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Abstract19

The Action Research Arm Test (ARAT) is a widely-used upper limb out-20

come measure in neurorehabilitation, but its ordinal scoring is subjective and21

suffers from limited sensitivity and specificity. We evaluated whether artificial-22

intelligence (AI)-based markerless motion capture (MMC), embedded into ARAT23

assessments during clinical routine, accurately reconstructs upper limb movement24

and yields valid, objective kinematic metrics carrying clinically meaningful infor-25

mation beyond the ordinal score. Across 47 sessions from 20 mixed-neurological26

patients (1,174 ARAT tasks), biomechanical reconstruction was accurate and27
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robust across impairment levels, and kinematic metrics showed the discrimina-28

tion pattern expected of a construct-valid measure. In longitudinal case studies,29

the metrics added the specificity and sensitivity the ordinal score lacks: a domain30

decomposition exposed patient-specific recovery profiles underlying equal ARAT31

gains (specificity), and kinematic improvement continued to be detected after32

the ARAT had saturated (sensitivity). MMC in clinical routine can thus provide33

valid, objective, sensitive, and specific kinematic measurement complementing34

ordinal scoring.35

Keywords: ARAT, Markerless Motion Capture, Precision Neurorehabilitation, AI36

1 Introduction37

Neurological conditions such as stroke and Parkinson’s disease affect hundreds of mil-38

lions of people worldwide, making them a leading cause of motor impairment [1].39

Every year, more than 12 million people suffer a stroke [2], and approximately half40

of the survivors still experience upper limb impairment after rehabilitation [3], often41

limiting their independence in the long term [1]. With aging societies, the number42

of affected individuals is expected to rise, increasing pressure on healthcare systems43

[2] and demanding more effective and efficient rehabilitation strategies [4, 5]. Preci-44

sion neurorehabilitation has been proposed as the framework to meet this demand:45

a closed loop in which interventions are continually adapted to a patient’s measured46

response and outcomes re-assessed to steer the next decision. Realising it depends47

on the quality of the measurements that close the loop, yet the outcome measures48

available in routine practice remain largely subjective, human-scored assessments that49

characterise functional state only coarsely. Outcome measures that capture functional50

state objectively, sensitively, and specifically are therefore a prerequisite for preci-51

sion neurorehabilitation and for the development of improved surrogate biomarkers52

of recovery against which novel interventions can be evaluated.53
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When it comes to motor recovery, it is currently not feasible to measure movement54

objectively in clinical routine, and hence outcome measures rely on therapists observ-55

ing the patient performing standardised tasks and then scoring them on an ordinal56

scale based on their visual perception. The Action Research Arm Test (ARAT) is one57

of the most frequently applied measures in neurorehabilitation to assess upper limb58

function in patients [6]. It is a 19-item measure assessing upper limb functional perfor-59

mance on pick-and-place tasks (grasp, grip, pinch) and gross motor tasks, each rated60

on a four-point ordinal scale: 0 indicating inability to perform any part of the task, 161

indicating partial performance, 2 indicating task completion but with increased time62

or difficulty, and 3 indicating normal motor-performance [6]. The ARAT’s ordinal63

scale introduces several inter-related limitations [4, 7, 8]. First, subjectivity [6, 9]: dis-64

tinguishing between Score 2 and Score 3 relies on a clinician’s judgement of whether65

movement is “normal”, a determination that is inherently subjective and susceptible66

to inter-rater variability, particularly at the functional boundary where movement67

quality is marginal. Despite continued efforts to harmonise scoring criteria across neu-68

rorehabilitation clinics [10–13], residual between-rater and between-site differences69

persist, and reliable scoring itself requires training and accrues over a learning curve.70

Second, sensitivity [14]: like many ordinal clinical scales, the ARAT suffers from floor71

and ceiling effects, meaning patients at the extremes of performance cannot be fur-72

ther differentiated by the scale, and meaningful improvements in movement quality or73

speed may occur without any change in ordinal score. Third, specificity [7]: an ordinal74

score conveys no information about why a particular rating was assigned. Two patients75

receiving Score 2 on a specific task may do so for entirely different reasons (one con-76

strained by limited range of motion, another by slow and effortful movement), yet77

the ARAT provides no means to distinguish these distinct movement quality profiles,78

limiting its value for treatment planning and outcome monitoring.79
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Kinematic analysis of upper limb movement offers a principled route to address80

these limitations, providing continuous, observer-independent measurements of move-81

ment quality. Marker-based optical motion capture (OMC) has demonstrated this82

potential clearly: kinematic metrics derived from an instrumented drinking task can83

quantify upper limb movement quality in people with stroke with high sensitivity84

and validity [15, 16]. However, OMC’s substantial time requirements, technical com-85

plexity, and cost render it incompatible with clinical routine, limiting its role to86

occasional laboratory-based assessments rather than integrated rehabilitation moni-87

toring. A practical kinematic measurement solution, one that is both accurate and88

minimally disruptive to clinical workflows, is therefore needed to bridge the gap.89

Markerless motion capture (MMC), an emerging technology, derives full-body90

kinematics from multi-camera red–green–blue (RGB) video using AI-based computer91

vision, supported by a growing ecosystem of research and commercial tools [17–22].92

Rather than tracking physical markers attached to the body, as in active or passive93

marker-based systems, it detects anatomical landmarks directly in the image using94

pose estimation, removing the need for any on-body instrumentation. This approach95

has shown high accuracy in laboratory validation against marker-based optical motion96

capture [23] and minimal disruption to clinical workflows [24]. While these prior97

contributions establish that MMC can be accurately reconstructed under controlled98

laboratory conditions and integrated into clinical workflow without disruption, the99

present study takes the next step: evaluating whether the kinematic metrics collected100

during routine clinical sessions are themselves valid and clinically informative.101

Evaluating MMC-based kinematics in this context calls for an incremental strat-102

egy, building from the underlying reconstruction up to the metrics derived from it103

and, ultimately, to the clinical value those metrics offer. The starting point is the104

kinematic reconstruction itself: before any metric can be trusted, the reconstructed105

joint trajectories must be of adequate accuracy in the clinical environment, and this106
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accuracy must hold across the full range of patient impairment rather than degrading107

where motor function is worst.108

Once an accurate signal is established, the central question becomes whether109

metrics derived from it validly capture the upper limb function construct. This is110

methodologically non-trivial because no gold-standard continuous measure of upper111

limb function exists in clinical routine: validation must proceed against the very ordi-112

nal system whose limitations motivate the work. This apparent circularity can be113

turned into an advantage by asking not simply whether kinematic metrics agree with114

the ARAT, but whether they agree in the way a valid measure should. A metric that115

genuinely captures upper limb function should discriminate strongly between score116

groups where the clinical boundary is robust, yet discriminate less where the ordinal117

scale is itself unreliable. Observing this differential pattern would provide evidence118

of construct validity that simple agreement cannot, precisely because it tracks the119

underlying functional construct rather than the ordinal, clinical scale.120

A metric established as valid in this cross-sectional sense can then be examined121

longitudinally, both to confirm that its validity holds as patients recover over time122

and to expose the added clinical value it offers beyond the ordinal score: the ability123

to track recovery continuously, to reveal which specific aspects of movement drive a124

given change, and to remain sensitive to improvement even after the clinical scale has125

saturated. Together, these strands of evidence would establish whether MMC-derived126

kinematics can serve as a valid and clinically informative complement to ordinal127

scoring.128

The aim of the present study is to evaluate the validity and added clinical value129

of AI-based markerless motion capture for upper limb assessment in routine neurore-130

habilitation, by quantifying the accuracy of the underlying kinematic reconstruction,131

the construct validity of metrics derived from it at the population and longitudinal132

levels, and the clinical information those metrics carry beyond ordinal scoring.133
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We therefore test the following hypotheses (Table 1):134

Table 1: Evaluation framework. Each hypothesis provides a distinct level of evi-
dence, building from the accuracy of the underlying kinematic reconstruction from
the AI-based markerless motion capture algorithm (H1), through construct validity
of kinematic metrics at the population (H2) and longitudinal (H3a) levels, to the
added clinical value of kinematic metrics beyond ordinal scoring (H3b, H3c). Thresh-
old symbols: η2H , Kruskal–Wallis effect size (small-effect cut-off 0.06); AUC, area under
the ROC curve (“excellent” ≥ 0.85, “acceptable” ≥ 0.7 [25]); MCID, minimal clini-
cally important difference (15 pp on the compound scale), adopted as an approximate
threshold translated from consensus recommendations [4]. Operational definitions are
given in Methods.

Claim Evidence type /
method

Level Data Threshold

H1 Reconstruction
accuracy &
robustness

Reprojection error vs.
established range; stabil-
ity across score groups

Trial (precondi-
tion)

Cohort (1,174 tri-
als)

error ∈

[10, 20] px AND
η2H < 0.06

H2 Construct validity
(population)

Known-groups discrimi-
nation (Tier 1 strong,
Tier 2 attenuated)

Population
(cross-sectional)

Cohort (n = 20) Tier 1 AUC ≥

0.85 (majority);
0.5 < Tier 2 <

Tier 1

H3a Longitudinal con-
struct validity

Soverall agrees with clini-
cal change (MAD)

Longitudinal
(within-patient)

Case studies (n =
2)

MAD(Soverall) <
MCID, per anal-
ysis group

H3b Specificity (added
value)

Domain-level recovery
profiles where present

Longitudinal Case studies (n =
2)

Reported, not a
pass criterion

H3c Responsiveness
beyond ceiling
(added value)

Domain change after clin-
ical ceiling reached

Longitudinal Case study (n=1) ∆Sdomain >

MCID for ≥ 1
domain (post-
ceiling)

H1 (Reconstruction accuracy and robustness). Biomechanical reconstruc-135

tion from an ad-hoc three-camera setup (see Supplementary Figure A1) yields136

kinematic time series of adequate accuracy for metric extraction (cohort-level mean137

reprojection error within the 10–20 pixel (px) range previously established as accept-138

able for this reconstruction algorithm in clinical use, modestly above the 5–10 px139

laboratory standard [23]), with reconstruction quality remaining stable across the140

full range of clinical impairment (effect of ARAT score group on reprojection error141

η2H < 0.06, conventional small-effect threshold).142

H2 (Construct validity at the population level). MMC-derived kinematic143

metrics capture the intended movement-quality construct, evidenced by Tier 1144
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(Score 0/1 vs. Score 2/3) combined-feature discrimination of area under the receiver145

operating characteristic curve (AUC) ≥ 0.85 (conventional “excellent discrimination”146

threshold [25]) in the majority of analysis groups, with Tier 2 (Score 2 vs. Score 3)147

discrimination remaining above chance (AUC > 0.5, exceeding the conventional148

“acceptable discrimination” threshold of 0.7 [25] where possible) but consistently lower149

than Tier 1 across analysis groups, the pattern expected of a valid construct measure150

that tracks the underlying function rather than the noisy scale.151

H3a (Longitudinal construct validity). During sub-ceiling recovery, the over-152

all kinematic compound score Soverall, which aggregates all kinematic metrics, tracks153

the clinical ARAT trajectory within the adopted minimal clinically important differ-154

ence (mean absolute deviation, MAD < 15 percentage points (pp) on the normalised155

compound scale, one minimal clinically important difference (MCID) [4]), evaluated156

per analysis group, establishing longitudinal construct validity in each analysis group157

where the criterion holds. Calculation of the metrics is described in Figure 1.158

H3b (Specificity: domain-level recovery profiles beyond the ordinal159

score). Given the longitudinal validity established in H3a, the domain decomposition160

into range-of-motion (ROM), velocity, and compensation scores (SROM, SVel, SComp)161

exposes patient-specific recovery profiles invisible to the ordinal score when they exist.162

The case studies illustrate this added clinical value through the observed contrast163

between two patients on the Grasp analysis group.164

H3c (Responsiveness beyond the clinical ceiling). Given the validity estab-165

lished in H3a, after clinical scores plateau at the ARAT ceiling, at least one166

domain-level compound score continues to change by more than the adopted MCID167

(≥ 15 pp on the normalised compound scale, one MCID [4]) during the post-ceiling168

window, demonstrating responsiveness where ordinal scoring saturates.169

H1 and H2 are tested at the cohort level and constitute the primary hypotheses.170

H3a–H3c are evaluated through two longitudinal case studies and are exploratory,171

intended to illustrate the added clinical value of kinematic metrics and to motivate172
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future cohort-level investigation. H3b and H3c each build on H3a: the longitudinal173

validity established in H3a is what licenses the domain divergence (H3b) and the post-174

ceiling change (H3c) to be read as genuine recovery rather than measurement noise;175

H3b and H3c are otherwise independent properties of the validated measure.176

Demonstrating these properties together would establish AI-based markerless177

motion capture as a valid, clinically meaningful complement to ordinal scoring inside178

an unmodified neurorehabilitation routine, opening a path toward continuous, multi-179

dimensional, observer-independent characterisation of upper limb recovery in standard180

clinical practice.181

2 Methods182

Participants and Data Collection183

Data were collected from 20 participants (10 stroke, 6 Parkinson’s disease, 4 other184

neurological conditions) during routinely scheduled ARAT sessions at the Swiss neu-185

rorehabilitation clinic cereneo, yielding 47 sessions and 1,304 raw ARAT tasks (trials)186

(1,174 retained after outlier exclusion) in total. Three webcams (Logitech Brio 4K:187

1280 × 720 px, 60Hz) were set up ad-hoc around the assessment table (see Supple-188

mentary Figure A1), while therapists used a tablet application to mark start and stop189

of each individual trial and assign clinical ARAT scores in real time. All participants190

provided informed consent for research use of their data; ethics approval was granted191

by the local ethics committee (EKNZ, 2024-00196).192

Kinematic Reconstruction and Preprocessing193

Upper limb kinematics were reconstructed using a differentiable biomechanics algo-194

rithm [17], previously validated against gold-standard OMC for upper limb reconstruc-195

tion in people with stroke [23]. The resulting joint angle, angular velocity, wrist and196
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trunk position time series were low-pass filtered using a zero-phase fourth-order But-197

terworth filter at 5Hz to remove high-frequency noise while preserving physiologically198

relevant movement dynamics. Trials were excluded if any derived metric fell outside199

three times the interquartile range of its respective ARAT score group (IQR× 3.0).200

Data Quality of Kinematic Reconstruction201

Reconstruction quality was quantified using the mean reprojection error, which is202

commonly used as an internal measure of reconstruction quality in markerless motion203

capture systems [17, 23]. It is defined as the Euclidean distance in pixels (px) between204

the detected 2D keypoints in each camera view and the reprojection of the corre-205

sponding reconstructed 3D joint positions back onto that view. For each trial, the206

reprojection error was averaged across all keypoints, camera views, and frames to207

yield a single trial-level quality measure, with lower values indicating closer agreement208

between the biomechanical reconstruction and the observed image data.209

To evaluate H1, we defined two criteria for adequate and robust reconstruction.210

First, for adequacy, the cohort-level mean reprojection error had to fall within the211

10–20 px range previously established as acceptable for this reconstruction algorithm212

in clinical use, modestly above the 5–10 px laboratory baseline [23]; values within this213

range indicate reconstruction quality comparable to controlled clinical-routine con-214

ditions, while substantially larger errors would indicate inadequate quality. Second,215

for robustness across impairment, reconstruction quality had to be stable across the216

range of clinical ability, such that reprojection error did not depend systematically217

on ARAT score; a large, systematic increase in error with greater impairment would218

indicate performance-dependent reconstruction bias and reject this criterion. Repro-219

jection error was compared across the four ARAT score groups using a Kruskal–Wallis220

test, with η2H as the effect size and a negligible-to-small effect (η2H < 0.06) taken221

as consistent with robustness; pairwise Dunn’s post-hoc tests with Holm correction222
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and rank-biserial correlation r characterised any group differences. H1 was considered223

supported if both the adequacy and robustness criteria were met.224

Kinematic Metrics225

Table 2: Standard ARAT task grouping and analysis groups used
in the present study. Tasks sharing the same gross motor movement
pattern were pooled for analysis; tasks with a unique movement pat-
tern were analysed individually.

ARAT Subtest Task Analysis Group

Grasp

Block 10 cm

Grasp (pooled)

Block 7.5 cm
Block 5 cm
Block 2.5 cm
Stone
Ball 7.5 cm

Grip

Water pouring Water Pouring (individual)

Tube 2.25 cm
Grip (pooled)Tube 1 cm

Washer

Pinch

Ball 6 mm (index)

Pinch (pooled)

Ball 6 mm (middle)
Ball 6 mm (ring)
Ball 1.5 cm (index)
Ball 1.5 cm (middle)
Ball 1.5 cm (ring)

Gross
Movement

Hand behind head Hand Behind Head (individual)
Hand to mouth Hand to Mouth (individual)
Hand on top of head Hand on Top of Head (individual)

Metric Selection226

Movement-quality metric sets with established psychometric evidence in neurological227

populations currently exist for the drinking task [15, 16], but no equivalent evidence-228

based metric set exists for the ARAT. We therefore drew on the broader upper-limb229

kinematic literature, which has converged on a shared time-series substrate of joint230

angles, peak joint and end-effector (hand) velocities, and trunk displacement as a231

compensation indicator [4, 26], to construct a general-purpose metric set designed to232
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represent overall movement quality across all seven ARAT analysis groups rather than233

to be optimised for any one of them.234

Ten kinematic metrics were extracted at the trial level. The guiding principle was235

to retain metrics that are robustly computable from a single trial without requiring236

movement phase segmentation, yielding stable estimates that characterise upper limb237

movement directly from the kinematic time series. This trial-level approach avoids any238

additional error introduced by automated phase classification, which would propagate239

uncertainty into every downstream metric. Metrics were derived from the kinematic240

time series most consistently implicated in upper limb movement characterisation in241

the literature: end-effector velocity, elbow angle and angular velocity, shoulder flexion242

angle and angular velocity, shoulder abduction, and trunk displacement [15, 23]. From243

these underlying time series, stable trial-level summary metrics were computed as244

peak values and ranges of motion, capturing the magnitude and extent of movement245

during each trial. Smoothness metrics were excluded as they are more susceptible to246

kinematic jitter introduced by the reduced camera count in the clinical environment247

relative to the laboratory setup. All metrics are listed in Figure 1 (raw metrics).248

Task grouping249

The analysis covered all 19 ARAT tasks, performed bilaterally yielding 38 task250

instances. As it is good clinical practice to not evaluate a movement based on a sin-251

gle repetition [27], kinematic metrics and clinical scores of the individual tasks were252

averaged per ARAT subgroup wherever they were sharing the same gross movement253

pattern. This resulted in 7 analysis groups (see Table 2). A secondary benefit of this254

averaging is that the per-analysis-group clinical score becomes a continuous quantity255

on [0, 3] rather than the discrete ordinal values 0–3 of the individual tasks, providing256

finer resolution that aligns more naturally with the continuous nature of the kinematic257

compound scores in subsequent analyses.258
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Shoulder flex. angle
θSF [°]

Elbow ext. angle
θEE [°]

End-effector vel.
vhand [m/s]

Shoulder flex. ang. vel.
ωSF [°/s]

Elbow ext. ang. vel.
ωEE [°/s]

Shoulder abd. angle
θSA [°] †

Trunk displacement
dTr [m] †

max(θSF ) [°]

ROM(θSF ) [°]

max(θEE) [°]

ROM(θEE) [°]

max(vhand) [m/s]

max(ωSF ) [°/s]

max(ωEE) [°/s]

max(θSA) [°]

ROM(θSA) [°]

max(dTr) [m]

˜max(θSF ) [%]

˜ROM(θSF ) [%]

˜max(θEE) [%]

˜ROM(θEE) [%]

˜max(vhand) [%]

˜max(ωSF ) [%]

˜max(ωEE) [%]

˜max(θSA) [%] †

˜ROM(θSA) [%] †

˜max(dTr) [%] †

sθSF
[%]

sθEE
[%]

svhand
[%]

sωSF
[%]

sωEE
[%]

sθSA
[%]

sdTr
[%]

SROM [%]

SVel [%]

SComp [%]

Soverall [%]

Compound Score Domain Variable Normalised Metric Raw Metric Time Series
average average average normalise extract

Range of Motion

Velocity

Compensation

Fig. 1: Hierarchical construction of compound scores from kinematic metrics. Read-
ing right to left: seven kinematic time series (right) are summarised by ten raw metrics
(max or range of motion, ROM). Each raw metric is normalised to a Q75-anchored
percentage scale on which 100% corresponds to the per-metric 75th percentile (Q75)
of Score 3 (clinically normal) cohort sessions and 0% to the per-task cohort mini-
mum, yielding a normalised metric m̃; values are not clipped and may exceed 100%
to indicate performance beyond the normal-performance threshold. Metrics marked
with † are compensation metrics for which higher raw values indicate worse function;
for these the normalisation is inverted (Q25 used as the 100% anchor instead of Q75)
so that higher normalised values consistently reflect better function across all met-
rics. Normalised metrics are averaged within each time series to yield seven variable
scores; variable scores are averaged within each of three domains (Range of Motion,
Velocity, Compensation); and the three domain scores are averaged to yield the over-
all compound score. All aggregated scores are expressed on the same Q75-anchored
percentage scale. Background shading darkens with increasing aggregation, from raw
inputs (white) to the overall compound score. Symbols: θ joint angle; ω joint angular
velocity; v linear velocity; d linear displacement; subscripts denote joint (SF: shoulder
flexion; EE: elbow extension; SA: shoulder abduction; Tr: trunk).
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Compound Metrics259

To support clinical interpretability, kinematic metrics were aggregated into compound260

scores summarizing movement across three domains (Range-of-Motion, Velocity,261

Compensation; see Figure 1). Referencing movement quality to a normal motor-262

performance benchmark is an established way to interpret upper-limb kinematic263

metrics [15]. Lacking a separate able-bodied cohort, we approximated this reference264

with Score 3 (clinically normal) sessions. Because Score 3 carries the scoring subjec-265

tivity this study documents, we anchored the normal threshold at the 75th percentile266

(Q75) of Score 3 rather than the median, a more conservative choice robust to that267

subjectivity.268

Compound scores are expressed on this anchored scale: 100 % corresponds to the269

per-metric Q75 of Score 3 sessions and 0 % to the per-task cohort minimum. Values270

are not clipped and may exceed 100 %, indicating performance beyond the normal271

threshold. For metrics where higher values indicate worse performance (trunk dis-272

placement, shoulder abduction), Q25 replaces Q75 as the 100% anchor, so higher273

scores always indicate better function. Where one kinematic variable is represented274

by multiple metrics (e.g. peak and ROM of shoulder flexion), those metrics were aver-275

aged into a single variable score so that each variable contributes equally within its276

domain (see Figure 1).277

Domain scores were computed as the unweighted mean of their constituent variable278

scores: SROM (shoulder flexion, elbow extension), SVel (end-effector, shoulder flexion,279

elbow extension), and SComp (trunk displacement, shoulder abduction). The overall280

score (Soverall) is the unweighted mean of the three domain scores. Compound-score281

levels are reported in percent (%) while changes and the MCID threshold are reported282

in percentage points (pp).283

13



Data Analysis284

Construct Validity at the Population Level (H2)285

Construct validity at the population level was evaluated through a two-tier known-286

groups discrimination analysis [28] applied independently to each ARAT analysis287

group (Table 2). Tier 1 compared Score 0/1 (the task could not be completed) versus288

Score 2/3 (the task was completed) trials, representing the clinically robust bound-289

ary where strong discrimination was expected. Tier 2 compared Score 2 (completed290

with difficulty or abnormal time) versus Score 3 (completed normally) trials, probing291

the more subjective upper boundary of the ARAT scale where inter-rater variability292

is greatest and where attenuated discrimination would itself support construct valid-293

ity by indicating that the metrics track the underlying functional construct rather294

than the ordinal, clinical scale. Group differences for each metric were evaluated using295

Mann–Whitney U tests with rank-biserial correlation r as the effect size measure,296

and significance thresholds at p < .05, p < .01, and p < .001. Discriminative capacity297

was further quantified using logistic regression with 5-fold stratified cross-validation,298

with performance reported as AUC. To assess the relative contribution of different299

movement domains, four feature sets were compared independently: ROM-only (four300

metrics), Velocity-only (three metrics), Compensation-only (three metrics), and all301

ten metrics combined. H2 was considered supported if Tier 1 combined-feature AUC302

met the conventional “excellent discrimination” threshold of 0.85 [25] in the majority303

of analysis groups, and Tier 2 combined-feature AUC remained above chance level304

(AUC > 0.5) while consistently lower than Tier 1 across analysis groups.305

Longitudinal Case Studies (H3)306

Two participants with the most recorded sessions were selected to illustrate the longi-307

tudinal behaviour of the kinematic metrics, examined in detail on the Grasp analysis308

group: P10, followed over four sessions all below the clinical ARAT ceiling (sub-ceiling309
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window), and P20, followed over nine sessions across approximately four months,310

reaching the clinical ceiling at session 3 and remaining there afterwards (sub-ceiling311

window: sessions 1–3; post-ceiling window: sessions 3–9). For each participant, the312

per-analysis-group clinical ARAT score and the kinematic compound scores (Soverall,313

SROM, SVel, SComp) were plotted across sessions alongside the individual metric314

trajectories. Given the few sessions per sub-ceiling window (3–4), inferential trend315

tests are not meaningful at this n; we therefore characterised longitudinal agreement316

descriptively, benchmarking against an adopted MCID (15 pp on the compound scale)317

translated from consensus recommendations for kinematic measurement of upper limb318

quality after stroke [4]. As this threshold is adopted rather than estimated for the319

present measure and cohort, it is an approximate benchmark; no test–retest data were320

available to estimate a measurement-error-based threshold directly.321

Sub-ceiling agreement and specificity (H3a, H3b). For each analysis group, the322

mean clinical ARAT score was rescaled to a common 0–100 axis across the sub-ceiling323

window, and the kinematic compound scores (already expressed on the normalised324

scale defined above) were used directly. Per-session change vectors for the clinical and325

each kinematic trajectory were then computed on this common percentage-point axis.326

The mean absolute deviation (MAD) between the clinical change vector and each327

kinematic change vector was reported as the index of longitudinal agreement, with328

smaller MAD indicating closer tracking of the clinical trajectory and larger MAD329

indicating divergence either in magnitude or direction. The Soverall MAD was used330

as the validity criterion, and domain compound MADs were additionally reported331

to illustrate patient-specific recovery profiles where present. H3a was evaluated per332

analysis group: the Soverall MAD was compared against the MCID (15 pp) separately333

for each analysis group, with analysis groups falling below MCID establishing longi-334

tudinal construct validity and exceedances expected to coincide with the metric-task335

mismatches identified cross-sectionally (H2). Where patient-specific recovery profiles336
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were present, domain MAD divergence then illustrated the added clinical value the337

validated compound makes interpretable (H3b).338

Post-ceiling responsiveness (H3c). For P20, the post-ceiling window (sessions in339

which the clinical ARAT score had reached and remained at the maximum of 3) was340

analysed separately. Changes were computed at two levels with distinct referents. For341

raw individual kinematic metrics, ∆% was expressed as a percentage of the cohort-342

wide range of that metric (∆% = 100 × (last − first)/cohort range). For compound343

and domain scores, ∆ was reported in percentage points (pp) on the normalised scale,344

interpretable as the gap closed toward (or, when negative, opened from) the per-345

metric normal motor-performance threshold. H3c was considered supported if at least346

one domain compound score changed by ≥ 15 pp (one MCID) within the post-ceiling347

window.348

3 Results349

Data Set350

A total of 1,304 ARAT tasks (trials) were recorded across 47 assessment sessions from351

20 participants. Participant characteristics are summarised in Supplementary Table352

A3; the cohort comprised 15 males and 5 females (mean age 71.2 years, standard353

deviation (SD) 9.9, range 55–90) with diagnoses of stroke (n=10), Parkinson’s disease354

(n=6), and other neurological conditions (n=4). Thirteen participants contributed355

more than one session, with the two longest monitored participants followed over356

approximately four months (9 sessions) and nine weeks (4 sessions), respectively (the357

distribution of sessions per participant is shown in Supplementary Figure A2). Follow-358

ing score-aware interquartile-range (IQR)-based outlier detection, 130 trials (10.0%)359

were excluded, leaving 1,174 trials for analysis.360
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Data Quality of Kinematic Reconstruction (H1)361

Across all analysed trials, the mean reprojection error of the biomechanical recon-362

struction was 12.5± 3.0 px (median 12.1 px, IQR 10.5–14.0 px). This falls within the363

acceptable 10–20 px range previously established for this reconstruction algorithm in364

clinical use, modestly above the 5–10 px laboratory standard [23] as expected given365

the reduced three-camera configuration and more frequent occlusions inherent to a366

clinical setting. The adequacy criterion for H1 is therefore met.367

Reprojection error was largely stable across the four ARAT score groups (all368

trials pooled by their clinical ARAT score, 0–3, each trial contributing one mean369

reprojection-error value) (Table 3, Figure 2). Median reprojection error differed by at370

most 2.5 px across the four score groups (13.9 px for Score 0 vs. 11.4 px for Score 1,371

the largest pairwise gap), a small difference relative to the overall error distribution372

(IQR 3.5 px across all trials). A Kruskal–Wallis test indicated a statistically signifi-373

cant difference across score groups (H(3) = 9.85, p = .020), but the associated effect374

size was negligible (η2H = 0.0053), indicating that score group explained essentially375

none of the variance in reconstruction quality and satisfying the robustness criterion376

(η2H < 0.06). Pairwise Dunn’s tests with Holm correction revealed no significant dif-377

ferences between any score groups after correction (all pHolm > .05), with effect sizes378

ranging from negligible to small (|r| ≤ 0.26). The largest, albeit non-significant, dif-379

ference involved Score 0 trials, which showed slightly higher median error (13.9 px)380

than Scores 1–3 (11.4–12.3 px), consistent with the greater movement variability and381

more frequent occlusions expected in the most impaired performances.382

With both adequacy (12.5 px within the 10–20 px acceptable range) and robustness383

(η2H = 0.0053 < 0.06) criteria met, H1 is supported: adequate and uniform kine-384

matic reconstruction is achievable across the full range of clinical ability in a routine,385

reduced-camera clinical setting.386
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Construct Validity at the Population Level (H2)387

We assessed construct validity through two-tier known-groups discrimination. Tier 1388

(Score 0/1 vs. Score 2/3) probes the robust boundary between completed and uncom-389

pleted tasks, where strong discrimination is expected; Tier 2 (Score 2 vs. Score 3)390

probes the more subjective boundary between completions of differing quality, where391

discrimination lower than Tier 1 would itself support validity.392

Tier 1: Score 0/1 vs. Score 2/3 Discrimination393

Tier 1 discrimination between Score 0/1 and Score 2/3 trials was strong across six of394

seven analysis groups, with combined-feature AUC ranging from 0.91 to 1.00 (Table 4;395

Figure 3 illustrates the underlying metric distributions for all trials in the Grasp anal-396

ysis group), demonstrating that the MMC-derived kinematic metrics reliably capture397

the fundamental distinction between task completion and failure to complete.398

For pick-and-place tasks (Grasp, Grip, Pinch), combined-feature discrimination399

was near-perfect (AUC 0.96–>0.99, see Table 4). The most consistent individual400

Table 3: Reprojection error of MMC by ARAT
score group over all 1304 trials (pre outlier removal).
Group-level descriptives (median, interquartile
range), Kruskal–Wallis omnibus test, and pairwise
Dunn’s post-hoc tests with Holm correction. r
denotes the rank-biserial correlation as the pair-
wise effect size. Effect-size labels follow conventional
thresholds: η2H < 0.01 negligible, 0.01–0.06 small,
0.06–0.14 medium, > 0.14 large; |r| < 0.10 negli-
gible, 0.10–0.30 small, 0.30–0.50 medium, ≥ 0.50
large. Significance: ∗p < .05, ∗∗p < .01, ∗∗∗p < .001,
n.s. = not significant.

Group descriptives

Score n Median IQR Mean SD

(px) (px) (px) (px)

0 28 13.90 [10.73, 16.27] 14.04 3.97

1 113 11.36 [10.05, 14.32] 12.16 3.32

2 650 11.84 [10.47, 13.79] 12.47 3.00

3 513 12.32 [10.74, 13.96] 12.61 2.82

Kruskal–Wallis: H(3)=9.85, p=0.020

η2
H
=0.0053 (negligible)

Pairwise (Dunn’s, Holm-corrected)

Pair ∆med r |r| pHolm

(px)

0 vs 1 −2.55 −0.257 small 0.059

0 vs 2 −2.07 −0.249 small 0.096

0 vs 3 −1.58 −0.229 small 0.236

1 vs 2 +0.48 +0.061 negl. 0.365

1 vs 3 +0.97 +0.107 small 0.236

2 vs 3 +0.49 +0.062 negl. 0.236

Fig. 2: Mean per-trial repro-
jection error (pixels) by
clinical ARAT score (0–3) and
pooled across all 1304 trials
(right). Largely overlapping
distributions confirm that
reconstruction quality does
not systematically depend
on patient impairment level
(η2H=0.0053<0.06; Table 3).
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discriminators were elbow extension metrics (both ROM r = 0.77–0.93 and peak401

velocity r = 0.82–0.93), reflecting the requirement to achieve near-full arm extension402

to transport the object to the target. Score 2/3 trials also showed substantially higher403

end-effector and joint velocities than Score 0/1 trials (see Supplementary Table A1).404

ROM metrics discriminated strongly on their own (ROM-only AUC ≥ 0.95), with405

velocity-only somewhat lower (0.90–0.94); combining the domains yielded the highest406

discrimination in every case (AUC ≥ 0.96).407

Gross motor tasks (Hand Behind Head, Hand on Top of Head, Hand to Mouth)408

similarly achieved high combined-feature discrimination (AUC 0.91–1.00; per-group409

metric distributions are shown in Supplementary Figure A3, A4), with the dominant410

single domain varying across tasks (ROM for Hand to Mouth, velocity for Hand411

Behind Head, compensation for Hand on Top of Head) and the combined feature set412

matching or exceeding the best single domain in every case. Hand to Mouth showed413

the strongest discrimination of all analysis groups (AUC = 1.00), with Score 0/1 trials414

characterised by higher shoulder flexion.415

Trunk displacement was a significant discriminator across all pick-and-place and416

gross motor tasks, with Score 0/1 trials showing greater trunk compensation. As a417

standalone domain, compensation metrics discriminated Score 0/1 from Score 2/3418

trials well above chance across all analysis groups (compensation-only AUC 0.72–0.97);419

for Grip (compensation-only AUC 0.96) and Hand to Mouth (0.97) compensation420

nearly matched ROM, and for Hand on Top of Head it was the strongest single421

domain (0.87 vs. ROM 0.84, velocity 0.86), indicating that compensatory trunk and422

shoulder recruitment alone carries substantial information about whether a task can423

be completed.424

The Water Pouring task was an exception, showing worse performance than the425

other tasks (combined-feature AUC 0.75) which is attributable to metric-task mis-426

match rather than reconstruction failure: the current metric set and metrics category427
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Fig. 3: Distribution of kinematic metrics across clinical ARAT scores (0–3) for all
trials in the Grasp analysis group. Individual trials shown as jittered points. Outliers
removed (IQR × 3.0).

assignment (ROM, VEL, COMP) is mostly optimised for reach-and-transport move-428

ments. Such per-task construct-validity limitations bound the generalisation of H2429

but do not affect the other analysis groups in which the metric set is well-matched to430

the task.431

Together, Tier 1 discrimination exceeded the AUC ≥ 0.85 “excellent discrimina-432

tion” threshold [25] in six of seven analysis groups (AUC 0.91–1.00), supporting H2433

at the Score 0/1 vs. Score 2/3 boundary.434

Tier 2: Score 2 vs. Score 3 Discrimination435

As anticipated, Tier 2 discrimination between Score 2 and Score 3 trials was substan-436

tially lower than Tier 1 across all analysis groups (combined-feature AUC 0.70–0.84;437

Table 4), reflecting reasonable overlap between the two groups. Compared to Tier 1,438

velocity metrics contributed more strongly to discrimination in Tier 2, sometimes439

achieving higher discriminative ability than ROM alone, for example, in the Grasp440

group (velocity-only: 0.75 vs. ROM-only: 0.70). This reflects the overall faster move-441

ment execution in Score 3 trials compared to Score 2 (see Supplementary Table442

A1).443
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For pick-and-place tasks (AUC 0.77–0.84), maximum elbow extension velocity444

showed the largest individual discriminative ability. Trunk displacement remained a445

significant discriminator for Grip and Pinch, but not for Grasp. Gross motor tasks446

showed slightly lower Tier 2 discrimination (AUC 0.70–0.82) compared to pick-and-447

place tasks, consistent with their lower performance in Tier 1; velocity metrics also448

dominated for gross motor tasks. In Water Pouring, velocity metrics now drove449

discrimination (AUC 0.83), reversing the pattern observed in Tier 1.450

Velocity metrics were a more dominant domain in Tier 2 than in Tier 1, suggesting451

that once the task is completed, movement speed strongly differentiates performance452

quality. Compensation metrics were the weakest standalone domain at the Score 2 vs.453

Score 3 boundary (compensation-only AUC 0.59–0.68 across most tasks). This likely454

reflects the limited sensitivity of the present general-purpose compensation metrics455

(trunk displacement, shoulder abduction) to the subtler compensatory differences that456

distinguish good from normal completions, rather than an absence of compensatory457

information at this boundary [29–31]; the per-task suitability of the metric set is458

considered further in the Discussion. Hand to Mouth was the notable exception, where459

compensation remained the strongest single domain (AUC 0.73), driven by persistent460

shoulder abduction and trunk displacement in slower, more effortful completions, the461

one analysis group where the compensatory metrics distinguish Score 2 from Score 3462

completions.463

Tier 2 discrimination (AUC 0.70–0.84) remained above chance in all seven analysis464

groups and reached the conventional “acceptable discrimination” threshold of 0.7 [25]465

throughout, while remaining consistently lower than Tier 1 across the full set, the466

differential pattern expected of a valid construct measure tracking the underlying467

function rather than the ordinal scale. Combined, the Tier 1 and Tier 2 results support468

H2.469
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Table 4: Known-groups construct validity across all seven task groups. Top: pick-
and-place tasks (Grasp, Grip, Pinch); bottom: gross-motor and pouring tasks (Water
Pouring, Hand Behind Head, Hand on Top of Head, Hand to Mouth). Rank-biserial
r from Mann–Whitney U tests. LR AUC = logistic regression area under the ROC
curve using the feature subset indicated. ∗p < .05, ∗∗p < .01, ∗∗∗p < .001.

Pick-and-place tasks

Grasp Grip Pinch

Metric Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2
(42 vs 248) (140 vs 108) (12 vs 249) (110 vs 139) (44 vs 271) (194 vs 77)

max(θSF ) [◦] 0.79∗∗∗ -0.20∗∗ 0.62∗∗∗ -0.31∗∗∗ 0.73∗∗∗ -0.34∗∗∗

max(θEE) [◦] 0.89∗∗∗ 0.33∗∗∗ 0.95∗∗∗ 0.25∗∗∗ 0.93∗∗∗ -0.01
ROM(θSF ) [◦] 0.61∗∗∗ -0.03 0.38∗ -0.02 0.44∗∗∗ 0.11
ROM(θEE) [◦] 0.88∗∗∗ 0.28∗∗∗ 0.93∗∗∗ 0.15∗ 0.77∗∗∗ 0.08
max(dTr) [m] -0.23∗ -0.17∗ -0.88∗∗∗ -0.23∗∗ -0.62∗∗∗ -0.31∗∗∗

max(vhand) [m/s] 0.74∗∗∗ 0.30∗∗∗ 0.61∗∗∗ 0.37∗∗∗ 0.63∗∗∗ 0.26∗∗∗

max(ωSF ) [◦/s] 0.77∗∗∗ 0.28∗∗∗ 0.53∗∗ 0.37∗∗∗ 0.58∗∗∗ 0.25∗∗

max(ωEE) [◦/s] 0.89∗∗∗ 0.52∗∗∗ 0.93∗∗∗ 0.45∗∗∗ 0.82∗∗∗ 0.33∗∗∗

ROM(θSA) [◦] -0.50∗∗∗ -0.10 -0.52∗∗ -0.14 -0.27∗∗ -0.04
max(θSA) [◦] -0.50∗∗∗ -0.14 -0.66∗∗∗ -0.25∗∗∗ -0.25∗∗ -0.05
LR AUC (vel. only) 0.94 0.75 0.94 0.72 0.90 0.62
LR AUC (ROM only) 0.95 0.70 0.97 0.77 0.96 0.70
LR AUC (comp.) 0.76 0.61 0.96 0.63 0.82 0.62
LR AUC (all) 0.96 0.78 >0.99 0.84 0.99 0.77

Gross-motor and pouring tasks

Water Pouring Hand Behind Head Hand on Top of Head Hand to Mouth

Metric Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2
(5 vs 70) (44 vs 26) (12 vs 58) (43 vs 15) (8 vs 71) (35 vs 36) (3 vs 81) (20 vs 61)

max(θSF ) [◦] 0.65∗ 0.06 0.81∗∗∗ -0.01 0.77∗∗∗ 0.30∗ -1.00∗∗∗ -0.04
max(θEE) [◦] -0.19 0.15 -0.25 -0.47∗∗ -0.21 -0.21 0.04 -0.12
ROM(θSF ) [◦] 0.34 0.13 0.71∗∗∗ 0.06 0.64∗∗ 0.23 -0.97∗∗∗ -0.08
ROM(θEE) [◦] -0.42 -0.18 -0.14 -0.30 -0.36 -0.26 0.04 -0.12
max(dTr) [m] -0.55∗ 0.14 -0.67∗∗∗ -0.08 -0.81∗∗∗ -0.29∗ -0.96∗∗∗ -0.47∗∗

max(vhand) [m/s] -0.31 0.55∗∗∗ 0.86∗∗∗ 0.40∗ 0.78∗∗∗ 0.61∗∗∗ 0.64 0.47∗∗

max(ωSF ) [◦/s] 0.03 0.61∗∗∗ 0.80∗∗∗ 0.39∗ 0.72∗∗∗ 0.46∗∗∗ -0.18 0.30∗

max(ωEE) [◦/s] -0.40 0.24 0.55∗∗ 0.15 0.37 0.35∗ 0.69∗ 0.47∗∗

ROM(θSA) [◦] -0.66∗ -0.34∗ -0.16 -0.18 -0.38 -0.10 -0.64 0.12
max(θSA) [◦] -0.09 -0.10 -0.15 0.04 -0.41 -0.04 -0.98∗∗∗ -0.39∗∗

LR AUC (vel. only) 0.69 0.83 0.92 0.66 0.86 0.75 0.86 0.72
LR AUC (ROM only) 0.92 0.64 0.91 0.69 0.84 0.61 0.98 0.57
LR AUC (comp.) 0.75 0.60 0.72 0.68 0.87 0.59 0.97 0.73
LR AUC (all) 0.75 0.83 0.97 0.70 0.91 0.73 1.00 0.82

Exploratory Longitudinal Case Studies (H3)470

We illustrate longitudinal behaviour in two participants: P10 (four sub-ceiling ses-471

sions) and P20 (nine sessions, reaching the clinical ceiling at session 3), with472

per-session trajectories shown in Figures 4 and 5. As detailed in Methods, longitudinal473

change is reported descriptively as the mean absolute deviation (MAD) between clin-474

ical and kinematic change vectors, benchmarked against the adopted MCID (15 pp).475
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We evaluate longitudinal agreement (MAD) across the six analysis groups retained476

after excluding Water Pouring, and illustrate the recovery-profile contrast in detail on477

the Grasp analysis group.478

Water Pouring is excluded from the longitudinal case-study analyses below for the479

metric-task mismatch discussed at Tier 1. The remaining six analysis groups (Grasp,480

Grip, Pinch, Hand Behind Head, Hand on Top of Head, Hand to Mouth) are retained.481

Sub-Ceiling: Overall Concordance with Patient-Specific Domain482

Divergence (H3a, H3b)483

The longitudinal case studies provide two related forms of evidence. First, the overall484

kinematic compound score (Soverall) tracked the clinical ARAT score closely across485

sub-ceiling sessions in both patients, indicating that the overall kinematic summary486

captures the same functional change as the clinical score (longitudinal construct487

validity). Second, beneath this consistent overall agreement, the domain compound488

scores (range of motion SROM, velocity SVel, and compensation SComp) diverged from489

the clinical trajectory in patient-specific ways, exposing which aspects of movement490

actually drove each patient’s improvement, information the overall score and the491

ordinal ARAT necessarily compress away. The two findings only acquire their mean-492

ing together: the overall agreement validates the metric, and that validation is what493

licenses the domain divergence to be read as genuine recovery profile rather than494

measurement disagreement. A per-analysis-group Soverall MAD below the MCID was495

taken as evidence of longitudinal construct validity for that analysis group.496

We illustrate this pattern in detail on the Grasp analysis group and summarise497

the remaining five analysis groups in Supplementary Table A2. For Grasp, Soverall498

tracked the clinical ARAT trajectory closely for both patients (MADSoverall = 5.6 pp499

for P10, 5.9 pp for P20, both well within the 15 pp MCID), supporting longitudinal500
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Fig. 4: Longitudinal kinematic monitoring of P10’s affected side (ischaemic stroke)
across four ARAT sessions, Grasp analysis group. Panel grid : rows are the three kine-
matic domains (ROM, Compensation, Velocity), each with its raw metrics, a domain
compound score (SROM, SComp, SVel), and at far right the overall compound (Soverall).
Compound panels are shown on the normalised 0–100% scale (100% = per-metric Q75
of Score 3 sessions, Q25 for inverted compensation metrics marked †; see Figure 1);
values are unclipped and may exceed 100 %. Raw-metric panels show absolute units.
The patient’s mean clinical ARAT score across the Grasp analysis group tasks (0–
3) is overlaid on the secondary axis (black squares). Reference bands: green shading
marks the normal motor-performance zone (Q50–max of Score 3 sessions; Q50–min
for inverted metrics); the dotted line marks Q75, aligned with ARAT score 3. Annota-
tion: each compound panel reports ∆full, the first-to-last-session change (pp), for both
ARAT and the compound; green ≥ 15pp (MCID), red ≤ −15pp, grey otherwise. P10
stayed below the clinical ceiling throughout, so the full window is entirely sub-ceiling.
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Fig. 5: Longitudinal kinematic monitoring of P20’s affected side (stroke, right hemi-
sphere) across nine ARAT sessions over approximately four months, Grasp analysis
group. Panel grid, scale, reference bands, and the overlaid mean clinical ARAT score
as in Figure 4. The vertical dashed line marks the first session at which the clini-
cal ceiling was reached and held; the grey background marks the post-ceiling zone.
Annotation: each compound panel reports three changes (pp) for both ARAT and the
compound: ∆full (first to last), ∆sub (sub-ceiling, to first ceiling-attaining session),
and ∆post (post-ceiling, from that session to last); by construction ∆ARAT, post = 0.
Colouring as in Figure 4.
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construct validity. Soverall itself rose by ∆Soverall = +21.6pp for P10 over the four sub-501

ceiling sessions and by +23.8 pp for P20, against clinical ARAT changes of +33.3 pp502

for both patients on the rescaled 0–100 axis. Beneath this agreement, the two patients503

showed mechanistically opposite domain profiles. P10’s improvement was driven by504

gains in joint range of motion (∆SROM = +36.1pp; MAD = 5.4 pp) and reduced com-505

pensatory movement (∆SComp = +32.1pp; MAD = 6.8 pp, mostly through reduced506

shoulder abduction, ∆ ≥ 18 ◦ from first to last session), while velocity remained essen-507

tially flat (∆SVel = −3.3 pp; MAD = 28.4 pp), a range-of-motion-driven recovery508

without a speed component. P20 showed the opposite profile on the same task: veloc-509

ity rose strongly (∆SVel = +72.3 pp; MAD = 16.2 pp) while compensation diverged510

(∆SComp = −36.0 pp; MAD = 31.3 pp), a recovery driven by faster, more vigorous511

execution with compensation worsening over the window.512

The same pattern of overall concordance with patient-specific domain divergence513

held across the remaining five analysis groups (Supplementary Table A2). Evaluated514

per analysis group, the Soverall MAD fell below the MCID in all six analysis groups515

for P20 (range 5.9–13.6 pp) and in three of six for P10 (Grasp, Hand to Mouth,516

Pinch; range 5.6–8.5 pp). The three P10 exceedances (Grip 18.2 pp; Hand Behind517

Head 17.4 pp; Hand on Top of Head 18.1 pp) fell precisely in the analysis groups518

where the general-purpose metric set is known to be undersized: Grip, where finger519

kinematics are absent, and the two overhead tasks, where the set is optimised for reach-520

and-transport rather than overhead positioning, paralleling the metric-task mismatch521

flagged for Water Pouring at Tier 1. The exceedances thus reflect the same task-metric522

mismatch identified cross-sectionally rather than a breakdown of longitudinal validity,523

and do not affect the Grasp analysis group result on which the recovery contrast rests.524

These case studies are consistent with H3a and H3b: the per-analysis-group valid-525

ity criterion (Soverall MAD below the MCID, H3a) was met in both patients in the526

analysis groups where the metric set matched the task (all six for P20; Grasp, Hand to527
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Mouth, and Pinch for P10). Within this validated frame, the patient-specific domain528

divergence (H3b), most cleanly illustrated by the opposite ROM-and-Compensation529

versus Velocity recovery profiles on Grasp, exposes recovery profiles that Soverall and530

the ordinal ARAT necessarily compress away: Soverall confirms what the clinical scale531

measures where the metric set matches the task, and the domain compounds explain it532

where patient-specific profiles are present. As exploratory evidence from two patients,533

these results motivate cohort-level investigation of the coupled finding.534

Post-Ceiling: Continued Kinematic Recovery After the Clinical535

Scale Saturates (H3c)536

After P20 first reached the maximum mean clinical ARAT score of 3 in the Grasp537

analysis group at session 3, the clinical score remained at ceiling for all subsequent538

sessions, providing no further information about recovery. Kinematic metrics, however,539

continued to change throughout the remaining six sessions (see Figure 5). On the540

normalised compound scale, Soverall rose by a further ∆Soverall = +12.3 pp across541

the post-ceiling window. Velocity metrics showed the strongest post-ceiling change:542

SVel increased by ∆SVel = +24.4 pp during the post-ceiling window, exceeding the543

15 pp MCID. ROM metrics showed smaller positive changes (shoulder flexion ROM:544

+27.8 % of cohort range, raw metric), and trunk displacement decreased modestly545

(−8.5 % of cohort range, raw metric). P20 surpassed the normal motor-performance546

threshold of the velocity compound only several sessions after reaching the clinical547

score ceiling, indicating that kinematic normalisation toward the per-metric normal548

motor-performance was achieved only towards the end of monitoring, a distinction549

entirely invisible to the ordinal clinical scale. In this single post-ceiling case, kinematic550

measurement therefore detected clinically relevant change after the ordinal scale had551

saturated, consistent with H3c.552
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4 Discussion553

Effective and efficient neurorehabilitation requires therapy to be steered by what is554

actually measured, and precision neurorehabilitation has been proposed as the frame-555

work to achieve this [32]. Its central bottleneck, however, is measurement [4]. This556

study evaluated whether AI-based markerless motion capture, used inside routine557

ARAT assessments in a neurorehabilitation clinic, accurately and robustly recon-558

structs upper limb movement and yields kinematic metrics that are valid and clinically559

informative beyond the ordinal score, and could therefore help close that measurement560

loop at scale.561

We addressed this through four hypotheses, spanning reconstruction accuracy562

(H1), cross-sectional construct validity (H2), and longitudinal validity, specificity, and563

beyond-ceiling responsiveness in two exploratory case studies (H3a–H3c). All were564

supported within their pre-specified thresholds: H1 and H2 held at the cohort level,565

and the longitudinal criterion (H3a) held in all six analysis groups for P20 and three566

of six for P10. We discuss each in turn, then the limitations and future directions the567

work opens.568

Reconstruction accuracy is the precondition for every later claim, and it held where569

it is most likely to fail: despite an ad-hoc three-camera setup in routine sessions,570

reprojection error stayed within the acceptable clinical-use range and did not degrade571

with impairment, making the underlying signal trustworthy enough to build metrics572

on.573

Validating kinematic measures against a clinical score is complicated by the obsta-574

cle Schwarz et al. [26] identify: kinematic metrics provide complementary rather than575

redundant information, so classical convergent correlation with the ordinal scale can-576

not be the test. A known-groups approach [28] sidesteps this by asking not whether577

the metrics agree with the ARAT but whether they agree in the way a valid measure578

should. They did: discrimination was strong where the clinical boundary is robust579
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(Tier 1, completed vs. uncompleted) and attenuated where it is subjective (Tier 2,580

quality of completion). This differential pattern, rather than uniform agreement, is581

the signature of a continuous measure tracking the underlying construct and gener-582

alises to any setting where a continuous measure must be validated against a noisy583

ordinal reference.584

The longitudinal case studies most directly motivate clinical deployment beyond585

the ordinal score. On the Grasp analysis group, the overall compound tracked the586

clinical ARAT closely in both patients, while their domain decompositions revealed587

mechanistically opposite recovery profiles: both gained the same ARAT points, yet one588

recovered through range of motion and reduced compensation and the other through589

faster execution. Overall agreement and domain decomposition are interpretable only590

together: the overall agreement legitimises the compound as tracking the same signal591

as the ARAT, which is what lets the domain decomposition be read as recovery profile592

rather than measurement noise. The same clinical improvement was thus driven by593

different movement profiles, directly addressing the third ARAT limitation. Crucially,594

kinematic measurement remained responsive beyond the clinical ceiling: in P20, the595

compound captured continued, velocity-driven recovery across the post-ceiling window596

that the saturated ARAT could not register, and resolved its profile, not merely that597

overall improvement continued but also in which domain.598

Several considerations bound these results, each with a clear path forward now599

that the measurement infrastructure is demonstrated to be viable. The longitudinal600

evidence rests on two case studies, motivating but not establishing the coupled finding601

at the cohort level; a prospective cohort study with structured assessment schedules is602

the natural next step. The MCID adopted here is an approximation translated from603

consensus recommendations [4] rather than estimated for this measure and cohort;604

a larger cohort would allow movement-specific cut-offs and measure-specific reliabil-605

ity bounds to be established directly, for which criterion-anchored estimation against606
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patient-perceived change provides a template [33]. ARAT scores were also assigned by607

treating therapists without parallel inter-rater reliability data, leaving the contribution608

of clinical subjectivity to the Tier 2 attenuation unquantified. A final, cross-cutting609

limitation is that the added insight depends on each metric’s domain assignment hold-610

ing for the task at hand: because every feature is assigned to a single domain across611

the full ARAT battery, the same feature can mean different things across tasks, and612

this surfaces wherever the assignment breaks down. Cross-sectionally, Water Pouring613

showed the lowest Tier 1 discrimination (combined-feature AUC 0.75), as shoulder614

abduction, assigned as compensation for reach-and-transport, may instead be a legit-615

imate pouring strategy; longitudinally, the same mismatch excluded Water Pouring616

and drove P10’s three MAD exceedances (Grip, lacking finger kinematics; the two617

overhead tasks, assigned for reach-and-transport rather than overhead positioning).618

Where a metric’s domain assignment is loosely coupled to a task’s actual recovery,619

the compound tracks the clinical trajectory less faithfully; the principled response is620

to surface such cases rather than report misleading agreement. This is not an accu-621

racy limitation but a representational one: the present hand-crafted, domain-assigned622

metrics are a deliberately general first representation rather than the last word.623

Beyond extending the hand-crafted metric set, more fundamental measurement-624

side directions follow naturally and are made viable by the routine acquisition625

demonstrated here. Scoring the whole movement by its deviation from an able-bodied626

reference, rather than reducing it to pre-chosen scalars, sidesteps the per-task assign-627

ment problem, since the reference itself encodes what healthy execution of each task628

looks like; this is established practice in gait analysis, where indices such as the Gait629

Deviation Index quantify deviation from an able-bodied reference set [34], and is630

beginning to be explored for the upper limb [35]. Further still, because the underlying631

reconstruction yields full biomechanical trajectories rather than isolated metrics, the632

data are directly consumable by emerging movement foundation models that learn633
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the shared structure of human movement and answer clinical questions, including634

outcome scoring, without task-specific feature engineering [36]. Realising these data-635

driven directions requires able-bodied and patient data at population scale, and would636

also replace the present Score 3 normal motor-performance proxy with measured able-637

bodied references; the routine, low-burden acquisition demonstrated here is one route638

to generating that volume of data. In parallel, the underlying tracking can be enriched639

along a hardware axis: returning to a five-camera configuration, as used in labora-640

tory validation, would support reliable finger kinematics and reduce occlusion-driven641

artefacts [37, 38], while at the opposite extreme single-camera reconstruction [39–41]642

could lower the deployment barrier further toward ubiquitous, in-room measurement.643

5 Conclusion644

The present results represent a first exploration of a new measurement territory645

in which full kinematic reconstruction during routine clinical assessment becomes646

possible through passive camera instrumentation. Passive continuous kinematic647

measurement during routine assessment opens a new mode of motor evaluation:648

observer-independent, multi-dimensional, sensitive past the clinical ceiling, capable of649

revealing recovery profiles that ordinal scoring cannot, and able to generate the volume650

and continuity of structured data needed to bring modern data-driven methods into651

routine practice and close the loop for precision upper-limb motor neurorehabilitation.652

Supplementary information. Supplementary Material is available in the Apendix653

A.654
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Appendix A Supplementary Material682

Fig. A1: Ad-hoc camera setup around
the ARAT assessment table.

Fig. A2: Sessions per participant.
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Table A1: Population descriptive statistics across all seven task groups. Top: pick-
and-place tasks (Grasp, Grip, Pinch); bottom: gross-motor and pouring tasks (Water
Pouring, Hand Behind Head, Hand on Top of Head, Hand to Mouth). Raw kinematic
metric rows show the median across trials in raw units (degrees, m, m/s); compound
score rows show the median with the interquartile range [Q25, Q75] on the Q75-
anchored 0–100% scale, where 100% corresponds to the per-metric 75th percentile
of Score 3 cohort sessions and values are not clipped at the upper bound (i.e., com-
pound scores may exceed 100% when performance surpasses the normal-performance
threshold). Inverted compensation metrics (trunk displacement and shoulder abduc-
tion) use Q25 as the 100% anchor so that higher normalised values always indicate
better function.

Pick-and-place tasks

Grasp Grip Pinch

Metric S0 S1 S2 S3 S0 S1 S2 S3 S0 S1 S2 S3
(8) (34) (140) (108) (4) (8) (110) (139) (10) (34) (194) (77)

max(θSF ) [◦] 53.9 74.8 104.8 102.2 55.4 62.5 81.3 73.3 34.4 88.9 109.3 101.3
max(θEE) [◦] 97.4 115.7 152.9 160.4 100.9 111.9 139.2 144.6 99.7 117.9 153.4 152.8
max(θSA) [◦] 47.6 47.8 40.3 36.6 48.1 45.3 36.9 33.7 32.9 47.0 42.1 41.0
ROM(θSF ) [◦] 56.0 62.4 93.3 91.3 45.2 60.7 65.4 64.6 34.9 56.9 92.1 93.8
ROM(θEE) [◦] 33.2 45.9 80.1 86.8 40.9 49.0 71.6 75.1 29.8 55.8 83.1 83.3
ROM(θSA) [◦] 33.5 30.5 22.9 21.1 29.7 28.5 20.8 17.6 21.3 29.0 24.1 21.9
max(dTr) [m] 0.131 0.062 0.063 0.055 0.137 0.163 0.063 0.054 0.096 0.114 0.062 0.048
max(vhand) [m/s] 0.569 0.635 1.05 1.29 0.388 0.596 0.652 0.836 0.362 0.733 0.969 1.18
max(ωSF ) [◦/s] 121.9 130.5 236.2 280.2 105.0 100.2 141.7 175.9 150.8 154.5 209.1 255.9
max(ωEE) [◦/s] 73.9 91.8 222.0 324.8 65.8 84.0 170.8 223.6 55.4 108.8 220.7 288.2
SROM [%] 34 50 89 92 32 45 86 85 24 59 92 93

IQR [19, 48] [27, 67] [82, 97] [87, 100] [17, 47] [39, 52] [71, 100] [75, 97] [18, 69] [30, 80] [85, 100] [85, 98]
SVel [%] 24 32 62 81 25 38 55 74 26 40 66 84

IQR [10, 43] [13, 38] [50, 84] [68, 97] [19, 33] [21, 46] [43, 70] [60, 102] [14, 39] [25, 56] [49, 87] [63, 100]
SComp [%] 63 64 81 87 52 52 80 89 84 63 81 85

IQR [39, 71] [53, 81] [70, 91] [78, 97] [32, 63] [40, 61] [68, 92] [79, 96] [66, 96] [53, 70] [71, 90] [74, 95]
Soverall [%] 33 46 78 85 34 44 75 83 46 55 79 88

IQR [32, 43] [34, 56] [72, 84] [80, 94] [30, 38] [36, 48] [67, 82] [74, 94] [40, 57] [39, 63] [74, 88] [81, 95]

Gross-motor and pouring tasks

Water HBH HOH HTM

Metric S0 S1 S2 S3 S0 S1 S2 S3 S0 S1 S2 S3 S0 S1 S2 S3
(1) (4) (44) (26) (0) (12) (43) (15) (0) (8) (35) (36) (0) (3) (20) (61)

max(θSF ) [◦] – 45.3 64.1 67.7 – 78.6 125.6 126.4 – 99.9 118.3 129.5 – 75.9 51.6 50.9
max(θEE) [◦] – 105.1 93.8 97.4 – 135.8 132.0 117.6 – 148.6 134.3 129.7 – 131.5 143.1 137.3
max(θSA) [◦] – 32.2 34.0 30.7 – 48.9 46.9 46.3 – 55.8 46.2 45.7 – 41.7 21.5 18.2
ROM(θSF ) [◦] – 44.6 52.7 58.3 – 72.0 120.2 124.1 – 95.1 114.3 120.5 – 78.9 36.2 33.9
ROM(θEE) [◦] – 30.9 18.8 16.1 – 101.4 92.8 83.8 – 91.0 84.0 75.0 – 95.7 102.9 94.3
ROM(θSA) [◦] – 22.6 15.0 11.0 – 41.0 34.2 30.9 – 48.2 33.3 30.5 – 32.4 19.1 22.2
max(dTr) [m] – 0.060 0.044 0.049 – 0.050 0.030 0.028 – 0.044 0.028 0.026 – 0.046 0.024 0.017
max(vhand) [m/s] – 0.609 0.463 0.591 – 1.06 1.93 2.45 – 1.20 1.81 2.45 – 1.06 1.15 1.69
max(ωSF ) [◦/s] – 117.7 99.9 126.0 – 212.4 365.6 459.7 – 211.6 334.0 398.4 – 135.8 94.7 142.6
max(ωEE) [◦/s] – 134.2 47.4 58.7 – 210.8 285.5 286.5 – 170.2 217.1 305.0 – 197.2 229.7 314.5
SROM [%] – 86 74 80 – 89 103 84 – 73 85 77 – 135 85 76

IQR – [51, 119] [59, 104] [63, 91] – [42, 105] [87, 118] [77, 95] – [63, 102] [69, 106] [71, 93] – [131, 167] [74, 99] [65, 89]
SVel [%] – 125 53 85 – 37 73 81 – 36 58 81 – 41 46 78

IQR – [92, 135] [42, 73] [70, 98] – [27, 49] [51, 87] [77, 95] – [28, 46] [31, 76] [66, 93] – [39, 57] [26, 77] [62, 102]
SComp [%] – 77 87 94 – 76 97 97 – 60 83 87 – 53 86 90

IQR – [63, 85] [71, 97] [80, 100] – [63, 97] [81, 105] [91, 99] – [49, 64] [71, 95] [79, 98] – [27, 58] [74, 95] [85, 98]
Soverall [%] – 92 74 84 – 70 88 87 – 52 73 84 – 77 74 82

IQR – [73, 105] [64, 84] [76, 94] – [59, 74] [83, 93] [83, 95] – [49, 71] [62, 84] [74, 89] – [76, 84] [61, 81] [75, 89]
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(a) Grasp

(b) Grip

(c) Pinch

Fig. A3: Distribution of kinematic metrics across clinical ARAT scores (0–3) for pick-
and-place tasks per analysis group. Individual trials shown as jittered points. Outliers
removed (IQR × 3.0).
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(a) Hand behind head

(b) Hand on top of head

(c) Hand to mouth

Fig. A4: Distribution of kinematic metrics across clinical ARAT scores (0–3) for
gross movement tasks per analysis group. Individual trials shown as jittered points.
Outliers removed (IQR × 3.0).
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Table A2: Mean absolute deviation (MAD, in percentage points on the
shared Q75-anchored 0–100% scale) between change vectors of the clini-
cal ARAT score and the kinematic compound scores across the sub-ceiling
window of each patient, for all six Analysis Groups. On this scale, 100%
corresponds to the per-metric 75th percentile of Score 3 cohort sessions and
values are not clipped at the upper bound; the Compensation domain is
inverted during normalisation (Q25 used as the 100% anchor instead of Q75)
so that higher values consistently indicate less compensatory movement.
Smaller MAD indicates closer agreement between the kinematic compound
and the clinical trajectory; larger MAD indicates divergence in either mag-
nitude or direction. Soverall = overall compound score; SROM, SVel, SComp

= domain compound scores. Reference threshold: 15% = minimal clinically
important difference (MCID) [4], expressed in pp on the same Q75-anchored
scale. Sessions n is the number of sub-ceiling sessions per task group.

Task Sessions n Soverall SROM SVel SComp

(% pts) (% pts) (% pts) (% pts)

P10 — Ischaemic stroke (ICD I63.1), right side (affected)

Grasp 1-4 4 5.6 5.4 28.4 6.8

Grip 1-4 4 18.2 10.2 27.0 26.6

Pinch 1-4 4 8.5 6.2 12.5 11.1

Hand Behind Head 1-4 4 17.4 44.0 24.3 38.6

Hand on Top of Head 1-3 3 18.1 24.5 20.6 9.1

Hand to Mouth 1-3 3 7.1 8.1 10.9 13.3

P20 — Stroke (right hemisphere), left side (affected)

Grasp 1-3 3 5.9 3.8 16.2 31.3

Grip 1-3 3 6.3 3.9 2.1 14.4

Pinch 1-3 3 12.1 13.4 4.0 21.8

Hand Behind Head 1-3 3 13.6 12.3 39.2 1.4

Hand on Top of Head 1-3 3 8.0 17.7 17.9 12.8

Hand to Mouth 1-3 3 7.2 22.5 10.6 15.3

Characteristic Value

Age (years), mean ± SD 71.2± 9.9

Age range (years) 55–90
Sex: male 15 (75%)
Height (cm), mean ± SD 174.1± 6.5

Weight (kg), mean ± SD 74.9± 12.5

Diagnosis: stroke 10 (50%)
Diagnosis: Parkinson’s disease 6 (30%)
Diagnosis: other 4 (20%)

Table A3: Participant characteristics
(N=20).
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