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Summary

Developmental Dysplasia of the Hip (DDH) is a spectrum of hip abnormalities in infants ranging

from joint instability to complete hip dislocation. In the surgical management of DDH, the correct

hip abduction angle is essential for treatment success: insufficient abduction increases the risk of hip

redislocation, while excessive abduction increases the risk of avascular necrosis. Despite the clini­

cal importance of maintaining a “safe zone,” casting decisions are often based on subjective visual

estimation. This thesis presents the development and validation of a Technological Readiness Level

(TRL) 4 prototype for estimating hip abduction angle from monocular video and pose estimation.

The prototype was evaluated using data collected from eleven healthy adults under a standardized

protocol. Results showed a systematic underestimation of the angle, and themean absolute error in­

creased at higher abduction values, suggesting range compression. One Euro filtering reduced frame­

to­frame jitter by approximately 83%, but did not improve abduction angle estimation. Zone­based

decision support demonstrated high performance, with a Support Vector Machine (SVM) classifica­

tion model providing the best Leave­one­patient­out generalization accuracy (0.909) in the reported

experiments. The Support Vector Regressor performed best among the regression models, with R2

= 0.713, suggesting that the current prototype may be more useful for zone­based decision support

than for precise angle estimation.

Keywords: hip abduction angle, MediaPipe, BlazePose, One Euro filter, pose estimation, pedi­

atric orthopedics, Developmental Dysplasia of the Hip (DDH), avascular necrosis
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Santrauka

Klubo sąnario displazija (angl. Developmental Dysplasia of the Hip, DDH) yra vadinama vaikams

pasireiškiantys klubo sąnario pakitimai, varijuojantys nuo sąnario nestabilumo iki visiško išnirimo.

Atlikus operaciją, tinkamas klubo atvedimo kampas gipsuojant yra pagrindinis veiksnys, lemiantis

kokybišką sąnario gijimą: per mažas atvedimo kampas didina klubo išnirimo pasikartojimo riziką,

o per didelis ­ klubo osteonekrozės riziką. Nepaisant to, gipsavimo metodikos dažnai grindžiamos

subjektyviu vizualiu klubo atvedimo įvertinimu. Šiame darbe pristatomas ketvirtos technologinės

parengties prototipo kūrimas, skirtas įvertinti klubo atvedimo kampą naudojant kompiuterinės re­

gos metodais pagrįstas kūno pozos nustatymo technologijas. Prototipas buvo vertinamas remiantis

eksperimento metu, kuriame dalyvavo vienuolika sveikų suaugusiųjų, surinktais duomenimis. Rezul­

tatai parodė, jog sukurtas prototipinis įrankis sistemingai nuvertina atvedimo kampo dydį, o didėjant

tikrąjai šio kampo vertei, vidutinė absoliuti paklaida taip pat didėja. Signalo filtravimo metodas „One

Euro“ sumažino tarpusavio kadrų virpesius apie 83%, tačiau nesumažino vidutinės absoliučios paklai­

dos įverčio. Klinikinių atvedimo kampo zonų nustatymu pagrįsta sistema pasižymėjo sąlyginai aukštu

veikimoefektyvumu, o atraminių vektoriųmetodas pasiekė geriausią generalizacijos tikslumą (0.909),

testuojant ant vis skirtingų pacientų. Atraminių vektorių metodas taip pat pasižymėjo aukščiausiais

įverčiais tarp regresijos modelių, pasiekdamas R2 = 0.713. Šie rezultatai rodo, kad dabartinė pro­

totipo versija labiau tinkama kaip pagalbinis įrankis atvedimo kampo zonų nustatytimui, nei tiksliam

kampo įvertinimui.

Raktiniai žodžiai: klubo sąnario atvedimo kampas, MediaPipe, BlazePose, One Euro filtras,

skaitmeninis pozos nustatymas, pediatrinė ortopedija, klubo sąnario displazija, klubo osteonekrozė.
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List of symbols

• t – time index (frame).

• LH – left hip landmark coordinates in the image plane.

• RH – right hip landmark coordinates in the image plane.

• LK – left knee landmark coordinates in the image plane.

• RK – right knee landmark coordinates in the image plane.

• H – pelvic midpoint,H = LH+RH
2

.

• ~vL – left thigh vector, ~vL = H − LK.

• ~vR – right thigh vector, ~vR = H −RK.

• |~a| – Euclidean norm of vector ~a.

• ~a ·~b – dot product of vectors ~a and~b.

• θ – total (inter­thigh) hip abduction angle.

• θ̂(t) – per­frame estimated abduction angle at frame t.

• {θr,t}Tr
t=1 – abduction­angle time series for trial r.

• Tr – number of retained (valid) frames in trial r.

• θtrue – ground­truth (target) total abduction angle (degrees).

• θ̄r – trial­level mean estimated abduction angle for trial r.

• θ̄p – participant–condition mean estimated abduction angle.

• v̄r – trial­level mean visibility for trial r.

• v̄p – participant–condition mean visibility.

• R – number of repeated trials within a participant–condition.

• vJ(t) – visibility score for landmark J at frame t, vJ(t) ∈ [0,1].

• MAEr – within­trial mean absolute error for trial r (degrees).

• RMSEr – within­trial root mean squared error for trial r (degrees).

• MAEp – participant–condition mean absolute error (degrees).

• Noiser – within­trial mean absolute first difference (deg/frame).
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• ∆r – paired noise difference,∆r = Noiser,filtered − Noiser,raw.

• rrb – rank­biserial correlation (Wilcoxon effect size).

• xt – raw angle at frame t.

• x̂t – OEF­filtered angle at frame t.

• fmin – minimum (baseline) cutoff frequency (Hz).

• β – OEF adaptation parameter.

• fc(t) – adaptive cutoff frequency at frame t (Hz).

• ̂̇xt – filtered estimate of signal speed (derivative magnitude).

• J(fmin,β) – OEF tuning objective function.

• α – significance level (Type I error rate), e.g., α = 0.05.

• log1p_mae – transformed MAE outcome, log(1 +MAE).

• df – degrees of freedom (Satterthwaite approximation).

• t – t­statistic for a fixed­effect term.

• F – F ­statistic (Type III ANOVA) for a fixed­effect term.

• p – p­value associated with a test statistic.

• bi – participant­specific random intercept for participant i.

• σ2
b – variance of random intercepts across participants.

• ε – residual error term in the mixed­effects model.

• m0,m1, . . . ,m9 – candidate mixed­effects model specifications compared by AIC/BIC.

• R2 – coefficient of determination for regression.
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List of abbreviations

• AIC— Akaike Information Criterion

• ANOVA— Analysis of Variance

• API— Application Programming Interface

• AVN— Avascular Necrosis

• BA— Bland–Altman (analysis/plot)

• BGR— Blue–Green–Red (image channel order)

• BIC— Bayesian Information Criterion

• BMI— Body Mass Index

• CAM— Camera configuration / camera angle condition (e.g., 0◦ or 45◦)

• CNN— Convolutional Neural Network

• COCO— Common Objects in Context (dataset / keypoint topology reference)

• CR— Closed Reduction

• CT— Computed Tomography

• df—Degrees of freedom

• DDH—Developmental Dysplasia of the Hip

• FLEX—Hip flexion configuration in the experimental setup (e.g., 70◦ or 90◦)

• FDR— False Discovery Rate

• FPS— Frames per second

• GPT—Generative Pre­trained Transformer

• GPU—Graphics Processing Unit

• HAA—Hip Abduction Angle

• HSC—Hip­spica casting

• HRNet—High­Resolution Network (pose estimation architecture)

• ICC— Intraclass Correlation Coefficient

• IQR— Interquartile Range
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• JB— Jarque–Bera (test)

• JSON— JavaScript Object Notation

• KNN— k­Nearest Neighbors

• LM— Linear Model (ordinary least squares regression)

• LOPO— Leave­One­Participant­Out (cross­validation)

• MAE—Mean Absolute Error

• MB—MediaPipe BlazePose

• ML—Machine Learning

• MLR—Multinomial Logistic Regression

• MRI—Magnetic Resonance Imaging

• OEF—One Euro Filter (1€ filter)

• OpenCV—Open Source Computer Vision Library

• OR—Open Reduction

• RAW—Unfiltered (original) signal / dataset

• RBF— Radial Basis Function (kernel)

• RGB— Red–Green–Blue (image format)

• RMSE— Root Mean Square Error

• ROC­AUC— Receiver Operating Characteristic – Area Under the Curve

• ROI— Region of Interest

• RF— Random Forest

• SD— Standard Deviation

• SE— Standard Error

• SVR— Support Vector Regression

• SVM— Support Vector Machine

• TRL— Technology Readiness Level

• TRL4— Technology Readiness Level 4

• TRUE—Ground­truth / target abduction angle condition (e.g., 70◦, 100◦, 130◦)
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• XGB— Extreme Gradient Boosting (XGBoost)

• Q1— First quartile

• Q3— Third quartile

• ZeroR—Majority­class baseline classifier
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1 Introduction

Developmental Dysplasia of the Hip (DDH) comprises a spectrum of hip abnormalities, rang­

ing from instability and acetabular dysplasia to subluxation and complete dislocation [2, 62]. Early

diagnosis and treatment are strongly associated with favourable outcomes, as many cases can be

managed using safe, cost­effective, and non­invasive methods [85]. Clinical management typically

follows a stepwise strategy in which the least invasive options are attempted first. When bracing

fails or diagnosis is late, open reduction (OR) or closed reduction (CR) followed by hip­spica casting

(HSC) is commonly used [2, 68]. However, treatment success is influenced by the hip abduction angle

(HAA) during HSC, with excessive abduction associated with a higher avascular necrosis (AVN) of the

femoral head risk [47].

To avoid hip redislocation or increased risk of AVN, clinically defined “safe zone” of HAA during

HSC was established [65]. In practice, casting decisions are often guided by subjective visual estima­

tion, as a standardisedmethod for real­time hip position assessment is lacking. While imaging­based

approaches can provide additional information, theymay be impractical due toworkflow constraints,

resource requirements, and limited real­time feedback [42].

These limitations motivate the development of a fast, reliable, and standardised tool that sup­

ports evidence­informed decision­making and reduces procedural variability. Recent advances in

computer vision and deep learning have enabled scalable, markerless approaches that estimate body

keypoints directly from monocular Red­Green­Blue (RGB) video [20, 79]. In particular, Mediapipe’s

BlazePose (MB) real­time full­body pose estimationapproach enablesmobile deployment and is com­

patible with a sterile, no­contact clinical environment, which would be difficult to achieve with other

imaging techniques [8].

Therefore, the aim of this thesis is to develop and validate a Technology Readiness Level 4

(TRL4) prototype tool for assessing hip abduction angles using pose­estimation techniques. The

system’s evaluation corresponds to a TRL4 prototype and was carried out under controlled condi­

tions with representative users to assess feasibility before clinical validation. To achieve this aim, the

work followed a structured methodology: (1) collecting experimental data under conditions simu­

lating HSC, (2) implementing pose estimation technology and utilizing it for HAA computation, (3)

quantifying systematic error against ground­truth measurements, and (4) investigating signal pro­

cessing and machine learning methods to improve robustness and reduce measurement noise. A

key challenge addressed in this work is the geometrical limitation of estimating 3D HAA from 2D

monocular projections, particularly in flexed postures.

Objectives:

1. Review scientific literature on pediatric hip abductionmeasurement and pose­estimation tech­

nologies to identify and select clinically appropriate data­processing methods.

2. Design and develop the system architecture and algorithm, by selecting the most suitable

method, and perform theoretical calculations to assess the system’s functionality and feasi­

bility.
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3. Develop a prototypemodel of the TRL4 using the selected framework, designed for integration

into clinical casting decision­making workflows.

4. Validate the model in a relevant environment by comparing its calculated hip abduction angles

with ground­truth measurements.

5. Analyze the validation results and propose signal processing and machine learning improve­

ments to increase accuracy, reduce noise, and improve reliability under varied recording con­

ditions.

The thesis is structured as follows: Chapter 2 presents the literature review. Chapter 3 describes

the methodology, including the system framework and the statistical analysis. Chapter 4 reports

the experimental results and the development of the final model used in the prototype. Chapter 5

discusses the findings in the context of prior work and clinical relevance. Chapter 6 outlines the

limitations of the study and directions for futurework, including potential extensions of the proposed

tool. Finally, Chapter 7 concludes the thesis and summarises the main contributions.
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2 Literature Review

2.1 Developmental Dysplasia of the Hip

DDH refers to a wide spectrum of abnormalities ranging from hip instability and acetabular dys­

plasia to subluxation and complete dislocation (see Figure 1) [2, 62]. While DDH could be caused by

outer conditions affecting the structural parts of the hip (e.g., trauma), it is usually congenital and

varies between 1.5 to 20 per 1 000 live births, depending on population and screening method [9].

The exact etiology of DDH remains unknown and is likely multifactorial, with possible risk factors in­

cluding breech presentation, family history, and genetics, with femalesmore frequently affected [77].

DDH is a major cause of childhood disability and accounts for up to 29% of total hip replacements in

patients younger than 60 years [77] and is considered a main reason for arthritis in women under 40

[71].

Figure 1 Normal positioned hip (left) and dislocated hip (right) [52].

2.1.1 Diagnosis and treatment of DDH

Early diagnosis and treatment is strongly associated with successful outcomes, as most cases

can be treated with safe, cost­effective, and non­invasive methods [85]. In contrast, delayed or ab­

sent treatment increases the risk of chronic pain, gait abnormalities (e.g., limping), and early­onset

osteoarthritis [56]. Diagnosis is typically established within the first year of life, most commonly

through physical examination screening during routine checkups in early infancy. After the first few

months, clinicians relymore on limited hip abduction and other clinical signs, as instabilitymaneuvers

become less reliable [3, 56]. If the examination is abnormal or if risk factors are present, imaging tech­

niques, such as Magnetic Resonance Imaging (MRI), are obtained. Ultrasound is generally used up to

about 4 months of age, and pelvic radiographs are preferred from about 4 months onward through

childhood [3, 27]. In adolescents and adults, residual dysplasia (undiagnosed or untreated DDH) is

usually diagnosed with plain radiographs, with MRI used to evaluate hip pathology in patients, often

presenting with hip or groin pain, dysfunction, or even hip osteoarthritis [84].

15



Management of DDH follows a stepwise approach, using the least invasive option first and es­

calating tomore invasive treatments. When detected early (under 6months), the first­line treatment

is dynamic abduction bracing, most commonly with the Pavlik harness, which positions the hips in

flexion and controlled abduction to stimulate acetabular development [2]. If bracing fails or the di­

agnosis is delayed, CR under anesthesia is considered. CR involves gentle manipulation to relocate

the femoral head, followed by hip­spica casting (HSC) to maintain reduction [89]. If concentric sta­

bility cannot be achieved or maintained, OR is required, involving surgical clearance of intra­articular

obstacles. Similary, OR is followed by HSC, which is kept on a patient for usually from 3 to 12 months

[77].

Although CR and OR are reported to be successful in up to 95% of cases, they carry impor­

tant risks [26]. The most feared complications are redislocation of the hip and AVN of the femoral

head, which is thought to result from compromised vascular supply [64]. Reported AVN rates after

DDH treatment varywidely (approximately 6%–48%) [64] and is likelymultifactorial (e.g., patient age,

dislocation severity, reduction stability, immobilization protocol). Importantly, one of the prominent

factors discussed in the literature is the in­cast hip position, particularly the HAA during HSC (see Fig­

ure 2) [68, 77, 89]. Postoperative CT/MRI enables accurate measurement of HAA, thus several MRI

studies after CR and HSC have measured HAA (and other cast­position parameters) and assessed the

link of HAA and mid­term hip development or later complications [21, 32, 37, 47, 66].

The position­dependent trade­off was first proposed by Ramsey et al. as the “safe zone,” de­

fined as the arc between the minimum abduction at which the hip remains reduced and the max­

imum comfortable abduction, thereby balancing insufficient abduction against excessive abduction

[65]. The Ramsey safe­zone limits are commonly cited at roughly 35–40◦ to 55–60◦ of abduction

[5, 47, 65]. Several studies are consistent with this concept and reported increasing AVN rates with

larger in­spica abduction, with some data suggesting higher risk when HAA exceeds∼55–60◦ [1, 22,
43, 50, 69]. Some authors recommend even lower targets in selected subgroups (e.g., limiting abduc­

tion to< 50◦ in very young infants) [69]. However, other cohorts have reported mixed or subgroup­

dependent associations between HAA and AVN, highlighting that optimal angles may depend on age,

stability requirements, and outcome definitions [31, 47]. Overall, the literature supports careful in­

traoperative assessment of the safe zone and deliberate control of HAA during HSC, with later studies

suggesting target ranges for optimal HAA closer to 30–45◦ in certain settings [21, 32, 37].

16



Figure 2 HAA schematic presentation in the process of casting [43].

2.1.2 Hip abduction angle measurement during DDH

Historically, HAA assessment has relied on two main approaches: mechanical goniometry and

imaging techniques, such asMRI or CT. For example, Kheiri et. al documented quantifying HAA during

HSC in the operating room using a handheld goniometer, noting that measurement is difficult for

untrained assessors and is influenced by the amount of hip flexion [43]. Other studies also mention

hip flexion as the critical factor for successful measurement of HAA. For positioning HSC, a 90–100◦ of

hip flexion with neutral rotation is considered to be an optimal positioning strategy. Axial abduction

estimates are considered valid primarily at 90◦ of flexion because at lower angles, illusion occurs in

orthogonal imaging planes, therefore it could systematically overestimate abduction (see Figure 3)

[4]. This geometric distortion inherent in 2D imaging suggests that any computer vision approach

relying on 2D keypoints will likely suffer from similar projection biases unless corrected. This sets up

Machine Learning (ML) correction layer as a necessity.

Gather et al. described a postoperative imaging protocol in whichMRI is obtained immediately

after CR and HSC application, and HAA is measured as part of the assessment [32]. While HAA is

quantified objectively using cross­sectional imaging after casting, the literature around DDH reduc­

tion in a spica cast focuses primarily on confirming femoral head position (i.e., whether the hip is

concentrically reduced) rather than providing real­time guidance for cast positioning or HAA adjust­

ment [11, 25, 49]. In summary, postoperative MRI/CT/ultrasound methods are used to verify the

femoral head location after the cast has been applied and imaging is obtained outside the operative

workflow.

While both mechanical goniometry and advanced imaging techniques are considered as the

established standards for reliablemeasurement, for the hip casting these tools cannot be utilized due

to them being episodic snapshots rather than dynamic assessments [59]. The challenge to accurately

assess HAAduringHSChighlight the need for reliable, fast, and standardised evaluation tools. Existing

clinical practice lacks a validatedmethod to estimate hip position during casting, whichmotivates the
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development of a technological solution that supports timely, evidence­informed decision­making in

a fast­paced casting environment and helps reduce procedural variability [39, 51].

Figure 3 Example of abduction measurement error due to imaging geometry. Despite the leg being

in only 40° of true abduction, the angular deviation of the femoral axis from midline as seen on axial

imaging is 59°. For this example, the traditional method for estimating HAA therefore overshoots the

true value by 19° [4].

2.2 Pose­estimation models: a novelty to include in clinical workflows

In research and specialized clinical settings, marker­based motion capture systems (e.g., Vi­

con, OptiTrack) are the established gold standard for capturing human movement in biomechanics,

sports science, and clinical gait analysis [24, 55]. These systemsmeasure 3D body motion by tracking

reflective or active markers attached to specific anatomical landmarks on the body [24]. However,

these systems require controlled laboratory conditions, specialized equipment, and technical exper­

tise, limiting their accessibility and scalability [24, 55]. Consequently, a gap remains between high­

accuracy laboratory methods and practical, point­of­care assessment tools that can be conveniently

deployed in clinical environments [41, 79].

Recent advances in computer vision and deep learning have created scalable, markerless alter­

natives capable of estimating joint angles directly from monocular RGB video. These models detect

anatomical keypoints, offering clinicians a portable, low­cost, and automated method for kinematic

assessment[20, 79]. Particularly relevant are convolutional neural network (CNN)­based pose estima­

tionmodels such as OpenPose [14], MB [7, 8], MoveNet [78], and HRNet [73]. Thesemodels estimate

2D keypoints and, in some pipelines, reconstruct approximate 3D kinematics from video using trained

neural networks [8, 76]. Because they can be deployed with relatively simple hardware and support
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real­time analysis, they are increasingly explored for clinical, sports, and rehabilitation use. How­

ever, ongoing validation to determine whether performance matches or falls short of marker­based

systems, continues [20, 79].

2.2.1 High­level review of the modern pose estimation models

Early computer vision in humanmotionanalysis relied on traditional 2D imageprocessingmeth­

ods, which required manual feature extraction and were highly sensitive to lighting and occlusion

[54, 63]. With the advancement of ML and in particular convolutional neural networks (CNNs) pose

estimation has become significantly more robust, accurate, and accessible [57, 83]. Modern pose

estimation automatically detect and track anatomical landmarks from images or video frames, pro­

ducing a digital skeletal representation of the human body [14]. These models typically employ

CNNs trained on large, annotated datasets to learn spatial relationships between body parts [57,

83]. A 2025 systematic review of vision­based gait analysis found that markerless pose algorithms

can achieve good validity in healthy gait, though accuracy drops for certain joints and planes [20].

For example, OpenPose­based 2D gait analysis showed excellent agreement in temporal parameters

(ICC∼0.9–0.99) and reasonably low error in hip and knee flexion angles (< 5◦ MAE in sagittal plane)

when compared to marker­based data [20].

Traditional pose estimation frameworks often rely on heatmap­based representations, where

each joint is localized using a 2D probability distribution [74, 83]. In these heatmaps, pixel intensity

reflects the likelihood of a joint being at that position [83]. Joint coordinates are then extracted by

identifying the peak value or by applying soft­argmax techniques [48, 74]. While large CNN­based

models like OpenPose offer high reliability and accuracy, they generate individual heatmaps for each

joint and limb connection, which are then combined to reconstruct the full body skeleton, even in

multi­person scenes [14]. However, this approach is computationally intensive and typically requires

a graphics processing unit (GPU) to run efficiently [14]. In contrast, coordinate regression methods,

like MoveNet, predict joint coordinates directly as numeric outputs without generating intermediate

heatmaps [34]. While thesemodels are faster andmore efficient, theymay sacrifice spatial accuracy,

especially in the presence of occlusion or atypical poses, since they lack the rich spatial structure

provided by the heatmaps [20, 76].

To balance accuracy and efficiency, hybrid approaches have emerged as a compelling solution

[8]. These models use heatmaps during training to guide the network in learning spatial relation­

ships, but switch to direct coordinate regression during inference for faster runtime [8]. This strategy,

known as heatmap­guided regression, is implemented in MB [8]. MB achieves accuracy comparable

to larger models (e.g. OpenPOse, AlphaPose) while maintaining a significantly lower computational

footprint, making it suitable for deployment on mobile and web platforms [8, 36]. Additionally, its

ability to operate fully on­device eliminates the need for cloud computation, improving privacy, re­

ducing latency, and simplifying deployment [8, 36]. In contrast, cloud­based alternatives (e.g. Azure

Vision) typically require more computational resources and raise concerns around data privacy [79].

As a result, lightweightmodels likeMB are increasingly recognized as a practical and scalable solution

for real­time, markerless motion analysis in healthcare, sports, and rehabilitation contexts [8, 79].
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2.2.2 MB: framework

Figure 4

Google’s MediaPipe framework provides an open­source, cross­platform pipeline for real­time

multimedia processing. Within this framework, BlazePose is a pose estimation solution that employs

a two­stage ML pipeline consisting of a detector followed by a tracker. In the first stage, a pose

detector locates the person’s region­of­interest (ROI) within the frame [8, 36]. In the second stage, a

pose landmark tracker processes the cropped ROI to infer the full pose. For video input, this pipeline

runs the detector on the first frame and then uses the previous frame’s landmarks to update the ROI

for subsequent frames, greatly improving efficiency (see Figure 4).

Figure 5MB 33 topological body and face landmarks [8].

In the second stage, a pose­tracking network processes the cropped ROI and predicts the coor­

dinates of 33 skeletal landmarks (see Figure 5), comprising the standard 17 body joints (COCO­style)

plus additional facial and distal limb landmarks (e.g., eyes/ears/mouth and hand/foot extremities)

[35, 36]. Each landmark is reported as (x,y,z,v), where (x,y) are image/ROI coordinates, z is a rela­

tive depth value, and v is a confidence measure (visibility) [35, 36]. The z axis is perpendicular to the

camera plane and passes approximately through the midpoint between the hips; negative z values
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indicate points closer to the camera, while positive values indicate points farther away [33, 35]. Thus,

from a single RGB camera the model produces a pseudo­3D pose representation (2D landmarks with

relative depth), which can support downstream tasks such as pose analytics and augmented reality

[35]. Importantly, the model directly regresses landmark coordinates in a single forward pass, en­

abling real­time or near–real­time operation on resource­constrained devices comparedwith heavier

heatmap­based pipelines [8, 36].

2.2.3 MB: performance overview and limitations

Several studies have validated MB performance against marker­based systems [79, 81]. For

example, Wang et al.’s study involving 25 healthy adults assessed full­body range of motion usingMB

with a standard RGB webcam. Participants performed a series of standing and dynamic movements

involving the hip abduction. The results demonstrated high intra­session reliability, with intraclass

correlation coefficients (ICC) exceeding 0.90 for most joints compared with amarker­based OptiTrack

system. Specifically, hip abduction was performed and adduction achieved ICC ≈ 0.89, and inter­rater

comparisons between MB and OptiTrack yielded ICC values of approximately 0.89–0.95, indicating

strong agreement. Regression analyses further confirmed a good correspondence between the two

systems, with R² ≈ 0.84 for hip abduction angles [81].

Other studies have extended MB application to real­time fitness and rehabilitation systems,

where joint angles are computed for exercise recognition and movement evaluation. For instance,

one system employing MB with a k­nearest neighbors (KNN) classifier and dynamic time warping

achieved 98.3% accuracy in classifying exercise quality, while operating approximately 13 times faster

than OpenPose under comparable conditions. These results highlight MB suitability for continuous,

real­time performance monitoring using standard consumer hardware [8, 38]. Additionally, quanti­

tative analyses reveal that MB accuracy varies by joint and motion type [20, 79, 81]. For lower­limb

movements such as hip abduction and flexion–extension, the model typically achieves intraclass cor­

relation coefficients (ICC) of 0.85–0.95 relative to marker­based motion capture, indicating optimal

reliability [81].

While MB struggles with upper­limb occlusion (ICC 0.18­0.53), likely due to self­occlusion and

overlapping body parts, its performance peaks in lower­limb sagittal and frontal plane movements

(ICC > 0.85), providing strong methodological support for its use in hip abduction specifically, despite

its limitations elsewhere [20, 79]. In addition to the limitation to the lower­limb movements, MB

model is designed for single­person tracking. In scenes withmultiple individuals, it detects and tracks

only one subject, potentially omitting relevant movements. Performance also declines when the

head or torso is occluded, when the subject rotates substantially from the camera’s frontal view, or

when the camera is positioned at extreme angles [8, 79]. Environmental factors such as lighting,

motion blur, and clothing contrast can also degrade performance. Studies have shown that dark,

non­reflective clothing reduces segmentation accuracy, particularly when limbs overlap, while light­

colored, form­fitting clothing yields more reliable landmark detection [20, 79, 81]. Similarly, reduced

framequality or poor illumination can introduce jitter andpositional noise in the estimated landmarks

[20].
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A further limitation involves the depth estimation. While MB outputs a relative z coordinate

for each landmark, this value is not metrically scaled, meaning absolute distances cannot be inter­

preted without calibration. The z component therefore serves primarily as a qualitative indicator of

depth ordering rather than a quantitative spatial measure [35]. Finally, BlazePose’s tracking stability

can be affected by detection failures or confidence drops. When the detector loses the subject or

confidence falls below threshold, the systemmay reinitialize, producing transient errors or frame­to­

frame jitter [81]. Although newer implementations mitigate this through temporal smoothing and

region­of­interest tracking, minor discontinuities remain possible during rapid or complex [35, 36,

79]. In summary, BlazePose offers real­time processing, is straightforward to use and deploy on mo­

bile devices, and can achieve accuracy that is acceptable for clinical applications, making it a promis­

ing option for point­of­care motion assessment. Although its performance is strongly influenced by

factors such as camera position, lighting conditions, clothing, and the complexity of the movement,

it can be a very effective tool when these factors are well controlled [79].
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3 Methodology

This section presents the architecture of the computer­vision tool for measuring pediatric hip

abduction, the data­collection step used to evaluate the tool, and the analysis to determine whether

a real­time application based on the MB framework can estimate HAA with sufficient accuracy for

integration into clinical workflows.

3.1 System overview

A prototype systemwas developed to estimate HAA in real­time frommonocular video. A high­

level overview of the architecture is shown in Figure 6. The system comprises fivemain components:

1. Video acquisition: Input is provided as a live camera stream, built to work as a mobile appli­

cation and supporting phone’s GPU’s.

2. Pose estimation: MB algorithm was selected as a suitable to detect full­body landmarks, in­

cluding hip and knee joints, which are used for subsequent geometric calculations.

3. Angle computation: HAA is computed geometrically from the detected landmarks using hip

midpoints and bilateral (midpoint–knee) vectors, producing a per­frame angle estimate.

4. Signal stabilization an correction: Optional temporal filtering and HAA correction methods

are applied to reduce frame­to­frame noise, improve signal stability and correct output, if it is

needed.

5. Visualization and zone classification: The vectors and landmarks are displayed on the real

time video, portraying abduction pose. The HAA is displayed along with a color­coded zone

classification based on pediatric orthopedic criteria (White, Green, Yellow, Red).

Figure 6Workflow of the proposed markerless HAA evaluation system.
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3.1.1 System’s evaluation pipeline

The system was initially developed as a fully real­time application and deployed as a mobile­

oriented web prototype (available at: https://ingagarsvaite.github.io/DDHtool/). For performance

evaluation, an offline pipeline was also implemented in which pre­recorded videos were processed

using the same pose­estimation and angle­computation steps as in the live system (see Appendix C).

The resultingmetrics were exported for statistical analysis and for trainingMLmodels to improve sig­

nal correction, for the resulting improvements to be subsequently integrated back into the real­time

application. To collect data, a structured experimental protocol was designed to simulate HSC condi­

tions in a controlled environment. Healthy adult volunteers held static hip­abduction poses at clini­

cally relevant hip flexion and hip abduction angles while being recorded. Accordingly, as illustrated in

Figure 7, the evaluation pipeline included pre­recorded video acquisition (1), pose estimation (MB)

(2), geometric angle computation (3), data acquisition as an output for evaluation (4), and data anal­

ysis and signal’s correction (5). TheMLmodels and signal correction techniques will be implemented

further in an online system’s framework to acquire an appropriate signal.

Figure 7 Offline’s system architecure visualisation.

3.2 Data collection

3.2.1 Participants

Eleven healthy adults were recruited for this pilot study. Participants reported no known mus­

culoskeletal or neurological disorders and no hip pain or functional impairment. Close­fitting clothing

was worn to ensure unobstructed visibility of anatomical landmarks during video recording.

The participants were informed that the study involved only movement assessment, without

clinical intervention. All data collected were anonymized and securely stored; recorded videos were

not intended for publication and only extracted numerical measures were used for subsequent anal­

ysis. Written informed consent was obtained from all volunteers prior to participation. Ethical ap­

proval was obtained from the Research Ethics Committee of the Faculty of Mathematics and Infor­
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matics at Vilnius University , and all methods were performed in accordance with Vilnius University

guidelines and regulations.

3.2.2 Experimental variables: TRUE, CAM and FLEX

The experimental conditions were chosen to (i) span clinically meaningful abduction ranges

used in pediatric HSC/abduction bracing, and (ii) stress­test robustness of the 2D angle estima­

tion to plausible deviations in pose and viewpoint. Specifically, three total­abduction targets

(TRUE{70, 100, 130}◦) were selected as representative values within the clinically defined zones: 70◦

(green/optimal), 100◦ (yellow/caution), and 130◦ (red/overabduction, elevated AVN risk). Two hip­

flexion targets (FLEX {70, 90}◦) and two camera placements ( CAM {0, 45}◦) were included to evaluate
sensitivity to non­neutral flexion and oblique viewing, respectively. The nine recording configurations

are explored in following subsections and summarised in Table 1.

Table 1 Recording configurations used in the study.

FLEX (◦) CAM (◦) TRUE (◦)

1 90 0 70

2 90 0 100

3 90 0 130

4 70 0 70

5 70 0 100

6 70 0 130

7 90 45 70

8 90 45 100

9 90 45 130

Abduction definition and zone thresholds. To ensure consistency across studies, this thesis

uses total abduction, defined as the included angle between the left and right thighs. Because much

of the literature reports single­hip abduction, all published thresholds were converted to total ab­

duction by doubling the reported values.

Using total abduction, four zones were defined:

• White zone: < 60◦ (insufficient abduction for HSC).

• Green zone: 60–90◦ (optimal range; corresponds to 30◦–45◦ per hip).

• Yellow zone: 90–110◦ (cautionary interval; corresponds to 45◦–55◦ per hip).

• Red zone: > 110◦ (overabduction; corresponds to> 55◦ per hip and has been associated with

increased AVN risk). [65]

Hip flexion sensitivity. Hip abduction is commonly assessed with the hip flexed to approxi­

mately 90◦; however, deviations from this standardized position can alter the apparent abduction

angle measured in 2D, because the effective plane of motion rotates relative to the camera image

plane as flexion changes (e.g., 30◦–40◦) has been reported to visually inflate abduction estimates

[4] To evaluate the sensitivity of the proposed pipeline to non­neutral positioning, FLEX = 70◦ was
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selected as a clinically plausible deviation from the intended 90◦. FLEX 70◦ and may occur uninten­

tionally in practice, while still being sufficiently different to test whether reduced flexion changes the

measured HAA and its MAE.

Camera viewpoints. Recordings were acquired from two camera placements: frontal (0◦) and

oblique (≈ 45◦) relative to the subject.

3.2.3 Experimental setup

A structured protocol of static hip­abduction poseswas performed under controlled conditions.

Participants lay supine on a flat surface with the hips flexed and the knees bent. articipants first set

hip flexion (verified by goniometer), then adjusted bilateral abduction to match the template.

To standardise positioning, goniometer­calibrated cardboard templateswere prepared for each

abduction target (see Figure 9). For each recording, hip flexion was verified using a goniometer, after

which participants aligned the lower limbs to the template and held the static posture for approxi­

mately 2 s while video was recorded. For each configuration, participants were instructed to:

1. Position the required hip­flexion angle (70◦ or 90◦).

2. Adjust bilateral hip abduction to match the visual template for the target angle.

3. Hold the static posture for 2 s during recording.

Each configuration was repeated three times to ensure robustness. Videos were recorded using an

iPhone 16 Pro (4K (3840×2160) at 60 FPS, 48MP wide­angle sensor (f/1.78 aperture)) mounted on

a tripod and 40 cm above the surface level to ensure stable imaging. For the frontal placement (0◦),

the camera was positioned 50 cm from the participant’s head (along the cranio­caudal axis). For

the oblique placement (45◦), the angle was set using a goniometer and the camera was positioned

70 cm from theparticipant’s head. Uniform indoor illuminationwas ensuredusing controlled artificial

lighting tominimise shadows and reflections. An illustration of experimental setup, including position

and tripod’s position is presented in Figure 8.

3.3 System architecture

3.3.1 Video input acquisition and processing

Video acquisition was performed using OpenCV’s VideoCapture [61]. For each recording, the

native frame rate was extracted and used to compute a uniform sampling interval of 50 ms. Even

though all recordings were captured using the same settings, this ensured that frames were pro­

cessed at consistent temporal spacing regardless of the original FPS. Each sampled frame was con­

verted from BGR to RGB format and passed directly into the pose­estimation module.

3.3.2 Pose estimation with MB

Pose estimation was performed using the MediaPipe Solutions API, which implements the MB

model [8]. The pose estimator outputs 33 pseudo­3D anatomical landmarks, each represented by
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Figure 8 Experimental recording setup for structured hip­abduction data acquisition (supine position;

hips flexed; knees bent; bilateral abduction). Left image shows the bilateral hip­abduction position

used for all configurations; on the right (a) and (b) positions represents FLEX configurations (70◦,

90◦).

normalized coordinates (x, y, z) and a visibility score (v) indicating detection confidence. For each

sampled frame, the system extracted only the landmarks relevant to hip­abduction computation, as

illustrated in Figure 8:

• Left Hip (LH): 23

• Right Hip (RH): 24

• Left Knee (LK): 25

• Right Knee (RK): 26

Frames with invalid or missing landmarks were automatically discarded to ensure angles were com­

puted only from anatomically valid detections.
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Figure 9 Tools used in the experiment: goniometer­calibrated cardboard templates and goniometer

Figure 10MB architecture’s 33 body landmarks [36].

3.3.3 Angle estimation from the landmarks coordinates

AlthoughMBoutputs pseudo­3D landmark coordinates (x,y,z), monocular depth estimates (z)

are typically less stable than in­plane coordinates and may introduce jitter in downstream kinematic

computations [35]. Therefore, to ensure robustness and evaluate MAE across different camera con­

ditions, hip abduction was computed using a 2D formulation based on the image­plane coordinates

(x,y) across all configurations. In addition, abduction was quantified as a total (inter­thigh) abduc­

tion angle, defined as the included angle between the left and right thigh vectors in the 2D plane

(see Figure 11).

All landmarks were expressed in 2D image coordinates as (x,y) points:

RH = (xRH , yRH), LH = (xLH , yLH), RK = (xRK , yRK), LK = (xLK , yLK).
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The pelvic midpointH was defined as:

H =
LH +RH

2
. (1)

Thigh vectors were defined from the knees to the pelvic midpoint:

~vL = H − LK, (2)

~vR = H −RK. (3)

For any 2D vector ~a = (ax,ay), the magnitude is:

|~a| =
√

a2x + a2y. (4)

The dot product of two vectors ~a and~b is:

~a ·~b = axbx + ayby. (5)

The total abduction (inter­thigh) angle was computed as:

θ = arccos

(
~vL · ~vR
|~vL| |~vR|

)
. (6)

A schematic depiction of landmarks and vectors is provided in Figure 11.

Figure 11 Schematic presentation of the vectors in 2D plane calculated from the MB landmarks

3.4 Statistical analysis

Python (version 3.13.5, 64­bit) [29] was used for video processing and data preparation, in­

cluding landmark extraction, filtering, One Euro filter (OEF) parameter tuning, and noise reduction

and analysis. All remaining statistical analyses and visualisations were performed in R (version 4.5.2,
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64­bit) [75]. Video clips were trimmed to fixed­duration segments using Microsoft Clipchamp [53].

ChatGPT (models GPT­5, GPT­5.1 and GPT­5.2) [60] was used as an auxiliary tool during the study for

scientific literature searching and code suggestions. The tool was treated as a helper source and was

not used for information retrieval and text generation, but rather wording suggestions and overall

editing. Outputs were reviewed by the author.

Continuous variables are summarised as mean±SD; when distributions were skewed, median

(IQR) is additionally reported. Unless stated otherwise, statistical significance was assessed at α =

0.05 (two­tailed).

3.4.1 Single­trial metrics

For each trial (single video), the pipeline produced a frame­wise hip abduction angle time series

{θr,t}Tr
t=1 (degrees), where r denotes the trial and Tr is the number of retained frames after prepro­

cessing. The target abduction angle for the corresponding configuration is denoted θtrue.

A single trial­level angle estimate was computed as the mean over frames,

θ̄r =
1

Tr

Tr∑
t=1

θr,t. (7)

Similarly, the trial­level mean visibility was computed by first averaging the visibility scores of

the four landmarks used for HAA estimation (LH, RH, LK, RK) within each frame, and then averaging

this frame­wisemean over the Tr retained frames of trial r. Let vr,t,` denote the visibility of landmark

` ∈ {LH,RH,LK,RK} at frame t. The frame­wise mean visibility is

vr,t =
1

4

∑
`∈{LH,RH,LK,RK}

vr,t,`, (8)

and the trial­level mean visibility is

v̄r =
1

Tr

Tr∑
t=1

vr,t. (9)

Trial­level accuracy was quantified using mean absolute error (MAE) and root mean squared

error (RMSE) across frames,

MAEr =
1

Tr

Tr∑
t=1

|θr,t − θtrue| , (10)

RMSEr =

√√√√ 1

Tr

Tr∑
t=1

(θr,t − θtrue)
2. (11)

MAE and RMSE are standard measures of average prediction error magnitude and error with in­

creased sensitivity to larger deviations, respectively [18, 86].

Short­term frame­to­frame jitter (signal smoothness)was summarised using themean absolute
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first difference:

Noiser =
1

Tr − 1

Tr∑
t=2

|θr,t − θr,t−1| . (12)

.

3.4.2 Participant­condition metrics

Each participant performed repeated trials under the same participant­condition ( CAM× FLEX
× TRUE). To give each repeated trial equal weight, participant–condition summaries were computed

as the mean across repeated trials [30, 70]. For a participant­condition with R repeated trials, fol­

lowing metrics were calculated:

θ̄p =
1

R

R∑
r=1

θ̄r, MAEp =
1

R

R∑
r=1

MAEr, v̄p =
1

R

R∑
r=1

v̄r . (13)

These participant­condition summarymetrics were then used as the primary outcomes for sub­

sequent statistical analyses, including Analysis of Variance (ANOVA), and as input/target variables in

the machine­learning (ML) models.

3.4.3 Configuration­level evaluation across participants

For each experimental condition evaluation, participant­condition values were aggregated

across participants n. For a participant­level metricmp,j (MAEp or θ̄p), the configuration­level mean

and sample standard deviation were computed as

m̄c =
1

n

n∑
j=1

mp,j, sm,c =

√√√√ 1

n− 1

n∑
j=1

(mp,j − m̄c)
2. (14)

Condition­level MAE was reported as MAEc ± sMAE,c and median M̃AEc (together with interquartile

range IQRc.

3.4.4 Evaluation of the MAE

To assess the effects of experimental configuration and participant characteristics on estima­

tion error, inferential analyses were conducted using both parametric and non­parametric methods,

depending on the distributional properties of the outcomes.

Configuration effects on estimation error were analysed using linearmixed­effectsmodels. The

dependent variable was the log­transformed mean absolute error, which was used to stabilise vari­

ance and improve residual normality. Fixed effects modelling included variables presented in the

Table 2.

A participant­specific random intercept was included to account for repeated measurements

within participants [6, 45].
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Table 2 Variables used in statistical analyses.

Short name Name Role Type Values / scenarios

MAE Mean absolute error Dependent variable Numerical Degrees; log(1 +MAE)
TRUE Target abduction angle Primary predictor Numerical 70◦, 100◦, 130◦

CAM Camera angle Predictor Factor 0◦ (ref), 45◦

FLEX Hip flexion angle Predictor Factor 70◦ (ref), 90◦

height Height Covariate Numerical Continuous (cm)

weight Weight Covariate Numerical Continuous (kg)

age Age Covariate (extended models) Numerical Continuous (years)

gender Gender Covariate (extended models) Factor Male (ref), Female

– Interactions Derived predictors Derived TRUE× CAM, TRUE× FLEX

Models were fitted by maximum likelihood, and fixed­effect significance was assessed using

Type III ANOVA with Satterthwaite­approximated degrees of freedom, using the lme4 and lmerTest
packages. Model selection was based on information criteria (AIC and BIC).

Normality of residuals was assessed using residual diagnostics and formal tests where appro­

priate. When residual distributions deviated substantially from normality, residuals transformation

or non­parametric methods were used for inference.

3.4.5 Evaluation of Noise

To assess the effect of temporal filtering, noise was computed separately for the raw and fil­

tered signals within each trial, yielding a paired noise difference with negative values indicating re­

duced noise after filtering. Each trial was treated as a single observational unit.

Because the distribution of paired noise differences exhibited strong deviations from normal­

ity, statistical inference was performed using a one­sided Wilcoxon signed­rank test with the alter­

native hypothesis ∆r < 0. To avoid reliance on asymptotic assumptions, p­values were obtained

via a permutation­based implementation of the signed­rank test, in which the null distribution was

generated by random sign flips of the paired differences [58, 87].

Analyses were conducted separately for each combination of target abduction angle and cam­

era–flexion configuration. To account for multiple comparisons across conditions, p­values were ad­

justed using the Benjamini–Hochberg false discovery rate (FDR) correction. Effect size was quantified

using the rank­biserial correlation derived from the signed­rank statistic, wheremore negative values

indicate greater consistency of noise reduction across trials.

3.4.6 Temporal stabilisation ­ applying OEF

Frame­wise pose estimates from monocular video typically exhibit high­frequency jitter [88].

To reduce this noise while preserving responsiveness to genuine motion, all HAA time series were

temporally smoothed using the adaptive OEF (1€ filter), a first­order low­pass filter whose effective

cutoff frequency increases with signal speed, balancing jitter suppression and lag [17]. OEF has also
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been used in practice to stabilise noisy tracking and kinematic signals in real­time interaction and

motion­control settings [15, 46].

OEF was chosen because it is designed for real­time use and is computationally lightweight.

Importantly, this choice is also aligned with the pose­estimation framework: MediaPipe provides

built­in landmark smoothing options, including aOEF, and it is described as a commonly used smooth­

ing approach across MediaPipe solutions [8]. Unlike fixed low­pass filters, the OEF adapts its effec­

tive cutoff based on signal dynamics, enabling a controllable trade­off between responsiveness and

smoothness.

Let xt denote the raw angle at frame t and x̂t the filtered angle. The filter performs recursive

exponential smoothing,

x̂t = αtxt + (1− αt)x̂t−1, (15)

where the smoothing factor αt is derived from an adaptive cutoff frequency fc(t). Following Casiez

et. al methodology, [17], the cutoff is set to a baseline value that increases with the (smoothed)

magnitude of the signal velocity,

fc(t) = fmin + β |̂̇xt|. (16)

Here, fmin controls the amount of smoothing during quasi­static periods, and β controls how quickly

the filter becomes more responsive during faster movements. The derivative smoothing cutoff

(d_cutoff ) was held constant.

Filter parameters were selected empirically via a grid search, following the tuning guidance

of the 1€ filter [16, 17]. Candidate values fmin ∈ (0, 4] Hz and β ∈ [0, 1] were evaluated on the

recorded trials; for each (fmin,β) pair, the filtered signal was assessed using (i) RMSE with respect to

the reference angle and (ii) a residual­jitter proxy computed as the mean absolute first difference.

The parameter pair minimising the combined score,

J(fmin,β) = 0.5RMSE+ 0.5Noise, (17)

was selected for further analysis. RMSE and the noise metric are defined in Section 3.4.1.

3.4.7 Prediction tasks and evaluation protocol

To correct the system output (estimated HAA), two supervised learning tasks were considered:

(i) classification of the discrete target zone (ZONE), defined from the target abduction angle θtrue

according to Table 3; and (ii) regression to predict the corrected continuous target angle (TRUE).

Table 3Mapping of target abduction angles (TRUE) to assessed clinical zone.

TRUE (◦) ZONE

70 Green

100 Yellow

130 Red

To reflect realistic availability of inputs under different operational scenarios, four feature­set
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configurations were evaluated. System­derived inputs were the participant­condition estimated an­

gle θ̄p and the mean visibility v̄p. Experimental factors CAM and FLEX were also included in selected

feature sets to allow assessment of whether acquisition settings provide additional predictive value.

Table 4 Feature­set configurations evaluated in the machine­learning experiments.

Feature set Variables included

All features θ̄p, CAM, FLEX, v̄p
CAM–FLEX θ̄p, CAM, FLEX
Estimation + vis θ̄p, v̄p
Estimation only θ̄p

To assess generalisation to unseen participants, all prediction models were evaluated using

leave­one­participant­out (LOPO) cross­validation: in each fold, all observations from one partici­

pant were held out for testing and the remaining participants were used for training [12]. While this

protocol is well­suited to small datasets, it explicitly evaluates patient­level generalization, making it

sensitive to participant­specific shifts in feature distributions.

For classification (ZONE), the following model families were evaluated: a majority­class base­

line (ZeroR) [82], multinomial logistic regression (MLR) [10], an RBF­kernel support vector machine

(SVM), Random Forest (RF) [13], XGBoost (XGB) [19]. Classification performance was assessed us­

ing accuracy, macro­averaged F1 [72], and macro­averaged one­vs­rest ROC­AUC [28, 67]. The full

LOPO procedures, model families, and hyperparameters are summarised in 1 algorithm. Confusion

matrices were computed by pooling out­of­fold predictions across all LOPO folds, yielding a single

cross­validated confusion matrix that reflects performance on unseen participants.
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1 algorithm LOPO classification for ZONE

1: Input: dataset D with patient_id, target ZONE, and predefined feature set F (presented in

Table 4)

2: Output: mean accuracy, macro­F1, macro­AUC across LOPO folds

3: Set F← F ∩ columns(D)

4: for each held­out participant p in unique(patient_id) do
5: Split: Dtrain ← D[patient_id 6= p],Dtest ← D[patient_id = p]

6: Keep complete cases for F and true_zone in each split

7: Define factor levels of ytest to match ytrain; skip fold if training has< 2 classes

8: ZeroR: predict majority class from ytrain

9: RF: Random Forest with ntree=500 [13]
10: XGB: XGBoost [19] with objective=multi:softprob, max_depth=4, η=0.1, subsample=0.8,

colsample_bytree=0.8, nrounds=200
11: MLR:multinomial logistic regression (softmax); standardise numeric predictors using training

mean/SD; maxit=500
12: SVM: RBF­kernel SVM with cost=1 and probability estimates enabled [23]

13: For XGB, one­hot encode predictors using training levels and align test columns

14: For each model: compute accuracy, macro­F1 [72], and macro­AUC (one­vs­rest) [28, 67] for

participant p

15: end for

16: Return the mean of each metric across LOPO folds

For regressionmodels to determine TRUE, ordinary least squares linear regression (LM), RBF­

kernel support vector regression (SVR) [23], Random Forest (RF) [13], XGBoost (XGB) [19] were eval­

uated. Regression was evaluated using MAE, RMSE, and R2 [40]. The full LOPO procedures, model

families, and hyperparameters are summarised in 2 algorithm.
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2 algorithm LOPO regression for TRUE

1: Input: dataset D with patient_id, target TRUE, and predefined feature set F (presented in

Table 4)

2: Output: mean MAE, RMSE, R2 across LOPO folds

3: Set F ← F ∩ columns(D)

4: Keep complete cases for {patient_id, angle_true} ∪F
5: for each held­out participant p in unique(patient_id) do
6: Split: Dtrain ← D[patient_id 6= p],Dtest ← D[patient_id = p]; skip fold if |Dtrain| < 5 or

|Dtest| < 1

7: Extract (Xtrain, ytrain) and (Xtest, ytest) using F
8: LM: ordinary least squares regression

9: RF: Random Forest with ntree=500 [13]
10: XGB: XGBoost [19] with objective=reg:squarederror, max_depth=4, η=0.1, subsample=0.8,

colsample_bytree=0.8, nrounds=200
11: SVR: RBF­kernel ε­SVR with cost=1 and ε = 0.1 [23]

12: For matrix­based models (RF/XGB/LGB), one­hot encode predictors using training levels and

align test columns

13: For each model: predict ŷ onXtest and compute MAE, RMSE, R2 [40] for participant p

14: end for

15: Return the mean of each metric across LOPO folds

The model families were selected to compare interpretable linear baselines with flexible non­

linear learners suited to low­dimensional tabular predictors. LM andMLR were included as transpar­

ent reference models. To capture potential non­linearities and interactions without manual feature

engineering, tree­ensemblemethods (RF, XGB) were evaluated [13, 19]. Finally, RBF­kernel SVM/SVR

were included as margin­based kernel methods that can model smooth non­linear relationships in

moderate­sample settings [23, 40].
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4 Results

This section provides an overview of the collected data (Section 4.1), assess statistical signifi­

cance of main and interaction effects (Section 4.2), analyzes noise to reduce jitter (Section 4.3), and

finally applies machine learning models to calibrate values (Sections 4.4–4.5)

4.1 Exploratory data analysis

4.1.1 Dataset structure and notation

In total of 11 healthy adults (5 males and 6 females; age: 26.4± 3.5 years; height: 176.1± 9.4

cm; weight: 69.3± 10.4 kg; bmi: 22.4± 2.4 kg/m2) participated in the experiment. Each participant

performed 2 s of a static pose hold in 9 different configurations, 3 times each, yielding 297 videos in

total. Videos were processed using the pipeline described in Section 3.3 and sampled every 50 ms

(20 Hz), producing a time series of 40 frames per trial. For each frame t, the processing pipeline out­

puts the 3D coordinates (x, y, z) and visibility vJ(t) ∈ [0,1] for each landmark J (LK,RK,LH,RH),

as well as the calculated total HAA θ̂(t) (see 3.3.3). The resulting outputs were exported for sub­

sequent analyses. Following subsections 3.4.1 ­ 3.4.3, data were further reduced into multiple rep­

resentations; each reduction level was used for a different analysis described in the corresponding

subsection.

4.1.2 Error distribution across configurations

Figure 12MAE distributions across configurations and target abduction angles (box = IQR, centre line

= median, whiskers = minimum–maximum)

Table 5 summarises the MAE distributions by configuration (FLEX ∈ {70◦, 90◦}, CAM ∈
{0◦, 45◦}, and target abduction TRUE ∈ {70◦, 100◦, 130◦}). Across all configurations, MAE increases

with larger target angles, indicating a systematic degradation in estimation accuracy at higher abduc­

tion. Dispersion also generally increases with abduction: for example, at FLEX = 70◦ and CAM = 0◦,
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SD rises from 7.85◦ at TRUE = 70◦ to 13.03◦ at TRUE = 130◦, and the IQRwidens accordingly (see Ta­

ble 5). In addition, both SD and IQR tend to be higher when CAM = 45◦, suggesting less consistent

performance under an oblique viewpoint.

Across all participants and configurations, the raw pose­based pipeline produced substantial

absolute errors that are too large for direct clinical use. As shown in Table 5 and Figure 17, typ­

ical errors are around 20◦ at lower abduction (TRUE = 70◦) and exceed 50◦ at higher abduction

(TRUE = 130◦), with consistent increases in both central tendency (mean/median) and dispersion

(SD/IQR) as TRUE increases. Similar patterns across FLEX× CAM settings indicate that the error is

not configuration­specific, but instead reflects a systematic limitation of the underlying geometric

estimation approach. In Figure 17, boxes represent the IQR (Q1–Q3) with the median shown as the

centre line, and whiskers denote the minimum and maximumMAE.

Table 5 Configuration­level summaries of estimated HAA and absolute error compared to the refer­

ence. Values are reported in degrees. MAE is reported as mean±SD and as median (Q1–Q3).

CAM (◦) FLEX (◦) TRUE (◦) MAE (mean±SD) MAE (median (Q1–Q3))

0 70 70 20.21±7.85 20.02 (13.31–24.31)

0 70 100 36.54±9.51 31.12 (24.56–33.56)

0 70 130 47.57±13.03 42.65 (39.00–50.10)

0 90 70 27.16±6.89 25.79 (20.47–29.47)

0 90 100 43.20±5.87 42.54 (37.54–45.03)

0 90 130 52.12±8.01 51.57 (47.05–61.55)

45 90 70 28.42±9.26 24.70 (18.15–32.65)

45 90 100 42.18±8.89 39.08 (29.37–44.36)

45 90 130 54.13±10.50 50.53 (47.98–62.98)

Note: The reference TRUE angles are also subject to measurement error.

4.1.3 Agreement analysis (Bland–Altman)

Figure 13 shows a Bland–Altman plot at the participant–condition level (N = 99), where

each point corresponds to one participant under one configuration. The plot shows the difference

(θ̄p−θtrue) against themean

(
θ̄p+θtrue

2

)
, where θtrue denotes the reference angle for the corresponding

configuration. A clear negative bias is observed: all 99 observed points lie below zero, indicating

systematic underestimation of the true abduction angle in this pipeline. In addition, the magnitude

of underestimation increases with angle (proportional bias), as the cloud shifts downward for larger

mean angles. Several outliers are also present, suggesting occasional failures (e.g., landmark mis­

detection or temporary occlusion).

4.1.4 Zone­based classification and confusion matrix

Following the methodology in Section 3.2.2, each estimated angle θ̄p was assigned to a corre­

sponding clinical zone.

Figure 14 shows the resulting confusionmatrix across zones. Thematrix exhibits a pronounced

downward shift in predicted zones, consistent with the previously presented error patterns. In par­
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Figure 13 Bland–Altman plot: difference (θ̄p− θtrue) against the mean

(
θ̄p+θtrue

2

)
. Colors denote mea­

surement configuration

ticular: (i) true Green cases are predicted as White; (ii) true Yellow cases are split between White

and Green; (iii) true Red cases are mostly predicted as Green (and occasionally as Yellow or White);

and (iv) there are no samples in the true White class in this dataset subset, and the model does not

predict Red at all. Across the 99 samples, no correct classifications were observed for this dataset

subset.

Figure 14 Confusion matrix: true zone vs estimated zone counts. The dominant errors correspond to

underestimation (prediction in a lower­risk zone).
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4.2 Mixed­effects modelling

4.2.1 Outcome transformation and model set

Residual diagnostics on the MAE scale indicated departures from the Gaussian error assump­

tion and heteroscedasticity. To stabilise variance and improve residual normality, MAE was trans­

formed using a log(1 + ·)mapping (log1p), which is well­defined at zero:

log1p_mae = log(1 + mae) . (18)

All linear mixed­effects models used log1p_mae as the dependent variable and included a

participant­specific random intercept. Models were fitted by maximum likelihood on the same

dataset (N = 99 observations; 11 participants) and compared using AIC/BIC.

Across the candidate model set, a consistent overall tendency was observed: TRUE strongly

explained increases in error on the log scale, and both CAM and FLEX contributed additional, angle­

dependent effects. Demographic covariates (age, gender) did not improve fit or reach statistical

significance in any explored specification, and adding the visibility metric (v) likewise did not improve

model fit (see Annex B).

Table 6Model comparison for linear mixed­effects models predict­

ing log1p_mae. Lower AIC/BIC indicate better fit after penalising

model complexity.

Model Fixed effects AIC BIC logLik df.resid

m5 TRUE ­19.2 ­9.2 13.6 86

m0 CAM+ FLEX)× TRUE ­43.2 ­23.2 29.6 82

m1 m0+ gender ­42.3 ­19.8 30.1 81

m2 m1+ age ­40.5 ­15.5 30.2 80

m4 m0+ height ­44.9 ­22.4 31.4 81

m6 m0+ height+ weight ­47.9 ­22.9 34.0 80

m3 m2+ height+ weight ­47.6 ­17.6 35.8 78

m7 m6+ v ­46.0 ­18.5 34.0 79

m9 m4+ v ­43.4 ­18.4 31.7 80

m8 m3+ v ­46.3 ­13.8 36.1 77

Notes: TRUE denotes the target abduction angle; CAM and FLEX denote camera

viewpoint and hip­flexion setting, respectively. All models were fitted as linear

mixed­effectsmodels with the same random­effects structure, and differ only in

their fixed­effects specification. The selected fixed­effects specification includes

interactions of TRUE with CAM and FLEX, but does not include a CAM × FLEX
interaction term. Boldface indicates the best (lowest) value in each criterion.

4.2.2 Baseline technical model (m0)

Model m0 included only the experimental (technical) predictors and served as a parsimonious

reference specification. Under BIC, which penalises model complexity more strongly, m0 achieved

the best score in the candidate set (BIC= −23.2; Table 6). Compared with the simplest baseline m5

(TRUE only; BIC= −9.2), incorporating CAM, FLEX, and their interactions with TRUE improved BIC by
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14.0 points and increased log­likelihood from 13.6 to 29.6, indicating that the experimental factors

capture substantial systematic variation in log1p_mae beyond the effect of TRUE alone.

4.2.3 Extended covariate model (m3)

Model m3 extended the technical predictors by adding demographics and anthropometrics

(gender, age, height, weight). In terms of AIC, m3 improved over m0 (AIC−47.6 vs. −43.2;∆AIC

= −4.4) and achieved the highest log­likelihood in the candidate set (35.8). However, this added

complexity was not supported under BIC (= −17.6, compared with m0−23.2), and gender and age
were not statistically supported in subsequent inference, suggesting limited additional explanatory

value of these covariates in this dataset.

4.2.4 Selected model (m6): best overall fit and effect interpretation

Model m6was selected as the primarymixed­effects specification because it achieved the low­

est AIC (AIC = −47.9) and the second­lowest BIC (BIC = −22.9; Table 6). Relative to m0, adding

height and weight improved AIC by 4.7 points (from−43.2 to−47.9) while only slightly worsening
BIC by 0.3 points (from−23.2 to−22.9), indicating a favourable trade­off between improved fit and

parsimony. Compared with m3, m6 achieved a marginally better AIC (by 0.3 points) with fewer fixed­

effect terms, as gender and age were excluded. Adding v did not improve model selection: m7

(m6+v) increased AIC to −46.0 and BIC to −18.5, and m9 (m4+v) similarly worsened both criteria

relative to m4. The final m6 specification is given in Equation 19:

log1p_mae ∼ (CAM + FLEX) ∗ TRUE + height + weight + (1|patient_id). (19)

Table 7 Selectedmodel (m6): fixed­effect estimates and Type III tests for log1p_mae
(Satterthwaite df).

Term Estimate SE df t p Type III F (p)

Intercept 0.3240 0.5940 10.403 0.545 0.597 —

CAM_45 0.1790 0.0850 80.000 2.117 0.037* 4.48 (0.037)

FLEX_90 0.3030 0.0850 80.000 3.575 0.001*** 12.78 (0.001)

TRUE 0.0125 0.0008 80.000 15.223 < 0.001***285.07 (< 0.001)
height 0.0156 0.0042 10.000 3.716 0.004** 13.81 (0.004)

weight 0.0110 0.0043 10.000 2.565 0.028* 6.58 (0.028)

CAM_45:TRUE 0.00170 0.00082 80.000 2.065 0.042* 4.27 (0.042)

FLEX_90:TRUE 0.00199 0.00082 80.000 2.418 0.018* 5.85 (0.018)

Notes: The response is log(1 +MAE). Reference levels are CAM = 0◦ and FLEX = 70◦. height
is measured in cm and weight in kg. Type III tests are reported as F statistics with Satterthwaite

degrees of freedom. Significance codes: ***p < 0.001, **p < 0.01, *p < 0.05.
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4.3 Global noise reduction analysis

4.3.1 Global parameter tuning

To reduce frame­to­frame jitter while preserving estimation accuracy, a global grid search was

performed to tune the OEF parameters across all available trials (see Equation 17). The search var­

ied the smoothing coefficient β ∈ [0,1] and the minimum cutoff fmin ∈ [0,4.0], and selected the

parameter combination that minimised a joint criterion based on signal noise and RMSE. The result­

ing heatmaps (Appendix A) indicated an optimum at β = 0 and fmin = 0.026. These parameters

were then integrated into the processing pipeline, after which landmark coordinates and the derived

abduction angles were recomputed.

4.3.2 Global effect of filtering on frame­to­frame jitter

To quantify the effect of filtering on signal stability, a per­trial noise metric was computed for

both the raw and filtered abduction­angle time series (see Equation 12). For each trial, raw and

filtered noise values formed a paired observation, and the paired difference was defined as where

negative values indicate reduced noise after filtering. The paired noise differenceswere strongly non­

normal (Jarque–Bera = 1012.25, p ≈ 1.56×10−220). Therefore, a nonparametric one­sidedWilcoxon

signed­rank permutation test was used to test whether filtering reduced noise (H1 : Noisefiltered <

Noiseraw).

Figure 15 Noise comparison (RAW vs OEF) across configurations and target angles per patient.

Across all included paired trials (n = 297), filtering produced a statistically significant reduc­
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Table 8 Global (pooled) trial­level noise reduction across all included paired trials (n = 297).
Noise is themeanabsolute first difference of the estimated angle (deg/frame). ∆ = Noisefiltered−
Noiseraw (negative indicates reduced jitter).

n Median noise (raw) Median noise (filt.) Median∆ Median % red. p (one­sided) rrb

297 2.494 0.377 ­2.118 83.46 < 0.001 ­1

Note: p is from a one­sided Wilcoxon signed­rank permutation test (H1 : ∆ < 0). rrb denotes the rank­biserial

correlation derived from the signed­rank statistic.

tion in noise (one­sided Wilcoxon; p < 0.001). Median noise decreased from 2.494 (raw) to 0.377

(filtered), with a median paired change of −2.118. The median relative reduction was 83.46%. The

rank­biserial correlation was −1, indicating that noise decreased in 100% of trials, i.e., the improve­

ment in temporal smoothness was consistent across all paired observations rather than being driven

by a subset of trials.

For completeness, condition­wise analyses were also performed for each target abduction an­

gle × camera–flexion configuration. In that setting, p­values from the groupwise Wilcoxon tests

were adjusted using the Benjamini–Hochberg false discovery rate (FDR) procedure, yielding q­values;

all groupwise comparisons remained significant after adjustment. Median percentage reductions

ranged from 75.86% to 86.08%, demonstrating robust improvements in temporal smoothness across

tested abduction angles and camera–flexion configurations. An example of noise reduction across

configurations for one participant is shown in ??.

4.4 Classification performance

4.4.1 All features

Using the All features set (see Table 9), all learning­based models substantially outperformed

themajority baseline (accuracy 0.333). The best overall performancewas achieved by SVM (accuracy

0.889; macro­F1 0.909; macro­AUC 0.947). XGB and MLR also performed strongly (accuracy 0.818

and 0.798), while RF was moderate (accuracy 0.737).

Table 9 LOPO classification results using All features.

Model Mean Accuracy Mean Macro­F1 Mean Macro­AUC

Baseline (Majority) 0.333 0.500 –

MLR 0.798 0.800 0.934

RF 0.737 0.770 0.903

XGB 0.818 0.821 0.924

SVM 0.889 0.909 0.947
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4.4.2 CAM–FLEX

Using the CAM–FLEX set (see Table 10) yielded consistently high performance. SVM again

achieved the best overall results (accuracy 0.909; macro­F1 0.908; macro­AUC 0.946). XGB achieved

accuracy 0.818 (macro­F1 0.823), andMLR and RF performed similarly (accuracy 0.798 and 0.788).

Table 10 LOPO classification results using CAM–FLEX.

Model Mean Accuracy Mean Macro­F1 Mean Macro­AUC

Baseline (Majority) 0.333 0.500 –

MLR 0.798 0.789 0.939

RF 0.788 0.796 0.941

XGB 0.818 0.823 0.928

SVM 0.909 0.908 0.946

4.4.3 Estimation only

Restricting inputs to Estimation only (see Table 11) reduced performance relative to CAM–FLEX

and All features. SVM remained strongest (accuracy 0.838; macro­F1 0.852). XGB achieved accuracy

0.768, whileMLR and RF achieved 0.758.

Table 11 LOPO classification results using Estimation only.

Model Mean Accuracy Mean Macro­F1 Mean Macro­AUC

Baseline (Majority) 0.333 0.500 –

MLR 0.758 0.748 0.936

RF 0.758 0.763 0.916

XGB 0.768 0.760 0.926

SVM 0.838 0.852 0.909

4.4.4 Estimation + vis

Adding visibility (see Table 12) did not yield consistent gains under LOPO.MLR improved slightly

in accuracy (0.778 vs. 0.758), while SVM and XGBwere similar to (or slightly below) their estimation­

only performance.

Table 12 LOPO classification results using Estimation + vis.

Model Mean Accuracy Mean Macro­F1 Mean Macro­AUC

Baseline (Majority) 0.333 0.500 –

MLR 0.778 0.781 0.931

RF 0.768 0.784 0.895

XGB 0.768 0.769 0.928

SVM 0.847 0.871 0.938
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4.4.5 Summary across feature sets

Across all feature configurations, all learning­based models substantially exceeded the major­

ity baseline (accuracy 0.333), confirming that the extracted features contain discriminative informa­

tion for zone prediction. Performance was highest when acquisition­context variables were included

(CAM–FLEX and All features). The best overall configuration was SVM with CAM–FLEX, achieving

0.909 mean accuracy (90.9%), macro­F1 0.908, and macro­AUC 0.946 ( Table 10). Using Estimation

only reduced performance, while Estimation + vis did not provide consistent gains under LOPO.

4.4.6 Confusion matrix (best model)

Figure 16 shows the aggregated LOPO confusionmatrix for the best­performing classifier (SVM

with CAM–FLEX). The Green zone is identified perfectly (33/33, 100%). The Red zone is classified reli­

ably (30/33, 90.9%), with the remaining errors confined to the adjacent Yellow zone (3/33, 9.1%). The

Yellow zone is the most challenging: most samples are correctly classified as Yellow (27/33, 81.8%),

with residual confusion primarily toward Green (4/33, 12.1%) and less frequently toward Red (2/33,

6.1%).

For comparison, the original (uncorrected) zone assignment from the raw geometric estimates

( ??) exhibits a pronounced collapse toward lower­risk predictions: all Green samples are mapped

to White (33/33, 100%), Yellow samples are split between White and Green (60.6% and 39.4%), and

Red samples are almost never predicted as Red (mostly mapped to Green, 81.8%, and Yellow, 15.2%).

Relative to this baseline behaviour, the learned SVM CAM–FLEXmodel markedly reduces severe mis­

classification and concentrates the remaining errors near the intermediate Yellow boundary.

4.5 Regression performance

4.5.1 All features

Using the All features set (see Table 13), SVM achieved the best overall performance (MAE =

9.30◦, RMSE = 12.16◦,R2 = 0.674). XGBwas similar in MAE (9.41◦) but slightly weaker byR2 (0.654).

LM remained competitive (R2 = 0.645), while RF performed markedly worse (MAE = 15.33◦, R2 =

0.487).

Table 13 LOPO regression results using All features.

Model Mean MAE Mean RMSE Mean R2

LM 10.765 13.148 0.645

RF 15.333 17.373 0.487

XGB 9.410 13.000 0.654

SVM 9.295 12.161 0.674
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Figure 16 Aggregated LOPO confusion matrix for SVM using CAM–FLEX.

4.5.2 CAM–FLEX

The CAM–FLEX set (see Table 14) produced the strongest and most stable LOPO regression

performance. SVM achieved the best results across metrics (MAE = 8.21◦, RMSE = 11.03◦, R2 =

0.713). XGB achieved a comparableMAE (8.98◦) but a substantially higher RMSE (14.25◦), suggesting

larger errors for a subset of held­out participants. LM remained stable (R2 = 0.669), while RF again

showed weak generalisation.

Table 14 LOPO regression results using CAM–FLEX.

Model Mean MAE Mean RMSE Mean R2

LM 10.271 12.751 0.669

RF 15.499 17.508 0.482

XGB 8.983 14.251 0.586

SVM 8.209 11.029 0.713

4.5.3 Estimation only

Restricting inputs to Estimation only (see Table 15) reduced performance relative to CAM–

FLEX. Nevertheless, SVM remained strong (MAE = 8.92◦, R2 = 0.675), and LM achieved a similar R2

(0.668), indicating that a substantial fraction of predictive signal is already contained in θ̄p. In this low­

dimensional setting, RF improved (R2 = 0.597), while XGB showed weak fit byR2 (0.437), suggesting

LOPO sensitivity in this configuration.
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Table 15 LOPO regression results using Estimation only.

Model Mean MAE Mean RMSE Mean R2

LM 10.614 13.079 0.668

RF 9.509 13.953 0.597

XGB 9.266 15.878 0.437

SVM 8.922 12.339 0.675

4.5.4 Estimation + vis

Adding visibility (see Table 16) did not yield consistent improvements. Performance degraded

for LM and especially SVM (SVM: MAE = 10.84◦,R2 = 0.595). In contrast, RF improved in this setting

(R2 = 0.680), indicating that v̄p may be informative primarily for tree­based models under LOPO.

Table 16 LOPO regression results using Estimation + vis.

Model Mean MAE Mean RMSE Mean R2

LM 11.069 13.425 0.646

RF 9.588 12.279 0.680

XGB 12.147 15.242 0.546

SVM 10.836 14.100 0.595

4.5.5 Effect of OEF (CAM–FLEX, LOPO)

As an additional analysis, the CAM–FLEX set was evaluated on the OEF­filtered dataset to test

whether reducing frame­level jitter improves participant­level generalisation. As summarised in Table

17, OEF did not improve LOPO regression: all models shifted toward slightly worse metrics (higher

MAE/RMSE and lowerR2). For example, SVM changed fromMAE = 8.21◦,R2 = 0.713 (RAW) to MAE

= 8.40◦, R2 = 0.672 (OEF), while LM degraded more strongly (R2 from 0.669 to 0.532).

Table 17 CAM–FLEX regression performance under LOPO, with and without OEF.

Model OEF MAE (deg) RMSE (deg) R2

LM FALSE 10.27 12.75 0.669

LM TRUE 11.37 14.47 0.532

RF FALSE 15.50 17.51 0.482

RF TRUE 16.78 17.94 0.474

XGB FALSE 8.98 14.25 0.586

XGB TRUE 9.76 16.24 0.536

SVM FALSE 8.21 11.03 0.713

SVM TRUE 8.40 11.53 0.672

Note: OEF indicates whether the input time series was smoothed using the One Euro filter prior to computing

participant–condition summaries.
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4.5.6 Key findings (LOPO)

Across feature sets, meaningful continuous­angle prediction was achievable: the best­

performing models reached MAE in the ∼8–9◦ range with R2 > 0.70, representing a ma­

jor improvement over the raw geometric pipeline. In the raw estimates, configuration­level

mean MAE ranged from 20.21◦ at (CAM = 0◦, FLEX = 70◦, TRUE = 70◦) up to 54.13◦ at

(CAM = 45◦, FLEX = 90◦, TRUE = 130◦) (see Table 5). By comparison, the best LOPO regres­

sor (SVM with CAM–FLEX) achieved MAE = 8.21◦, corresponding to an approximate 60% reduction

relative to the lowest raw MAE (20.21◦ → 8.21◦) and an∼85% reduction relative to the highest raw

MAE (54.13◦ → 8.21◦).

Consistent with the classification results, CAM–FLEX yielded the strongest and most stable

LOPO performance (see Table 14). Within this setting, the SVM regressor achieved the best over­

all metrics (MAE = 8.21◦, RMSE = 11.03◦, R2 = 0.713).

Model behaviour differed acrossmetrics. LMperformed competitively (R2 ≈ 0.65–0.67) across

several settings, suggesting that once configuration variables are included, much of the correction is

approximately linear. XGB occasionally achieved low MAE (e.g., 8.98◦ with CAM–FLEX), but with

higher RMSE and lower R2, indicating larger errors for some held­out participants. RF showed the

weakest LOPO generalisation in higher­dimensional feature sets, but improved when inputs were

restricted (e.g., Estimationonly). Finally, adding visibility (Estimation + vis) did not provide consistent

benefits for regression: it tended to reduce performance for LM and SVM, while RF improved in that

specific setting (see Table 16), indicating that v̄p is a model­dependent and LOPO­sensitive signal.
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5 Discussion

This thesis evaluated the feasibility of estimating HAA from monocular video using a

lightweight, real­time, markerless pipeline based on MB. The prototype system extracted a set

of 2D landmarks and computed a bilateral HAA using a midpoint­anchored geometric formulation.

Prior work has established thatmarkerless pose­estimation frameworks (e.g., MediaPipe, OpenPose)

can recover joint kinematics such as abduction, but most studies have focused on upper­limb abduc­

tion or gait­related hip motion, typically varying camera viewpoint and using limited ML correction

[44, 81].

To the author’s knowledge, this is the first study to evaluate HAA estimation in the context of

HSC.Given the small, relatively homogeneous sample and the absence of pediatric participants and

intraoperative conditions, the findings should be interpreted as proof of concept rather than as vali­

dation of a clinical measurement system. In particular, effect sizes andmodel performance estimates

may change in larger and more diverse cohorts and under additional sources of variability (e.g., oc­

clusion, motion, casting materials, and lighting). Moreover, the reference (ground­truth) angle mea­

surements (TRUE) may contain error, which should be considered when interpreting discrepancies

between estimated and measured angles.

5.1 Systematic error in HAA estimation

The posture constraints of the experiment primarily explain the large MAE. In this pipeline, to­

tal abduction is defined as the angle between two vectors originating at the estimated hip midpoint

and pointing to the left and right knee landmarks. Under the supine–flexed posture, the estimated

hip midpoint is displaced lower compared to its anatomically expected location. This inferior shift

reduces the angle between them; consequently, abduction is systematically underestimated. This

dominant bias is further compounded by variability in knee landmark localisation: small inconsisten­

cies in knee detection alter the midpoint­to­knee vectors and add additional angular error on top of

the midpoint’s displacement. Finally, the camera’s framing was constrained to include the head to

ensure stable subject detection, but this reduced the lower­body context. Taken together, these ef­

fects produce persistently biased measurements rather than occasional failures, which explains why

MAE is large even when landmark detection appears qualitatively stable.

A second key observation is that MAE increases with the true abduction target. This behaviour

is consistent with range compression induced by the same geometric mechanism: as TRUE increases,

much of the motion is expressed at the knees while the misplaced hip midpoint remains compar­

atively stable in image space. Because the inferiorly displaced midpoint injects a common vertical

component into bothmidpoint­to­knee vectors, their angular separation growsmore slowly than the

true separation, so estimated abduction increases with θtrue but with a reduced slope. The mixed­

effects results support this interpretation, with TRUE being the primary predictor, and significant

TRUE× CAM and TRUE×FLEX interactions indicate that camera viewpoint and hip flexion have influ­

ence the rate at which underestimation increases. These findings motivate modelling approaches

that explicitly learn and correct systematic, angle­dependent bias.
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5.2 Interpretation of secondary predictors and configuration effects

Height and weight remained significant after controlling for configuration, which is plausible

because the estimated angle depends directly on the relative geometry of body landmarks, such as

body size, limb proportions. Hip flexion was also a significant factor, with lower MAE observed at 70◦

compared with 90◦. Although all configurations exhibited systematic underestimation, smaller MAE

at 70◦ indicates that the estimated anglewas numerically closer to the target. A plausible explanation

is that flexion below 90◦ alters body proportions and projected geometry in a way that inflates the

abduction angle in the 2D pose representation, as described in the literature (e.g., [4]). In this case,

the flexion­related distortion can oppose the underestimation bias and incidentally reduce the MAE,

without implying improved biomechanical validity. This interpretation is consistent with prior obser­

vations that non­neutral flexion postures distort midline­based angle estimates and should therefore

be treated cautiously in clinical contexts. Finally, camera angle significantly affected both MAE and

variability: an oblique 45◦ view introduces perspective distortion and asymmetric landmark visibility,

which biases hip­midpoint and knee localisation and increases between­subject heterogeneity rela­

tive to the orthogonal 0◦ configuration. This is in line with Wang et al., who reported that camera

viewing angles (and camera distance) have a statistically significant impact on markerless measure­

ment accuracy and recommended careful camera placement for improved performance [80].

5.3 Comparing the performances of classification and regression performances

The difficulty of Yellow­zone classification likely reflects both data limitations and a conceptual

ambiguity: because zone boundaries vary across studies and depend on patient­specific factors such

as age and anatomy [43], treating Yellow as a strict, fixed class may be suboptimal in the context of

HSC.

Best performing model (SVM with CAM­FLEX features) classifies the Green zone with perfect

accuracy, indicating that clearly safe abduction configurations are well separated in feature space.

This is expected, as smaller abduction angles are associated with lower estimation error and less

geometric ambiguity.

The Yellow zone was the most difficult to classify accurately. Yellow represents a boundary

region between safe and potentially dangerous abduction, where measurement uncertainty, inter­

individual anatomical variation, and literature­defined thresholds overlap. Many Yellow samples

were misclassified as Green (12.1%), reflecting partial overlap in estimated angle distributions. Clini­

cally, this type of error may be acceptable if higher thresholds (e.g., up to 54–55◦) are still considered

safe [43]. More critical are cases where Yellow is misclassified as Red, which represent unnecessary

overestimation of risk. Although such errors were relatively infrequent, they highlight the sensitivity

of zone­based classification to threshold definition.

While the model did not misclassify any Red­zone cases as Green, it did misclassify some Red

targets as Yellow (9.1%). This is clinically important because Yellow may not be interpreted as a

danger category; instead, it can be considered an acceptable or even preferred positioning range,

as reported by Kheiri et al. [43]. In that situation, a Red→Yellow error could lead to a hazardous
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configuration being treated as satisfactory, with potentially serious consequences. Therefore, even

with good overall accuracy, the model should not be used as a standalone decision­maker; rather, it

is more appropriate as a supportive tool that augments clinical judgement and prompts closer review

of borderline cases.

An important limitation of the regression task is that the TRUE was recorded at a small number

of discrete target values. As a result, the regression problem partially resembles prediction toward a

set of anchor points rather than learning a fully continuous mapping. Collecting data across a denser

and more continuous range of abduction angles would likely improve both model training and the

validity of regression­based generalisation claims.

Overall, the regression results mirror the classification findings: CAM and FLEX are key con­

textual variables for correcting pose­derived abduction estimates, and the CAM--FLEX feature set

yielded the strongest and most stable LOPO performance. In this setting, the SVM regressor per­

formed best (MAE = 8.21◦, RMSE = 11.03◦, R2 = 0.713), indicating the most reliable patient­level

generalisation among the tested methods.

Despite this improvement over the geometric estimates the remaining error (MAE of ∼ 8◦

and RMSE > 11◦) could not be applicable in the clinical use. The moderate R2 also suggests that a

meaningful portion of variability remains unexplained, likely due to residual subject­specific effects.

5.4 Clinical interpretation of CAM and FLEX effects and implications for machine

learning

The CAM-FLEX feature set consistently outperforms the other variants because camera angle

and hip flexion capture configuration­specific effects that are not contained in the estimated angle

alone, allowing themodel to correct systematic, setup­dependent bias. Clinically, however, the avail­

ability of these variables differs. The oblique camera placements used experimentally (e.g., 45◦) are

not typical in routine practice and would not usually be recorded, limiting generalisation if CAM is

required as an explicit input.FLEX is more clinically relevant: intermediate flexion (e.g., ∼ 70◦) can

occur unintentionally and varies across procedures, so the significant FLEX effects likely reflect realis­

tic sources of systematic error. If CAM and FLEX are not available at deployment, a practical approach

is to calibrate the system to a reference configuration (e.g., CAM = 0◦, FLEX = 90◦) and treat devia­

tions as added uncertainty.

To address the substantial systematic error in the raw geometric estimates, both regression­

based bias correction and zone­based classification were explored. Regression models substantially

reduced MAE relative to the baseline, but did not fully remove the dominant range­compression be­

haviour, leaving residual error that is likely too large for precise continuous­angle quantification in a

clinical setting. In contrast, reframing the task as zone classification produced more clinically aligned

performance, since classification is inherently tolerant tomoderate continuous­angle error when the

goal is to decide whether a posture lies within a broad risk interval (e.g., safe vs. risky) rather than

to recover an exact angle in degrees. From a clinical standpoint, avoiding critical misclassification

between low­ and high­risk postures is often more important than achieving goniometer­level preci­

sion; the classification results (particularly SVM with the CAM­FLEX feature set) demonstrate strong
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separation between categories, supporting the system’s current role as a real­time screening and

decision­support tool rather than a replacement for quantitative goniometry.

5.5 Effect of temporal smoothing: improved stability but limited accuracy gain

A global grid search selected β = 0 and fmin = 0.026. With β = 0, speed­based adaptation

is disabled and the filter behaves as a conservative low­pass filter governed by fmin, prioritising sta­

bility over responsiveness. This is appropriate for the current protocol of static pose holds, where

suppressing high­frequency landmark noise is more important than minimising latency. Consistent

with this objective, filtering reduced jitter in 100% of trials (median reduction 83.46%), substantially

improving readability of the displayed angle and making smoothing a practical requirement for any

user­facing tool.

Although RMSE was included in the joint objective during parameter tuning, filtering did not

change MAE significantly. This is expected because temporal smoothing attenuates high­frequency

variability but does not correct systematic error sources such as projection effects, biased hip­

midpoint estimation, or persistent landmark mislocalisation. Moreover, smoothing did not im­

prove—and sometimes slightly degraded—downstream machine­learning performance (most no­

tably for RF and XGB, while SVM remained stable). A plausible explanation is that small framewise

fluctuations in the raw signalmay carry discriminative cues (e.g., subtle adjustments or re­detections)

that are informative once aggregated into participant­level features; filtering reduces variance but

can also compress dynamic range, decreasing separability near zone boundaries. Under LOPO evalu­

ation this effect may be amplified because filtering interacts with participant­specific noise structure,

introducing distribution shifts between training and held­out subjects. Overall, the results suggest

that OEF is best used as a front­end stabilisation step for human interpretation, applied cautiously

when the filtered signal is used as direct input to predictive models.
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6 Limitations and Future Work

This feasibility study has several limitations that should be considered when interpreting the

results and judging clinical readiness.

6.1 Limitations

1. Population and setting (domain shift). Although the intended application is pediatric hip po­

sitioning, validation was performed on healthy adults under controlled, laboratory­like condi­

tions. Differences in body size, limb proportions, soft­tissue distribution, and typical occlusion

patterns in real use may introduce substantial domain shift. The cohort was small (n = 11)

and relatively homogeneous; therefore, the reported performance should not be interpreted

as evidence of performance in infants or in intraoperative/post­reduction environments.

2. Restricted angle sampling and trial dynamics. The experiment used a discrete and relatively

coarse set of target abduction angles (70◦, 100◦, 130◦) with short static holds. While clinically

motivated, this provides limited angular granularity and does not characterise behaviour across

the full clinically relevant range, particularly near decision boundaries. The absence of longer

recordings and transitions between angles further limits conclusions about time­dependent

instability (e.g., jitter during movement) and the behaviour of temporal filtering under realistic

use.

3. Limited viewpoint exploration. Only two camera geometries were tested (frontal 0◦ and

oblique 45◦). This restricts inference about viewpoint robustness and about the optimal ac­

quisition geometry. In practice, camera height, distance, and left/right placement may vary

and may be constrained by space, staff workflow, and equipment positioning, which could

meaningfully affect performance.

4. Dependence on monocular landmark visibility. The pipeline relies on monocular markerless

pose estimation and therefore depends on visibility of relevant segments and consistent land­

mark localisation. Self­occlusion, partial out­of­frame capture, and external occlusions (cloth­

ing, blankets, staff hands, casting material, or equipment) can degrade landmark placement.

Environmental factors such as variable lighting, motion blur, and low contrast between cloth­

ing and background can further increase landmark jitter and downstream angle error; these

factors are likely to be more common in real clinical scenes than in the controlled acquisition

used here.

5. Structural error and reference­geometry bias. The target posture (supine with hips and knees

flexed and legs abducted) is atypical for general­purpose pose­estimation models. In this con­

figuration, hip landmarks can be difficult to place consistently, the trunk–pelvis midline can

shift, and knee landmarks may be biased because the knee occupies a large portion of the im­

age and can obscure the thigh axis. These effects can accumulate into systematic error rather

than random noise. Consistent with this, the current pipeline exhibited an angle­dependent
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bias (range compression), where higher true abduction angles tended to be underestimated.

Temporal smoothing improved visual stability but did not remove this bias, suggesting that a

substantial portion of error is structural (projection effects and landmark bias) and unlikely to

be resolved by filtering or post­hoc regression alone without revisiting the geometry and/or

the observation model.

6. Constraints on clinical interpretation and label coverage. Because continuous­angle accuracy

remains insufficient under several conditions, conclusions should be restricted to the specific

participants, postures, and viewpoints examined. Zone­based classification outperformed con­

tinuous regression in this pilot, which may partly reflect the discreteness of the ground­truth

angles (70/100/130) rather than true continuous­angle capability. In addition, since White

zone was absent, evaluation limitates claims about full­spectrum screening performance.

6.2 Future work

Future work should prioritize (i) broader validation and (ii) methodological changes that di­

rectly target systematic bias. Validation should include a larger and more diverse cohort (including

clinically representative pediatric data where feasible), broader variation in anthropometry and po­

sitioning, and more realistic occlusion patterns. Data collection should cover finer angle increments

(e.g., 5◦–10◦ steps), denser sampling across the full clinically relevant range, longer trials, and tran­

sitions between angles to assess temporal stability under movement. Viewpoint robustness should

be tested systematically across camera height, distance, and left/right placement reflecting realistic

clinical constraints, and the next step should include prospective evaluation in a real casting/post­

reduction workflow.

Methodologically, reducing range compression and other structural errors will likely require re­

visiting the reference geometry. Promising directions include: (1) defining more stable trunk/pelvis

reference frames using multiple landmarks (rather than a single indirectly computed midline), (2)

enforcing bilateral consistency by estimating both sides and verifying midline stability, and (3) apply­

ing camera­aware corrections through explicit calibration. Where feasible, multi­view capture or 3D

pose estimation could further mitigate projection effects caused by depth changes (e.g., knees mov­

ing closer to the camera). Alternatively, depth proxies (e.g., z­coordinates from 3Dmodels or learned

depth cues), together with simple biomechanical constraints and landmark refinement, may improve

robustness. Future work could also train ML models on filtered signals and compare their perfor­

mance against the current pipeline. Classification may be improved by collecting additional samples

near zone boundaries; alternatively, the Yellow zone could be modelled as a supervised decision re­

gion rather than a hard class, enabling clinicians to combine model output with expert judgment.

Finally, given current error levels, presenting results primarily as zone­based decision support (inside

vs. outside safe ranges) appears more realistic in the near term, while continuous­angle estimation

remains a longer­term objective contingent on reducing systematic bias.
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7 Conclusions

1. Literature­driven method selection. The literature review confirmed that pose­

estimation–based measurement is a viable direction for objective hip abduction assess­

ment in pediatric DDH workflows, and supported the selection of clinically appropriate data­

processing principles. Among the reviewed options, MB was identified as the most suitable

pose­estimation framework for this application due to its accuracy, real­time performance and

simplified deployment for the mobile devices.

2. Feasible architecture and algorithm design. A complete system architecture and algorithm

were designed and developed, integratingMB into a unified pipeline, where coordinate­based

vector calculations were implemented to compute hip abduction angles from extracted land­

marks.

3. TRL4 prototype implementation. A TRL4 prototype was successfully implemented using the

MB. The prototype consistently extracted 4 lower­limb landmarks and generated a continuous

hip abduction signal in real­time, showing landmarks in real­time, as well as total hip abduc­

tion, supporting potential integration into clinical surgical decision­making workflows.

4. Validation shows stability with a systematic limitation. Validation against ground­truth mea­

surements demonstrated that the system can produce a stable real­time signal; however, accu­

racy was constrained by a systematic, angle­dependent bias (range compression), with under­

estimation increasing at higher abduction targets. This trend was supported by mixed­effects

modelling on the log­transformed MAE, where the true target angle was the strongest pre­

dictor of error. Hip flexion and participant demographics improved fit and were significant,

suggesting that structural factors (projection geometry and landmark mislocalisation) are sig­

nificant in this dataset.

5. Practical decision­support performance and improvement directions. OEF, using fmin=0.026,

β=0.0 as parameters, reduced frame­to­frame jitter around 83%and improved usability, but did

not eliminate systematic error. Importantly, classification using SVM into clinically meaning­

ful abduction zones performed strongly (LOPO method achieved mean accuracy 0.909), sug­

gesting that the current solution is most promising as a decision­support tool for zone­based

assessment rather than a high­precision goniometric replacement.
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9 Appendices

A Heatmaps for grid search

Figure 17 Heatmap of grid search
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B ANOVA / mixed­effects model outputs

Table 18 Fixed­effect estimates and Type III tests (Satterthwaite df) for mixed models with outcome log1p_mae (Eq. 18). All models include a participant

random intercept (1|patient_id) and were fitted by maximum likelihood.

Model Term Est. SE df t p Sig. F pANOVA

m0

Intercept 2.3112710 0.0939953 80.6363 24.589 < 2× 10−16 *** – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m1

Intercept 2.3202717 0.0933430 82.3000 24.857 < 2× 10−16 *** – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

gender ­0.0450035 0.0424930 10.0000 ­1.059 0.314474 1.1217 0.3144743

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m2

Intercept 2.4615635 0.3552586 11.1868 6.929 0.0000228 *** – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

Continues on next page
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Model Term Est. SE df t p Sig. F pANOVA

gender ­0.0496037 0.0435899 10.0000 ­1.138 0.281665 1.2950 0.2816653

age ­0.0052574 0.0127561 10.0000 ­0.412 0.688929 0.1699 0.6889289

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m3

Intercept ­1.1055841 0.9923523 10.1417 ­1.114 0.290941 – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

gender 0.0868808 0.0460760 10.0000 1.886 0.088703 . 3.5555 0.0887028

age ­0.0003327 0.0081108 10.0000 ­0.041 0.968086 0.0017 0.9680861

height 0.0245142 0.0056841 10.0000 4.313 0.001531 ** 18.5996 0.0015305

weight ­0.0131101 0.0037429 10.0000 ­3.503 0.005702 ** 12.2683 0.0057015

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m4

Intercept 0.8160683 0.7208372 10.2710 1.132 0.283326 – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

height 0.0084522 0.0040424 10.0000 2.091 0.063031 . 4.3720 0.0630314

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m5
Intercept 2.4720 0.09307 79.94 26.56 < 2× 10−16 *** – –
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Model Term Est. SE df t p Sig. F pANOVA

TRUE 0.01130 0.0008206 80.00 13.77 < 2× 10−16 *** 189.55 < 2.2× 10−16

m6

Intercept 0.3239090 0.5941253 10.4026 0.545 0.597120 – –

CAM_45 0.1793349 0.0847239 80.0000 2.117 0.037393 * 4.4804 0.0373933

FLEX_90 ­0.3028604 0.0847239 80.0000 ­3.575 0.000598 *** 12.7783 0.0005981

TRUE 0.0125273 0.0008229 80.0000 15.223 < 2× 10−16 *** 285.0662 < 2.2× 10−16

height 0.0156235 0.0042041 10.0000 3.716 0.004000 ** 13.8108 0.0039996

weight ­0.0109666 0.0042758 10.0000 ­2.565 0.028139 * 6.5784 0.0281386

CAM_45:TRUE ­0.0016997 0.0008229 80.0000 ­2.065 0.042114 * 4.2663 0.0421139

FLEX_90:TRUE 0.0019900 0.0008229 80.0000 2.418 0.017869 * 5.8478 0.0178687

m7

Intercept 0.4092622 0.6481760 11.2041 0.631 0.540443 – –

CAM_45 0.1789239 0.0844533 79.2259 2.119 0.037257 * 4.4885 0.0372566

FLEX_90 ­0.3008807 0.0846151 79.4955 ­3.556 0.000638 *** 12.6442 0.0006381

TRUE 0.0124912 0.0008260 80.1920 15.122 < 2× 10−16 *** 279.8464 < 2.2× 10−16

height 0.0156516 0.0042892 9.2677 3.649 0.005070 ** 13.3154 0.0050703

v ­0.1035858 0.2797597 44.6427 ­0.370 0.712935 0.1371 0.7129345

weight ­0.0108532 0.0043725 9.3183 ­2.482 0.034027 * 6.1612 0.0340269

CAM_45:TRUE ­0.0017044 0.0008203 79.2303 ­2.078 0.040974 * 4.3169 0.0409742

FLEX_90:TRUE 0.0019828 0.0008204 79.2537 2.417 0.017961 * 5.8404 0.0179610

m8

Intercept ­1.3347343 1.0445970 10.9689 ­1.278 0.227717 – –

CAM_45 0.1783148 0.0841977 79.8123 2.118 0.037303 * 4.4851 0.0373034

FLEX_90 ­0.2979461 0.0843924 80.0314 ­3.530 0.000691 *** 12.4643 0.0006912

TRUE 0.0124375 0.0008247 80.5969 15.081 < 2× 10−16 *** 277.9458 < 2.2× 10−16

height 0.0264566 0.0062229 12.0366 4.252 0.001117 ** 18.0754 0.0011168
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Model Term Est. SE df t p Sig. F pANOVA

v ­0.2571267 0.3064700 67.0035 ­0.839 0.404456 0.7039 0.4044557

gender 0.1080494 0.0531872 13.8176 2.031 0.061899 . 4.1270 0.0618990

age 0.0036085 0.0094867 14.2851 0.380 0.709264 0.1447 0.7092645

weight ­0.0128249 0.0038187 9.9167 ­3.358 0.007345 ** 11.2792 0.0073453

CAM_45:TRUE ­0.0017113 0.0008178 79.8158 ­2.092 0.039577 * 4.3783 0.0395770

FLEX_90:TRUE 0.0019720 0.0008180 79.8349 2.411 0.018214 * 5.8121 0.0182141

m9

Intercept 0.9862255 0.7730183 11.3638 1.276 0.227484 – –

CAM_45 0.1784637 0.0842433 79.6870 2.118 0.037254 * 4.4878 0.0372542

FLEX_90 ­0.2986633 0.0844362 79.9115 ­3.537 0.000677 *** 12.5114 0.0006768

TRUE 0.0124506 0.0008251 80.4911 15.090 < 2× 10−16 *** 278.3210 < 2.2× 10−16

height 0.0086690 0.0041397 9.7581 2.094 0.063373 . 4.3853 0.0633735

v ­0.2196039 0.3051031 65.4330 ­0.720 0.474230 0.5181 0.4742300

CAM_45:TRUE ­0.0017096 0.0008183 79.6906 ­2.089 0.039876 * 4.3650 0.0398762

FLEX_90:TRUE 0.0019747 0.0008184 79.7102 2.413 0.018130 * 5.8212 0.0181297

7
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C Python code

1 # -*- coding: utf-8 -*-

2

3 #

################--------------------------------------------------------------------------------------------------------

code block 0

4 ## minimal single-file pipeline: video -> raw json -> grid search -> plots ->

filtered json

5 # this file does four things:

6 # 1) extracts hip/knee/shoulder landmarks from videos and computes total abduction

angle, saving raw json

7 # 2) runs a 2d grid search to find best one euro filter parameters (min_cutoff, beta

)

8 # 3) saves heatmaps and group-average plots for raw vs filtered signals

9 # 4) writes filtered json files by applying the best parameters to raw json signals

10

11 import os

12 import re

13 import json

14 import math

15 from pathlib import Path

16

17 import cv2

18 import numpy as np

19 import matplotlib.pyplot as plt

20 import mediapipe as mp

21

22

23 #

################--------------------------------------------------------------------------------------------------------

code block 0a

24 ## configuration

25 # defines input/output folders and a few processing constants

26

27 video_root = Path("video") # input videos: video/<patient>/*.mp4 or *.mov

28 raw_root = Path("data") # output raw json: data/<patient>/pose_data_raw_<video>.json

29 flt_root = Path("data_one_euro") # output filtered json: data_one_euro/<patient>/

pose_data_one_euro_<video>.json

30

31 results_dir = raw_root / "global_grid_results"

32 plots_dir = results_dir / "plots"

33 heatmaps_dir = results_dir / "heatmaps"
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34

35 sample_ms = 50 # sample one frame every sample_ms milliseconds

36 duration_limit_s = 2.0 # process only first duration_limit_s seconds of each video

37 show_preview = False # set true only for manual visual checking during debugging

38

39 # grid search setup (min_cutoff, beta)

40 n_min_cutoff = 25

41 n_beta = 20

42 min_cutoff_min = 0.1

43 min_cutoff_max = 4.0

44 beta_min = 0.0

45 beta_max = 1.0

46

47 d_cutoff = 1.0 # derivative cutoff kept fixed for simplicity

48

49 # create folders

50 for p in [raw_root, flt_root, results_dir, plots_dir, heatmaps_dir]:

51 p.mkdir(parents=True, exist_ok=True)

52

53

54 #

################--------------------------------------------------------------------------------------------------------

code block 1

55 ## one euro filter implementation

56 # adaptive low-pass filter for smoothing angle signals with less lag during fast

motion

57

58 class OneEuro:

59 def __init__(self, min_cutoff=1.0, beta=0.0, d_cutoff=1.0):

60 self.min_cutoff = float(min_cutoff)

61 self.beta = float(beta)

62 self.d_cutoff = float(d_cutoff)

63 self.x_prev = None

64 self.dx_prev = 0.0

65 self.t_prev = None

66

67 @staticmethod

68 def _alpha(dt, cutoff):

69 tau = 1.0 / (2.0 * math.pi * cutoff)

70 return 1.0 / (1.0 + tau / dt)

71

72 def filter(self, t, x):

73 if self.t_prev is None:

72



74 self.t_prev, self.x_prev, self.dx_prev = t, x, 0.0

75 return x

76

77 dt = max(1e-6, t - self.t_prev)

78 dx = (x - self.x_prev) / dt

79

80 a_d = self._alpha(dt, self.d_cutoff)

81 dx_hat = a_d * dx + (1.0 - a_d) * self.dx_prev

82

83 cutoff = max(1e-6, self.min_cutoff + self.beta * abs(dx_hat))

84 a_x = self._alpha(dt, cutoff)

85 x_hat = a_x * x + (1.0 - a_x) * self.x_prev

86

87 self.t_prev, self.x_prev, self.dx_prev = t, x_hat, dx_hat

88 return x_hat

89

90

91 #

################--------------------------------------------------------------------------------------------------------

code block 2

92 ## geometry helpers + total abduction angle

93 # computes the angle between vectors (hip-midpoint -> left knee) and (hip-midpoint

-> right knee)

94

95 def _unit(v):

96 n = math.hypot(v["x"], v["y"])

97 return {"x": v["x"] / n, "y": v["y"] / n} if n > 1e-6 else {"x": 0.0, "y": 0.0}

98

99 def _sub(a, b):

100 return {"x": a["x"] - b["x"], "y": a["y"] - b["y"]}

101

102 def _dot(a, b):

103 return a["x"] * b["x"] + a["y"] * b["y"]

104

105 def _angle_between(a, b):

106 c = max(-1.0, min(1.0, _dot(_unit(a), _unit(b))))

107 return math.degrees(math.acos(c))

108

109 def _hip_midpoint(L):

110 return {

111 "x": (L["left_hip"]["x"] + L["right_hip"]["x"]) / 2.0,

112 "y": (L["left_hip"]["y"] + L["right_hip"]["y"]) / 2.0,

113 }
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114

115 def total_abduction(L):

116 H_mid = _hip_midpoint(L)

117 vL = _sub(L["left_knee"], H_mid)

118 vR = _sub(L["right_knee"], H_mid)

119 return _angle_between(vL, vR), H_mid

120

121

122 #

################--------------------------------------------------------------------------------------------------------

code block 3

123 ## video -> raw json extraction (mediapipe pose)

124 # reads each video, samples frames, runs mediapipe pose, computes abduction, and

saves raw json per video

125

126 mp_pose = mp.solutions.pose

127 pose = mp_pose.Pose(

128 model_complexity=1,

129 enable_segmentation=False,

130 min_detection_confidence=0.3,

131 min_tracking_confidence=0.3,

132 )

133

134 LM = {

135 "LEFT_HIP": 23,

136 "RIGHT_HIP": 24,

137 "LEFT_KNEE": 25,

138 "RIGHT_KNEE": 26,

139 }

140

141 def extract_raw_from_videos(video_root: Path, raw_root: Path):

142 patient_dirs = sorted([p for p in video_root.iterdir() if p.is_dir() and p.name.

lower().startswith("n")])

143

144 for patient_dir in patient_dirs:

145 out_dir = raw_root / patient_dir.name

146 out_dir.mkdir(parents=True, exist_ok=True)

147

148 videos = sorted([f for f in patient_dir.iterdir() if f.suffix.lower() in (".

mp4", ".mov")])

149 for video_path in videos:

150 cap = cv2.VideoCapture(str(video_path))

151 if not cap.isOpened():
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152 continue

153

154 fps = cap.get(cv2.CAP_PROP_FPS) or 30.0

155 frame_interval = int(round(fps * (sample_ms / 1000.0)))

156 duration_frames = int(duration_limit_s * fps)

157

158 frames = []

159 frame_count = 0

160

161 while cap.isOpened():

162 ret, frame = cap.read()

163 if not ret or frame_count > duration_frames:

164 break

165

166 frame = cv2.rotate(frame, cv2.ROTATE_180)

167

168 if frame_count % frame_interval == 0:

169 rgb = cv2.cvtColor(frame, cv2.COLOR_BGR2RGB)

170 res = pose.process(rgb)

171 timestamp = round(frame_count / fps, 3)

172

173 if res.pose_landmarks:

174 lm = res.pose_landmarks.landmark

175 coords = {}

176 for name, idx in LM.items():

177 p = lm[idx]

178 coords[name.lower()] = {

179 "x": round(p.x, 5),

180 "y": round(p.y, 5),

181 "z": round(p.z, 5),

182 "v": round(p.visibility, 5),

183 }

184

185 abd_raw, H_mid = total_abduction(coords)

186

187 frames.append({

188 "timeframe_s": timestamp,

189 "abduction_total": round(abd_raw, 3),

190 "landmarks": coords,

191 })

192

193 if show_preview:

194 h, w, _ = frame.shape
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195 points = {n: (int(c["x"] * w), int(c["y"] * h)) for n, c in

coords.items()}

196 Hx, Hy = int(H_mid["x"] * w), int(H_mid["y"] * h)

197

198 for p_pt in points.values():

199 cv2.circle(frame, p_pt, 6, (0, 0, 255), -1)

200 cv2.circle(frame, (Hx, Hy), 6, (0, 0, 255), -1)

201

202 cv2.line(frame, (Hx, Hy), points["left_knee"], (0, 255, 0),

2)

203 cv2.line(frame, (Hx, Hy), points["right_knee"], (0, 255, 0),

2)

204

205 cv2.putText(frame, f"raw: {abd_raw:.1f} deg", (50, 50),

206 cv2.FONT_HERSHEY_SIMPLEX, 0.7, (255, 255, 255),

2)

207

208 cv2.imshow("pose tracking (total abduction)", cv2.resize(

frame, (640, 360)))

209 if cv2.waitKey(1) & 0xFF == ord("q"):

210 break

211

212 frame_count += 1

213

214 cap.release()

215 if show_preview:

216 cv2.destroyAllWindows()

217

218 out_path = out_dir / f"pose_data_raw_{video_path.stem}.json"

219 with open(out_path, "w", encoding="utf-8") as f:

220 json.dump({

221 "video_file": video_path.name,

222 "patient_folder": patient_dir.name,

223 "settings": {

224 "filtered": False,

225 "sample_ms": sample_ms,

226 "duration_limit_s": duration_limit_s,

227 },

228 "frames": frames,

229 }, f, indent=2, ensure_ascii=False)

230

231
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232 #

################--------------------------------------------------------------------------------------------------------

code block 4

233 ## searching for best parameters for one euro - grid search

234 # loads raw json trials, extracts labels from filenames, evaluates each (min_cutoff,

beta) by 0.5*rmse + 0.5*noise

235

236 def parse_video_name(name: str):

237 base = Path(name).stem.lower()

238 m_cam = re.search(r"(\d+)cam", base)

239 cam = int(m_cam.group(1)) if m_cam else None

240

241 m_flex = re.search(r"(\d+)f_", base)

242 flex = int(m_flex.group(1)) if m_flex else None

243

244 m_abd = re.search(r"f_(\d+)", base)

245 abduction = float(m_abd.group(1)) if m_abd else np.nan

246

247 condition = f"cam{cam}_f{flex}" if (cam is not None and flex is not None) else "

unknown"

248 return abduction, condition

249

250 def load_trials_from_raw(raw_root: Path):

251 trials = []

252 patient_folders = sorted([p for p in raw_root.iterdir() if p.is_dir()])

253

254 for patient_dir in patient_folders:

255 json_files = sorted([f for f in patient_dir.iterdir()

256 if f.name.startswith("pose_data_raw_") and f.suffix == ".

json"])

257 for jf in json_files:

258 with open(jf, "r", encoding="utf-8") as f:

259 j = json.load(f)

260

261 frames = j.get("frames", [])

262 if not frames:

263 continue

264

265 times = np.array([fr.get("timeframe_s", np.nan) for fr in frames], dtype=

float)

266 raw_angles = np.array([fr.get("abduction_total", np.nan) for fr in frames

], dtype=float)

267
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268 video_name = j.get("video_file", jf.name)

269 abduction, condition = parse_video_name(video_name)

270 if np.isnan(abduction):

271 continue

272

273 trials.append({

274 "patient": patient_dir.name,

275 "json_file": jf.name,

276 "video_file": video_name,

277 "condition": condition,

278 "abduction": abduction,

279 "times": times,

280 "raw": raw_angles,

281 "true_vals": np.full_like(raw_angles, abduction, dtype=float),

282 })

283

284 return trials

285

286 def filter_signal(raw_angles, times, params):

287 f = OneEuro(min_cutoff=params["min_cutoff"], beta=params["beta"], d_cutoff=

d_cutoff)

288 return np.array([f.filter(t, x) for t, x in zip(times, raw_angles)], dtype=float

)

289

290 def rmse(pred, true):

291 pred = np.asarray(pred, dtype=float)

292 true = np.asarray(true, dtype=float)

293 m = ~np.isnan(pred) & ~np.isnan(true)

294 return float(np.sqrt(np.mean((pred[m] - true[m]) ** 2))) if np.any(m) else np.

nan

295

296 def noise(sig):

297 s = np.array(sig, dtype=float)

298 if len(s) < 2:

299 return np.nan

300 return float(np.nanmean(np.abs(np.diff(s))))

301

302 def run_grid_search(trials):

303 min_cutoff_grid = np.linspace(min_cutoff_min, min_cutoff_max, n_min_cutoff)

304 beta_grid = np.linspace(beta_min, beta_max, n_beta)

305

306 obj_grid = np.zeros((n_min_cutoff, n_beta))

307 rmse_grid = np.zeros((n_min_cutoff, n_beta))
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308 noise_grid = np.zeros((n_min_cutoff, n_beta))

309

310 best_value = None

311 best_params = None

312

313 for i, min_c in enumerate(min_cutoff_grid):

314 for j, beta in enumerate(beta_grid):

315 params = {"min_cutoff": float(min_c), "beta": float(beta)}

316

317 rmses = []

318 noises = []

319 for tr in trials:

320 filtered = filter_signal(tr["raw"], tr["times"], params)

321 rmses.append(rmse(filtered, tr["true_vals"]))

322 noises.append(noise(filtered))

323

324 mean_rmse = np.nanmean(rmses)

325 mean_noise = np.nanmean(noises)

326 value = 0.5 * mean_rmse + 0.5 * mean_noise

327

328 rmse_grid[i, j] = mean_rmse

329 noise_grid[i, j] = mean_noise

330 obj_grid[i, j] = value

331

332 if best_value is None or value < best_value:

333 best_value = float(value)

334 best_params = params.copy()

335

336 return best_params, best_value, min_cutoff_grid, beta_grid, obj_grid, rmse_grid,

noise_grid

337

338

339 #

################--------------------------------------------------------------------------------------------------------

code block 5

340 ## plotting outputs (heatmaps + group mean curves)

341 # creates summary visuals for the grid search and for average raw vs filtered

signals per (abduction, condition) group

342

343 def plot_heatmap(grid, min_cutoff_grid, beta_grid, title, out_path: Path):

344 plt.figure(figsize=(6, 5))

345 extent = [beta_grid[0], beta_grid[-1], min_cutoff_grid[0], min_cutoff_grid[-1]]

346 plt.imshow(grid, origin="lower", extent=extent, aspect="auto")
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347 plt.colorbar(label=title)

348 plt.xlabel("beta")

349 plt.ylabel("min_cutoff")

350 plt.title(title)

351 plt.tight_layout()

352 plt.savefig(out_path, dpi=150)

353 plt.close()

354

355 def make_group_plots(trials, best_params, out_dir: Path, n_points=200):

356 out_dir.mkdir(parents=True, exist_ok=True)

357

358 for tr in trials:

359 tr["filtered"] = filter_signal(tr["raw"], tr["times"], best_params)

360

361 groups = {}

362 for tr in trials:

363 key = (tr["abduction"], tr["condition"])

364 groups.setdefault(key, []).append(tr)

365

366 time_grid = np.linspace(0.0, 1.0, n_points)

367

368 for (abduction, condition), group_trials in sorted(groups.items(), key=lambda x:

(x[0][0], x[0][1])):

369 raw_list, flt_list = [], []

370

371 for tr in group_trials:

372 raw = tr["raw"]

373 flt = tr["filtered"]

374 n = len(raw)

375 if n < 2:

376 continue

377

378 t_norm = np.linspace(0.0, 1.0, n)

379 raw_list.append(np.interp(time_grid, t_norm, raw))

380 flt_list.append(np.interp(time_grid, t_norm, flt))

381

382 if not raw_list:

383 continue

384

385 raw_mean = np.nanmean(np.vstack(raw_list), axis=0)

386 flt_mean = np.nanmean(np.vstack(flt_list), axis=0)

387

388 plt.figure(figsize=(8, 4))
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389 plt.plot(time_grid, raw_mean, label="mean raw signal")

390 plt.plot(time_grid, flt_mean, label="mean filtered signal", linestyle="--")

391 plt.xlabel("normalized time")

392 plt.ylabel("abduction angle (deg)")

393 plt.title(f"abduction {abduction:.0f} deg, condition: {condition}")

394 plt.legend()

395 plt.tight_layout()

396

397 safe_condition = re.sub(r"[^a-zA-Z0-9_]+", "", condition)

398 fname = f"abduction_{int(abduction)}_{safe_condition}.png"

399 plt.savefig(out_dir / fname, dpi=150)

400 plt.close()

401

402

403 #

################--------------------------------------------------------------------------------------------------------

code block 6

404 ## raw json -> filtered json writing

405 # applies best one euro parameters to each raw json signal and saves a filtered json

file

406

407 def write_filtered_jsons(raw_root: Path, flt_root: Path, params):

408 patient_folders = sorted([p for p in raw_root.iterdir() if p.is_dir()])

409

410 for patient_dir in patient_folders:

411 out_dir = flt_root / patient_dir.name

412 out_dir.mkdir(parents=True, exist_ok=True)

413

414 json_files = sorted([f for f in patient_dir.iterdir()

415 if f.name.startswith("pose_data_raw_") and f.suffix == ".

json"])

416 for jf in json_files:

417 with open(jf, "r", encoding="utf-8") as f:

418 j = json.load(f)

419

420 frames = j.get("frames", [])

421 if not frames:

422 continue

423

424 times = np.array([fr.get("timeframe_s", np.nan) for fr in frames], dtype=

float)

425 raw_angles = np.array([fr.get("abduction_total", np.nan) for fr in frames

], dtype=float)
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426

427 flt_angles = filter_signal(raw_angles, times, params)

428

429 flt_frames = [{"timeframe_s": float(t), "abduction_total": round(float(a)

, 3)}

430 for t, a in zip(times, flt_angles)]

431

432 base_name = jf.name.replace("pose_data_raw_", "").replace(".json", "")

433 out_path = out_dir / f"pose_data_one_euro_{base_name}.json"

434

435 with open(out_path, "w", encoding="utf-8") as f:

436 json.dump({

437 "video_file": j.get("video_file", ""),

438 "patient_folder": j.get("patient_folder", patient_dir.name),

439 "settings": {

440 "filtered": True,

441 "filter_type": "one_euro",

442 "min_cutoff": params["min_cutoff"],

443 "beta": params["beta"],

444 "d_cutoff": d_cutoff,

445 "sample_ms": sample_ms,

446 "duration_limit_s": duration_limit_s,

447 },

448 "frames": flt_frames,

449 }, f, indent=2, ensure_ascii=False)

450

451

452 #

################--------------------------------------------------------------------------------------------------------

code block 7

453 ## eexecution

454

455 def main():

456 extract_raw_from_videos(video_root, raw_root)

457

458 trials = load_trials_from_raw(raw_root)

459 if not trials:

460 return

461

462 best_params, best_value, min_c_grid, beta_grid, obj_grid, rmse_grid, noise_grid

= run_grid_search(trials)

463
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464 with open(results_dir / "one_euro_global_params_grid.json", "w", encoding="utf-8

") as f:

465 json.dump({

466 "min_cutoff": best_params["min_cutoff"],

467 "beta": best_params["beta"],

468 "d_cutoff": d_cutoff,

469 "best_combined_value": float(best_value),

470 "grid_min_cutoff": min_c_grid.tolist(),

471 "grid_beta": beta_grid.tolist(),

472 }, f, indent=2, ensure_ascii=False)

473

474 plot_heatmap(obj_grid, min_c_grid, beta_grid,

475 "combined (0.5*rmse + 0.5*noise)", heatmaps_dir / "heatmap_combined.

png")

476 plot_heatmap(rmse_grid, min_c_grid, beta_grid,

477 "mean rmse", heatmaps_dir / "heatmap_rmse.png")

478 plot_heatmap(noise_grid, min_c_grid, beta_grid,

479 "mean noise", heatmaps_dir / "heatmap_noise.png")

480

481 make_group_plots(trials, best_params, plots_dir)

482 write_filtered_jsons(raw_root, flt_root, best_params)

483

484

485 if __name__ == "__main__":

486 try:

487 main()

488 finally:

489 pose.close()

490 cv2.destroyAllWindows()
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D R code

1 ################## ---------------------------------- 1. PACKAGES.

2

3 # install.packages(c("dplyr","tidyr","stringr","purrr","tibble","readxl",

4 # "jsonlite","ggplot2","lme4","lmerTest"))

5 # install.packages(c("randomForest","xgboost","nnet","pROC","e1071")) # optional ML

6

7 library(dplyr)

8 library(tidyr)

9 library(stringr)

10 library(purrr)

11 library(tibble)

12 library(readxl)

13 library(jsonlite)

14 library(ggplot2)

15 library(lme4)

16 library(lmerTest)

17

18

19 ################## ---------------------------------- 2. FUNCTIONS.

20

21 # small helper: use left if it exists, otherwise right

22 `%||%` <- function(a, b) if (!is.null(a)) a else b

23

24 # quick numeric conversion (Excel/factors sometimes mess this up)

25 as_num <- function(x) as.numeric(as.character(x))

26

27 # folders look like n1 / n012 etc.

28 extract_patient_id_from_folder <- function(folder_name) {

29 as.numeric(str_extract(folder_name, "\\d+"))

30 }

31

32 # find patient folders in a directory (only first level)

33 find_patient_dirs <- function(root_path) {

34 dirs <- list.dirs(root_path, full.names = TRUE, recursive = FALSE)

35 dirs[str_detect(basename(dirs), "^n\\d+$")]

36 }

37

38 # simple measure of how “”jumpy the signal is

39 noise_mean_abs_diff <- function(x) {

40 x <- as.numeric(x)

41 mean(abs(diff(x)), na.rm = TRUE)
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42 }

43

44 # map angle to zone based on thresholds in cfg$zone

45 classify_zone <- function(angle, zone) {

46 if (is.na(angle)) return(NA_character_)

47 if (angle >= zone$white && angle < zone$green) return("white")

48 if (angle >= zone$green && angle < zone$yellow) return("green")

49 if (angle >= zone$yellow && angle < zone$red) return("yellow")

50 if (angle >= zone$red) return("red")

51 NA_character_

52 }

53

54 # read questionnaire and rename main columns to standard names

55 read_quiz <- function(quiz_file) {

56 quiz <- read_excel(quiz_file)

57

58 quiz %>%

59 select(1:(ncol(.) - 3)) %>% # keep same logic as before

60 rename_with(~ case_when(

61 str_detect(.x, "žamius|žAmius|amzius|ius") ~ "age",

62 str_detect(.x, "voris|svoris") ~ "weight",

63 str_detect(.x, "gisū|gis|ugis") ~ "height",

64 str_detect(.x, "ytis|lytis") ~ "gender",

65 str_detect(.x, "koja") ~ "dominant_leg",

66 str_detect(.x, "paciento") ~ "patient_id",

67 str_detect(.x, "daryti") ~ "trauma",

68 TRUE ~ .x

69 )) %>%

70 mutate(patient_id = as.numeric(str_extract(as.character(patient_id), "\\d+")))

71 }

72

73 # parse trial info from video file name

74 parse_video_file <- function(video_file) {

75 stem <- tools::file_path_sans_ext(basename(video_file))

76 m <- str_match(stem, ".*n(\\d+)_([0-3])_([0-9]+)cam_([0-9]+)f_([0-9]+)")

77

78 tibble(

79 video_file = video_file,

80 patient_id = as.numeric(m[1, 2]),

81 trial_code = m[1, 3],

82 rep_index = as.numeric(m[1, 3]),

83 camera_deg = as.numeric(m[1, 4]),

84 hip_flexion_deg = as.numeric(m[1, 5]),
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85 abduction_target_deg = as.numeric(m[1, 6])

86 )

87 }

88

89 # process one json: take frame data -> trial summary row

90 process_one_json <- function(json_path, cfg) {

91 obj <- fromJSON(json_path, flatten = TRUE)

92 frames <- obj$frames

93

94 # metadata comes either from json fields or from folder

95 video_file <- obj$video_file %||% NA_character_

96 patient_folder <- obj$patient_folder %||% NA_character_

97 pf_id <- extract_patient_id_from_folder(patient_folder)

98

99 meta <- if (!is.na(video_file)) {

100 parse_video_file(video_file)

101 } else {

102 tibble(

103 video_file = NA_character_,

104 patient_id = pf_id,

105 trial_code = NA_character_,

106 rep_index = NA_real_,

107 camera_deg = NA_real_,

108 hip_flexion_deg = NA_real_,

109 abduction_target_deg = NA_real_

110 )

111 }

112

113 # main signal per frame

114 abduction_raw <- as.numeric(frames$abduction_total)

115

116 # visibility is optional (depends on json columns)

117 v_cols <- grep("\\.v$", names(frames), value = TRUE)

118 frame_visibility <- if (length(v_cols) > 0) {

119 rowMeans(as.matrix(frames[, v_cols, drop = FALSE]), na.rm = TRUE)

120 } else {

121 rep(NA_real_, length(abduction_raw))

122 }

123 mean_visibility <- mean(frame_visibility, na.rm = TRUE)

124

125 # true target angle (from parsed name)

126 target <- meta$abduction_target_deg[1]

127
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128 # trial-level summaries

129 mean_abduction <- mean(abduction, na.rm = TRUE)

130 abs_error_vec <- abs(abduction - target)

131

132 bind_cols(

133 tibble(

134 json_file = basename(json_path),

135 patient_folder = patient_folder,

136 n_frames = length(abduction),

137 mean_visibility = mean_visibility,

138 true_abduction_deg = target,

139 estimated_abduction_deg = mean_abduction,

140 mean_abduction = mean_abduction,

141 mae_frame_mean = mean(abs_error_vec, na.rm = TRUE),

142 rmse_abduction = sqrt(mean((abduction - target)^2, na.rm = TRUE)),

143 noise_mean_abs_diff = noise_mean_abs_diff(abduction),

144 true_zone = classify_zone(target, cfg$zone),

145 estimated_zone = classify_zone(mean_abduction, cfg$zone),

146 abs_error_vec = list(abs_error_vec)

147 ),

148 meta

149 )

150 }

151

152 # go through folders and all data collected

153 read_all_json <- function(cfg) {

154 patient_dirs <- unlist(lapply(cfg$data_dirs, find_patient_dirs))

155 map_dfr(patient_dirs, function(patient_dir) {

156 json_files <- list.files(patient_dir, pattern = "\\.json$", full.names = TRUE)

157 map_dfr(json_files, ~process_one_json(.x, cfg))

158 })

159 }

160

161 # join trial data with quiz

162 build_master_raw <- function(df_trial, quiz) {

163 master_table <- df_trial %>%

164 mutate(bias = mean_abduction - true_abduction_deg) %>%

165 left_join(quiz, by = "patient_id") %>%

166 filter(!(grepl("^\\d{2}$", as.character(trial_code)))) %>%

167 select(-trial_code)

168

169 master_condition <- master_table %>%

170 filter(!is.na(patient_id),
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171 !is.na(camera_deg),

172 !is.na(hip_flexion_deg),

173 !is.na(abduction_target_deg)) %>%

174 group_by(patient_id, camera_deg, hip_flexion_deg, abduction_target_deg) %>%

175 summarise(

176 n_trials = n_distinct(rep_index),

177 theta_mean = mean(mean_abduction, na.rm = TRUE),

178 mae_mean = mean(mae_frame_mean, na.rm = TRUE),

179 rmse_mean = mean(rmse_abduction, na.rm = TRUE),

180 noise_mean = mean(noise_mean_abs_diff, na.rm = TRUE),

181 vis_mean = mean(mean_visibility, na.rm = TRUE),

182 mae_median = median(unlist(abs_error_vec), na.rm = TRUE),

183 mae_q1 = quantile(unlist(abs_error_vec), 0.25, na.rm = TRUE, names = FALSE),

184 mae_q3 = quantile(unlist(abs_error_vec), 0.75, na.rm = TRUE, names = FALSE),

185 .groups = "drop"

186 )

187

188 list(master_table = master_table, master_condition = master_condition)

189 }

190

191 # mixed model for MAE (log scale)

192 run_lmm_model_suite <- function(dat0, outcome,

193 out_dir = NULL,

194 save_files = TRUE) {

195

196 need_all <- c(outcome,

197 "camera_deg", "hip_flexion_deg", "angle_true", "patient_id",

198 "gender", "age", "height", "weight", "bmi", "vis_mean")

199

200 dat_m <- dat0 %>%

201 select(any_of(need_all)) %>%

202 drop_na() %>%

203 mutate(

204 patient_id = factor(patient_id),

205 camera_deg = factor(camera_deg),

206 hip_flexion_deg = factor(hip_flexion_deg),

207 gender = factor(gender),

208 age = as_num(age),

209 height = as_num(height),

210 weight = as_num(weight),

211 bmi = as_num(bmi),

212 vis_mean = as_num(vis_mean)

213 ) %>%
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214 droplevels()

215

216

217 f_m0 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

(1|patient_id)"))

218 f_m1 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

gender + (1|patient_id)"))

219 f_m2 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

gender + age + (1|patient_id)"))

220 f_m3 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

gender + age + height + weight + (1|patient_id)"))

221 f_m4 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

height + (1|patient_id)"))

222 f_m5 <- as.formula(paste0(outcome, " ~ angle_true + (1|patient_id)"))

223 f_m6 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

height + weight + (1|patient_id)"))

224 f_m7 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

height + vis_mean + weight + (1|patient_id)"))

225 f_m8 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

height + vis_mean + gender + age + weight + (1|patient_id)"))

226 f_m9 <- as.formula(paste0(outcome, " ~ camera_deg * hip_flexion_deg * angle_true +

height + vis_mean + (1|patient_id)"))

227

228 models <- list(

229 m0 = lmerTest::lmer(f_m0, data = dat_m, REML = FALSE),

230 m1 = lmerTest::lmer(f_m1, data = dat_m, REML = FALSE),

231 m2 = lmerTest::lmer(f_m2, data = dat_m, REML = FALSE),

232 m3 = lmerTest::lmer(f_m3, data = dat_m, REML = FALSE),

233 m4 = lmerTest::lmer(f_m4, data = dat_m, REML = FALSE),

234 m5 = lmerTest::lmer(f_m5, data = dat_m, REML = FALSE),

235 m6 = lmerTest::lmer(f_m6, data = dat_m, REML = FALSE),

236 m7 = lmerTest::lmer(f_m7, data = dat_m, REML = FALSE),

237 m8 = lmerTest::lmer(f_m8, data = dat_m, REML = FALSE),

238 m9 = lmerTest::lmer(f_m9, data = dat_m, REML = FALSE)

239 )

240 }

241

242 # small theme so plots look similar

243 theme_thesis <- function(base_size = 13) {

244 theme_minimal(base_size = base_size) +

245 theme(

246 plot.title = element_text(face = "bold", size = base_size + 2),

247 axis.title = element_text(face = "bold"),
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248 panel.grid.minor = element_blank()

249 )

250 }

251

252 # build confusion matrix + plots for zones

253 make_confusion_outputs <- function(master_condition, cfg) {

254 mc_raw <- master_condition %>%

255 mutate(

256 angle_true = as_num(abduction_target_deg),

257 theta_mean = as_num(theta_mean),

258 true_zone = vapply(angle_true, classify_zone, character(1), zone = cfg$zone),

259 est_zone = vapply(theta_mean, classify_zone, character(1), zone = cfg$zone)

260 ) %>%

261 filter(!is.na(true_zone), !is.na(est_zone)) %>%

262 mutate(

263 true_zone = factor(as.character(true_zone), levels = c("white","green","yellow

","red")),

264 est_zone = factor(as.character(est_zone), levels = c("white","green","yellow",

"red"))

265 )

266

267 cm <- with(mc_raw, table(true_zone, est_zone))

268 cm_df <- as.data.frame(cm)

269 names(cm_df) <- c("true_zone", "est_zone", "n")

270

271 cm_prop <- prop.table(cm, margin = 1)

272 cm_prop_df <- as.data.frame(cm_prop)

273 names(cm_prop_df) <- c("true_zone", "est_zone", "prop")

274

275 zone_labels <- c(

276 white = "White (<60°)",

277 green = "Green –(6089°)",

278 yellow = "Yellow –(90109°)",

279 red = "Red �(110°)"

280 )

281

282 p_counts <- ggplot(cm_df, aes(x = est_zone, y = true_zone, fill = n)) +

283 geom_tile(color = "white", linewidth = 0.6) +

284 geom_text(aes(label = n), size = 4) +

285 scale_x_discrete(labels = zone_labels, drop = FALSE) +

286 scale_y_discrete(labels = zone_labels, drop = FALSE) +

287 coord_equal() +

288 labs(title = "Confusion matrix (counts)",
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289 x = "Estimated zone", y = "True zone", fill = "Count") +

290 theme_thesis(13)

291

292 p_prop <- ggplot(cm_prop_df, aes(x = est_zone, y = true_zone, fill = prop)) +

293 geom_tile(color = "white", linewidth = 0.6) +

294 geom_text(aes(label = sprintf("%.1f%%", 100 * prop)), size = 4) +

295 scale_x_discrete(labels = zone_labels, drop = FALSE) +

296 scale_y_discrete(labels = zone_labels, drop = FALSE) +

297 coord_equal() +

298 labs(title = "Confusion matrix (row %)",

299 x = "Estimated zone", y = "True zone", fill = "Row %") +

300 theme_thesis(13)

301

302 zone_acc <- mean(as.character(mc_raw$true_zone) == as.character(mc_raw$est_zone),

na.rm = TRUE)

303

304 list(

305 data_used = mc_raw,

306 counts_table = cm_df,

307 prop_table = cm_prop_df,

308 zone_accuracy = zone_acc,

309 plot_counts = p_counts,

310 plot_prop = p_prop

311 )

312 }

313

314 # –BlandAltman plot (true vs estimated)

315 make_bland_altman_outputs <- function(master_condition) {

316 mc_raw <- master_condition %>%

317 mutate(

318 angle_true = as_num(abduction_target_deg),

319 theta_mean = as_num(theta_mean)

320 ) %>%

321 filter(angle_true != 0)

322

323 ba <- mc_raw %>%

324 mutate(

325 mean_angle = (theta_mean + angle_true) / 2,

326 diff_angle = theta_mean - angle_true

327 )

328

329 ba_mean <- mean(ba$diff_angle, na.rm = TRUE)

330 ba_sd <- sd(ba$diff_angle, na.rm = TRUE)
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331 loa_hi <- ba_mean + 1.96 * ba_sd

332 loa_lo <- ba_mean - 1.96 * ba_sd

333

334 annot_txt <- paste0(

335 "Mean bias = ", sprintf("%.2f°", ba_mean), "\n",

336 "SD = ", sprintf("%.2f°", ba_sd), "\n",

337 "LOA = [", sprintf("%.2f°", loa_lo), ", ", sprintf("%.2f°", loa_hi), "]"

338 )

339

340 p_ba <- ggplot(ba, aes(x = mean_angle, y = diff_angle)) +

341 geom_hline(yintercept = 0, linewidth = 0.4, linetype = "dotted") +

342 geom_hline(yintercept = ba_mean, linewidth = 0.8) +

343 geom_hline(yintercept = loa_hi, linewidth = 0.6, linetype = "dashed") +

344 geom_hline(yintercept = loa_lo, linewidth = 0.6, linetype = "dashed") +

345 geom_point(size = 2, alpha = 0.75) +

346 annotate("label",

347 x = min(ba$mean_angle, na.rm = TRUE),

348 y = max(ba$diff_angle, na.rm = TRUE),

349 hjust = 0, vjust = 1,

350 label = annot_txt, label.size = 0.2) +

351 labs(title = "–BlandAltman plot",

352 x = "Mean of (estimated, true) angle (°)",

353 y = "Difference (estimated −true) (°)") +

354 theme_thesis(13)

355

356 list(

357 data_used = ba,

358 limits = tibble(mean_diff = ba_mean, sd_diff = ba_sd, loa_lo = loa_lo, loa_hi =

loa_hi),

359 plot = p_ba

360 )

361 }

362

363 # scatter plot (true vs predicted), split by camera/flexion

364 make_true_vs_est_plot <- function(master_condition) {

365 mc_raw <- master_condition %>%

366 mutate(

367 angle_true = as_num(abduction_target_deg),

368 theta_mean = as_num(theta_mean)

369 ) %>%

370 filter(angle_true != 0)

371

372 ggplot(mc_raw, aes(x = angle_true, y = theta_mean)) +
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373 geom_point(alpha = 0.75, size = 2) +

374 geom_abline(intercept = 0, slope = 1, linetype = "dashed", linewidth = 0.6) +

375 facet_grid(hip_flexion_deg ~ camera_deg, drop = TRUE) +

376 labs(title = "True vs estimated angle",

377 x = "True angle (°)", y = "Estimated angle (°)") +

378 theme_thesis(12)

379 }

380

381 # to make sure train/test have the same dummy variables

382 make_mm <- function(X_train, X_test) {

383 for (nm in names(X_train)) {

384 if (is.character(X_train[[nm]])) X_train[[nm]] <- factor(X_train[[nm]])

385 if (is.factor(X_train[[nm]])) {

386 X_test[[nm]] <- factor(X_test[[nm]], levels = levels(X_train[[nm]]))

387 }

388 }

389

390 mm_train <- model.matrix(~ . - 1, data = X_train)

391 mm_test <- model.matrix(~ . - 1, data = X_test)

392

393 miss <- setdiff(colnames(mm_train), colnames(mm_test))

394 if (length(miss) > 0) {

395 mm_test <- cbind(mm_test, matrix(0, nrow(mm_test), length(miss),

396 dimnames = list(NULL, miss)))

397 }

398

399 mm_test <- mm_test[, colnames(mm_train), drop = FALSE]

400 list(mm_train = mm_train, mm_test = mm_test)

401 }

402

403 # macro F1: average per class

404 macro_f1 <- function(y_true, y_pred) {

405 y_true <- factor(y_true)

406 y_pred <- factor(y_pred, levels = levels(y_true))

407 lv <- levels(y_true)

408

409 cm <- table(truth = y_true, pred = y_pred)

410

411 f1s <- sapply(lv, function(cl) {

412 tp <- cm[cl, cl]

413 fp <- sum(cm[, cl]) - tp

414 fn <- sum(cm[cl, ]) - tp

415 prec <- tp / (tp + fp)
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416 rec <- tp / (tp + fn)

417 2 * prec * rec / (prec + rec)

418 })

419

420 mean(f1s, na.rm = TRUE)

421 }

422

423 # macro AUC

424 macro_auc <- function(y_true, prob_mat) {

425 y_true <- factor(y_true)

426 lv <- levels(y_true)

427 prob_mat <- as.data.frame(prob_mat)

428

429 aucs <- sapply(lv, function(cl) {

430 y_bin <- as.integer(y_true == cl)

431 r <- pROC::roc(response = y_bin, predictor = prob_mat[[cl]], quiet = TRUE)

432 as.numeric(pROC::auc(r))

433 })

434

435 mean(aucs, na.rm = TRUE)

436 }

437

438 # MAE/RMSE/R2 for regression

439 reg_metrics <- function(true, pred) {

440 err <- pred - true

441 mae <- mean(abs(err), na.rm = TRUE)

442 rmse <- sqrt(mean(err^2, na.rm = TRUE))

443 r2 <- 1 - sum((true - pred)^2, na.rm = TRUE) /

444 sum((true - mean(true, na.rm = TRUE))^2, na.rm = TRUE)

445 list(n = length(true), MAE = mae, RMSE = rmse, R2 = r2)

446 }

447

448 # LOPO classification

449 run_lopo_classification <- function(df, feature_cols,

450 target_col = "true_zone",

451 patient_col = "patient_id",

452 models = c("Baseline", "RandomForest", "XGBoost", "

Multinom", "SVM")) {

453

454 df <- df %>% filter(!is.na(.data[[patient_col]]), !is.na(.data[[target_col]]))

455 feature_cols <- intersect(feature_cols, names(df))

456 patients <- sort(unique(df[[patient_col]]))

457
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458 results <- tibble(test_patient = character(), model = character(),

459 accuracy = numeric(), macro_F1 = numeric(), macro_AUC = numeric())

460

461 for (pid in patients) {

462 train <- df %>% filter(.data[[patient_col]] != pid)

463 test <- df %>% filter(.data[[patient_col]] == pid)

464

465 X_train <- train[, feature_cols, drop = FALSE]

466 X_test <- test[, feature_cols, drop = FALSE]

467 y_train <- factor(train[[target_col]])

468 y_test <- factor(test[[target_col]], levels = levels(y_train))

469 class_levels <- levels(y_train)

470

471 add_row <- function(model_name, y_pred, prob_mat = NULL) {

472 tibble(test_patient = as.character(pid), model = model_name,

473 accuracy = mean(y_pred == y_test, na.rm = TRUE),

474 macro_F1 = macro_f1(y_test, y_pred),

475 macro_AUC = if (is.null(prob_mat)) NA_real_ else macro_auc(y_test, prob_

mat))

476 }

477

478 # baseline

479 if ("Baseline" %in% models) {

480 maj <- names(which.max(table(y_train)))

481 pred <- factor(rep(maj, length(y_test)), levels = class_levels)

482 results <- bind_rows(results, add_row("Baseline_Majority", pred, NULL))

483 }

484

485 # random forest

486 if ("RandomForest" %in% models) {

487 rf <- randomForest::randomForest(x = X_train, y = y_train, ntree = 500)

488 prob <- predict(rf, newdata = X_test, type = "prob")

489 prob <- prob[, class_levels, drop = FALSE]

490 pred <- factor(colnames(prob)[max.col(prob)], levels = class_levels)

491 results <- bind_rows(results, add_row("RandomForest", pred, prob))

492 }

493

494 # xgboost multiclass

495 if ("XGBoost" %in% models) {

496 mm <- make_mm(X_train, X_test)

497 K <- length(class_levels)

498 y_num <- as.integer(y_train) - 1L

499 dtrain <- xgboost::xgb.DMatrix(mm$mm_train, label = y_num)
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500 dtest <- xgboost::xgb.DMatrix(mm$mm_test)

501

502 params <- list(objective = "multi:softprob", num_class = K, eval_metric = "

mlogloss",

503 max_depth = 4, eta = 0.1, subsample = 0.8, colsample_bytree = 0.8)

504 xgb <- xgboost::xgb.train(params = params, data = dtrain, nrounds = 200,

verbose = 0)

505

506 prob_vec <- predict(xgb, dtest)

507 prob <- matrix(prob_vec, ncol = K, byrow = TRUE)

508 colnames(prob) <- class_levels

509 pred <- factor(class_levels[max.col(prob)], levels = class_levels)

510 results <- bind_rows(results, add_row("XGBoost", pred, prob))

511 }

512

513 # multinomial logistic regression

514 if ("Multinom" %in% models) {

515 mlr <- nnet::multinom(y_train ~ ., data = data.frame(y_train = y_train, X_

train),

516 trace = FALSE, MaxNWts = 100000, maxit = 500)

517 prob <- as.matrix(predict(mlr, newdata = X_test, type = "probs"))

518 prob <- prob[, class_levels, drop = FALSE]

519 pred <- factor(class_levels[max.col(prob)], levels = class_levels)

520 results <- bind_rows(results, add_row("Multinom_LogReg", pred, prob))

521 }

522

523 # svm with probabilities

524 if ("SVM" %in% models) {

525 svm <- e1071::svm(y_train ~ ., data = data.frame(y_train = y_train, X_train),

526 type = "C-classification", kernel = "radial",

527 probability = TRUE, scale = TRUE, cost = 1)

528 pred_obj <- predict(svm, newdata = X_test, probability = TRUE)

529 pred <- factor(pred_obj, levels = class_levels)

530 prob <- attr(pred_obj, "probabilities")[, class_levels, drop = FALSE]

531 results <- bind_rows(results, add_row("SVM", pred, prob))

532 }

533 }

534

535 summary_tbl <- results %>%

536 group_by(model) %>%

537 summarise(

538 mean_acc = mean(accuracy, na.rm = TRUE),

539 mean_macro_F1 = mean(macro_F1, na.rm = TRUE),

96



540 mean_macro_AUC = mean(macro_AUC, na.rm = TRUE),

541 .groups = "drop"

542 )

543

544 list(results = results, summary = summary_tbl)

545 }

546

547 # LOPO regression

548 run_lopo_regression <- function(df, feature_cols,

549 target_col = "angle_true",

550 patient_col = "patient_id",

551 models = c("LM","RandomForest","XGBoost","SVM")) {

552

553 df <- df %>% filter(!is.na(.data[[patient_col]]), !is.na(.data[[target_col]]))

554 feature_cols <- intersect(feature_cols, names(df))

555 patients <- sort(unique(df[[patient_col]]))

556

557 res <- tibble(test_patient = character(), model = character(),

558 n_test = integer(), MAE = numeric(), RMSE = numeric(), R2 = numeric())

559

560 for (pid in patients) {

561 train <- df %>% filter(.data[[patient_col]] != pid)

562 test <- df %>% filter(.data[[patient_col]] == pid)

563

564 X_train <- train[, feature_cols, drop = FALSE]

565 X_test <- test[, feature_cols, drop = FALSE]

566 y_train <- train[[target_col]]

567 y_test <- test[[target_col]]

568

569 add_row <- function(model_name, pred) {

570 m <- reg_metrics(y_test, pred)

571 tibble(test_patient = as.character(pid), model = model_name,

572 n_test = length(y_test), MAE = m$MAE, RMSE = m$RMSE, R2 = m$R2)

573 }

574

575 # linear model baseline

576 if ("LM" %in% models) {

577 lm_mod <- lm(y_train ~ ., data = data.frame(y_train = y_train, X_train))

578 pred <- as.numeric(predict(lm_mod, newdata = X_test))

579 res <- bind_rows(res, add_row("LM", pred))

580 }

581

582 mm <- make_mm(X_train, X_test)
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583 Xtr <- mm$mm_train; Xte <- mm$mm_test

584

585 # random forest regression

586 if ("RandomForest" %in% models) {

587 rf <- randomForest::randomForest(x = Xtr, y = y_train, ntree = 500)

588 pred <- as.numeric(predict(rf, newdata = Xte))

589 res <- bind_rows(res, add_row("RandomForest", pred))

590 }

591

592 # xgboost regression

593 if ("XGBoost" %in% models) {

594 dtrain <- xgboost::xgb.DMatrix(Xtr, label = y_train)

595 dtest <- xgboost::xgb.DMatrix(Xte, label = y_test)

596 params <- list(objective = "reg:squarederror", max_depth = 4, eta = 0.1,

597 subsample = 0.8, colsample_bytree = 0.8)

598 xgb <- xgboost::xgb.train(params = params, data = dtrain, nrounds = 200,

verbose = 0)

599 pred <- as.numeric(predict(xgb, dtest))

600 res <- bind_rows(res, add_row("XGBoost", pred))

601 }

602

603 # svm regression

604 if ("SVM" %in% models) {

605 svm <- e1071::svm(y_train ~ ., data = data.frame(y_train = y_train, X_train),

606 type = "eps-regression", kernel = "radial",

607 scale = TRUE, cost = 1, epsilon = 0.1)

608 pred <- as.numeric(predict(svm, newdata = X_test))

609 res <- bind_rows(res, add_row("SVM", pred))

610 }

611 }

612

613 summary_tbl <- res %>%

614 group_by(model) %>%

615 summarise(

616 mean_MAE = mean(MAE, na.rm = TRUE),

617 mean_RMSE = mean(RMSE, na.rm = TRUE),

618 mean_R2 = mean(R2, na.rm = TRUE),

619 .groups = "drop"

620 )

621

622 list(results = res, summary = summary_tbl)

623 }

624
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625 # feature sets

626 make_feature_sets <- function() {

627 list(

628 est_only = c("theta_mean"),

629 est_cam_flex = c("theta_mean","camera_deg","hip_flexion_deg"),

630 est_vis = c("theta_mean","vis_mean"),

631 est_all = c("theta_mean","camera_deg","hip_flexion_deg","vis_mean")

632 )

633 }

634

635 # main function: run everything and return it as a list

636 run_pipeline_raw <- function(cfg) {

637 quiz <- read_quiz(cfg$quiz_file)

638 df_trial <- read_all_json(cfg)

639

640 masters <- build_master_raw(df_trial, quiz)

641 master_table <- masters$master_table

642 master_condition <- masters$master_condition

643

644 mae_out <- run_mae_lmm(master_condition, quiz)

645 vis_out <- run_visibility_lmm(master_condition, quiz)

646

647 confusion_out <- make_confusion_outputs(master_condition, cfg)

648 bland_altman_out <- make_bland_altman_outputs(master_condition)

649 true_vs_est_plot <- make_true_vs_est_plot(master_condition)

650

651 # dataset for LOPO

652 ml_df <- master_condition %>%

653 mutate(

654 angle_true = as_num(abduction_target_deg),

655 theta_mean = as_num(theta_mean),

656 vis_mean = as_num(vis_mean),

657 true_zone = vapply(angle_true, classify_zone, character(1), zone = cfg$zone),

658 true_zone = factor(true_zone, levels = c("white","green","yellow","red")),

659 patient_id = factor(patient_id),

660 camera_deg = factor(camera_deg),

661 hip_flexion_deg = factor(hip_flexion_deg)

662 ) %>%

663 filter(angle_true != 0) %>%

664 select(patient_id, true_zone, angle_true, theta_mean, vis_mean, camera_deg, hip_

flexion_deg)

665

666 feature_sets <- make_feature_sets()
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667

668 classification_summary <- imap(feature_sets, function(feats, nm) {

669 run_lopo_classification(ml_df, feats)$summary %>% mutate(feature_set = nm)

670 }) %>% bind_rows()

671

672 regression_summary <- imap(feature_sets, function(feats, nm) {

673 run_lopo_regression(ml_df, feats)$summary %>% mutate(feature_set = nm)

674 }) %>% bind_rows()

675

676 list(

677 cfg = cfg,

678 quiz = quiz,

679 df_trial = df_trial,

680 master_table = master_table,

681 master_condition = master_condition,

682 mixed_models = list(mae = mae_out, visibility = vis_out),

683 thesis_plots = list(

684 confusion = confusion_out,

685 bland_altman = bland_altman_out,

686 true_vs_est = true_vs_est_plot

687 ),

688 ml_df = ml_df,

689 classification_summary = classification_summary,

690 regression_summary = regression_summary

691 )

692 }

693

694

695 ################## ---------------------------------- 3. EXECUTION.

696

697 cfg <- list(

698 data_dirs = file.path(".", "data"),

699 quiz_file = file.path(".", "data.xlsx"),

700 visibility_min = NA_real_,

701 smooth_k = NA_integer_,

702 zone = list(white = 0, green = 60, yellow = 90, red = 110)

703 )

704

705 out <- run_pipeline_raw(cfg)

706

707 master_condition <- out$master_condition

708 mae_anova <- out$mixed_models$mae$anova

709 vis_anova <- out$mixed_models$visibility$anova
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710

711 p_cm_counts <- out$thesis_plots$confusion$plot_counts

712 p_ba <- out$thesis_plots$bland_altman$plot

713 p_true_est <- out$thesis_plots$true_vs_est

714

715 # print(p_cm_counts)

716 # print(p_ba)

717 # print(p_true_est)
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