard deviations. E Scatter plots illustrating
correlations between changes in the proposed biomarker (y-axis) and changes in clinical assessments
(x-axis). F Receiver operating characteristic curves demonstrating the proposed biomarker’s ability
to detect meaningful improvement in clinical assessments, with mean and one standard deviation
obtained via leave-two-subject-out bootstrapping. The orange dots represent the operation points
that maximize F'1 scores for further analysis. G Graphical representation of a simulated clinical trial,
showing the relationship between the probability of supporting the hypothesis (y-axis) and required
sample size (x-axis). H Scatter plots depicting tl}g correlation between the proposed biomarker (x-
axis) and affected limb use intensity (y-axis) across severity groups for subacute stroke survivors.
Colors indicate functional capacity measured by ARAT, with warmer colors representing greater
capacity.
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Validation of the digital biomarker in subacute stroke survivors

The proposed biomarker for upper-limb motor severity demonstrated excellent test-
retest reliability in subacute stroke survivors [34], with an ICC(3,1) of 0.93, as shown
in Fig. 2A. Reliability was assessed by splitting each individual’s 24-hour accelerom-
eter data into two groups, alternating between even- and odd-numbered 30-minute
time windows, and independently computing the biomarker from each group. We
also estimated two key metrics for measurement errors—Standard Error of Measure-
ment (SEM) and Minimum Detectable Change (MDC) [35]—and compared them with
clinician-performed endpoints in Table 1. The biomarker’s SEM and MDC marked
a 38-52% reduction compared to the min-max-normalized ARAT and FMA-UE,
indicating greater sensitivity to change.

Metric ‘ Measurement ‘ Subacute ‘ Chronic

Proposed Biomarker 0.036 0.021
Normalized ARAT 0.074 0.042

SEM Normalized FMA-UE 0.059 —
Actual ARAT 4.25 2.42

Actual FMA-UE 3.91 -
Proposed Biomarker 0.10 0.058
Normalized ARAT 0.21 0.12

MDC Normalized FMA-UE 0.16 -
Actual ARAT 11.77 6.70

Actual FMA-Ue 10.83 —

Table 1 Comparison of MDC and SEM for the Proposed Biomarker, ARAT, and FMA-UE

Fig. 2B demonstrates the biomarker’s strong concurrent validity against standard-
ized endpoints. The Spearman’s rank correlation coefficients (p) were 0.84 with ARAT
(p=4.3x107%95% confidence interval (CI) = [0.80, 0.86]) and 0.85 with FMA-UE
(p=2.7x 10719 95% CI = [0.82, 0.88]), indicating excellent agreements [36]. Addi-
tionally, the biomarker avoids ceiling or floor effects due to its theoretically infinite
score range, unlike ARAT and FMA-UE [4].

Fig. 2C demonstrates the biomarker’s strong known-group validity, effectively
distinguishing healthy behavioral phenotypes from those of subacute participants
(p = 6.5 x 107%7; Wilcoxon rank-sum test), as hypothesized. Extended Data Fig. 1
provides a detailed illustration of the digital biomarker distributions for the two pop-
ulations, showing a value range of 0.33 to 1.04 in subacute patients and 0.67 to
1.41 for healthy individuals. We also assessed the biomarker’s discriminant validity
against demographic factors—specifically age, gender, and whether the dominant or
non-dominant limb was affected—based on the hypotheses that the biomarker should
remain unaffected by the associated motor characteristics. The biomarker showed
weak correlations with age in both healthy and subacute participants, as shown in
Extended Data Fig. 2. Additionally, no significant differences were observed between
genders in either healthy or subacute groups (Extended Data Fig. 3A, B), nor between
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affected dominant and non-dominant limbs among subacute participants (Extended
Data Fig. 4A).

The responsiveness of the biomarker was examined using three different
approaches: 1) correlation between the temporal trajectories of the proposed
biomarker and standardized assessments, 2) correlations between changes in biomarker
scores and changes in standardized measures, and 3) dichotomous detection of
improvement defined based on standardized measures. Fig. 2D shows that the
biomarker exhibits a strong agreement to standardized measures for population-level
trajectory over the 24-week study period. Data were grouped by collection time (i.e.,
weeks from baseline), and the mean trajectories with two standard deviations were
visualized for all measures. The mean trajectory of the biomarker exhibited a Spear-
man correlation of 0.93 with ARAT (p = 8.6 x 10~%, 95% CI = [0.65, 0.99]) and 0.95
with FMA-UE (p = 2.6 x 1074, 95% CI = [0.75, 0.99]). Fig. 2E shows that changes in
the proposed biomarker between the first and last visits exhibited Spearman correla-
tion coefficients of 0.59 with ARAT changes (95% CI = [0.32, 0.77], p = 1.5x107%) and
0.58 with FMA-UE changes (95% CI = [0.31, 0.76], p = 2.2 x 10~%), demonstrating
excellent longitudinal agreement [37].

Fig. 2F illustrates the biomarker’s capability to detect motor improvements based
on external criteria. Participants were classified as responders if the difference in
their clinical scores between the first and last visits exceeded the MDC specified in
Table 1, and as non-responders otherwise. Of the 61 participants, 36 had more than one
assessment session, with 14 were identified as responders based on ARAT’s MDC and
17 based on FMA-UE’s MDC. The biomarker achieved an Area Under the Receiver
Operating Characteristic Curve (AUC-ROC) of 0.84 £ 0.02 for ARAT and 0.82 +
0.02 for FMA-UE, both indicative of strong detection performance [37]. We further
analyzed the misclassified samples at an operating point on the ROC that maximized
the F1 scores (indicated by dots in Fig. 2F). We observed that, among the false positive
samples, five out of six in ARAT and all three in FMA-UE were influenced by floor and
ceiling effects (i.e., scores near the minimum on the first visit or near the maximum on
the last visit). For false negatives, two of three ARAT cases had score improvements
comparable to the MDC, suggesting potential false improvements. These findings
highlight the biomarker’s potential to mitigate the limitations of traditional clinical
measures in accurately determining patient responses.

Hypothetical clinical trial

Based on the statistical properties of our digital biomarker, we evaluated its poten-
tial advantages over a traditional clinician-performed endpoint (i.e., FMA-UE) in a
simulated randomized clinical trial. We employed the statistical framework based on
Monte Carlo simulation, proposed by Mori et al. [11], for structuring this hypothetical
trial. It was designed to examine the long-term effect of constraint-induced movement
therapy versus conventional therapy among subacute stroke survivors, drawing upon
findings from a randomized clinical trial conducted by Boake et al. [38]. Fig. 2G shows
that the choice of endpoints significantly influences the required sample size to achieve
the desired level of statistical power. For instance, achieving an 80% probability of
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supporting the hypothesis requires 143 participants per arm with the FMA-UE, com-
pared to only 48 with the proposed digital biomarker, marking a 66.0% reduction. We
attribute this reduction to the substantially smaller SEM of the proposed biomarker,
as shown in Table 1. These findings suggest that the proposed digital biomarker could
serve as a valid and efficient endpoint, potentially reducing the cost and sample size
of clinical trials.

Comparison between the proposed biomarker and the affected
limb use intensity

The biomarker was compared to the activity intensity of the stroke-affected limb,
computed by accumulating the acceleration magnitude throughout the monitoring
period [13, 39]. While affected limb intensity showed a strong correlation with the
digital biomarker (p = 0.84, 95% CI = [0.80, 0.87]), as well as with ARAT (p = 0.82,
95% CI = [0.79, 0.85]) and FMA-UE (p = 0.84, 95% CI = [0.81, 0.87]), its corre-
lation with the biomarker varied by stroke severity. Specifically, the correlation was
minimal in participants with severe motor severity and became more pronounced in
participants with moderate to mild motor severity, as illustrated in Fig. 2H. Severity
groups were defined using ARAT scores [40]. This relationship aligns with the thresh-
old hypothesis proposed by Lucena et al. [41], which suggests that stroke survivors
generally refrain from using their impaired limb until reaching a certain level of recov-
ery [42]. This adds to the findings supporting that the proposed biomarker captures
informative recovery phenotypes—e.g., more closely tied to functional ability (ARAT)
and motor impairment (FMA-UE)—rather than merely limb activity.

Interpretation of the digital biomarker via feature analysis

Table 2 summarizes the key features that constitute the proposed biomarker to inter-
pret its content validity. Descriptive functions represent statistical properties derived
from movement segments, while aggregation functions describe how these descriptive
features were synthesized at the subject level. Because different features were used to
train the machine learning model in each outer LOSOCYV iteration, we identified a
set of features that were selected 100% of the folds and then selected representative
features among features with high inter-feature correlations [19].

These features captured distinct aspects of motor performance, utilizing accel-
eration, velocity, and displacement data across homogeneous, outlier, and entire
movement segments in both primary and secondary directions. Features 1 and 3
reflect kinematic variance in linear movements, indicating that as motor severity
worsens, participants generate more restricted kinematics, resulting in reduced vari-
ance [18, 19, 42]. Feature 2 captures the typical distance of linear movements, showing
that displacement decreases with increasing motor severity [15-17]. Lastly, Feature 4
represents maximal motor performance (i.e., velocity), which contributes to the digi-
tal biomarker’s strong association with clinician-rated measures of maximal functional
ability (ARAT) and impairment (FMA-UE) [43]. Though each feature independently
showed acceptable reliability, concurrent validity, and responsiveness, the composite
biomarker—integrating these multidimensional features—outperformed in all criteria.
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No. Test-

retest

Feature
Set,

Feature Direction

Type

Detection  of
Improvement

Correlation of
Changes (p [95% CI])

Descriptive
function

Aggregation
function

Concurrent Val. (p
[95% CI])

reliability (AUC-ROC)
| 1CC(3, 1) | ARAT | FMA-UE | ARAT | FMA-UE | ARAT | FMA-UE
N ) 0.51 085 0.59 0.58 )
Proposed composite biomarker ‘ 0-93 [0.80, 0.86] | [0.82, 0.88] ‘ [0.32, 0.77 ‘ [0.31, 0.76] ‘ 084 ‘ 082
1| Velocity Secondary | Homog. | SD ‘ 10 percentile | 0.93 [[38728 053] ‘ ([E";U 056 ‘ ([1)4189 o070 ‘ [[‘04144 067 ‘ 0.78 ‘ 0.74
2 | Displacement| Secondary | Outlier | Median ‘ N/A ‘ 0.82 ‘[3’7’3 081] ‘ ([)0'7784 o8] ‘ ‘[’04;0 ot ‘ [[’0'4;1 a8 ‘ 0.82 ‘ 073
3 | Acceleration | Primary ‘ Outlier | IQR ‘ Median ‘ 0.80 ?0'7;1 0.52] ‘ ([)68700 0.89] ‘ ([365251 073 ‘ [[)65;5 03] ‘ 0.77 ‘ 072
4| Velocity Secondary | All ‘ Median ‘ Max ‘ 0.80 ‘ '[36’784 081] ‘ 076, 0.83 ‘ ‘[]641]0 065 ‘ ‘[)0‘4131 066 ‘ 0.73 ‘ 074

Table 2 Key Features Contributing to the Digital Biomarker. Summary of the
descriptions and clinimetric properties of the key features. ‘Feature Type’ denotes the source data
from which the features were extracted. ‘Direction’ specifies the axis of linear movement associated
with each feature. ‘Descriptive functions’ capture statistical properties derived from the time series
of individual movement segments, while the ‘aggregation functions‘ summarize these descriptive
features at the subject level. For features utilizing only descriptive or aggregation functions, the
inapplicable function was marked as N/A (Not Available).

Validation of the digital biomarker in chronic stroke survivors

The digital biomarkers for chronic stroke survivors were generated by applying the
machine learning model, trained and validated on the combined subacute and healthy
datasets, to the chronic dataset. The proposed biomarker showed excellent reliability
in the chronic data, with an ICC(3,1) of 0.96 (Fig. 3A). The SEM and MDC of the
digital biomarker were 0.021 and 0.058, respectively, both significantly smaller than
those of the clinical assessment (Table 1).

Fig. 3B supports the biomarker’s strong concurrent validity with ARAT [36], show-
ing a Spearman’s correlation of 0.77 (p = 9.7 x 107148, 95% CI = [0.73, 0.79]). The
average trend line between the biomarker and ARAT for chronic participants aligned
closely with that of the subacute population, as shown in Fig. 3C, suggesting the
biomarker captures a similar construct across chronicity. However, the variance in the
digital biomarker for a given ARAT score was larger for chronic participants, possibly
influenced by individual-level factors, such as psychological, sociological, and envi-
ronmental factors [25]. Fig. 3D demonstrates strong known-group validity between
chronic participants and healthy individuals (p = 1.8 x 10~7%; Wilcoxon rank-sum
test). Extended Data Fig. 1 provides detailed value distributions for these groups. For
discriminant validity, the biomarker showed weak correlations with age and no signif-
icant gender differences, as shown in Extended Data Figs. 2C and 3C, respectively.
However, a significantly higher biomarker score was observed when the dominant limb
was affected (Extended Data Fig. 4B). This difference potentially reflects chronic par-
ticipants’ adaptation of the dominant limb in daily activities over time, leading to
improved motor performance [44].

Fig. 3E, F, and G summarize the biomarker’s responsiveness in chronic par-
ticipants. Unlike subacute participants, chronic participants showed minimal motor
improvement from the intervention, as indicated by prior studies [26] and visualized in
Fig. 3E. Furthermore, among 69 of the 79 chronic participants with multiple clinical
visits, the average change in ARAT from baseline to the final treatment week was 4.7
+ 4.4, which was smaller than the MDC of 6.7 derived from our data. Similarly, the
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Fig. 3 Validation of the digital biomarker in chronic stroke survivors A Scatter plot
investigating test-retest reliability between even-numbered (y-axis) and odd-numbered (x-axis) time
windows across all clinical visits. B Scatter plot showing the proposed biomarker (y-axis) and the
ARAT assessments (x-axis). the correlation between the proposed biomarker (y-axis) and ARAT (x-
axis). C Scatter plot comparing the distribution of the proposed biomarker across subacute (blue),
chronic stroke survivors (orange), and healthy subjects (red) against their ARAT assessments. D
Boxplot comparing the distribution of the biomarker between chronic-stage stroke survivors and the
healthy control group, with statistical significance assessed using the Wilcoxon rank-sum test. E
Temporal trend of ARAT assessment and the proposed biomarker over the treatment weeks, including
the mean trend and two standard deviations. F Scatter plot illustrating the correlation between
changes in the proposed biomarker (y-axis) and changes in ARAT (x-axis). G ROC curve showing the
proposed biomarker’s ability to detect meaningful improvement in clinical assessments, with mean and
one standard deviation obtained via leave-two-subject-out bootstrapping. H Scatter plot depicting
the relationship between the proposed biomarker (x-axis) and the affected limb use intensity (y-axis)
across severity groups and for chronic stroke survivors. Colors indicate functional capacity measured
by ARAT, with warmer colors representing greater capacity.

biomarker’s change was 0.044 + 0.038, with an MDC of 0.058. These limitations sig-
nificantly affected the ability to determine and detect meaningful changes in patient
conditions, as shown in Fig. 3F and G. The relationship between the biomarker and
affected limb intensity paralleled the findings in acute participants, reinforcing the
threshold hypothesis, as shown in Fig. 3H.
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Influence of Compensatory Behaviors on Digital Biomarker

There is an ongoing debate among rehabilitation clinicians and researchers about
whether wearable-based motor assessments should differentiate upper-limb movements
performed with normative shoulder and elbow biomechanics from those involving
compensatory or substitutive movements [13]. Although our digital biomarker was
not explicitly trained to assess movement quality, results in Fig. 2D, E, and F indi-
cate that it reliably detects changes (or lack thereof) in motor status, showing strong
alignment with ARAT and FMA-UE scores, both of which penalize compensatory
behaviors [45]. For example, Extended Data Fig. 5A compares chronic participants’
ARAT scores with scores evaluating the degree of compensatory movements during
ARAT, as derived from the study by Barth et al. [45], showing that compensatory
behaviors were penalized in ARAT scoring. Similarly, the proposed biomarker exhib-
ited significant negative correlations with compensatory movement scores, as shown
in Extended Data Fig. 5B, suggesting that individuals exhibiting greater degrees
of compensatory behavior in laboratory settings tended to achieve lower biomarker
scores. We attribute this to the machine learning model’s design, which learned to
identify meaningful phenotypes in motor performance that strongly correlated with
clinician-evaluated scores across cross-sectional and longitudinal data.

Discussion

In this study, we developed and validated a digital biomarker for post-stroke upper-
limb motor recovery by aggregating kinematic characteristics of linear movements
during natural behaviors using a single wrist-worn sensor. The proposed biomarker
demonstrated excellent interpretability, reliability, concurrent validity, known-group
validity, discriminant validity, and responsiveness, particularly in subacute patients.
Additionally, through a Monte Carlo simulation framework, we showed that the
biomarker could support more efficient clinical trials by leveraging its low measure-
ment error compared to clinician-performed endpoints. The biomarker also displayed
strong generalizability to chronic patients, further supporting its validity across
different stages of chronicity.

This work builds on prior in-laboratory studies that investigated how kinematics
of linear movements change with motor recovery, particularly in relation to the theory
of submovements [17, 46]. These studies have shown that linear wrist movements per-
formed by stroke survivors on a 2D tabletop become more fragmented with lower peak
velocity and shorter displacement as severity increases [14-17]. With rehabilitation,
their movements generally become faster and larger, showing higher peak velocities
and greater displacement. These characteristics align with the features that consti-
tute the proposed digital biomarker (e.g., features 2 and 4 in Table 2), indicating that
displacement and velocity of linear movements increase with recovery.

Some prior studies have attempted to extend these in-laboratory findings to ana-
lyze linear movements during naturalistic upper-limb behaviors [18, 47]. However,
these studies were conducted in simulated home environments rather than real-world
settings and involved only brief periods of data collection (e.g., less than an hour per
participant). Moreover, they primarily focused on demonstrating concurrent validity

12


https://doi.org/10.1101/2025.01.13.25320461

medRxiv preprint doi: https://doi.org/10.1101/2025.01.13.25320461; this version posted January 14, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRXxiv a license to display the preprint in
perpetuity.
All rights reserved. No reuse allowed without permission.

without assessing responsiveness or reliability. Despite these limitations, our findings
resonate with these studies, underscoring the importance of variability in movement
segment kinematics (features 1 and 3 in Table 2) as critical indicators of motor
recovery [18, 19, 42].

The proposed biomarker is a measure of motor performance within the Inter-
national Classification of Functioning, Disability, and Health (ICF) framework [48].
Despite this, it demonstrates strong cross-sectional and longitudinal associations with
clinical measures that assess distinct constructs: FMA-UE for body function and
structure, and ARAT for functional capacity [49]. This is because the proposed
biomarker is designed to learn relevant features of motor performance, exhibiting
strong cross-sectional and longitudinal associations with clinical measures. Unlike
existing wearable-based measures, which are often limited to unidimensional charac-
teristics of limb activity and may rely on two wrist sensors [13], the proposed biomarker
provides a comprehensive view of relevant stroke recovery phenotypes only using a
single sensor [41, 50].

This study has several limitations, highlighting important avenues for future
research. Firstly, our data included only three-axis accelerometer data, requiring a
high-pass filter to mitigate the effects of gravity. However, this approach assumes rela-
tively constant wrist orientation during linear movements, an impractical assumption
that may not accurately reflect patients’ actual movements. This limitation could
introduce noise into the data features and, ultimately, the digital biomarker. Future
studies should consider collecting both accelerometer and gyroscope data to accurately
track linear acceleration in a global coordinate system [35]. Secondly, the dataset was
limited to 24 hours of accelerometer data per clinical visit, so the ICC and SEM cal-
culations provide estimates rather than actual reliability across day-to-day variations.
Future work should collect data over extended periods, which may also help reduce
measurement error and improve reliability, as suggested both theoretically [5] and
empirically [10]. Lastly, the increased variability in the digital biomarker for a given
ARAT score in chronic patients, as shown in Fig. 3, warrants further investigation.
While we posit that individual-level factors may contribute to this variability [25], our
study does not offer definitive evidence to support this. Future research could incor-
porate additional sensors or qualitative assessments of individual factors to better
understand their impact on the biomarker in chronic patients.

In conclusion, we have developed and validated a digital biomarker to assess
upper-limb motor recovery in stroke survivors using a single wrist-worn accelerome-
ter, collecting data from patients’ naturalistic settings. The biomarker demonstrates
strong validity, particularly among subacute-phase stroke survivors. These promising
results support the biomarker’s potential as an endpoint in clinical trials, offering cost-
effectiveness, low data collection burden, and reduced reliance on specialized clinicians
its for large-scale deployment. It also holds promise for clinical practice, where it could
help clinicians further personalize treatment strategies [2, 3] and enable patients to
self-track and manage their rehabilitation progress [21].
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Methods
Dataset

This study utilized measurement data from three separate research projects [25-29],
publicly available through the NICHD DASH repository [23, 24]. The dataset included
both subacute and chronic stroke patients as well as healthy subjects, as summarized
in Fig. 1B.

For the subacute dataset, data were collected from 61 individuals across up to
eight assessment sessions within the first six months post-stroke, totaling 224 sessions.
These sessions were scheduled at weeks 2, 4, 6, 8, 12, 16, 20, and 24 from baseline.
On average, subacute participants completed 3.67 + 2.75 assessments. At the time
of baseline assessment, they were 7.1 + 3.1 days post-stroke. Participants received
medical care as per their clinical plan. The chronic dataset consisted of measurement
data from 79 stroke survivors at least six months post-stroke (on average 712 £ 1091
days). These patients participated in a clinical trial evaluating the effectiveness of an
intervention, completing a total of 615 weekly assessments (7.77+3.64 assessments per
participant). Seventy-five percent of these patients received an eight-week intervention,
while the remaining 25% extended their intervention by up to four weeks until reaching
a plateau on the primary outcome measure (i.e., ARAT). The healthy dataset were
obtained from 75 community-dwelling adults without any neurological conditions.
They were assigned with the maximum clinical scores, without administrating the
motor assessments, indicating maximal motor capacity and no impairment.

For all three groups, ActiGraph GTX3 accelerometer data were collected from both
wrists for approximately 24 hours in their naturalistic environments following clinical
assessment. For the subacute and chronic datasets, only accelerometer data from the
stroke-affected limb were included in the analysis, whereas for the healthy dataset,
data from both wrists were analyzed. The subacute dataset comprised 5,376 hours of
accelerometer recordings, the chronic dataset included 13,860 hours, and the healthy
dataset contained 3,600 hours of recordings. All raw accelerometry data were sampled
at 30 Hz. A bandpass filter was applied between 0.25 and 2.5 Hz to approximate
gravity-free acceleration and attenuate motion artifacts and inherent sensor noise for
subsequent analysis [25, 26].

Linear movement detection and segmentation

Our data analytic pipeline began by identifying linear movements from continuous
gravity-free acceleration data. Linear movements are the most frequently performed
and fundamental upper-limb actions required for ADLs [51]. In-laboratory studies
have also demonstrated that linear movements contain rich kinematic characteristics
that can effectively reflect motor recovery [16, 17]. As outlined in Algorithm 1, we
employed a heuristic algorithm to detect linear movements with the following crite-
ria: 1) signal variance is concentrated in a single eigenvector, indicating a relatively
straight path in 3D space, determined by Principal Component Analysis (PCA) on
the 3D gravity-adjusted accelerometer data, where the variance percentage of the first
PC exceeds 82% [18, 52]; 2) the movement duration is between 1 and 5 seconds [53];
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and 3) the movement magnitude (i.e., activity index) must exceed 0.0045 g [53]. On
average, we observed 306.9 +221.5 linear movements per hour in subacute stroke sur-
vivors, 315.2 £ 217.7 per hour in chronic stroke survivors, and 662.4 £ 142.3 per hour
in healthy subjects.

After identifying linear movement episodes, we derived the velocity time-series by
integrating acceleration data along the primary and secondary movement directions
(i.e., the first two principal components derived earlier). Our analysis focused on the
kinematic profiles within these dimensions, where the majority of signal variance was
captured, thereby reducing both feature dimensionality and computational complex-
ity. Movement segments were then identified based on zero-crossings in the velocity
time-series for each direction [18, 47].

Algorithm 1 Linear movement identification

1: procedure LINEAR MOVEMENT IDENTIFICATION(ACC _data)

2 Input: 3D accelerometer data (ACC _data)

3 Output: 2D segmented and projected data (linear_movement)

4 start < 0

5: end + 0

6 upper_bound < «

7 lower _bound + (8

8 while start < length_of _data do

9: for end + start + lower_bound, start + upper_bound do

10: PC1_ratio < PCA(ACC _data[start : end))

11: Al + Get_AI(ACC _datalstart : end))

12: if PC1_ratio < one_d_thresh or Al < inactivity_thresh then
13: break

14: end if

15: end for

16: if end — start > lower_bound and Al > inactivity_thresh then
17: linear_movement < PCA(Raw_data[start : end — lower_bound))
18: end if

19: start < end + lower_bound

20: end while

21: return linear_movement

22: end procedure

Features extraction

Research indicates that movement segments contain unique kinematic and tempo-
ral patterns relevant to stroke recovery [18, 47], likely resulting from impairments
in motor planning and control mechanisms, such as feedforward and feedback con-
trol [54, 55]. To capture these variations more precisely, movement segments were
clustered into three subsets: the homogeneous set, the outlier set, and the entire set.
The homogeneous and outlier sets were identified using the unsupervised clustering
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methods outlined in prior work [19]. This approach builds on findings that the veloc-
ity profiles of linear movement segments in neurologically intact individuals typically
exhibit a smooth, bell-shaped curve [31, 56], whereas stroke survivors often display
more irregular morphologies [16, 17]. The entire set encompassed all movement seg-
ments, combining the homogeneous and outlier sets. Data features were extracted
independently from these subsets to capture nuanced, context-specific characteristics
(i.e., homogeneous and outlier sets), as well as more comprehensive characteristics
(i.e., entire set).

Data features encompassed kinematic, morphological, and temporal characteristics
of movement segments in each cluster. Kinematic features were derived from descrip-
tive statistics—such as minimum, maximum, mean, median, standard deviation, 10"
percentile, 90" percentile—calculated on displacement, velocity, acceleration, and jerk
profiles of each movement segment. For morphological features, we first resampled
the velocity profiles of the segments to a normalized time duration and applied PCA
to extract the top five basis functions, representing both high- and low-frequency
movement components, as described in our prior study [30]. The aforementioned
descriptive statistics were then applied to the values of these basis functions to cap-
ture the morphological characteristics of movement segments. Temporal features were
designed to capture inter-segment dynamics [30], so we extracted them solely from the
entire set of movement segments. A 2D histogram represented the probability den-
sity of consecutive segments, from which geometric features were derived to describe
this distribution, including bounding box, convex hull, and eccentricity [57]. Descrip-
tive statistics were then applied to the bounding box dimensions, and to the convex
hull area, perimeter, compactness, and eccentricity. These kinematic, morphological,
and temporal descriptive features were processed within each subject to summarize
subject-level characteristics using aggregation functions, such as minimum, maximumn,
mean, median, standard deviation, 10" percentile, 90" percentile.

Machine learning model

The training process was designed around the three key pillars of biomarker validation
criteria: reliability, concurrent validity, and responsiveness. We first pruned unreliable
and irrelevant features based on the following criteria: an ICC(3,1) < 0.75 [34], a
Spearman’s correlation coefficient < 0.75 for cross-sectional correlations with ARAT
or FMA-UE [36], a Spearman’s correlation coefficient < 0.4 between longitudinal
changes in the feature and changes in clinical assessments [37], or an AUC-ROC
< 0.7 for detecting responders based on the MDC of the clinical assessments [37].
To streamline training and prevent multicollinearity, inter-feature correlations were
computed, and lower-performing features within highly correlated pairs (Pearson’s
correlation > 0.9) were removed.

Next, multivariate linear mixed-effects models with L2 regularization were used to
combine the remaining features into a composite biomarker. These models incorpo-
rated both fixed and random effects, where 1) fixed effects captured population-level
correlations with the min-max-normalized ARAT score, addressing concurrent valid-
ity and 2) random effects accounted for individual-level variation, with an average
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of 3.67 £ 2.75 longitudinal data points per subject used for training, to ensure lon-
gitudinal consistency (i.e., responsiveness). Each subject was treated as a grouping
factor to model individual-level data. The ARAT score was selected as the primary
target variable because it was the only clinical measure available for chronic patients
and strongly correlates with FMA-UE (Spearman’s p = 0.96 with p = 8.9 x 107120
from our dataset) [58]. It is worth highlighting that we did not intend to use ARAT
to devise a digital version of itself, as it is not a perfect gold standard for assessing
motor recovery. Rather, we used it to capture associations, aligning with best prac-
tices in digital biomarker research [43]. With min-max normalization applied to the
target clinical measure (ARAT), the primary range of the digital biomarker was from
0 to 1, although its theoretical range was unbounded.

The models were trained, validated, and tested using nested LOSOCV, ensuring
no data from the same subject was used across these stages. The outer cross-validation
was dedicated to testing, while the inner cross-validation optimized the L2 regular-
ization parameter. This framework is essential for evaluating the generalizability of
digital biomarkers [32].

Evaluation

This study estimated the test-retest reliability of the digital biomarker to assess
its consistency against potential day-to-day variability. Due to data constraints of
only 24 hours per subject, we split the dataset into two groups by alternating the
group categorizing every other 30-minute time window (i.e., alternating between even-
and odd-numbered time windows). We assumed that a 30-minute window would be
sufficient for individuals to engage in various activities, allowing us to assess the
biomarker’s reliability across a diverse set of behaviors.

To quantify measurement error, we estimated the SEM and MDC. SEM repre-
sents the inherent error in a measure due to unreliability, while MDC estimates the
smallest detectable score change that reflects a true difference, rather than random
measurement error or variability [35]. SEM and MDC were calculated using

SEM = o,, x V1 —1CC
MDC =1.96 x SEM x /2,

where o, is the standard deviation of outcome measures. To estimate SEM and MDC
for ARAT and FMA-UE, o,, was calculated from our dataset, while the ICC value
reflecting inter-rater variability was referenced from existing literature (i.e., ICC of
0.965 for both ARAT and FMA-UE) [58]. This implies that, although the SEM and
MDC comparisons were not entirely derived from the same dataset, they accounted
for the primary sources of variability in the measurement: test-retest variability for
the digital biomarker and inter-rater variability for clinical measures.

Concurrent validity examines the extent to which an outcome measure (i.e., digital
biomarker) is an adequate reflection of a gold standard (e.g., FMA-UE and ARAT). In
this study, we evaluated concurrent validity using Spearman’s correlation coefficients,
given the non-linear relationships observed in Figs. 2 and 3. For known-group validity,
the Wilcoxon rank-sum test was used to compare differences between stroke survivors
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and healthy subjects. Discriminant validity examines if the construct captured by the
proposed biomarker was different from other constructs such as age, gender, and limb
dominance in this study. The underlying hypotheses were the biomarker should not
be influenced by motor characteristics associated with the aging process, gender, or
limb dominance. We computed Spearman’s correlation between age and the proposed
biomarker at baseline, and used the Wilcoxon rank sum test to compare the biomarker
values at baseline between gender groups and between affected dominant and non-
dominant limbs.

Responsiveness refers to the ability of a measure to detect meaningful changes
over time in the construct being assessed. In our study, we validated the proposed
biomarker using three approaches. First, we evaluated the correlation between the
temporal trajectories of the proposed biomarker and standardized clinical assess-
ments using Spearman’s correlation coefficient. Second, we computed the correlation
of changes between the proposed biomarker and standard clinical assessments [37] to
assess whether the biomarker could reflect changes in clinical assessments over the
course of therapy. Lastly, we evaluated whether the proposed biomarker could detect
improvement, as defined by standardized measures, using AUC-ROC [37]. Stroke sur-
vivors were categorized as “responders” or “non-responders” based on whether the
change in standardized assessments between their first and last visits exceeded the
computed MDC, as summarized in Table 1. AUC-ROC was then used to examine the
agreement between the improvement in the proposed biomarker and the classification
of patients as responders or non-responders.

Hypothetical clinical trial

We implemented a hypothetical clinical trial using the statistical simulation framework
proposed by Mori et al. [11]. The simulation was modeled after the randomized clinical
trial conducted by Boake et al. [38], which compared the efficacy of constraint-induced
movement therapy (CIMT) versus conventional therapy among subacute stroke sur-
vivors. The trial used the FMA-UE as the primary endpoint to evaluate the treatment
effect between the two groups.

Population means and variances for changes in FMA-UE in both groups were
derived from Boake et al.’s trial [38]. We estimated the population means for improve-
ment in the proposed biomarker, assuming it would yield the same percentage of
improvement as the FMA-UE, given the relatively linear relationship observed in
Fig. 2B. However, since the wearable-based assessment exhibited significantly smaller
SEM compared to the FMA-UE, the population variance was reduced proportion-
ally for the proposed biomarker. The difference in reliability between the biomarker
(ICC(3, 1) = 0.93) and the FMA-UE (ICC(3, 1) = 0.96 [58]) was negligible, and
therefore its impact on the variance was disregarded for simplicity.

Monte Carlo simulation was performed by sampling means and variances from
Gaussian and Chi-squared distributions, respectively. A two-tailed Welch’s t-test was
used to account for unequal variances, and hypothesis support was defined as achieving
statistical significance between the intervention and control groups with o = 0.05.
The simulation iterated over 10,000 trials for sample sizes ranging from 2 to 250,
calculating the probability of hypothesis support as the proportion of trials achieving
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significance. This framework estimated the minimum sample size required for each
assessment to achieve adequate statistical power, highlighting the potential efficiency
gains of the wearable-based digital biomarker.
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Extended Data Fig. 1 Distribution of the proposed biomarker. The plot showed the distri-
bution of the proposed biomarker in healthy subjects (green), subacute (blue), and chronic (orange)
stroke survivors. Kernel density estimation was used to visualize the distribution of the proposed

biomarker.
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Extended Data Fig. 2 Discriminant validity in age. A-C. The scatter plots showed the rela-
tionship between age and the proposed biomarker at baseline for healthy, subacute, and chronic
subjects respectively. Spearman’s correlation was used for computing correlation. For stroke survivors,
only baseline data were included for comparison. For healthy subjects, data from only one wrist were
used.

24


https://doi.org/10.1101/2025.01.13.25320461

medRxiv preprint doi: https://doi.org/10.1101/2025.01.13.25320461; this version posted January 14, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRXxiv a license to display the preprint in
perpetuity.
All rights reserved. No reuse allowed without permission.

A B C
Healthy subjects Subacute Stroke Survivors Chronic Stroke Survivors
p-value=1.8x10" p-value=8.3x10"" p-value=8.1x10?
14 ° o 1.0 °
g13 goop 209
®© © ®© T ®© -
5§12 §os 508
. el i)
3 | 207 207
2 1.0 Q o
Q. Q. Q.
o o © 0.6
a 09 o 0.61 . a
0.5
0.8 J osl | J
0.7 0.4 | .
Female Male Female Male Female Male

Extended Data Fig. 3 Discriminant validity in gender. A. The boxplot show the comparison
of the proposed biomarker between female and male in healthy subjects. Wilcoxon rank sum test
was used for evaluating significant difference. B. The boxplots show the comparison between female
and male in proposed biomarker, ARAT, and FMA-UE in subacute survivors. C. The boxplots show
the comparison between female and male in proposed biomarker and ARAT in chronic survivors. For
stroke survivors, only baseline data were included for comparison. For healthy subjects, data from
only one wrist were used.
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Extended Data Fig. 4 Discriminant validity in limb dominance. A. The boxplot shows a
comparison of the proposed biomarker, ARAT, and FMA-UE between cases where the affected limb
is the dominant limb and where it is not among subacute subjects. A Wilcoxon rank-sum test was
used to evaluate significant differences. B. The boxplot shows a comparison of the proposed biomarker
and ARAT between cases where the affected limb is the dominant limb and where it is not among
chronic subjects. For stroke survivors, only baseline data were included for comparison.
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Extended Data Fig. 5 Relationship between compensatory scores, ARAT, and the pro-
posed biomarker of chronic survivors. A The scatter plot illustrates the relationship between
compensatory scores and ARAT assessment. Spearman’s correlation was used to assess the association
between compensatory scores and ARAT assessment. B The scatter plot illustrates the relationship
between compensatory scores and the proposed biomarker. Spearman’s correlation was used to assess
the association between compensatory scores and the proposed biomarker.
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