
Single-camera pose estimation for quantitative
assessment of balance deficits: a proof-of-concept
using graded acute alcohol intake
Nadine Domnik 

ETH Zurich
Nerea Lopez 

ETH Zurich
Tim Unger 

ETH Zurich
Suno Diekmann 

ETH Zurich
Alexander Andrea Tarnutzer 

Cantonal Hospital Baden
Olivier Lambercy 

ETH Zurich

Research Article

Keywords: Postural control, Balance assessment, Markerless motion capture, Human pose estimation,
Berg Balance Scale, Responsiveness, Ceiling effect, Acute alcohol intake, Digital outcome measures,
Neurorehabilitation

Posted Date: October 14th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11164923/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: Competing interest reported. O.L. is a member of the Editorial Board of the
Journal of NeuroEngineering and Rehabilitation. He was not involved in the editorial handling or peer
review of this manuscript. All other authors declare no competing interests.

https://doi.org/10.21203/rs.3.rs-11164923/v1
https://doi.org/10.21203/rs.3.rs-11164923/v1
https://doi.org/10.21203/rs.3.rs-11164923/v1
https://creativecommons.org/licenses/by/4.0/


Single-camera pose estimation for quantitative1

assessment of balance deficits: a proof-of-concept2

using graded acute alcohol intake3

Nadine Domnik1*, Nerea Lopez1, Tim Unger1,4, Suno Diekmann1,4

Alexander Andrea Tarnutzer2,3, Olivier Lambercy1
5

1*Rehabilitation Engineering Laboratory, ETH Zurich, Gloriastrasse6

37/39, Zurich, 8092, Switzerland.7

2Neurology, Cantonal Hospital Baden, Im Ergel 1, Baden, 5404,8

Switzerland.9

3Faculty of Medicine, University of Zurich, Rämistr. 71, Zurich, 8006,10

Switzerland.11

4Data Analytics & Rehabilitation Technology (DART), Lake Lucerne12

Institute, Vitznau, Switzerland.13

*Corresponding author(s). E-mail(s): nadine.domnik@hest.ethz.ch;14

Contributing authors: lopezn@student.ethz.ch; tim.unger@hest.ethz.ch;15

diekmanns@student.ethz.ch; alexander.tarnutzer@ksb.ch;16

olivier.lambercy@hest.ethz.ch;17

Abstract18

Background: Clinical balance scales are ordinal, depend on a rater’s judgment,19

and saturate in people who function well, which limits their responsiveness.20

Whether a camera-derived measure can register fine changes in balance that such21

scales miss has not been tested, because designs that stratify participants by an22

existing scale make that scale the reference standard. We therefore used acute23

alcohol intake as a graded, reversible within-person perturbation against which24

the responsiveness of both measures could be judged.25

Methods: Twenty-four healthy adults were assessed at three blood alcohol con-26

centrations, 0.0, 0.6 and 1.0 ‰, on six standing tasks: two-legged stance, tandem27

stance and one-legged stance, each performed with eyes open and with eyes28

closed. All trials were recorded with a single consumer camera and processed by29

markerless pose estimation, yielding 167 candidate digital metrics, from which30

a small per-task subset was selected and combined into a single digital score.31
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The same recordings were rated from video by trained assessors on a 0–4 scale32

adapted from individual Berg Balance Scale (BBS) items, applying a uniform33

30 s criterion to every task. The primary endpoint was whether a measure could34

rank a participant’s own three trials by dose, evaluated by leave-one-subject-out35

cross-validation, in which each participant is scored by a model built without36

their data, with feature selection repeated inside each fold.37

Results: The digital score ordered the three doses more accurately than the38

concurrent rating in all participants scorable by both, and on all six tasks, sig-39

nificantly so in four. Mean dose-ordering accuracy was 0.86 against 0.59, and the40

pooled paired advantage 0.28 (95% confidence interval 0.23 to 0.32). Across the41

cohort, 77% of ratings were the maximum score. Among participants awarded the42

maximum both when sober and at 1.0 ‰, all nine testable digital comparisons43

showed a significant sober-to-high-dose change, with rank-biserial effect sizes of44

0.61 to 1.00. The response was monotonic across doses in the subset rated at45

ceiling throughout. Inter-rater agreement was 83% exact overall but 30% once46

ceiling ratings were excluded, and the second rater’s scores reproduced the result.47

Conclusions: Continuous metrics from a single camera resolved graded postural48

impairment that a single-item BBS rating did not register, including in partici-49

pants the rating judged unaffected. A maximum BBS item rating indicates that50

performance fell inside the top category, not that balance is intact.51

Keywords: Postural control; Balance assessment; Markerless motion capture; Human52

pose estimation; Berg Balance Scale; Responsiveness; Ceiling effect; Acute alcohol53

intake; Digital outcome measures; Neurorehabilitation54
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Background55

Restoring and monitoring postural control is a central goal of neurorehabilitation56

[1, 2]. Balance depends on the continuous central integration of visual, vestibular, and57

proprioceptive feedback into coordinated motor output [3, 4], and this sensorimotor58

loop is disrupted across frequent neurological conditions such as stroke [5, 6] and59

Parkinson’s disease (PD) [7, 8], as well as in rare disorders affecting the cerebellum60

such as the spinocerebellar ataxias [9, 10].61

To assess postural control in clinical practice, the standard approach is for a clini-62

cian to observe a patient performing a set of balance tasks, such as standing still, and63

to assign ordinal scores based on a subjective scoring framework. The most widely64

used and best-validated instrument for this purpose is the Berg Balance Scale (BBS)65

[11]. It comprises 14 tasks spanning both static and dynamic balance, with difficulty66

increasing as the base of support narrows (for example, the static items progress from67

a two-leg stance to tandem to single-leg stance). Each task is scored on a five-point68

ordinal scale from 0 to 4 against defined criteria, where 0 denotes inability to per-69

form the task and 4 denotes safe, independent performance. One of the standing items70

is performed with eyes closed, following the Romberg principle that removing vision71

forces balance to rely on vestibular and proprioceptive feedback alone, so that dis-72

proportionate instability without sight points to a deficit in these non-visual channels73

[12].74

While the BBS is well established in clinical use, it has several known limitations75

that fall into two categories. The first concerns its responsiveness [13]. Scoring depends76

on a clinician’s visual judgment and is therefore subjective and rater-dependent [14].77

The scale is ordinal rather than continuous, so a given change in score does not corre-78

spond to a fixed change in balance ability [15]. It also shows pronounced ceiling and79

floor effects that compress variation at the ends of the range [16]. The second category80

concerns what the score reveals. A single ordinal value records how well a task was81

performed but not how it was performed, giving no insight into the underlying move-82

ment, such as trunk or arm sway, center of mass (CoM) excursion, or stepping, that83

produced it. Together these properties limit both the responsiveness of the BBS and84

the mechanistic insight it offers, motivating a move toward instrumented, kinematic85

assessment that measures and represents the movement itself.86

Instrumented, kinematic assessment can be realized through several technologies,87

each with its own trade-off between accuracy and clinical feasibility. Optical motion88

capture (OMC) is the established gold standard for movement quantification, but its89

cost, dedicated laboratory space, marker placement, and lengthy setup make it imprac-90

tical for routine clinical use [17]. Inertial measurement units (IMUs) are portable and91

inexpensive, and a single trunk- or pelvis-mounted sensor is widely used to quan-92

tify postural sway and stability [8]. Deriving full-body kinematics, however, requires93

a complete sensor array that is time-consuming to don and calibrate and therefore94

poorly suited to clinical routine [18]. Further, orientation estimates drift over time,95

and sensor-to-segment calibration error accumulates [19]. Force plates provide pre-96

cise, objective measurement of center-of-pressure displacement, but capture only the97

net ground-reaction signal, leaving the trunk, arm and limb motion behind it unre-98

solved. Computer-vision approaches recover kinematics directly from video, but the99
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validated work is dominated by depth (red-green-blue-depth (RGB-D)) cameras and100

multi-camera 3D reconstruction, which can be accurate yet again require special-101

ized hardware and controlled setups that are not universally available [20, 21]. This102

leaves a clear opportunity in monocular pose estimation. A single consumer red-103

green-blue (RGB) camera, such as the one in any smartphone, requires no markers,104

no body-worn sensors, and no specialized hardware, and can in principle measure105

and assess movement anywhere. Recent progress in deep-learning pose estimation has106

made this feasible. Compact 2D pose models can track body landmarks reliably while107

remaining light enough to run on edge devices [22], and higher-capacity full-body108

models such as Sapiens [23] push accuracy further. This combination of accessibil-109

ity and accuracy is why we evaluate the potential of single-camera markerless pose110

estimation in the present work.111

Designing a protocol that systematically relates level of impairment to postural112

stability requires more than an accurate representation of movement. It also requires113

knowledge of the impairment itself, which means a controlled mechanism for inducing114

postural instability in a graded, reversible way. This is what establishing responsive-115

ness demands. A responsive metric is one that changes when balance changes, and116

this property cannot be inferred from cross-sectional or observational data, where117

between-person differences confound the within-person change a clinical measure must118

track [13]. Stratifying participants by an existing clinical score such as the BBS does119

not resolve this but compounds it: using the BBS to define the levels of impairment120

makes it the reference standard, so candidate metrics can at best be shown to agree121

with it and necessarily inherit its ceiling, ordinal resolution, and rater dependence122

rather than improving on them. Establishing responsiveness instead calls for a con-123

trolled perturbation of the balance system. The perturbation must be graded, so that124

the dose-response relationship can be characterized. It must be reversible, so that par-125

ticipants serve as their own controls across conditions. It must also be safe to apply126

in healthy volunteers. Acute alcohol intake meets these criteria. It is a reversible,127

dose-dependent perturbation that transiently disrupts the cerebellar and vestibular128

control of posture, systems also affected in clinical balance disorders: acute alcohol129

intake produces transient spinocerebellar and vestibulocerebellar signs, with the pos-130

tural signature of moderate doses closely resembling that of a chronic lesion of the131

cerebellar anterior lobe [24, 25]. Critically for a balance assessment, the relationship132

between blood-alcohol concentration and postural sway is well replicated and mono-133

tonic: body sway increases with alcohol dose under both eyes-open and eyes-closed134

conditions, and higher blood-alcohol levels are reliably distinguished from lower ones135

by quantitative posturography [26–29]. Acute alcohol intake therefore provides a con-136

trolled, graded, reversible within-person model of postural instability against which137

the responsiveness of candidate digital metrics can be quantified.138

Despite the maturity of each of these components, no prior work has brought139

them together. Markerless pose estimation has been validated for balance assess-140

ment but largely with depth or multi-camera systems [20, 21], and single-camera and141

instrumented approaches alike have been built to reproduce the clinician’s score [30–142

32]. Such measures are validated by their agreement with the rating and therefore143

inherit its ceiling by construction, rather than being evaluated for responsiveness.144
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The dose-dependent effect of alcohol on balance, in turn, has been characterized145

only with instrumented force plates, never with markerless pose, and never bench-146

marked against the BBS. To address these gaps, this work evaluates a single-camera,147

markerless approach that derives continuous, multi-domain balance metrics, quanti-148

fies their responsiveness under a controlled and reversible within-person perturbation,149

and compares them directly against the concurrent clinical standard.150

We hypothesize that continuous, pose-derived balance metrics are more responsive151

to a graded perturbation of postural control than the BBS. To test this, we use a single152

consumer RGB camera and monocular 2D pose estimation to derive continuous, multi-153

domain metrics, including CoM and trunk sway, joint angles, and discrete stepping,154

from a battery of static stances drawn from the BBS: the two-legged stance (TLS),155

tandem, and one-legged stance (OLS), each performed with eyes open and, extending156

the scale, also with eyes closed, yielding six tasks. Twenty-four healthy adults were157

assessed within-subject at three controlled blood alcohol concentration (BAC) levels158

(0.0, 0.6, and 1.0 ‰), with concurrent BBS scoring by two independent trained raters.159

For each metric we quantify responsiveness to the dose gradient by the size and mono-160

tonicity of the dose-response [14]. The most responsive metrics are then combined into161

a single digital score, which is benchmarked against the concurrent BBS item rating.162

Methods163

An overview of the approach and analysis is presented in Fig. 1. From single-camera164

video of three balance tasks, markerless pose estimation yields per-frame body key-165

points, from which a large set of candidate digital metrics is computed, drawn with166

few exceptions from established posturographic and clinical balance measures (Sup-167

plementary Table S2). A selection based on responsiveness to the alcohol-dose gradient168

is then applied in two ways. Applied once to all participants, it reduces the candi-169

dates to a single representative metric per task, which characterizes the dose-response170

descriptively. Re-applied inside each fold of a leave-one-subject-out (LOSO) cross-171

validation, it yields a per-fold set of metrics that an ordinal model, fit on the training172

participants with the ordered BAC level as the outcome, combines into a single digital173

score for the held-out participant. These held-out scores are compared head-to-head174

against the BBS item rating of the same trials.175

Study Design and Participants176

Twenty-six healthy, able-bodied adults took part in the balance experiment reported177

here, recruited within a larger study at the Rehabilitation Engineering Laboratory,178

ETH Zurich. Eligible participants were aged 18–70 years, free of cognitive deficits or179

concomitant disease that might affect motor performance, and able to follow the study180

procedures and give informed consent. Exclusion criteria were alcohol dependence or181

known alcohol intolerance, use of anxiolytic, antidepressant, neuroleptic, or sedative182

medication, and pregnancy or breastfeeding (all female participants of childbearing age183

were screened with a voluntary pregnancy test). Each participant performed the same184

six-task battery at three target BAC levels (0.0, 0.6 and 1.0 ‰) within a single session185

of ascending dose, so that the design is fully within-subject with each participant186
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167 candidate digital metrics per trial
CoM · stepping · LTP · joint-angle · upper-limb · Romberg6 families:

24 participants · 894 task×metric tests

167 metrics × 6 tasks, where defined and testable

all 24, once 24 scorable, per fold

Metric selection · 3 gates

1. BH-FDR q < 0.05 (per task)

2. coverage n ≥ 15/24

3. redundancy |ρ| < 0.5

Most responsive metric per task

descriptive dose-response

Dose-response

per-task dose gradient

Leave-one-subject-out (×24 folds)

1. hold out 1 of the 24 participants

2. the 3 gates on the remaining 23

same rule as left, re-fit per fold

3. ordinal fit → Digital Score

for the held-out participant

(repeat, holding out each participant)

BBS item rating (0–4)

same participants · matched folds

Head-to-head vs BBS

held-out participants · matched folds (15–23 of 24)

within-subject dose-ordering accuracy · 6 tasks

Single RGB video → markerless pose

3 tasks × eyes open / closed · 3 BAC levels

TLS Tandem OLS

Fig. 1 Overview of the study and analysis. Top: three balance tasks, each performed with eyes
open and closed at three BAC levels, shown for a representative participant with the 17-keypoint
markerless-pose skeleton overlaid on the raw video frame. Markerless pose over all trials yields 167
candidate digital metrics (across CoM, stepping, LTP, joint-angle, upper-limb, and Romberg fami-
lies). The same three-gate selection is then used two ways. Left (descriptive, blue): applied once to
all participants, it keeps the most responsive metric per task and characterizes its dose-response.
Right (inference, green): the same selection procedure is re-fitted inside leave-one-subject-out cross-
validation, and an ordinal model combines the selected metrics into a single Digital Score for the
held-out participant. Bottom: the held-out Digital Scores are compared against the concurrent BBS
item rating by within-subject dose-ordering accuracy across the six task-vision conditions. Each com-
parison uses only participants that both the digital score and the rating could score, which is 15 to 23
of the 24 depending on the task. Abbreviations: BAC, blood alcohol concentration; BBS, Berg Bal-
ance Scale; CoM, center of mass; LTP, lower-trunk proxy; OLS, one-legged stance; TLS, two-legged
stance.
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serving as their own control. Each combination of one task at one BAC level is referred187

to as a trial, giving 18 trials analyzed per participant, and trial is used in this sense188

throughout. Every trial was video-recorded for scoring on the BBS, and the present189

analysis applies markerless pose estimation to these recordings, which were captured190

for review rather than for kinematic analysis.191

Participants abstained from food for at least two hours before the session. The192

initial dose required to reach each target concentration was estimated per participant193

with the Widmark formula [33, 34]. Participants then ingested alcohol under super-194

vision while breath alcohol was monitored every 5 min with a Dräger Alcotest 6000195

(Dräger, Lübeck, Germany). Before each measurement, participants drank water to196

clear residual mouth alcohol, which can otherwise inflate the readout. The device197

returns a breath-based estimate of BAC, converting breath alcohol with a 2100:1 parti-198

tion ratio. Monitoring continued until this estimate came within ±0.1 ‰ of the target199

concentration, which defined the start of the assessment. If the target was not reached200

within 40 min of the initial consumption, or if two consecutive readouts plateaued or201

declined, an additional dose was administered. A fourth recording, obtained approxi-202

mately two hours after the 1.0 ‰ trial, falls on the descending limb of the BAC-time203

curve. Because the relationship between BAC and impairment differs between limbs204

(acute tolerance, the Mellanby effect [35]), it was not analyzed.205

All trials were captured with a single consumer-grade camera positioned in front206

of the participant, recording at 1920 × 1080 pixels and 30 frames per second (fps).207

Balance Assessments and Clinical Reference208

The six static-balance tasks were administered in a fixed order of increasing difficulty:209

TLS, tandem stance (one foot placed directly in front of the other), and OLS, each210

performed with eyes open and with eyes closed and held for up to 30 s. These tasks211

derive from the BBS: TLS (eyes open and eyes closed) and the eyes-open tandem212

and OLS items are standard BBS items, whereas the eyes-closed Tandem and OLS213

conditions extend the BBS to probe balance under withdrawn vision.214

Each trial was scored on a 0–4 ordinal rating scheme adapted from the BBS (higher215

scores indicate better balance), yielding a per-task rating rather than the 14-item BBS216

total. We refer to this throughout as the BBS item rating, and reserve BBS for the full217

14-item scale. It should be noted that this differs from the conventional BBS: it applies218

a uniform 30 s criterion where the BBS specifies a different duration for each item,219

and two of the six conditions are not BBS items at all. All comparisons reported here220

therefore use this adapted per-task rating as the clinical reference. The 14-item BBS221

total was never scored or used as a comparator. The rating scheme was graded against222

the 30 s window as 4 (position held safely for the full 30 s), 3 (held at least 20 s but223

with supervision, an assessor standing by without physical contact), 2 (held at least224

10 s unsupported on the first attempt), 1 (reached 10 s only after several attempts),225

and 0 (unable to hold 10 s). The same thresholds applied to each task, substituting the226

required posture (TLS, tandem, or OLS) and vision condition. Each trial was scored227

from video by a trained rater, and a second trained rater independently re-scored all228

trials to quantify reliability. The adapted rating scheme was reviewed and approved229

by a consultant neurologist.230
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Markerless Pose Estimation231

Body pose was estimated with Sapiens-1B, a one-billion-parameter vision transformer232

pretrained on a large corpus of human images [23], applied frame by frame to each233

trial video. Sapiens operates top-down: an off-the-shelf detector (RTMDet, [36]) first234

localizes each person, and Sapiens then regresses 17 body keypoints per detection in235

the COCO layout [37] (nose, eyes, ears, shoulders, elbows, wrists, hips, knees, and236

ankles), giving a two-dimensional trajectory for each keypoint across the trial.237

Signal Processing and Metric Extraction238

The first processing steps repaired frame geometry and checked signal quality to239

yield, for each keypoint, a cleaned trajectory expressed in body-relative units. These240

steps comprised isolation of the participant from multi-person detections, reconstruc-241

tion of ankles that left the frame, compensation of camera motion, conversion to242

body-height-normalized coordinates, outlier removal, gap interpolation and low-pass243

filtering, and rejection of keypoints that remained too sparse over a trial. Each trial244

was then reduced to the balance task itself by a task-window detection, and OLS tri-245

als were mirrored where necessary so that the stance leg is always the right leg. Full246

details, including all threshold values, are given in the Supplementary Methods and247

Supplementary Table S1.248

From the cleaned keypoints we derived 167 candidate digital metrics, organized249

into six families. With few exceptions, these are established quantities from the pos-250

turography and balance-assessment literature [38–43] rather than newly introduced251

definitions. The full list, with definitions and sources, is provided in Supplementary252

Table S2.253

The CoM family (46 metrics) tracks the whole-body CoM, computed as a mass-254

weighted average of the body segments [38], and summarizes its sway with standard255

posturographic quantities, namely amplitude, mean velocity, path length, the 95%256

prediction ellipse, and movement smoothness. They are computed primarily on the257

mediolateral axis, the direction most sensitive to alcohol and best resolved by a frontal258

camera [26, 39–41]. The lower-trunk proxy (LTP) family (23 metrics) applies the same259

sway measures to a lower-trunk landmark so it largely duplicates the CoM family. The260

joint-angle family (22 metrics) comprises frontal-plane segment inclinations (shoulder,261

pelvis, head, trunk, and shank), each summarized by range, variability, and angular262

velocity, together with inter-segment coordination measures [44, 45]. The stepping263

and task-endpoint family (37 metrics) captures discrete instability and failure events,264

OLS time-to-failure and touch-downs, step counts and timing, and tandem stance265

width, following established clinical-balance and field-sobriety endpoints [42, 46–48].266

The Romberg family (18 metrics) takes eyes-closed-to-eyes-open ratios of the sway267

measures, indexing reliance on vision [49]. Finally, an upper-limb family (21 metrics)268

quantifies arm motion as a compensatory response [43].269

Because a single frontal camera resolves mediolateral but not anteroposterior270

sway, all measures are restricted to the frontal plane. A subset of the digital metrics271

described above, namely the nonlinear measures (sample entropy and recurrence quan-272

tification), the inter-segment coordination measures, and the continuous upper-limb273
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measures, have not previously been used in acute alcohol or markerless-pose research274

and are therefore treated as exploratory [50–53].275

Data Analysis276

Responsiveness and Metric Selection277

All analyses were performed on the N participants who completed all three dose lev-278

els. The analysis proceeds in three stages: each metric’s responsiveness to the dose279

gradient is quantified and used to select a compact set, that set is combined into a280

digital score inside cross-validation, and that score is compared against the concur-281

rent BBS item rating on the same trials. Given the sample size, this procedure is282

treated as exploratory and descriptive [14]. A global effect of BAC on each (task,283

metric) pair was first tested with the Friedman test, and the resulting p-values were284

corrected within each condition (the family of metrics tested in that condition) by the285

Benjamini–Hochberg false discovery rate (FDR) (q < 0.05) [54].286

Not every measure is defined in every task, so the 167 candidates yield 896 rather287

than 1002 task–metric combinations, of which 894 could be tested (Fig. 1). Measures288

of CoM and lower-trunk sway, joint angles and upper-limb motion are defined in all six289

tasks, as are 24 of the 37 stepping measures. Of the remaining 13 stepping measures,290

ten presuppose a particular posture — the OLS endurance, hold and touch-down291

measures and the two arm-abduction measures, the tandem ankle separation, and the292

standing displacement asymmetry — while three describe the timing and direction of293

steps and are therefore defined only where steps occurred; each was computed only294

in the two conditions where it is defined. The 18 Romberg ratios contrast eyes-closed295

against eyes-open performance and are therefore defined once per stance rather than296

once per task, giving three values each. Multiplicity correction was applied within each297

of the nine resulting test families: the six tasks and the three Romberg stance pairs.298

Two upper-limb abduction measures were constant in eyes-open two-legged stance,299

where no participant raised an arm, and so admitted no test, leaving 894 tests over300

the 896 defined combinations. No minimum sample size was imposed at this stage;301

the coverage requirement described below applied only to metric selection.302

For every metric we summarized responsiveness as a within-subject dose-ordering303

score. For each of the three dose pairs (0 vs 0.6, 0 vs 1.0, and 0.6 vs 1.0 ‰)304

we computed the fraction of participants whose values moved in the metric’s305

dose direction (ties counted as one-half), a within-subject area under the receiver-306

operating-characteristic curve (AUC). These three were averaged, so that 0.5 marks307

chance ordering and 1 marks all participants ordered correctly at every dose step.308

Page’s trend test for an ordered alternative was retained as a confirmatory check rather309

than a selection gate [55]. To be eligible for selection, an FDR-significant metric addi-310

tionally had to be quantifiable in at least 15 of the N participants. Because a metric311

is only computed when the pose is tracked, and tracking fails most in the demanding312

eyes-closed and high-BAC conditions, a low-coverage metric reflects mainly the less-313

impaired participants who could sustain the pose. The most affected participants are314

precisely the ones missing, so such a metric appears artificially insensitive to BAC.315

This coverage floor is a criterion applied to metrics during selection, and is unrelated316
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to the number of participants available for the head-to-head comparison reported317

later. The eligible metrics within each condition were then pruned for redundancy by318

greedy elimination of any pair correlated at |Spearman ρ| ≥ 0.5, keeping the more319

responsive metric of each pair, and the single most responsive surviving metric per320

task (TLS, tandem, OLS) was retained as that task’s representative metric, so that321

the reported quantity remains a physical measure of movement in interpretable units.322

Selection stability was separately characterized, but not used as a selection gate, by323

repeating the pipeline on 200 random subsamples of the participants [56, 57].324

Digital Score versus BBS Item Rating325

Responsiveness was further expressed as the ability to discriminate the three BAC326

levels, comparing the digital metrics against the concurrent BBS item rating on the327

same trials, separately for each of the six tasks. Models were compared by LOSO328

cross-validation over the N participants, in which each participant was held out in329

turn for testing while the model was fit on the remaining N − 1. Within each fold,330

the selection pipeline was re-fitted on the training participants only, using the same331

eligibility and redundancy criteria as the main selection, but without reducing to a332

single representative: every metric surviving the gates in that fold entered the model.333

One criterion was added: among equally responsive redundant metrics the one quan-334

tifiable in more participants was preferred, since a sparse metric costs a matched fold335

for each held-out participant it cannot score. The selected metrics were z-scored and336

combined by an ordinal logistic regression (all-threshold model [58]) with the ordered337

BAC level as outcome, whose latent linear predictor served as a single digital score.338

Keeping this set compact limits the number of coefficients estimated per fold relative339

to the sample size. For the task with the lowest coverage we additionally repeated340

the comparison using the most responsive metric quantifiable in all participants. For341

each held-out participant we computed a within-subject dose-ordering accuracy: the342

fraction of the three dose pairs the score ranked in the correct order, ties counted as343

one-half. With three ordered levels and one trial each this is equivalent to a within-344

subject AUC, and to Kendall’s τa rescaled to the unit interval as (1 + τa)/2, so that345

0.5 marks chance ordering. Because the comparison is made within each participant,346

it controls for between-person differences. This ordering accuracy was averaged across347

held-out participants and reported with a percentile 95% confidence interval (CI) from348

a bootstrap over participants, resampling participants rather than individual trials so349

that repeated observations within a participant are kept together.350

Ordering accuracy is the primary endpoint because the question is whether a mea-351

sure can rank one person’s three trials by dose. A one-versus-rest AUC is misleading352

at the intermediate level. Because the digital score rises with dose, the 0.6 ‰ trials353

sit between the sober and high-dose trials. Pooling the outer two levels into one com-354

parison group therefore puts half of that group below the intermediate trials and half355

above, and a score that ranked all three of a participant’s trials perfectly would still356

reach only 0.5 on that comparison. The macro-average over the three levels is pulled357

down with it. Ordering accuracy is not subject to this constraint, because it is the358
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mean of the three dose-pair comparisons and each of those involves only two dose lev-359

els. It therefore decomposes exactly into them. The one-versus-rest macro-AUC and360

its per-level components are reported as a secondary summary.361

The identical pipeline was run with the per-task BBS item rating as the sole362

predictor. Because ordering accuracy depends only on the ranking of scores, it is363

invariant to any monotone transform of a single predictor, so the ordinal fit is no364

advantage to the digital arm where one metric was selected. The coarse ordinal rating365

and the continuous digital score are directly comparable, and the two arms were366

evaluated on matched folds (participants present in both).367

The two arms were then compared within participants on those matched folds.368

For each participant and task we formed the paired difference between the digital369

and rating ordering accuracies. The pooled mean paired difference was estimated by370

the same participant-clustered bootstrap (10,000 resamples) and is reported with a371

percentile 95% CI. Significance was assessed by a two-sided Wilcoxon signed-rank372

test on participant-level mean differences, and per-task differences by the same test,373

corrected across the six tasks by the Benjamini–Hochberg FDR. Finally, we asked374

how many metrics were required. The digital score was rebuilt from an increasing375

number of the most responsive metrics (the single best, then the best two, and so on),376

leaving the primary comparison unchanged (Supplementary Table S3). This analysis377

was specified after the primary comparison.378

Concurrent Validity, Ceiling, and Inter-Rater Reliability379

Concurrent validity was assessed by correlating each selected digital metric with its380

concurrent BBS item rating (Spearman), with subject-cluster bootstrap CIs, plus the381

participant-total composite correlation (Pearson and Spearman) as an overall sum-382

mary. Because the digital scores are pooled from per-fold models, they are comparable383

in relative rather than absolute terms, so these correlations are interpreted as relative384

agreement.385

The BBS item rating ceiling was quantified as the fraction of trials awarded the386

maximum score of 4, per task and per BAC level. Two analyses then asked whether387

the digital metrics resolved impairment where the BBS item rating could not. In the388

subset of participants whose BBS item rating sat at ceiling both when sober and389

at 1.0 ‰, the sober-to-high-dose change in the digital metric was tested with the390

Wilcoxon signed-rank test and summarized by the rank-biserial effect size. In the391

stricter subset whose rating sat at ceiling across all three doses, a monotonic dose-392

response was tested with the Friedman test and Page’s trend test. Both analyses were393

corrected by the Benjamini–Hochberg FDR. Metrics for which too few participants394

were at ceiling to form a paired comparison were not testable and are omitted, and395

comparisons with fewer than six non-zero differences were flagged, since the exact396

two-sided Wilcoxon test cannot reach p < 0.05 below that sample size.397

Inter-rater reliability between the two raters was reported as exact agreement,398

agreement within one point, mean absolute difference, and linearly and quadratically399

weighted Cohen’s κ [59] on the full set, with exact agreement additionally reported400

for the non-ceiling subset.401
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Results402

Participants and Alcohol Intake403

We first confirmed that the intended dose gradient was reached. Of the 26 participants404

who underwent the balance battery, two reported feeling unwell during the session405

and dropped out. Because their balance data might not be comparable with the rest,406

their data were excluded without analysis, leaving a final cohort of 24 healthy adults407

(11 men, 13 women). Participants were young (mean age 26.2± 4.6 years, range 21–408

43), with a mean body-mass index (BMI) in the normal range (22.5 ± 2.3 kgm−2).409

Their characteristics are summarized in Table 1.410

Table 1 Participant characteristics
(N = 24). Values are mean ± SD (range).
Abbreviations: BMI, body-mass index.

Characteristic Value

Sex (men / women) 11 / 13
Age (years) 26.2± 4.6 (21–43)
Height (cm) 173.1± 9.2 (157–189)
Weight (kg) 67.7± 10.9 (46.0–90.2)
BMI (kgm−2) 22.5± 2.3 (18.0–26.9)

BAC, measured immediately before each test sequence, confirmed that the411

intended dose gradient was reached. Readouts averaged 0.00 ‰ at the sober baseline,412

0.59 ± 0.05 ‰ (range 0.51–0.69) at the low target, and 0.99 ± 0.04 ‰ (range 0.90–413

1.08) at the high target. Every readout fell within the predefined ±0.1 ‰ acceptance414

window of its target, so the three conditions’ measured ranges did not overlap and415

each participant was at their intended dose level. The nominal targets are therefore416

used as an ordered grouping factor throughout.417

A Responsive Sway Metric418

We then asked how broadly the dose gradient was detectable across the metric set.419

Balance kinematics responded extensively to the dose gradient. Of the 894 tested task-420

metric combinations, 532 (59%) showed a significant overall effect of BAC after FDR421

correction (Fig. 1). These responses were consistently ordered: 97% ran in the direction422

of greater instability, and a monotonic 0.0 → 0.6 → 1.0 trend was significant by Page’s423

test in 97% of them. Significant metrics spanned the CoM, LTP, joint-angle, stepping,424

and upper-limb families. Many of these metrics were mutually correlated. The two425

remaining gates in Fig. 1, coverage and redundancy, reduce them to a compact non-426

redundant set of 11, one to five per task. Taking the single most responsive metric427

per task yielded three representatives, and all three quantified the same construct,428

mediolateral sway velocity, though by two different metrics, namely whole-body CoM429

velocity in TLS and OLS, and the variability of lower-trunk mediolateral velocity in430

12



tandem stance. Each is reported in its eyes-open condition for comparability across431

tasks.432

The three representatives are shown across the dose gradient in Fig. 2. All rose433

gradually with dose. Each ordered the sober below the high-dose condition almost434

perfectly (ordering accuracy 0.91–1.00) and was monotonic within 73–80% of partici-435

pants. Sway velocity also resolved the low dose, where discrete stepping does not: the436

sober-to-0.6 ‰ ordering accuracy was 0.77–0.83, so a majority of participants already437

swayed faster at 0.6 ‰. The gradient was nonetheless cleanest at the high dose.438
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Fig. 2 Dose response of the representative sway metric for each task across the sober,
low (0.6 ‰) and high (1.0 ‰) conditions. The three panels show two distinct metrics, both
quantifying mediolateral sway velocity. Gray lines are individual participants, the red line is the mean
(95% bootstrap CI). All three rise across the three doses, with a smaller separation already at the
low dose. Each metric is shown in its eyes-open condition for comparability. Y-axes are logarithmic
and clipped to the bulk of the distribution; gray triangles mark participants above the axis at each
dose. Abbreviations: CI, confidence interval; CoM, center of mass; LTP, lower-trunk proxy; ML,
mediolateral; OLS, one-legged stance; SD, standard deviation; TLS, two-legged stance.

As a check on the coverage floor, we confirmed that the exact threshold was not439

critical: the selected representatives were identical for floors from 12 to 18, each quan-440

tifiable in 20 to 23 participants, while the sparsely tracked metrics removed by the441

floor never ranked among the most responsive in any task.442

As a complementary analysis, we re-ran the full pipeline on 200 random partici-443

pant subsamples. The single best metric was re-selected in 38–98% of subsamples and444

the selected sets overlapped one another with a mean Jaccard index of 0.17 to 0.48,445

depending on the task. In five of the six conditions the most frequently selected metric446

was a continuous mediolateral sway metric, the alternatives being other sway metrics447

such as spectral arc length (SPARC), path length, sway-frequency dispersion, or the448

mean and standard deviation (SD) of velocity (Supplementary Table S2). The excep-449

tion was eyes-closed OLS, where non-sway metrics competed. We therefore report450

the metric by its construct, treating the named metric as a representative example451

rather than a uniquely optimal choice. The upper-limb metrics were likewise respon-452

sive (84 of the 124 tested) but were pruned as redundant with trunk and CoM sway.453
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One metric family was the exception. The eyes-closed-to-eyes-open Romberg ratios454

showed no dose effect at all (0 of 54 significant), although metrics computed within455

the eyes-closed conditions themselves were responsive.456

Digital Score versus BBS Item Rating457

For each task we compared how well the digital score and the concurrent BBS item458

rating could order a participant’s three BAC levels under LOSO cross-validation.459

The primary endpoint was the within-subject dose-ordering accuracy: for each held-460

out participant, the fraction of their three dose pairs that the score placed in the461

correct order (ties one-half), averaged over participants. The one-versus-rest macro-462

AUC is reported as a secondary summary. The digital score and the BBS item rating463

are evaluated on matched folds, restricted to the participants that both measures464

could score, so every comparison is made within the same people. This is the primary465

comparison. The analyses that follow check whether its result depends on how the466

digital score was built.467

The digital score out-ordered the BBS item rating on every task (Fig. 3). Its468

ordering accuracy fell in a high band of 0.78–0.93 across the six tasks (mean of the469

six task values, 0.86), whereas the BBS item rating ranged from chance (0.50) to 0.73470

(mean 0.59 on the same average). The advantage was largest where the BBS item471

rating was lowest: in the eyes-open TLS and tandem-stance tasks and eyes-closed472

TLS, where the BBS item rating sat at or near chance (0.50–0.55), the digital score473

reached 0.86–0.91, a gain of 0.33–0.40. It was smallest in eyes-closed OLS, the task on474

which the rating carried the strongest ordering signal (0.73). Even there the digital475

score was higher (0.78).476

One participant contributed no matched fold in any of the six tasks, leaving 23477

participants and 122 participant–task observations for this comparison. Pooled across478

tasks, the mean paired within-participant advantage of the digital score over the479

BBS item rating was 0.279 (95% CI 0.230 to 0.323) weighting each participant–task480

observation equally. Every one of the 23 participants was ordered more accurately481

by the digital score (two-sided Wilcoxon signed-rank test on participant-level mean482

differences, p = 2.4 × 10−7). Per task the advantage was positive in all six tasks483

and reached significance in four after Benjamini–Hochberg correction: eyes-open TLS484

(+0.399, 95% CI 0.312 to 0.471), eyes-closed TLS (+0.357, 0.278 to 0.437), eyes-485

open OLS (+0.333, 0.250 to 0.417) and eyes-open tandem stance (+0.326, 0.220 to486

0.424), all q < 0.001. The two remaining differences were smaller and not significant:487

eyes-closed Tandem stance (+0.135, 0.008 to 0.254; q = 0.200) and eyes-closed OLS488

(+0.044, −0.100 to 0.200; q = 0.812), the latter also having the fewest matched folds489

(n = 15).490

The ordering accuracy decomposes exactly into the three dose-pair comparisons491

(Supplementary Table S5). The digital score exceeded the BBS item rating on 16 of492

the 18 task–pair combinations. The two exceptions fell in the two tasks with the least493

ceiling: the arms tied on the sober-versus-0.6 ‰ comparison in eyes-closed Tandem494

stance (0.71 each), and the rating was higher on the 0.6-versus-1.0 ‰ comparison in495

eyes-closed OLS (0.77 vs. 0.73). Ordering was most accurate for the sober-versus-high-496

dose pair (digital 0.86–1.00, mean 0.92), intermediate for the 0.6-versus-1.0‰ pair497
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(0.73–1.00, mean 0.88), and least accurate for the sober-versus-0.6 ‰ pair (0.71–0.83,498

mean 0.77).499

The secondary one-versus-rest macro-AUC reproduced the advantage on five of500

the six tasks (digital 0.65–0.84 vs. rating 0.50–0.74; Supplementary Table S6). In eyes-501

closed OLS the digital macro-AUC (0.73) fell just below the rating (0.74), while the502

digital score led on the primary ordering accuracy (0.78 vs. 0.73). As anticipated in503

the Methods, the macro-average is held down by the intermediate level: the digital504

score’s 0.6 ‰ component sat near chance (0.36–0.67 across tasks) while its sober and505

high-dose components reached 0.79–0.90 and 0.80–1.00.506

Repeating the comparison with the whole-body CoM mediolateral velocity mea-507

sure, which was quantifiable in all 24 participants, the digital score exceeded the BBS508

item rating on ordering accuracy (0.81 vs. 0.72). Because this measure could score509

every participant, these matched folds comprise all 24 rather than the 15 available510

for the primary metric, which is why the rating’s accuracy here (0.72) differs from its511

value on the 15 matched folds (0.73).512

Two analyses confirmed the comparison did not hinge on modeling choices. Cap-513

ping the per-fold non-redundant set at an increasing number of the most responsive514

metrics (Supplementary Table S3) left the digital score above the BBS item rating at515

every reachable setting but one: with a single metric in eyes-closed OLS it reached516

0.70 against the rating’s 0.71 on the same folds. In four of the six tasks the per-fold517

set contained at most two metrics and the cap was rarely binding, so the score was518

effectively a single metric throughout. In the two tasks where more metrics were avail-519

able, adding a second raised the ordering accuracy from 0.79 to 0.92 in eyes-closed520

TLS, settling at 0.90 with the cap released. The corresponding change in eyes-closed521

OLS (0.70 to 0.78) is not directly comparable, because the matched-fold set falls from522

22 participants at one metric to 15 at two or more.523

Expressing each metric relative to the participant’s own sober trial did not improve524

discrimination and slightly reduced it (Supplementary Section S2, Supplementary525

Table S4), so absolute values were retained.526

BBS Ceiling and Inter-Rater Reliability527

We next quantified how much of the rating scale was in use. Across the 24 participants528

and six tasks, 77% of BBS item ratings were the maximum score of 4. The proportion529

at ceiling fell gradually with dose, from 88% at the sober baseline to 76% at 0.6 ‰530

and 66% at 1.0 ‰, and differed more between tasks (Fig. 4A). Every participant531

scored 4 on eyes-open TLS at all three doses, and 96% of ratings were at ceiling in532

eyes-closed TLS and in eyes-open tandem stance. The proportion was 85% in eyes-533

open OLS, 62% in eyes-closed Tandem stance, and 21% in eyes-closed OLS, where534

the mean rating was 2.1 and 58% of ratings were 2 or below. The full distribution of535

ratings by task and dose is given in Supplementary Fig. S1, the counterpart to the536

dose-response of the digital metrics in Fig. 2.537

We then examined the digital metrics in the participants for whom the BBS item538

rating recorded no change, that is, those awarded the maximum score of 4 at both539

of the doses being compared. Among participants rated at ceiling both when sober540

15



TLS
open

(n = 23)

TLS
closed

(n = 21)

Tandem
open

(n = 22)

Tandem
closed

(n = 21)

OLS
open

(n = 20)

OLS
closed

(n = 15)

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

W
it
h
in
-s
u
b
je
ct

d
o
se
-o
rd
er
in
g
a
cc
u
ra
cy

0.50 0.90 0.55 0.90 0.53 0.86 0.64 0.78 0.60 0.93 0.73 0.78

chance (0.5)

Digital 0.0‰ AUC

Digital 0.6‰ AUC

Digital 1.0‰ AUC

BBS per-dose AUC

Digital macro-AUC

BBS macro-AUC

BBS item rating

Digital score

Fig. 3 Digital score versus BBS item rating: ordering of the three BAC levels across the
six tasks. Bars show the primary endpoint, the within-subject dose-ordering accuracy on matched
folds (participants scorable by both arms; matched n below each task) for the digital score (blue)
and the per-task BBS rating (gray): per held-out participant, the fraction of the three dose pairs the
score ordered correctly, averaged over participants (LOSO). Whiskers are 95% bootstrap confidence
intervals. Overlaid on each bar is the secondary one-versus-rest macro-AUC decomposition, three
per-dose AUCs (digital: colored circles, green 0.0, amber 0.6, red 1.0 ‰; BBS: gray diamonds; spread
left-to-right by dose) and their mean, the macro-AUC (horizontal dash: black digital, gray BBS). For
the digital score the weak intermediate 0.6 ‰ dose (as low as 0.36 in eyes-closed Tandem stance)
pulls the macro-AUC below the near-ceiling 1.0 ‰ separation, whereas the BBS per-dose AUCs
cluster near chance except on the two hardest tasks. Both metrics share the ordering-accuracy axis
and the 0.50 chance line (dashed). The digital score exceeds the BBS on every task on the primary
ordering accuracy. Abbreviations: AUC, area under the receiver-operating-characteristic curve; BAC,
blood alcohol concentration; BBS, Berg Balance Scale; LOSO, leave-one-subject-out; OLS, one-legged
stance; TLS, two-legged stance.

and at 1.0 ‰, all nine testable task–metric comparisons showed a significant sober-541

to-high-dose change after FDR correction, with rank-biserial effect sizes of 0.61 to542

1.00 (mean 0.92) in 10 to 23 participants (Supplementary Fig. S2). In the stricter543

subset rated at ceiling at all three doses, all nine comparisons showed a significant544

monotonic dose-response by Page’s trend test after FDR correction, with 43 to 79%545

of participants monotonic in 9 to 23 participants. The two remaining metrics, both546

in eyes-closed OLS, could not be tested in either analysis, only one participant being547

at ceiling at both doses in that task. Repeating both analyses with the second rater’s548

ratings gave the same result.549

The two raters agreed exactly on 83% of the 432 paired ratings and within one550

point on 92%, with a mean absolute difference of 0.27 points, Cohen’s κ = 0.51, and551
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Fig. 4 BBS rating ceiling and inter-rater agreement by task. A Percentage of BBS ratings
awarded the maximum score of 4, per task, across all participants and doses. B Exact agreement
between the two raters, over all ratings and over only those ratings for which at least one rater scored
below 4. The latter comprise 0, 3, 4, 11, 32 and 57 ratings for the six tasks in the order shown.
Tasks are ordered by ceiling in both panels. Agreement over all ratings falls with the ceiling, whereas
agreement on non-ceiling ratings is similar across tasks. Abbreviations: BBS, Berg Balance Scale;
OLS, one-legged stance; TLS, two-legged stance.

linearly and quadratically weighted κ of 0.65 and 0.76. Agreement over all ratings552

fell with the proportion at ceiling (Fig. 4), from 100% in eyes-open TLS to 44% in553

eyes-closed OLS. Ratings for which both raters awarded a 4 agree by definition, so554

we also computed agreement over the 107 ratings for which at least one rater scored555

below 4. On these, agreement was 27 to 50% across tasks, with no ordering by task,556

and 30% overall. Eyes-closed OLS contributed 57 of these ratings, and there the two557

raters differed by 0.90 points on average. Repeating the head-to-head comparison of558

the previous section with the second rater’s ratings reproduced the result on all six559

tasks, with a mean ordering accuracy of 0.86 for the digital score and 0.57 for the560

BBS item rating.561

Concurrent Validity562

Finally, we asked whether the digital metrics track the same construct the rating563

measures. Aggregated per participant, the digital score and the BBS item rating were564

strongly correlated (Spearman ρ = 0.88, Pearson r = 0.94, both p < 0.001). Because565

the digital scores are pooled from per-fold models, this reflects relative rather than566

absolute agreement.567

At the level of individual metrics, 7 of the 10 testable metric–task pairs correlated568

significantly with the concurrent BBS item rating under a subject-cluster bootstrap569

(Fig. 5). Every significant correlation was negative, greater instability corresponding570

to a lower rating. Magnitudes across the ten pairs ranged from 0.10 to 0.75. The three571

largest were mediolateral CoM velocity in eyes-closed Tandem stance (ρ = −0.75),572
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head angular velocity in eyes-closed OLS (ρ = −0.62), and mediolateral CoM velocity573

in eyes-open OLS (ρ = −0.55). The three pairs that did not reach significance were574

all in eyes-closed TLS, where 96% of ratings were at ceiling. In eyes-open TLS the575

correlation was not computable, the BBS item rating there having zero variance.576

−1.00 −0.75 −0.50 −0.25 0.00 0.25 0.50 0.75 1.00

Spearman correlation with BBS rating

* TLS open: CoM ML velocity

* TLS closed: vertical frequency dispersion

* TLS closed: trunk ML smoothness

* TLS closed: stepping score

* Tandem open: trunk ML velocity SD

* TLS closed: CoM ML velocity

* TLS closed: dominant-arm elevation ROM

OLS closed: CoM recurrence laminarity

* OLS open: CoM ML velocity

OLS closed: head angular velocity

Tandem closed: CoM ML velocity

BBS constant at 4, correlation undefined

Validated (subject-level 95% CI excludes 0)

Not significant

95% cluster-bootstrap CI

Strong (|ρ| ≥ 0.7)

Moderate (|ρ| ≥ 0.5)

Fig. 5 Correlation between each selected digital metric and the concurrent BBS rating.
Bars are Spearman correlations across all participant–dose observations, whiskers are 95% subject-
cluster bootstrap CIs, and color indicates whether the interval excludes zero. A negative correlation
means that greater instability corresponds to a lower BBS rating. An asterisk marks tasks in which
the BBS reference was near ceiling, which limits the attainable correlation. Eyes-open TLS is shown
without a bar: every rating there is a 4, so the correlation is undefined rather than small. Abbrevi-
ations: BBS, Berg Balance Scale; CI, confidence interval; CoM, center of mass; ML, mediolateral;
OLS, one-legged stance; ROM, range of motion; SD, standard deviation; TLS, two-legged stance.

Discussion577

We investigated whether continuous, pose-derived balance metrics are more responsive578

than the BBS item rating to a graded perturbation of postural control. Our results579

show that they are. A digital score derived from a single consumer camera ordered580

each participant’s three BAC levels more accurately than the concurrent BBS item581

rating, and did so on all six tasks. Each participant served as their own control, and582

both the digital score and the BBS item rating were derived from the same trials, so583

between-person differences in baseline balance cannot account for the gap. Because584
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the impairment was induced rather than observed, graded and reversible within each585

participant, both measures could be judged against the administered dose of alcohol586

instead of against each other. That dose is a change of known size and direction, which587

is exactly what measuring responsiveness requires [13].588

The digital score’s advantage over the BBS item rating was not uniform across589

tasks. It was largest in the three tasks where the BBS item rating sat at or near chance,590

reaching a gain of 0.33 to 0.40, and smallest in eyes-closed OLS, the one task in which591

the BBS item rating used its full range. Those tasks differ in how much of the BBS592

item rating was in use. In our cohort 77% of task ratings were the maximum score of593

4, and in eyes-open TLS every rating at every dose was a 4, which fixes discrimination594

at chance by construction.595

The clinical relevance of this ceiling lies in whom it affects. The BBS saturates not596

in the severely impaired but in those who function well: in independently living older597

adults with above-average function [60], in patients with balance disorders, where598

the Mini Balance Evaluation Systems Test (Mini-BESTest) is the more responsive599

instrument [16], and at discharge from subacute stroke rehabilitation, where 43% of600

patients score the maximum [61]. Those reports concern the 14-item total rather than601

the per-task ratings used here. This is the range in which a responsive measure would602

be most useful, because it is where recovery is tracked, where discharge decisions are603

made, and where a constant score is most easily read as a stable balance. It is also the604

range in which responsiveness is hardest to establish, since the comparator against605

which a candidate measure would be validated is the one that has stopped moving.606

Acute alcohol intake resolves that circularity. It produces a graded and reversible607

disturbance of postural control of comparable severity to the impairment in which the608

scale saturates, acting on the cerebellar and vestibular systems that are also disrupted609

in clinical balance disorders [24, 25], and the size and direction of the change are610

set by the administered dose rather than inferred from a scale. The healthy cohort611

studied here is therefore not a substitute for patients. It is the setting in which the612

change can be known exactly, and in which the behavior of the rating can be observed613

against it. What this demonstrates is a property of the instrument, that a maximum614

score bounds impairment without excluding it, and that property is carried by the615

scale rather than by the population.616

The clearest evidence that the digital metrics capture what the BBS item rating617

misses comes from the participants it judged to be unaffected. In those awarded the618

maximum score both when sober and at 1.0 ‰, every one of the nine testable digital619

comparisons showed a significant sober-to-high-dose change. In the stricter subset620

rated at ceiling at all three doses the response was monotonic across all nine, so what621

the constant rating concealed was not a single step but a graded change tracking the622

dose. Because this held for the second rater as well, the limitation lies in the BBS623

item rating scale rather than in one observer’s judgment. A maximum rating therefore624

bounds the impairment without excluding it.625

The reliability of the BBS item rating followed the same pattern. Agreement626

between the two raters was high overall, 83% exact and 92% within one point, with a627

quadratically weighted κ of 0.76. Most of that agreement is trivial. Ratings in which628
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both raters awarded a 4 cannot disagree, so they contribute agreement without con-629

tributing discrimination. Once those are removed, exact agreement falls to 30% and no630

longer varies systematically across tasks. Agreement therefore looked better on some631

tasks than others only because those tasks had more ratings at ceiling, not because the632

raters judged them better. On the ratings that required a real decision, they agreed633

less than a third of the time. This level of agreement concerns single-item ratings and634

is not comparable with reliability values published for the 14-item BBS total. It does,635

however, bear on how the scale behaves whenever a single task is scored by eye.636

Those metrics still track what the BBS rates. A measure can out-resolve a compara-637

tor by capturing something else entirely, which would make the gap uninformative,638

but wherever the rating retained enough variance to correlate, the two moved together639

in the expected direction, with more sway corresponding to a lower rating. The digital640

metrics add resolution within the same construct. The correlations were modest, and641

they were weakest in the tasks where the rating was least variable, which is the ceil-642

ing appearing for a third time after the ordering accuracies and the rater agreement.643

In eyes-open TLS it could not be computed. This is the difficulty with validating any644

new balance measure against the BBS in people who function well. Agreement can645

only be shown over the range in which the comparator still moves, and that range nar-646

rows as function rises, so the evidence thins exactly where a more sensitive measure647

would be most useful.648

The Mini-BESTest is more sensitive than the BBS in people with milder impair-649

ment [16, 60], largely because it includes more demanding items. Such a scale could650

recover some of the resolution lost here. But it would not remove the problem that651

every bounded ordinal scale saturates somewhere, including the Mini-BESTest [60].652

A wider effective range moves the ceiling to a higher level of function. It does not653

eliminate it. Ordinal observational scales carry no fixed metric value [15], depend on654

a rater’s judgment, and record how well a task was performed without describing the655

movement that produced it. The digital metrics used here address each of those limi-656

tations. They are continuous, expressed in physical units, computed without a rater,657

and they describe the movement itself rather than a judgment about its outcome.658

Together these properties are what make a camera-based measure a candidate for659

responsive balance assessment in rehabilitation: it registers change where a bounded660

ordinal scale cannot, and it does so without adding equipment to the clinical setting.661

That leaves the question of which movements a camera should be asked to mea-662

sure. The answer depends on the impairment, not on the method. Here the selection663

converged on mediolateral sway velocity. Alcohol acts on cerebellar and vestibular664

control [24, 25], and the resulting instability is dominated by continuous sway, not by665

discrete events, so the metrics that ranked highest here are the ones that capture it.666

The candidate set was not restricted to sway. It spanned CoM and trunk kinemat-667

ics, joint angles, stepping, upper-limb motion and Romberg ratios, and 532 of the 894668

task-metric combinations responded to the dose gradient, in five of those six families.669

Upper-limb metrics were responsive but were pruned as redundant with trunk and670

CoM sway, and that redundancy reflects how alcohol destabilizes posture rather than671

a fixed relationship between arm and trunk motion. The selection procedure does not672

prespecify which metrics matter, so an impairment of another kind would surface a673

different subset of the same candidate set.674
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These patterns are consistent with what instrumented studies of alcohol have long675

reported. Force platforms and marker-based motion capture have characterized alco-676

hol’s effects on standing balance for decades. The Romberg quotient is unchanged677

across a wide range of BACs [24], as our eyes-open to eyes-closed ratios also showed.678

Three-dimensional motion analysis of five body segments at the same two doses used679

here found the destabilization substantially larger mediolaterally than anteroposte-680

riorly [26], and mediolateral sway velocity is what our selection converged on. An681

instrumented balance platform detected elevated sway at 0.8 ‰ but not at 0.4 ‰682

BAC [62], and our 0.6 ‰ falls between those two doses. Ordering was most accurate683

for the sober-versus-high-dose pair and least accurate for sober-versus 0.6 ‰, which684

follows the size of the underlying change, since stability declines far more steeply685

between 0.6 and 1.0 ‰ than between 0.0 and 0.6 ‰ [63]. Markerless capture has686

already been shown to measure balance accurately [64]. Simpler video methods reach687

the same conclusion [65]. These studies establish that a camera can measure balance.688

They do not ask whether it resolves change a clinical rating misses.689

What has not been done is to set a camera-derived measure against a clinical scale690

on the same trials, with a graded within-person change as the reference. Camera-based691

balance work has been cross-sectional, benchmarking pose-derived features against692

a clinical index in one session [66], and reviews of computer vision in movement693

disorders report the same pattern, with most studies addressing gait instead of quiet694

stance [67]. Sensor-based studies of cerebellar disease use a nearly identical set of695

stance conditions and reach comparable discrimination, but they separate patients696

from controls instead of following graded change within a person [68]. The scale is697

either the reference standard or absent from the comparison.698

In a clinical setting the graded change supplied here by the dose could instead be a699

course of rehabilitation, or change over time. Extending the approach to the remaining700

BBS items, which involve transfers, turning and reaching rather than quiet stance,701

would also call for a different candidate set, but that is an extension of the procedure702

rather than a redesign. The approach does not have to cover the whole scale to be703

useful. The clinical value of a responsive measure lies where the rating does not move.704

A patient whose BBS item score is unchanged between two assessments may have705

improved, deteriorated, or stayed the same, and the score cannot distinguish these.706

That is the situation in which decisions about continuing, adapting or ending therapy707

are made, and it is the situation this study reproduces: in the participants rated at708

the maximum at every dose, the digital metrics still changed monotonically with the709

perturbation. A continuous measure does not replace the clinical judgment the scale710

encodes, but it can indicate change the scale cannot register.711

What such a measure would cost to obtain is modest. Recording required a single712

consumer camera on a tripod, positioned in front of the participant, with no markers,713

no force platform, no wearable sensors and no rater. The camera was not calibrated714

and its position was not standardized between participants, since expressing kinemat-715

ics as a fraction of body height makes them invariant to camera distance and image716

resolution. The recordings analyzed here were made for visual scoring rather than for717

kinematic analysis, so the approach can be applied to video already captured in rou-718

tine practice. The analysis is not yet lightweight: Sapiens-1B is a one-billion-parameter719
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model and does not run in real time on ordinary hardware. This is a property of the720

model rather than of the approach, and current pose estimators reach real-time infer-721

ence on a laptop Central Processing Unit (CPU) or a mobile device at comparable722

accuracy [69], so nothing in the pipeline requires specialized computing infrastructure723

in principle.724

Which metrics would matter in a given patient population is not settled by this725

study. Alcohol disturbs cerebellar and vestibular control, and the selection converged726

on mediolateral sway velocity accordingly. The closest clinical parallels are therefore727

the cerebellar ataxias and vestibular disorders, where digital sway measures already728

discriminate patients from controls [9, 68]. In conditions whose postural signature729

differs, such as the asymmetric loading after stroke or the freezing and festination of730

PD, a different subset of the same candidate set would be expected to emerge. The731

procedure rather than the resulting metric is what transfers.732

Limitations733

The cohort was 24 healthy young adults, and alcohol at 0.6 and 1.0 ‰ produces734

impairment at the mild end of what a balance scale is built to measure. The advan-735

tage shown here is therefore an advantage in the regime where the BBS sits at or736

near its ceiling. It says nothing about how the BBS performs where its range is in737

use, and the responsiveness reported for the BBS in progressive ataxia suggests it per-738

forms well there [70]. Alcohol is also a particular model of impairment, acting acutely739

and reversibly without the compensation, adaptation and fluctuation that accompany740

chronic pathology.741

Dose was administered in ascending order within a single session, so time on task,742

fatigue and repeated practice all covary with BAC and cannot be separated from it.743

The two act in opposite directions: practice on a repeated stance task would tend744

to improve performance as dose rose, working against the observed decline, whereas745

fatigue would add to it.746

The camera recorded the frontal plane only, which suits a perturbation that desta-747

bilizes the body mediolaterally more than anteroposteriorly [26], but an impairment748

acting mainly in the sagittal plane would require a second view. The metrics were749

selected from this cohort. Selection was repeated inside each cross-validation fold,750

so the reported accuracies are not inflated by it, but it is the underlying constructs751

rather than the exact measures that should be expected to replicate. Finally, the end-752

point throughout was the ordering of doses within a participant, so what a given sway753

velocity means for a person seen once remains an open question.754

Conclusions755

Under a graded and reversible alcohol intake, continuous metrics derived from a single756

consumer camera ordered each participant’s blood alcohol levels more accurately than757

a concurrent BBS item rating of the same trials, and did so on all six tasks. The758

gap was largest where the rating sat at its ceiling, and impairment was measurable759

even in the participants whose rating did not change at all. A rating at the maximum760

records that performance fell inside the top category, not that balance was unimpaired.761
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Because the selection procedure is not told in advance which metrics matter, the762

same approach applies wherever a change of known size and direction can serve as the763

reference, and the recording it requires is no more than a camera.764
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AUC area under the receiver-operating-characteristic curve766

BAC blood alcohol concentration767

BBS Berg Balance Scale768
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