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Introduction
While general acquisition principles apply across domains, domain-specific constraints critically determine whether clinically meaningful signals can be captured. The following sections therefore translate consensus findings into domain-specific acquisition frameworks intended to facilitate video-based studies across a broad range of neurological use cases immediately.
1- Supplementary Figures
2- Domain specific protocols:
i. Eye Movements
ii. Face and head movements
iii. Hand and upper limb movements
iv. Gait and posture

1. Supplementary Figures
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Supplementary Figure 1. Panel characteristics, application priorities, and ground truth robustness. (A) Geographic distribution of panelists, years of computer vision (CV) experience, and domain expertise (multiple selections permitted; percentages do not sum to 100%). (B) Priority ratings for five clinical application contexts; percentage at right = proportion rating the context as highest or high priority (top-2-boxes). Perceived robustness of three ground truth reference methods for neurological movement assessment; percentage at right = proportion rating the method as very or somewhat robust (top-2-box). All items are rated on a 5-point Likert scale. IMU, inertial measurement units.
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Supplementary Figure 2. Importance ratings for video acquisition factors from Round 1 survey (n = 23). Stacked horizontal bars showing 5-point Likert rating distributions for 13 domain-general video acquisition factors. Items are grouped by consensus tier and sorted by endorsement rate (top-2-box: very important + somewhat important) descending within each tier. Consensus was defined as ≥70% endorsement; items below this threshold are shown in the no consensus tier. Percentage at right= top-2-box endorsement rate. Items were carried forward to the round 2-tiered confirmation survey (Block A).
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Supplementary Figure 3. Importance ratings of metadata reporting items from Round 1 survey (n = 23). Stacked horizontal bars showing 5-point Likert rating distributions for 17 candidate metadata reporting items. Items are grouped by consensus tier and sorted by endorsement rate (top-2-box: very important + somewhat important) descending within each tier. Consensus was defined as ≥70% endorsement; items below this threshold are shown in the no consensus tier. Percentage at right= top-2-box endorsement rate. Items were carried forward to the round 2-tiered confirmation survey (Block B). CV, computer vision


2. Domain-specific protocols
I. Eye Movements
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Supplementary Figure 4. Domain-specific importance of acquisition parameters and key failure modes for video-based eye movement analysis based on round 1 survey results. Temporal resolution and occlusion-related factors (e.g., eyelids, glasses) were most frequently identified as critical determinants, reflecting the high temporal precision required for capturing rapid ocular dynamics. Poor lighting and insufficient contrast further impair reliable pupil–iris tracking. Notably, standard 30Hz recordings were considered insufficient for high-velocity events such as saccades, emphasizing the need for high-frame-rate acquisition setups, and highlighting the importance of task x video setup x algorithm interactions.

Why the eye movement domain matters clinically
[bookmark: _Int_5Ndo7IPs][bookmark: _Int_YurGtWUF]Eye movements are sensitive proxies of brain circuit integrity. Distinct ocular motor signatures are established biomarkers across a broad range of neurological conditions, from vestibular dysfunction [1] to progressive supranuclear palsy [2] and neurometabolic disorders including Niemann-Pick disease type C [3]. In addition, they serve as trial endpoints in disorders like spinocerebellar ataxia 27B and downbeat nystagmus syndrome  [4, 5]. Primary eye movement classes studied include fixation, smooth pursuit, saccades, nystagmus, and coupled eye-head movements during the head-impulse test. Core metrics are gain, velocity, latency, and frequency.
Video-oculography (VOG) using head-mounted goggle cameras is now established as a clinical standard, receiving FDA approval for vestibular diagnostics in 2013 [6], but remains resource-intensive and widely accessible. By contrast, computer-vision methods using smartphone- or consumer cameras - have demonstrated feasibility for scalable, low-cost oculomotor assessment across clinical and telemedicine settings [7-11].
What needs to be visible and measurable
Eye movements impose the highest spatiotemporal demands of any movement domain: saccade velocities reach 500-700 °/s, yet clinically relevant amplitudes can be less than five degrees [12]. Consequently, temporal resolution is the primary determinant of metric validity and is not interchangeable across tasks. Following Nyquist-Shannon principles, slow-phase velocity in nystagmus or gain in smooth pursuit can be estimated at 30–60 Hz with acceptable agreement to head-mounted VOG [8, 9, 13, 14]. In contrast, saccadic parameters, like peak velocity in visually guided or head impulse paradigms, ideally require ≥120 Hz; at 60 Hz, saccade dynamics are poorly resolved and peak velocity may be systematically underestimated regardless of downstream algorithm quality [15, 16].
[bookmark: _Int_nU0m29be]Spatial resolution relative to capture volume determines the system's detection floor for small-amplitude movements. Even minor relative movement between head and camera can introduce artefactual gaze displacement, necessitating a stable mount, sufficient facial framing, and ideally, some form of head stabilization [8, 13]. Alternatively, combined head and gaze tracking may allow more robust estimation of eye-in-head movements even in the presence of camera or head motion [15]. Novel tools for eye stabilization may help but require rigorous validation before clinical deployment. 
A critical constraint is the interaction between framing and algorithm class. Some full-face landmark models like Mediapipe require whole-face visibility and fail on eye-crop recordings or in the presence of face occlusions such as face masks; conversely, eye-specific models were trained and validated on close-up crops and degrade on full-face framing [8]. Framing and algorithms must therefore be selected jointly and piloted before scaling. As a practical compromise, the closest possible full-face framing accommodates both algorithm classes, while for CV-based head impulse testing, the camera distance may need to be slightly increased to avoid losing the eyes during eccentric head rotations.
Calibration governs whether absolute gaze angles are recoverable. Sweep calibration is a robust approach, while fixation-based calibration runs are also feasible, but impose an extra experimental layer [10, 15, 17]. Anthropomorphic calibration using interpupillary distance has been shown to achieve comparable slow-phase velocity accuracy to reference standard without additional procedures, improving compatibility with telemedicine settings [8]. Without calibration, absolute gaze angles from model-based approximations are likely insufficient for clinical use, but relative metrics including nystagmus direction, waveform, and frequency remain extractable.
An inherent failure mode is that vertical eye movement tracking is generally less accurate than horizontal across all consumer-camera systems, disproportionately affecting tasks relying on vertical gaze metrics [8]. Likely contributors include transient occlusions from synkinetic lid movements and decreased algorithmic performance due to underrepresentation of extreme vertical gaze positions in the respective training data. 
Finally, iris-pupil contrast affects segmentation fidelity independently of frame rate or framing. In low ambient light conditions and in patients with dark irides, pupil segmentation can degrade and gaze estimation becomes noisy, an effect directly observed in smartphone-based nystagmography pipelines and consistent with known performance disparities of computer vision models across skin tone and eye color distributions [8, 18]. Adequate diffuse illumination is therefore essential, and pilot testing on a demographically representative sample, including participants with darker irises, is recommended before deployment at scale. As an alternative, iris-based tracking could be explored, as the higher sclera-to-iris contrast may provide more stable gaze estimates under low-light conditions, and is insensitive to fluctuations in pupil size. 


Acquisition framework:  Eye movements
Feasibility: 67% of domain experts estimated ≥70% of patients can meet mandatory criteria in their primary setting, reflecting the increased technical requirements of this domain relative to whole-body movement domains.
	Parameter
	Recommendation
	Tier

	Frame rate (fixation, nystagmus, smooth pursuit)
	30–60 Hz
	Mandatory

	Frame rate (saccades, head impulse testing)
	≥120 Hz
	Mandatory

	Framing
	Full face visible throughout; maximized in frame unless downstream algorithm explicitly validated for cropped input
	Mandatory

	Lighting
	Diffuse, non-blinding (e.g. portable ring light on tripod) to maximize tracking-relevant anatomical contrasts
	Mandatory

	Occlusions
	Gaze stimuli (e.g. examiner's finger) positioned behind camera to minimize occlusions during task
	Mandatory

	Camera position
	Eye level, 30–40 cm from subject; head impulse testing may require larger distance
	Optimal

	Head and camera stability
	Tripod mount; chin rest or wall support recommended; post-processing eye stabilization can be considered but must be validated in advance
	Optimal

	Calibration
	Sweep, anthropomorphic (interpupillary distance), or fixation-based for absolute gaze angles
	Optimal

	Iris contrast on dark irides
	Pilot on demographically representative sample including darker-irided patients; document as limitation if not tested
	Contextual


Supplementary Table 1. Acquisition framework for creating measurement-grade video for eye movement analysis.
II. Face and head movements
[image: ]Supplementary Figure 5. Domain-specific importance of acquisition parameters and failure modes for video-based facial movement analysis based on Round 1 survey results. Spatial resolution, stable framing, and lighting conditions were identified as key determinants, while failure modes were primarily driven by occlusion, head movement, and loss of facial visibility within the frame. These findings reflect the dependence of facial analysis on stable appearance-based features and highlight the importance of head positioning and illumination.
[image: ]Supplementary Figure 6. Domain-specific importance of acquisition parameters and failure modes for video-based head and neck movement analysis based on Round 1 survey results. Camera stability and sufficient capture of relevant body segments were identified as primary determinants, while out-of-plane motion and occlusion represented dominant failure modes. Given the limited number of domain experts contributing to this section, findings should be interpreted as directional, emphasizing the need for further systematic evaluation of acquisition requirements in this domain.

Why the facial and head movement domain matters clinically
Facial and head movements are clinically informative because they are governed by distributed cortical, subcortical, brainstem and cerebellar circuits and executed via the cranial nerves and cervical motor systems. Control of facial movement involves multiple brain regions and is mediated through three functionally distinct branches of the facial nerve. The ophthalmic region receives both ipsilateral and contralateral cortical innervation, whereas the maxillary and mandibular regions are predominantly controlled contralaterally [19]. This differential innervation makes facial movement particularly sensitive to focal and network-level neurological dysfunction.
Facial and head movements comprise voluntary and involuntary motor behaviors that serve communicative, articulatory, protective, feeding, and regulatory functions [20-22]. Accordingly, subtle abnormalities may reflect early or selective neurodegenerative changes. 
For instance, in isolated rapid eye movement sleep behavior disorder (iRBD), orofacial manifestations have been shown to be among the earliest detectable motor abnormalities, occurring up to a decade before the formal diagnosis of manifest synucleinopathy [23, 24]. From the perspective of atypical parkinsonian syndromes, distinct facial patterns are recognized: facial asymmetry in corticobasal degeneration (CBD); the “astonished” facial expression, vertical gaze palsy, and eyelid opening apraxia in progressive supranuclear palsy (PSP); and hypomimia or “masked face” in Parkinson’s disease and Multiple system atrophy (MSA) [25-28]. 
Moreover, nearly all major neurodegenerative disorders affect orofacial muscle control, including Huntington's disease [29, 30], Multiple sclerosis [31, 32], Amyotrophic lateral sclerosis [33, 34], and various ataxias [35-37]. Consequently, quantitative assessment of facial and head movement has significant potential as a diagnostic, differential, and progression biomarker across neurological diseases.
Facial movement assessment spans task paradigms that differ in ecological validity, voluntary control, and sensitivity to subtle motor abnormalities. Static facial images have shown questionable diagnostic performance [38, 39], likely because they fail to capture dynamic motor features. Accordingly, dynamic tasks have become the dominant approach.
Naturalistic tasks. Connected-speech tasks, such as monologue recordings or descriptions of familiar people [40-43], capture spontaneous facial activity during ecologically valid behavior. Dynamic facial expressions [44-51], either posed or mimicked,  engage partially different neural processing pathways [52] and are generally more informative than static images, revealing motor features not explicitly represented in standard clinical scales (e.g., MDS-UPDRS item 3.2).
Blinking and gaze. Forced blinking tasks [53] are typically recorded and manually counted, primarily capturing slowed blinking. In contrast, resting-state blinking [54] enables millisecond-scale temporal characterization, with blinks defined as events lasting approximately 100 ms and recorded at high temporal resolution (1 kHz). Gaze analysis [55-57], via video-based methods or oculography, extends this domain but remains technically challenging from video alone.
Targeted activations. Structured tasks probe specific features such as asymmetry, eyelid closure strength, and abnormal voluntary facial movements. Tic suppression paradigms [58], involving recordings with and without voluntary suppression, provide a controlled framework to quantify abnormal motor output. Across paradigms, dynamic facial tasks consistently outperform static images, capturing motor characteristics missed by conventional rating scales.
Head movement assessment is often integrated with facial analysis but introduces additional kinematic dimensions. Phonation tests [59] quantify head tremor during sustained vocalization, while natural head motion [60] can be assessed during spontaneous facial expression or other tasks. Sustained gaze and eye–head coordination paradigms enable detection of gaze abnormalities and impaired coordination between ocular and cervical motor systems.
What needs to be visible and measurable?
Most analyses of facial and head movement rely on dynamic assessment but are highly sensitive to physiological, behavioral, and technical confounders.
Physiological factors include fatigue [61], medication effects (e.g., antihistamines, antidepressants), comorbid conditions affecting facial movement (e.g., stroke, facial palsy), and cosmetic interventions such as botulinum toxin injections. Behavioral confounders arise from variability in gaze direction and head positioning, motion blur due to recording conditions, facial occlusions (e.g., facial hair, eyeglasses) [43], mood alterations or depressive symptoms [62], and emotional state. Technical and environmental factors include head pose, where yaw and roll introduce asymmetric distortion [42], lighting asymmetry, age-related facial texture changes, and video artifacts such as compression, blur, and frame drops can bias estimates.
Vulnerability depends on task and metric: short, peak-value metrics (e.g., posed grimacing) are fragile to brief occlusions or leaving frame, whereas naturalistic assessments based on mean or median movement values are more robust  [41-43].  Many experts have excluded videos with more than 20% occluded frames, and normalized spatial scale to the intercanthal distance [41, 42].
Temporal resolution and windowing directly influence measurement stability. For example, assessment of the cheek region failed when computed as the difference between two consecutive frames (3.3 ms; F1 = 73%) but improved when calculated over a 5-frame window (16.6 ms; F1 = 81%) [42]. Similarly, at 30 FPS (≈30 ms per frame) blinks yield three samples, which is borderline for robust blink-phase analysis [43], while detailed characterization of opening and closing phases may require substantially higher frame rates (e.g., 1 kHz) [54].
Marker definition further determines robustness. Geometry-based markers (e.g., distances and angles between landmarks) are generally less affected by facial hair than surface-based markers but can still fail in the presence of eyeglass occlusion or light reflections [43].
A consistent failure mode is the coupling of head pose, occlusion, and task design.  Facial symmetry estimates are highly sensitive to head position; even mild yaw or roll produces spurious asymmetry. Reading or image-description tasks may introduce self-occlusions when participants hold materials, though they can also intentionally elicit gaze shifts. Eyeglasses can obscure key regions even when the eyes remain partially visible, and facial hair may interfere with landmark or surface-based tracking; stubble may be partially mitigated through normalization, whereas longer hair (e.g., fringe) can obscure the forehead, eyebrows, or eyes. Additional occlusions may arise from hand-to-face contact or recording equipment such as EEG caps, NIRS sensors, microphones, or EMG electrodes.


Acquisition framework:  Face and head movements
Feasibility: 85% of domain experts estimated ≥70% of patients can meet mandatory criteria. 
	Parameter
	Recommendation
	Tier

	Stable lighting
	Diffuse, even illumination; avoid backlighting and shadows
	Mandatory

	Stable frontal head position (within ±20°)
	Instruct patient to maintain frontal head orientation throughout recording, if task permits
	Mandatory

	Video resolution ≥HD (720p or higher)
	Required for landmark precision on subtle facial movements
	Mandatory

	Face width ≥256 pixels (~20% of frame width)
	Ensures sufficient resolution for facial landmark extraction
	Mandatory

	Facial occlusion <20% of recording time
	Pre-define and document tolerance for occlusion (glasses, masks, hands)
	Mandatory

	Uniform, high-contrast background
	Plain background improves landmark extraction reliability
	Optimal

	Calibration checkerboard or anthropomorphic reference
	Enables metric measurement if required
	Optimal

	Second camera (30–60° angle)
	Supports 3D head pose estimation and reduces out-of-plane ambiguity
	Optimal

	Audio synchronized with video
	Required for speech-linked tasks (dysarthria, hypophonia)
	Optimal

	Complete absence of facial occlusion
	Ideal but not always achievable; define exclusion criteria for severe occlusion
	Contextual

	Multimodal combination with additional video analysis
	E.g. concurrent eye movement or head movement tracking
	Contextual

	Recording duration adapted to task requirements
	Specify minimum duration per task type
	Contextual


Supplementary Table 2. Acquisition framework for creating measurement-grade video for face and head movement analysis

III. Hand and upper limb movements
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Supplementary Figure 7. Domain-specific importance of acquisition parameters and failure modes for video-based hand and upper limb movement analysis based on Round 1 survey results. Task definition and instruction clarity were the most frequently cited determinants, followed by camera viewpoint and occlusion minimization. Failure modes were dominated by self-occlusion, inconsistent task execution, and inappropriate framing. These results underscore the sensitivity particularly of hand motor assessments to both experimental design and conduction, hinting at the importance of standardized task protocols and careful consideration of task x video setup x algorithm interactions.
Why the hand and upper limb movement domain matters clinically
Video-based analysis of hand and upper-limb movements is informative across Parkinson’s disease and parkinsonism, essential tremor, ataxia, dystonia, stroke, multiple sclerosis, ALS, and cerebral palsy. Frequently studied tasks such as finger tapping, hand opening–closing, pronation–supination, reaching, and tremor assessment derive from clinical scales such as MDS-UPDRS and Scale for the Assessment and Rating of Ataxia (SARA) [63, 64].
These gestures have defined neurobiological correlates. Repetitive movements engage supplementary motor, basal ganglia, and cerebellar timing networks, with distinct contributions for internally and externally paced actions [65]. Diadochokinesis and reach-to-grasp involve cerebellar and distributed motor loops supporting coordination and multi-joint control [66, 67], while tremor reflects oscillatory activity within basal ganglia–thalamo-cortical and cerebellar circuits [68].
Clinically relevant readouts include speed, rhythm or regularity, amplitude, amplitude decrement over time, and hesitation or halts, collectively described as the bradykinesia complex [69, 70]. Despite their relevance, measures of rigidity and spasticity, as well as more complex multi-segment gestures and tasks reflecting activities of daily living (eg hand–hand and hand–object interactions) remain underexplored [63].
Most studies assessing these tasks have been conducted in controlled clinical or research settings [63]. However, interest in telemedical and remote applications is increasing. The Parktest initiative [71] collected finger tapping data from 250 participants worldwide through a web-based interface, demonstrating good agreement between automatically extracted metrics and clinical scoring. Similarly, the TasTest [72] web platform and its mobile version, the TapTalk app [70] has collected more than 10,000 finger tapping videos from 4,000 individuals globally, incorporating webcam-based hand tracking for at-home motor–cognitive assessment;  feasibility of TasTest has been demonstrated in over 2300 older adults performing tasks at home, where cognition, education, and mood did not significantly affect usability. Despite these advances, home-based acquisition introduces variability in devices, camera positioning, illumination, background clutter, and video quality, which directly impacts kinematic reliability.
What needs to be visible and measurable
Visibility and viewpoint. Accurate kinematics require continuous visibility of the hand and upper limb. In finger tapping, consistent detection of thumb–index contact and stable fingertip tracking are critical for amplitude, rhythm, and sequence metrics; self-occluding viewpoints introduce tracking instability, including keypoint swaps, jitter, and dropouts [73, 74].  In reaching paradigms, occlusion of proximal segments can destabilize global pose estimation and degrades distal accuracy.  
Spatial scale and scene.  Measurement validity depends on Spatial resolution relative to capture volume. When the hand spans few pixels, subtle movements such as low-amplitude tapping or tremor approach the system’s resolution limit, and noise and model uncertainty disproportionately contaminate fine-grained features [73, 75]. Cluttered backgrounds further impair segmentation and keypoint detection [76].
Algorithm and protocol fit. Model assumptions interact with acquisition design; for example. Some frameworks rely on specific anatomical priors, such as palm-centered models in MediaPipe, and may fail under task-specific postures,  necessitating protocol adaptations or algorithmic refinement [73]. Deep learning approaches based on hand segmentation rather than explicit keypoint detection can mitigate some failures, but remain underexplored and requires improved  explainability [77].
Temporal resolution and compression directly influence feature validity. With adequate visibility, 30 fps can support estimation of gross kinematics. However, recordings acquired through video-conferencing platforms- often characterized by reduced frame rate, lower resolution, and compression artifacts- show decreased feature stability compared with recordings obtained directly from the device camera [70, 78]. For repetitive gestures in the range of 3–6 Hz and tremor between 3–12 Hz, frame rates of at least 60 fps are preferable when amplitude modulation or hesitation are target metrics, as higher temporal resolution reduces motion blur and missed extrema [79, 80]. Post-processing approaches such as video deblurring neural networks may partially improve video quality [81].
The impact of these factors is particularly pronounced in unconstrained or home-based recordings, where variability in acquisition conditions interacts with algorithmic limitations and task design. For reproducibility and data sharing, metadata should therefore report frame rate, resolution, camera intrinsics, calibration procedures when available, and recording geometry, including approximate camera–subject distance.


Acquisition framework:  Hand and upper limb movements
Feasibility: 94% of domain experts estimated ≥70% of patients can meet mandatory criteria, the highest feasibility across all domains.
	Parameter
	Recommendation
	Tier

	Framing / visibility
	Hand and body fully within camera field of view for the full duration of the task
	Mandatory

	Distance
	Prefer closer range (30–80 cm) for tasks involving complex finger dynamics (e.g. finger tapping, tremor)
	Mandatory

	Compression/ streaming
	Prefer on-device recording over streamed video; avoid aggressive compression
	Mandatory

	Camera stability
	Use tripod or stable mount (e.g. tabletop); avoid handheld recording for tremor tasks
	Mandatory

	Pilot testing
	For underexplored tasks (e.g. pronation-supination, reaching): run pilot to characterize task × viewpoint × algorithm interactions and document failure modes before scaling
	Mandatory

	Viewpoint/ angle
	Choose angle that minimizes self-occlusion; consider stereoscopic view when occlusion risk is high
	Optimal

	Frame rate
	≥60 fps when hesitation or frequency-related metrics are targeted (fast tapping, tremor); 30 fps may suffice for spatial and temporal estimation of slow movements
	Optimal

	Task instructions 
	Specify hand orientation, amplitude, speed, and which fingers are involved. Consistent verbal instructions across patients.
	Optimal

	Calibration/ scaling
	If absolute amplitude is needed, use normalization or calibration (scale reference) or 3D tracking with validated accuracy (e.g. RGB-D)
	Contextual

	Expert oversight
	Use expert-informed checks or rules to improve model interpretability
	Contextual


Supplementary Table 3. Acquisition framework for creating measurement-grade video for hand and upper limb movement analysis.


IV Gait and posture
[image: ]Supplementary Figure 8. Domain-specific importance of acquisition parameters and key failure modes for video-based gait analysis based on Round 1  results. Camera viewpoint, full-body visibility, and standardized task design emerged as dominant determinants of data quality. Failure modes were primarily related to incomplete body capture, multi-person scenes, and suboptimal camera perspectives. These findings highlight the importance of scene configuration and structured task execution, as well as the need for more controlled acquisition environments when deriving spatiotemporal gait metrics from videos using computer vision.
[image: ]Supplementary Figure 9. Domain-specific importance of acquisition parameters and failure modes for video-based assessments of posture and balance based on Round 1 sresults. Camera viewpoint, patient positioning, and full-body visibility, including the lower extremities, were consistently rated as critical factors. Common failure modes included incomplete body capture, multiple persons in frame (e.g. clinicians performing the “pull-test”, or supporting a patient while walking), and clothing-related tracking issues. These findings highlight the importance of scene configuration, particularly in clinical environments where safety-related assistance may introduce unavoidable complexity.
Why the gait and posture domain matters clinically
Gait and posture impairments are cardinal features of many neurological disorders, including neurodegenerative, neurodevelopmental, and acquired brain conditions [82, 83]. They are major determinants of mobility limitation and falls, the latter being closely linked to morbidity and loss of independence [84]. Quantitative assessment supports differential diagnosis, early detection of neurodegeneration, monitoring of disease progression or treatment response, and prospective fall risk assessment.
Accordingly, static and dynamic balance, gait, and posture evaluations are core components of widely used clinical rating scales such as the MDS-UPDRS [85]) and the SARA [86]), including tasks such as the retropulsion test and normal or narrow-based walking. More comprehensive functional test batteries, including the Mini-BESTest [87], Timed Up and Go (TUG [88]), and Functional Gait Assessment (FGA [89]), probe multiple contributors to postural instability and gait impairment (e.g., sensory, motor, and cognitive domains) and are particularly informative for differential diagnosis and fall risk stratification.
Neurobiologically, gait and postural disturbances reflect dysfunction within distributed locomotor control networks integrating vestibular, visual, and proprioceptive inputs with motor output shaped by the basal ganglia, cerebellum, brainstem, and higher-order frontal systems [90]. Because postural control is inherently a whole-body coordination task, quantitative characterization relies on spatiotemporal kinematic measures derived from full-body motion, including postural sway, stepping parameters (e.g., stride time, stride length, base of support), and joint dynamics such as arm swing [91, 92]. Beyond mean performance, step-to-step variability and gait asymmetries have emerged as sensitive markers of impaired motor control and early neurodegeneration, closely linked to postural instability and fall risk [93].
Clinically, gait disorders manifest as characteristic whole-body patterns such as hypokinetic, spastic, or ataxic gait, and phenomenological classification remains the starting point for diagnosis [82, 83, 94]. This paradigm translates naturally to computer vision–based approaches, which aim to quantify the same visually accessible motor signatures [95, 96].
What needs to be visible and measurable
Accurate video-based analysis of gait and posture requires consistent full-body visibility, as relevant features emerge from coordinated multi-segment motion. Camera viewpoint is pivotal: frontal views are practical in constrained spaces, allowing longer walking distances to be captured [97], but introduce depth ambiguities in the sagittal plane, particularly in 2D pose estimation. Mitigation approaches include known depth references [97, 98], RGB-Depth sensing [99-101], or 2D-to-3D lifting. Lateral views provide complementary kinematic information but are more difficult to implement and less suited to   base of support or turning measures [97, 102, 103]. Both perspectives encounter self-occlusions and keypoint dropouts; multi-camera setups, reduce these failures but are harder to scale in routine clinical workflows [104, 105].
Video quality directly determines measurement validity. Adequate spatial resolution is required, particularly for longer walking distances [106], and tracking performance may degrade with loose or very dark clothing or low body–background contrast [107]. Temporal resolution is critical: while 30 Hz is generally sufficient for estimating mean spatiotemporal parameters, frame rates above 60 Hz are typically required to reliably capture variability measures such as stride time variability [93, 100].
Scene complexity introduces additional challenges. Because gait recordings often use a wide field of view, bystanders (e.g., assisting staff) may be visible. Reliable patient identification therefore requires either controlled recording protocols (e.g., fixed positioning) or robust multi-person tracking and re-identification to ensure that extracted kinematic features correspond to the correct individual [99].


Acquisition framework:  Gait and posture
Feasibility: 79% of domain experts estimated ≥70% of patients can meet mandatory criteria. No domain expert rated >90% feasibility, reflecting practical space and equipment constraints in standard clinical settings. 
	Parameter
	Recommendation
	Tier

	Framing / visibility
	Entire body including feet continuously visible throughout each trial
	Mandatory

	Multi-person presence
	Ideally only the participant in frame; if an assistant is required, maintain clear separation and avoid occlusion
	Mandatory

	Metadata reporting
	Report device/model, resolution, fps, orientation, camera height, participant distance, setup type, task protocol, assistive device/assistant presence, and relevant clinical state
	Mandatory

	Camera setup (stability & height)
	Fixed tripod or stable mount; camera approximately waist level (~1–1.5 m); constant across sessions
	Optimal

	Resolution
	≥1080p where possible; ensure adequate lower-limb pixel coverage
	Optimal

	Frame rate
	≥60 fps when targeting variability or rapid events; 30 fps may suffice for mean spatiotemporal parameters
	Optimal

	Viewpoint
	Prefer frontal (toward/away) for pragmatic deployment; use lateral view when sagittal-plane kinematics are primary
	Optimal

	Environment (lighting, background, clothing)
	Even diffuse lighting; neutral uncluttered background; sufficient body–background contrast; avoid loose, dark, or highly reflective clothing where feasible
	Optimal

	Trial length / repetitions
	Multiple passes/laps preferred to increase stride count, particularly for variability metrics
	Optimal

	Algorithm–viewpoint adaptation
	Adapt feature extraction to the most reliably visible keypoints for the chosen viewpoint
	Optimal

	Calibration / metric scaling
	Include a scale reference or validated 3D/RGB-D methods when absolute spatial metrics are required
	Contextual

	Task standardization
	Provide simple, standardized verbal instructions (e.g. walk at comfortable speed)
	Contextual


Supplementary Table 4. Acquisition framework for creating measurement-grade video for gait and posture analysis.

Summary of the domain-specific frameworks
In summary, across the four domains, hand and upper‑limb recordings were considered the most straightforward to implement in routine clinical practice, with 94% of experts judging ≥70% of patients able to meet mandatory criteria, reflecting relatively simple setup requirements and high tolerance to variability. Face and head movement protocols follow, with 85% feasibility, as they require only stable lighting, frontal pose, and high-definition resolution (720p or higher), though occlusion and head pose remain common pitfalls. Gait and posture assessments are moderately feasible (79%), but space constraints, full‑body visibility, and avoidance of multi‑person scenes introduce practical challenges in clinics. Eye‑movement recordings are the most technically demanding, with only 67% feasibility, due to strict requirements for high frame rates, precise framing, lighting, and occlusion control. Overall, feasibility decreases as spatiotemporal precision demands increase, making eye‑movement protocols the hardest and hand‑movement protocols the most straightforward to deploy.
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