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Abstract

Duchenne muscular dystrophy (DMD) is a severe, progressive neuromuscular
disease affecting approximately 1 in 3,500-5,000 boys, in which movement dif-
ferences can appear years before diagnosis. Farly detection from everyday video
is appealing but difficult because existing approaches often require controlled
environments, specialised sensors, or clinical expertise. This thesis investigates
whether pose-derived movement features from standard single-camera RGB
video can distinguish children with DMD from typically developing peers. Fea-
tures were extracted using MediaPipe Pose Landmarker Heavy, a markerless
pose-estimation model that tracks body joint positions without physical mark-
ers or specialist equipment. The approach was evaluated on walking and the
rising-from-the-floor task (Gowers manoeuvre), using three interpretable classi-
fiers and leave-one-out cross-validation on publicly sourced video. For walking,
the best-performing model achieved a ROC-AUC of 0.825. The most predic-
tive features were consistent with known DMD movement patterns, including
altered hip movement, reduced stride length, and limited lower-limb mobil-
ity. Results for the Gowers task trended in the expected direction but were
inconclusive, limited by the small number of available control videos. Over-
all, the results support markerless single-camera video as a feasible direction
for interpretable DMD-related movement analysis, while remaining limited by

public-video data quality and pose-estimation uncertainty.



Contents

List of Figures ©
List of Tables bl
1 Introduction al
1.1 Problem Context and Motivation . . . . . . . .. ... ... ... ...... m
1.2 Research Gap and Contribution . . . . . . . . ... ... ... ... ..... 0
1.3 Research Objectives . . . . . . . . . . . . . ..
1.4 Research Questions . . . . . . . . . . . .. ...
1.5 Thesis Outline . . . . . . . . . ..

2 Background 4
2.1 Duchenne Muscular Dystrophy as a Movement-Analysis Problem . . . . . . 1]
2.1.1  Why Early Movement Differences Matter . . . . .. ... ... ... 4

2.1.2  Current Assessment Practices and Their Limits . . . . . . . . .. ..

2.2 Markerless Pose Estimation for Child Movement Videos . . . . ... .. .. 6]
2.2.1 What Single-Camera Pose Estimation Can Measure . . ... .. .. 6]

2.2.2  Known Failure Modes in Child Movement Videos . . . . . . . . . .. 6]

2.2.3 Practical Measurement Scope for This Thesis . . . . . . .. ... .. I

2.3 Movement Patterns Used for Feature Design . . . . . . ... ... ... ... il
2.3.1 Walking Patterns . . . . . . . ... ... o Bl

2.3.2 Rising-from-the-Floor Patterns . . . . . .. ... ... ... . .... 9

2.3.3 Mapping Movement Patterns to Candidate Features . . . .. .. .. 10l

3 Related Work 12
3.1 Video-Based Machine Learning for Movement Assessment . . . . ... ...
3.1.1 Single-Camera Video as a Practical Data Source . . ... ... ... [12]

3.1.2 Pose Estimation Methods in Related Video Studies . . . . . . . . .. 13



CONTENTS

3.1.3
3.1.4
3.1.5
3.1.6
3.1.7

DMD Classification from Pose-Based Features . . . . . . .. .. ...
Closest Baseline: Aliet al. (2024) . . . ... ... .. ... .....
Gaps in Child Movement and Non-Walking Tasks . . . . . . . .. ..
Explainable Models for Small Clinical Datasets . . . . . .. .. ...

Summary of Literature Gaps . . . . . . .. ... ... ... ...,

4 Methodology
4.1 Dataset and Study Setup . . . . . .. ... L oL

4.2

4.3

4.4

4.5

4.6

4.1.1
4.1.2
4.1.3
4.1.4
4.1.5

Data Source and Collection Protocol . . . . . . . .. ... ... ...
Inclusion and Exclusion Criteria . . . . . . . .. ... ... .....
Dataset Composition . . . . . . . . . . . . ... ...
Video Characteristics . . . . . . . . . . . . ...

Ethical Considerations and Privacy Guardrailing . . . . ... .. ..

Task Definition and Clip Selection . . . . .. .. .. ... ... ... ....

4.2.1
4.2.2
4.2.3

Motor Tasks Considered . . . . . . . . . ... .. ... ... .....
Task Boundary Definitions . . . . . . . . ... ... ... ... ....
Dataset Composition by Task . . . . .. ... ... .. ... .....

Pipeline Overview . . . . . . . . . . . e

Pose Extraction and Coordinate Representation . . . . . . . . ... ... ..

4.4.1
4.4.2

MediaPipe Pose Landmarker Heavy . . . . . . ... ... ... ...

Coordinate Representation and Body-Frame Transformation . . . . .

Signal Preparation and Quality Control . . . . . .. ... ... ... ....

4.5.1
4.5.2
4.5.3

Landmark Filtering . . . . . . . . . ... ... ... ... ... ...
Temporal Smoothing . . . . . . . . ... ... oo

Landmark Quality Control . . . . . . . . . .. ... ... .. .....

Movement Feature Engineering . . . . . . .. .. .. ... 0L,

4.6.1
4.6.2
4.6.3
4.6.4
4.6.5
4.6.6
4.6.7
4.6.8
4.6.9

Notation for Feature Computation . . . . . . .. ... ... ... ..
Joint Angle Features . . . . . . . . . .. ...
Segment Inclination Angles . . . . . . . . .. ... ... ... ...
Continuous Relative Phase . . . . . . .. ... ... ... ... ...
Bilateral Symmetry . . . . . . ... Lo
Gait Stride Segmentation . . . . . . ... .. L
Spatiotemporal Gait Features . . . . . . . .. ... ... ... .. ..
Heel Speed . . . . . . . .

Frequency-Based Pose Features . . . . . .. ... ... ... .....

ii

120
120
26



CONTENTS

4.6.10 Toe-Walking Proxy . . . . . . . . . ... ... ... ... 33
4.6.11 GDI-Inspired Walking Deviation Proxy . . . . . . .. ... ... ... B3
4.6.12 Gowers Features . . . . . . ... .. ... 33
4.6.13 Feature Set Summary . . . . . . . . ...

4.7 Classification Setup . . . . . . . . . .. 37
4.7.1 Classifier Selection . . . . . . . . . ... 37
4.7.2 Feature-Matrix Construction . . . . . . ... ... ... ... .... 37
4.7.3 Hyperparameter Search Space . . . . . . . . . . . ... ... ..... B3

4.8 Evaluation Design . . . . . . .. .. L 39]
4.8.1 Cross-Validation Design . . . . . ... ... ... ... ........ 39]
4.8.2 Metrics and Baseline . . . . . .. ... oo 39]
4.8.3 Univariate Analysis . . . . . . . . . . ... 510)
4.8.4 Attribution Analysis . . . . . .. ... L 510)
Results 42
5.1 Overview of Results . . . . . . . . .. . . [42]
5.2 Landmark Quality Control . . . . . . . . . .. .. ... .. .. .. ... ... [42]
5.3 Univariate Results . . . . . . . . . ... .. 43l
53.1 Walking . . . . . . ... [43]
5.3.2  GOWELS . . . . o v i 44

5.4 Classification Performance . . . . . . . . . . ... ... ... ... ..., 44
54.1 Walking . . . . ... [46]
5.4.1.1 Model Comparison . . . . . . . ... ... [46]

5.4.1.2 Selected Model Performance . . . ... ... ... ..... 47

54.1.3 Confusion Matrix . . . .. ... ... ... ... ..., 47

5.4.1.4 ROC Curve, Feature Distributions, and Gait-Cycle Profiles 47|

542 GOWETS . . . v v it e 43
5.4.2.1 Model Comparison . . . . . . . .. .. ... 48

5.4.2.2 Selected Model Performance and Sample Size Limitations . [49

5.4.2.3 Confusion Matrix and ROC Curve . . . . . .. .. .. ... B0

5.5 Feature Attribution . . . . . . ... ..o B0l
5.5.1 Walking . . . . . . .. [H0)
5.5.2  GOWETS . . . v v vt

il



CONTENTS

Discussion 53]
6.1 Summary of Findings . . . . . . . . .. . ... 5%
6.2 Walking Classification . . . . . . . .. . ... ... ... ... 5%
6.2.1 Performance in Context . . . . . . . . .. .. .. .. ... ... ... 64
6.2.2 Interpreting the Movement Signal . . . . . . . ... .. .. ... ...
6.2.3 Reversed Direction Features . . . . . . .. ... ... ... ... ...
6.2.4 Features That Did Not Discriminate . . . . . .. ... ... ... .. Hol
6.3 Gowers Classification . . . . . . . . . .. ... . 50
6.4 Contribution of the Two-Task Pipeline . . . . . . ... ... ... ... ... 0]
6.5 Limitations . . . . . . . . .. 67
6.5.1 Dataset . . . . . . . . .. 57
6.5.2 Recording Heterogeneity . . . . . . . . .. ... ... ... ... .. 57
6.5.3 Pose Estimation . . . . ... ... ... ... ...
6.5.4 Stride Segmentation . . . . . ... oo 18]
6.5.5 Evaluation. . . . . ... . ... 151¢]
6.6 Directions for Future Work . . . . . .. ... .o hal
Conclusion 61
Threats to Validity and Supplementary Results 62|
A.1 Threats to Validity . . . . . . . . . . .. .. 62]
A.1.1 Imnternal Validity . . . . .. ... . ... ... ... ... .. ..., 62]
A.1.2 External Validity . . . . . ... .. ... ... ... . 63]
A.1.3 Construct Validity . . . . . . ... ... ... 63]
A.14 Conclusion Validity . . . . . . .. ... ... ... 63]
A.2 Detailed Feature Source References . . . . . . ... ... ... ... .. ... 63
A.3 Univariate Feature Statistics (Low-Power Tasks) . . . ... ... ... ... 63]
A.3.1 Gowers Univariate Statistics . . . . . . . . .. ... ... ... ..., 6]
A.4 Low-Power Classification Visualisations . . . . ... ... ... ... .... 6]
A.4.1 Gowers Visualisations . . . . . . ... ... ... L. 6]

v



List of Figures

4.1

4.2

4.3

5.1

5.2

5.3

5.4

5.5

End-to-end pipeline architecture. Single-camera RGB video is manually seg-
mented into task-specific clips, processed with MediaPipe pose extraction,
filtered and transformed into the working coordinate representation, and
converted into task-specific movement features. Candidate classifiers are
trained and evaluated on the resulting feature matrices, with SHAP used
after training for post-hoc feature attribution. . . . . . . . . ... ... ...
MediaPipe Pose Landmarker topology (33 full-body landmarks). Adapted
from the Google Al Edge pose landmark documentation [46]. . . . . . . ..
ISB body-frame coordinate system with origin at hip centre. +X is forward,

+Y is up, and +Z is sideways to subject-right (right-hand rule). . . . . . . .

Raw vs smoothed traces for dmd _walking 07. Red shows original raw
coordinates and blue shows prepared coordinates after filling and smoothing,
plotted on the same frame axis for direct comparison. . . . . . . . . .. ...
Confusion matrix for walking classification under leave-one-video-out cross-

validation. . . . . . . . L

Walking classification feature distributions associated with DMD-control
separation. Top six features are ranked by statistical separation. Box plots
show median, quartiles, and distribution spread. . . . . . . . . .. ... ...
ROC curve for walking classification. Dashed line indicates the random
classifier baseline. . . . . . . . .. ...
Walking gait-cycle profiles (0-100% cycle) comparing DMD and control
groups for key stride-normalized signals. Curves show median trajectories

and shaded bands show interquartile ranges across videos. . . . . . . . . ..

22



LIST OF FIGURES

5.6 SHAP beeswarm plot for walking classification. Each point represents one
video; horizontal position shows SHAP value (left = pushed toward control,
right = pushed toward DMD); colour shows feature value (red = high, blue

= low). Features ranked by mean absolute SHAP value (importance).

A.1 Confusion matrix for Gowers classification under LOO-CV. Numbers indi-
cate video-level predictions in this low-power feasibility setting. . . . . . . .
A.2 ROC curve for Gowers classification in the low-power feasibility setting.

Dashed line indicates random classifier baseline. . . . . . . . . . .. ... ..

vi



List of Tables

2.1

3.1

4.1

4.2

4.3

4.4

4.5

5.1

Mapping of DMD-related movement patterns to feature-design motivation. .

Comparison with Ali et al. (2024), the closest pose-based DMD walking-

classification baseline. . . . . . . . ..

Framerate (fps) and clip duration (seconds) statistics by diagnostic group
and task. . ... L
Dataset composition by task and diagnostic group following manual seg-
mentation and quality screening. Differences from initial collection reflect
stricter framerate and clip-quality filtering applied uniformly across groups
to reduce avoidable processing bias. . . . . . . .. ..o
Comparison of MediaPipe world-landmark and body-centered coordinate

Systems. . . . ..o e e

il

124]

Summary of pose-derived movement feature groups and source types. “Literature-

based” features derive from published movement-analysis references. ‘“Pose-
derived approximation” features adapt clinical or gait concepts to single-

camera landmark data. “Pose quality” refers only to landmark-visibility

Hyperparameter search ranges for Random Forest and XGBoost. Settings

marked RF only or XGB only are specific to that model; all others apply to

Top walking features associated with DMD-control separation. Separation is
the signed rank-biserial correlation from a two-sided Mann—Whitney U test
on the current walking feature set after metadata and coordinate columns

are excluded by the pipeline configuration. . . . . . . . . .. ... ... ...

vii



LIST OF TABLES

5.2

9.3
5.4

Al

A2

Top Gowers features associated with DMD-control separation. Separation
is the signed rank-biserial correlation from a two-sided Mann—Whitney U
test on the current Gowers clip feature table. . . . . .. ... ... ... ..
Model comparison by task. . . . . ... ..o oL
Operating-point metrics for the selected model in each task. Metrics were
computed from pooled leave-one-video-out predictions after applying the

Youden-selected threshold within each training fold. . . ... ... ... ..

Detailed source references for the feature groups summarised in Table [£.4]
“Literature-based” features derive from published movement-analysis refer-
ences. ‘“Pose-derived approximation” features adapt clinical or gait concepts
to single-camera landmark data. . . . . . . . . ... ... 0L
Top 15 Gowers features by absolute rank-biserial effect size at clip level.

Limited sample size; reported as descriptive characterisation only. . . . . . .

viii

(E!



Introduction

1.1 Problem Context and Motivation

Duchenne muscular dystrophy (DMD) is an inherited childhood muscle disease that causes
progressive weakness and delayed movement development. Early detection is clinically
important because developmental and motor delays can appear within the first months of
life [1], 2], yet diagnosis commonly occurs around age 4.5-5 years [1]. This delay reduces
the time available for coordinated care and treatments that can slow disease progression |[1].

Current clinical assessment relies on infrequent, specialist-administered instruments that
require clinic visits and trained raters. Recent advances in markerless pose estimation
suggest a lower-burden alternative: movement analysis from ordinary smartphone video

under controlled capture conditions, without specialist laboratory equipment [3]-|5].

1.2 Research Gap and Contribution

Recent work suggests that markerless pose estimation can recover useful movement in-
formation from ordinary video, but the DMD literature remains limited in task coverage,
patient-level evaluation, and interpretability. Prior studies often focus on walking pattern
(gait) alone, use validation designs where repeated subject information may inflate perfor-
mance, or report model outputs without clearly linking predictions to movement patterns
described in the DMD literature.

This thesis addresses those gaps with a single-camera pipeline that extracts interpretable
pose-derived movement features from walking and the rising-from-the-floor task (Gowers

manoeuvre), the characteristic sequence in which children with DMD use their arms to
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push themselves upright. The pipeline evaluates classification under leave-one-out cross-
validation and uses SHapley Additive exPlanations (SHAP) to show which features con-

tribute to each prediction.

1.3 Research Objectives

The objectives of this thesis are:

1. Develop a single-camera markerless pose estimation pipeline extracting whole-body

movement from walking and the Gowers manoeuvre.

2. Engineer task-specific pose-derived movement features grounded in known DMD
movement patterns, distinguishing established movement measures from approxi-

mate video-based proxies.

3. Evaluate classification performance under leave-one-out cross-validation, reporting
the receiver operating characteristic area under the curve (ROC-AUC) and the precision-

recall area under the curve (PR-AUC), with SHAP-based feature attribution.

1.4 Research Questions

This thesis is guided by the following research questions:

1. To what extent can single-camera RGB video separate DMD from typically develop-

ing (TD) children in walking and the Gowers manoeuvre?
2. Which pose-derived movement features contribute most to that separation?

3. How well do those features align with movement patterns described in the DMD

literature?

1.5 Thesis Outline

The remainder of this thesis is structured as follows. Chapter [2] provides the disease, move-
ment, and pose-estimation background needed to understand the thesis. Chapter [3|reviews
related video-based machine-learning work and identifies the literature gaps. Chapter [4]
describes the dataset, pose extraction, feature engineering, classification setup, and evalua-
tion design. Chapter [5] presents classification results for each task alongside SHAP feature

importance analysis. Chapter [6] discusses the implications of the findings, limitations of
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the pipeline and dataset, and directions for future work. Chapter [7] summarises the main

findings and provides answers to the research questions.



Background

This chapter provides the disease, movement, and pose-estimation background needed to

understand the thesis design and results. It covers: [(1) DMD as a movement-analysis|

[problem and current assessment practices) |(2) what single-camera pose estimation canl

land cannot measure in child movement videos, and |(3) the movement patterns used to

[motivate feature designl Prior machine-learning methods and related video-based studies

are reviewed in Chapter [3]

2.1 Duchenne Muscular Dystrophy as a Movement-Analysis

Problem

2.1.1 Why Early Movement Differences Matter

Duchenne muscular dystrophy (DMD) is a fatal, progressive childhood muscle disease
caused by mutations in the dystrophin gene on the X chromosome. Because of its X-linked
inheritance, it occurs almost exclusively in boys, with an estimated prevalence of approx-
imately 1 in 3,500-5,000 male births I@I Dystrophin helps stabilise muscle fibres during
contraction. Without it, muscle cells are more easily damaged during movement; over
time, damaged tissue is replaced by fat and scar tissue, reducing strength and movement
ability. The complications of DMD eventually affect cardiac and respiratory function and
reduce survival , .

Movement differences can appear long before many children receive a confirmed diag-
nosis. Developmental and motor delays may be visible within the first months of life, yet
diagnosis commonly occurs around 4-5 years of age , , . This delay matters be-

cause earlier recognition can increase the time available for genetic counselling, coordinated



2.1 Duchenne Muscular Dystrophy as a Movement-Analysis Problem

multidisciplinary care, cardiac and respiratory monitoring, family support, treatment plan-
ning, and access to therapies that may slow disease progression |1]. Earlier detection can
therefore improve care planning and reduce family burden, while not removing the pro-
gressive nature of the disease |1]. In practice, early signs may be mistaken for normal
developmental variation or unrelated medical problems, such as abnormal blood enzyme
levels [1], [2].

For this thesis, the important point is that DMD produces observable movement differ-
ences during everyday tasks before and during the early walking years. These differences
motivate a video-based movement-analysis approach: if DMD-related movement patterns
can be captured from ordinary video, they may provide useful feasibility evidence for

lower-burden assessment outside specialist motion-analysis settings.

2.1.2 Current Assessment Practices and Their Limits

Current assessment practices begin with developmental surveillance in primary care. Mile-
stone checks track age-specific movement, language, and behavioural development, but
early DMD signs can be difficult to distinguish from normal developmental variation. In
the Netherlands, routine youth health care uses developmental monitoring tools, but these
are not DMD-specific and therefore depend on early clinical suspicion before neuromuscu-
lar testing is initiated [1], [2]. General developmental tools therefore have limited positive
predictive value for DMD: many children flagged for delay will not have DMD, while some
boys with early DMD signs may not be referred immediately for neuromuscular testing |2].

When DMD is suspected, serum creatine kinase (CK) testing is the standard first-line
screening step. CK is an enzyme released when muscle is damaged; in DMD, CK levels
are typically markedly elevated |1]. However, CK testing is only performed once suspicion
has been raised. This makes early recognition of movement signs a bottleneck in the
diagnostic pathway. Genetic testing is then required to confirm the diagnosis and identify
the underlying dystrophin mutation [1].

After diagnosis, movement progression is monitored using structured functional assess-
ments. These include the six-minute walk test (6MWT), the North Star Ambulatory
Assessment (NSAA), and timed rising from the floor, which corresponds to the Gowers
manoeuvre [1|. These assessments are clinically established and directly related to the
movement tasks considered in this thesis: walking and the Gowers manoeuvre.

Despite their clinical value, these assessments have practical limitations. They require
scheduled visits, trained personnel, and standardised testing conditions, and they are usu-

ally performed only at discrete time points. They also rely partly on human scoring or
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task-level summaries, which can miss gradual changes between clinic visits. These limita-
tions motivate complementary video-based movement analysis: not as a replacement for
clinical diagnosis, but as a lower-burden feasibility direction for capturing DMD-related

movement patterns from everyday video.

2.2 Markerless Pose Estimation for Child Movement Videos

Having outlined the disease background and current assessment practices, this section
introduces the technical background for markerless pose estimation in child movement
videos. The aim is to clarify what single-camera pose estimation can reasonably support,
where it becomes unreliable, and how these limits shape the feature design used in this

thesis.

2.2.1 What Single-Camera Pose Estimation Can Measure

Markerless pose estimation automatically detects body landmarks from ordinary video
frames. In a single-camera setting, this allows visible body movement to be tracked over
time without reflective markers, calibrated multi-camera systems, or specialist laboratory
equipment. From these landmark trajectories, it is possible to extract movement features
such as step timing, approximate limb angles, posture, and movement rhythm.

However, single-camera pose estimation is not equivalent to clinical 3D gait analysis.
Although markerless systems can approach marker-based accuracy in controlled adult lo-
comotion studies [9], these validation results do not directly transfer to child movement
videos or uncontrolled public footage. Single-camera RGB video must infer body position
from one viewpoint, making it more sensitive to camera angle, occlusion, image quality,
clothing, and body-size differences.

For this reason, this thesis focuses on large, visible movement patterns rather than fine-
grained clinical joint measurements. Pose-derived features are treated as interpretable
movement proxies for classification, especially when they describe walking timing, trunk

orientation, stride-related changes, and Gowers behaviour.

2.2.2 Known Failure Modes in Child Movement Videos

When applied to children, markerless pose estimation becomes less reliable because child
body proportions differ from the adult-dominated datasets on which many models are
trained. Children are physically smaller, so their bodies and limbs occupy fewer pixels in

the frame; as a result, small keypoint errors can have a larger effect on derived spatial
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features |10]. Accuracy also decreases for atypical walking patterns, because children with
movement disorders may move outside the range of poses represented in standard validation
datasets [11].

For example, in children with cerebral palsy, markerless motion capture shows large errors
for pelvic tilt and hip rotation when compared with marker-based systems [11]. Reported
errors reach 21.5° for pelvic tilt and 45.3° for hip rotation, with additional offsets in trunk,
pelvis, and hip angles [11]. These findings reinforce the restricted measurement scope
defined above, especially for pelvic, rotational, and side-to-side movement variables.

Despite these limitations, prior work confirms that single-camera pose coordinates can
yield useful predictive information about gait and function |12].

Not all pose-derived measurements are equally robust. Accuracy is generally stronger
for gait timing and front-to-back movement than for side-to-side or rotational variables.
In toddlers, timing and step-length proxies correlate strongly with instrumented references
(r > 0.79) [10], and front-to-back hip and knee angles can reach good-to-excellent agree-
ment in child movement-disorder gait (ICC > 0.8) |13], [14]. Side-to-side, rotational, and
ankle or foot measurements are substantially less stable and more prone to occlusion |13]-
[16].

Environmental conditions are another major source of error. Prior work motivates
subject-centering, background suppression or segmentation, confidence thresholding, gap-
filling for short dropouts, temporal smoothing, and spatial normalisation to reduce sensi-

tivity to camera distance and recording conditions [17], [18].

2.2.3 Practical Measurement Scope for This Thesis

The practical measurement scope follows from the limits above. Single-camera pose out-
puts are better suited to large, visible movement patterns, such as walking timing, trunk
orientation, stride-related changes, and Gowers behaviour, than to fine rotational or depth-
dependent joint measurements.

For this reason, the literature supports a conservative interpretation of pose-derived
variables in child movement videos. Features based on precise pelvic rotation, fine ankle
or foot tracking, or monocular depth should be treated cautiously because they are more
sensitive to viewpoint, occlusion, and pose-estimation error.

This scope informs the feature-engineering strategy used in Chapter 4: pose outputs are
used as interpretable movement proxies for video-level classification, not as clinical-grade

3D biomechanical measurements.
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2.3 Movement Patterns Used for Feature Design

This section summarises the DMD-related movement patterns that motivate the feature
families used later in the thesis. The aim is not to define the computational features
themselves, but to explain why walking and the Gowers manoeuvre are relevant movement
tasks for DMD-related video analysis.

Two movement domains are central for ambulatory children with DMD: altered walking
patterns and Gowers adaptations. Both are repeatedly described in the DMD literature
and reflect weakness around the hips, upper legs, and lower limbs. These domains pro-
vide the movement-level rationale for the pose-derived proxies and video-level descriptors
introduced in Chapter 4.

Table 2.T] maps the main movement patterns to supporting evidence and explains how

each pattern motivates later feature design.

2.3.1 Walking Patterns

Walking differences are among the most studied movement changes in ambulatory children
with DMD. Instrumented 3D gait analysis has shown that DMD-related walking changes
can appear before standard clinical assessments detect clear functional decline [19]. Early
descriptions report a recurring pattern of forward pelvic tilt, reduced foot lifting during
swing, altered step rate, and shorter steps. In Sutherland’s three-stage model, gait deteri-
oration could be predicted using cadence, reduced dorsiflexion during swing, and anterior
pelvic tilt [19).

Later studies refined these observations in younger and corticosteroid-treated cohorts.
Doglio et al. [20] reported reduced upward foot motion and altered ankle-related function
in young boys with DMD. Gaudreault et al. |21] showed that some DMD-related walking
differences remain after controlling for walking speed, including shortened step length and
increased side-to-side loading. These findings suggest that DMD walking differences are
not only a consequence of slower walking, but also reflect altered movement strategies.

Several studies also describe compensatory patterns around the hips, pelvis, trunk, and
feet. Reduced force generation around the hip can lead to shorter steps, wider base of
support, increased trunk movement, and greater reliance on compensatory posture [22],
[23]. Longitudinal data further show that forward pelvic tilt and step width increase
progressively in ambulatory boys over time [24], reinforcing pelvic and base-of-support
features as meaningful targets. Toe-walking is also frequently reported in ambulatory DMD

and is linked to calf muscle contracture and reduced foot-lifting capacity |25]. Together,
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these findings motivate walking features related to step timing, stride length, base of
support, trunk or hip orientation, lower-limb mobility, and toe-walking behaviour.
Composite gait summaries such as the Gait Deviation Index (GDI), which quantifies
how far a walking pattern deviates from a typically developing reference pattern, further
support the idea that DMD walking patterns can be represented as deviation from typical
gait [26]. In this thesis, this idea is used only as motivation for a GDI-inspired walking

deviation proxy; the implemented proxy is not the clinical GDI itself.

2.3.2 Rising-from-the-Floor Patterns

The rising-from-the-floor task corresponds clinically to the Gowers manoeuvre, a charac-
teristic movement pattern in which children with DMD may use their hands and arms to
help push themselves upright. The movement is shaped by weakness around the hips and
upper legs: when the hip and thigh muscles cannot generate sufficient upward force, the
child may shift through a four-point position, use the hands on the thighs, widen the base
of support, and increase lower-back arching to bring the centre of mass over the feet |27].

Chang et al. |27] describe a spectrum of Gowers manoeuvre severity, ranging from rel-
atively mild single-hand support to slower multi-phase rises involving crawling, repeated
hand pushes, and thigh climbing. This supports treating the Gowers manoeuvre as a
sequence of observable movement phases rather than a single posture. For video-based
analysis, the most relevant signals are therefore task duration, transition timing, trunk
posture, hip rise, and hand-to-leg proximity.

Timed Rise from Floor (TRF) is also used in DMD assessment and has been linked
to later functional change. Mendell et al. [28] showed that prednisone treatment reduced
rise time compared with placebo, supporting rise time as a treatment-sensitive functional
measure. Mazzone et al. [29] reported that TRF longer than 7 seconds predicted greater
decline in 6-minute walk distance over 12 months, while McDonald et al. [30] linked inability
to rise from the floor with increased risk of losing ambulation. These findings motivate
Gowers features related to rise duration, hip vertical motion, trunk movement, and hand-
support behaviour.

In this thesis, these quantities are treated as pose-derived approximations of the Gowers
pattern, not as clinical Gowers grades. This distinction is important because public single-
camera video cannot measure physical support forces, exact muscle strength, or clinician-

rated movement quality.



2. BACKGROUND

2.3.3 Mapping Movement Patterns to Candidate Features

The walking and Gowers patterns reviewed above provide the movement-level rationale for
the feature families used later in the thesis. Walking-related evidence motivates features
describing step timing, stride behaviour, base of support, trunk and hip orientation, lower-
limb mobility, toe-walking behaviour, and deviation from a typically developing reference
pattern. Gowers evidence motivates features describing rise duration, hip vertical motion,
trunk movement, hand-support proximity, and task-phase transitions.

Table [2.1] summarises this mapping from DMD-related movement patterns to feature-
design motivation. The table does not define the computational features themselves; those
definitions are provided in Chapter 4. Instead, it clarifies why each feature family is relevant
for DMD-related video movement analysis and whether the underlying movement pattern

is directly observable or requires a pose-derived approximation.
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2.3 Movement Patterns Used for Feature Design

Table 2.1: Mapping of DMD-related movement patterns to feature-design motivation.

Movement pattern

Movement interpretation

Supporting evi-

Feature-design moti-

dence vation
Side-to-side ~ walking Side-to-side pelvic or trunk [21], [24] Motivates base-of-
movement motion associated with hip support, pelvis/trunk
and upper-leg weakness orientation, and side-to-
side movement proxies.
Toe-walking behaviour =~ Reduced foot lifting and [20], |25] Motivates empirical toe-
tendency toward toe-walking walking and lower-limb
during walking mobility proxies.
Shorter, altered step- Shorter steps and altered [20], [21] Motivates stride length,
ping pattern step timing associated with cadence, and step-timing
compensation for lower-limb features.
weakness
Deviation from typical Overall walking pattern dif- [26] Motivates the  GDI-
walking fers from typically developing inspired walking devia-
reference gait tion proxy.
Rising-from-the-floor Slow or multi-phase floor [27], [29] Motivates rise duration,
timing rise associated with weakness hip vertical motion, and
around the hips and upper task-phase transition fea-
legs tures.
Hand-support be-  Use of hands and arms to as-  [27], |30] Motivates  hand-to-leg
haviour sist rising from the floor proximity and hand-
support proxies.
Lower-back arching Postural adaptation used to [22], [23], |27] Motivates trunk orienta-

and trunk adaptation

bring the centre of mass over

the feet during rise or walking

tion and posture features.
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Related Work

This chapter reviews prior work on video-based and pose-derived movement assessment
relevant to DMD classification. It first places single-camera video within the broader
landscape of movement-analysis technologies, then discusses pose-estimation methods used
in related studies. The chapter then focuses on the closest DMD classification baseline,
gaps in paediatric and non-walking task validation, and the role of interpretable models

for small pose-derived datasets.

3.1 Video-Based Machine Learning for Movement Assess-

ment

3.1.1 Single-Camera Video as a Practical Data Source

Movement analysis in neuromuscular disease can use inertial measurement units, multi-
camera 3D motion capture, force plates, depth sensors, ultrasound-based inference, or
video. These alternatives can provide richer biomechanical signals than monocular RGB
video, but they also introduce equipment, calibration, cost, or environmental constraints.
For lower-burden assessment outside specialist laboratories, single-camera RGB video is
attractive because it can be captured with ordinary consumer devices and processed using
markerless pose estimation [16], |31], [32].

The trade-off is reduced measurement precision. Single-camera markerless pose estima-
tion cannot reproduce the full information available from calibrated 3D motion-capture
systems, especially for depth-dependent, rotational, or occluded movements [13], [16]. Its
value is therefore strongest when the goal is not clinical-grade kinematic measurement, but
extraction of movement signals that may support classification, monitoring, or feasibility

analysis.
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3.1 Video-Based Machine Learning for Movement Assessment

This trade-off is directly relevant to DMD. A deployable video-based approach could
make movement assessment less dependent on specialist equipment, but it must be inter-
preted cautiously because public or caregiver-recorded video introduces uncontrolled cam-
era viewpoint, lighting, occlusion, and task-execution variability. Related work therefore
supports single-camera video as a practical data source, while also motivating conservative

feature interpretation and careful validation design.

3.1.2 Pose Estimation Methods in Related Video Studies

OpenPose and MediaPipe Pose are the most directly relevant 2D pose estimators for this
thesis because they appear in nearby markerless-gait and clinical-video studies. OpenPose
has been widely used in video-based gait analysis and has substantial validation evidence in
controlled settings [16], [32]. MediaPipe Pose is lightweight and mobile-oriented, providing
dense full-body landmarks suitable for scalable single-camera workflows [33], [34].

DMD-specific work also considers these pose-estimation backbones. Ali et al. [35] classi-
fied DMD gait from markerless video by comparing classical machine-learning models using
clinical gait features with deep sequence models trained on pose time series. Their study
found that pose-derived features can support DMD gait classification, while also showing
that performance depends on the pose representation, extracted features, model type, and
validation setup.

This literature does not establish a single best pose estimator for paediatric DMD move-
ment analysis. Rather, it shows that OpenPose, MediaPipe, and monocular 3D pose
approaches are relevant options within deployable video-based pipelines. None of these
methods removes the core child-movement validity problem: paediatric body proportions,
atypical walking patterns, occlusion, camera viewpoint, and non-walking movements can
all reduce landmark reliability. For this reason, pose-estimator choice should be interpreted

as one component of a broader pipeline, not as the sole determinant of validity.

3.1.3 DMD Classification from Pose-Based Features

The DMD-specific markerless-pose classification literature remains limited. The closest
prior work is Ali et al. |35], who classified DMD gait from markerless video using pose-
derived clinical gait features and compared classical and deep-learning approaches. Their
study provides important evidence that markerless pose features can distinguish DMD

from typically developing gait in publicly available video.
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However, several limitations remain relevant for the present thesis. First, the task scope is
mostly walking-focused, while DMD assessment also relies on other functional movements
such as the Gowers manoeuvre. Second, public-video datasets introduce uncertainty in
recording conditions, subject identity, and clinical verification. Third, validation protocols
must be interpreted carefully when patient-level separation is not explicit, because re-
peated clips from the same subject or recording context can inflate performance estimates.
Finally, strong sequence-model performance does not automatically provide feature-level

explanations of which movement patterns drive the prediction.

Related work therefore supports the feasibility of pose-based DMD gait classification, but
leaves open whether an interpretable, feature-attributed pipeline can be extended beyond

walking to include the Gowers task.

3.1.4 Closest Baseline: Ali et al. (2024)

Ali et al. |35] is the closest baseline for pose-based DMD classification. The study is
important because it directly evaluates DMD gait classification from markerless video,
using both engineered clinical gait features and deep pose-sequence models. It therefore

provides the most relevant point of comparison for the walking component of this thesis.

The present study differs in three main ways. First, it focuses on interpretable pose-
derived feature engineering and SHAP-based attribution rather than prioritising end-to-end
sequence modelling. Second, it evaluates leave-one-video-out predictions after retaining one
clip per identified subject, reducing the risk of repeated-subject leakage within the available
public-video setting. Third, it extends the task scope by considering both walking and the

Gowers task.

Direct numerical comparison with Ali et al. [35] should remain cautious because the
studies use different datasets, class balances, pose representations, metrics, and valida-
tion protocols. The comparison is therefore best understood as a contextual comparison
rather than a leaderboard-style performance comparison. Table summarises the main

methodological differences.
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3.1 Video-Based Machine Learning for Movement Assessment

Table 3.1:

Comparison with Ali et al.

classification baseline.

(2024), the closest pose-based DMD walking-

Dimension

Ali et al. [35]

Present study

Task scope

Pose representation

Model type

Primary metric

Validation design

Sample size

Class balance

Interpretability

Main

comparison

limitation

for

Walking/gait classification
2D and 3D pose-derived rep-

resentations

Classical ML on clinical gait
features and deep sequence

models

Accuracy and AUC where re-
ported

Cross-validation and held-
out evaluation; patient-level
separation not explicit

12 DMD clips for classifi-
cation; matched TD subset

from public benchmark

Not the main reporting focus

Clinical gait features for the
classical ML path;

attribution for the deep se-

limited

quence model

Different data, metrics, class

balance, and validation setup

Walking plus Gowers task
MediaPipe

movement features

LR/RF/XGBoost

son on engineered movement

pose-derived

compari-

features

ROC-AUC and PR-AUC,
with PR-AUC included be-

cause of class imbalance

Leave-one-video-out after re-
taining one clip per identified
subject

n = 73 walking clips, includ-
ing 10 DMD and 63 control
clips

Class handled

with balanced weighting and
PR-AUC reporting

imbalance

SHAP-based attribution on
engineered movement fea-

tures

Feasibility-level public-video
study with small DMD sam-
ple

3.1.5 Gaps in Child Movement and Non-Walking Tasks

Paediatric markerless-pose validation is stronger for walking than for non-walking func-
tional tasks. Studies in child gait suggest that single-camera or markerless systems can

capture some timing and sagittal-plane movement signals, but reliability decreases for ro-
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3. RELATED WORK

tational, side-to-side, distal, or occluded joints [10], [13], [14], |[16]. These limitations are
especially relevant for children with movement disorders, whose movement patterns may
differ from those represented in standard pose-estimation benchmarks [11], [36], [37].

The Gowers task introduces additional challenges. It includes floor-level postures, body-
part overlap, hand support, changes in viewing angle, and transitions between movement
phases. These properties make precise joint-angle estimation less reliable than in upright
walking. For that reason, related work supports prioritising macro-spatial and tempo-
ral descriptors, such as time-to-stand, hand-support proximity, trunk posture, and phase
transitions, rather than fine-grained non-walking joint kinematics [27], [31], [38].

This creates a clear gap for DMD-related video analysis. Prior pose-based DMD classi-
fication work mainly addresses walking, while the Gowers task remains underexplored in
markerless video pipelines. A cautious two-task approach can therefore add value by test-
ing whether interpretable pose-derived features capture useful movement signals beyond

gait alone.

3.1.6 Explainable Models for Small Clinical Datasets

Small biomedical and movement-analysis datasets often favour models that can work with
limited samples and support interpretation. For tabular datasets, tree-based ensembles
often remain strong baselines, particularly when sample size is limited and the input con-
sists of engineered features [39]. Neuromuscular video studies provide related precedent
for using pose-derived features with interpretable or feature-attributed models [40], [41].

SHAP provides a model-interpretation framework for assigning feature-level contribu-
tions to predictions [42]. For tree ensembles, TreeSHAP offers an efficient way to explain
how engineered features contribute to model outputs [43]. SHAP can also be applied
to deep-learning models, but explanations for sequence models usually require additional
choices about the input representation, background distribution, and temporal aggregation.
In small public-video datasets, this can make feature-level interpretation less direct.

This does not mean that deep models are unsuitable for DMD video analysis. Rather,
the literature motivates feature-attributed tabular models as a practical and interpretable
baseline when the dataset is small, labels are uncertain, and the research question concerns
which movement features contribute to DMD-control separation. This aligns with the
emphasis of the present thesis on feasibility, cautious interpretation, and movement-pattern

grounding.
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3.1 Video-Based Machine Learning for Movement Assessment

3.1.7 Summary of Literature Gaps

The literature supports the feasibility of markerless video-based movement assessment,
but several gaps remain for DMD classification. First, DMD-specific pose-classification
evidence is sparse and mainly focused on walking [35]|. Second, paediatric and non-walking
markerless-pose validation remains limited, especially for tasks involving occlusion, floor-
level postures, and body-part overlap [10], [11], |[13], [14], [36], [37]. Third, publicly sourced
or caregiver-recorded video introduces uncertainty in labels, recording conditions, and
patient-level separation [31], [38]. Fourth, strong classification performance is often not
accompanied by movement-level feature attribution, despite the relevance of explainability
in small clinical or biomedical datasets [39]-[41].

These gaps motivate the present thesis: a cautious, interpretable, two-task feasibility
pipeline for DMD-related movement classification from single-camera video. The next
chapter describes the dataset, pose-extraction pipeline, feature engineering, classifier setup,

and evaluation design used to examine this gap.
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Methodology

This chapter describes the full methodology. Section describes the dataset construction
and video collection protocol. Section[4.2]defines the motor tasks and clip boundaries. Sec-
tion [4.3] gives an overview of the analysis pipeline. Sections cover pose extraction,
coordinate representation, and signal quality control. Section [4.6] describes the movement
feature engineering. Section [£.7] defines the classification setup. Section [£.§] describes the

evaluation design.

4.1 Dataset and Study Setup

4.1.1 Data Source and Collection Protocol

Videos were collected from YouTube through manual search. DMD videos were identified
using search terms such as “Duchenne muscular dystrophy walking”, “Duchenne gait child”,
and ‘“child rising from floor Duchenne”. Control videos were identified through separate
searches targeting typical child movement and physical activity, such as “child walking”
and “child getting up from floor”. Control clips were therefore treated as publicly sourced
examples of typical child movement rather than as a clinically matched control cohort.
No data were collected from clinical settings, and no personally identifiable information
beyond what was publicly visible in the source videos was accessed or stored. All videos
were screened for inclusion eligibility prior to processing. Each retained clip was assigned
a unique identifier. Source URLs, platform metadata, and clip start—end timestamps were
recorded in a canonical metadata index available in the study repository to support repro-

ducibility of the dataset construction pipeline.
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4.1 Dataset and Study Setup

4.1.2 Inclusion and Exclusion Criteria

Videos were included if the following criteria were met:

1. Frame rate of at least 20 fps. Videos below this threshold lack sufficient temporal
resolution for fast Fourier transform (FFT)-based step rate estimation and velocity

feature extraction.

2. Video resolution of at least 360p with no sustained motion blur that would render
landmark localisation unreliable. Video quality must be sufficient for pose estimation

from single-camera RGB frames.

3. The subject appeared to be between 4 and 8 years of age, as judged from video
metadata, channel descriptions, accompanying captions, or visible developmental
characteristics. Exact ages were not available for the majority of subjects; the age

range of 4-8 years represents the target population defined a priori.

4. For DMD videos, a diagnosis of Duchenne muscular dystrophy was indicated by the
video title, channel description, or accompanying caption, with preference given to
sources explicitly referencing clinical diagnosis or genetic confirmation. Videos where

the diagnosis was ambiguous or unspecified were excluded.

5. The subject was walking independently and performed at least one of the two target

motor tasks (walking or the Gowers task) without continuous physical assistance.

6. Sufficient body visibility was present for landmark extraction: the full lower body

and at least the lower trunk were visible throughout the task duration.

Videos were excluded if the subject was non-walking, if the recording angle rendered the
task uninterpretable, or if the clip duration was insufficient to capture a complete task

sequence.

4.1.3 Dataset Composition

The final dataset comprised 94 video clips (one per identified subject). DMD subjects
were all male, consistent with X-linked inheritance; control subjects were mixed sex. The
control group represents a broad typically developing reference rather than a sex-matched

clinical cohort. Per-task counts and class imbalance are detailed in Section [4.2
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4. METHODOLOGY

4.1.4 Video Characteristics

Source videos exhibited variable framerates across both groups and tasks (Table .

Table 4.1: Framerate (fps) and clip duration (seconds) statistics by diagnostic group and
task.

Framerate (fps) Duration (s)

Group Task Mean Median SD Mean Median SD

DMD Rise 34.4 30.0 11.8 12.5 9.6 11.3
Walking  28.1 29.6 2.3 9.1 8.1 6.9
Control Rise 26.9 25.0 3.0 6.6 5.0 4.8

Walking 274 27.5 2.8 146 12.1 8.9

4.1.5 Ethical Considerations and Privacy Guardrailing

This study used exclusively publicly available video data and involved no patient contact,
no clinical data access, and no collection of personally identifiable information. Under the
conditions of this thesis project, formal institutional ethics review was not required.
Notwithstanding the public availability of the source material, privacy guardrailing was
applied given that the subjects are minors. Prior to pose extraction, facial regions were
blurred in all video clips using an automated face detection and blurring pipeline [44]. Head
and face landmarks produced by MediaPipe were excluded from all subsequent feature
computation; only landmarks from the shoulders distally and the trunk were retained.
Raw video files were not stored beyond the processing stage. No attempt was made to

re-identify any subject.

4.2 Task Definition and Clip Selection

4.2.1 Motor Tasks Considered

Two motor tasks were evaluated: overground walking and the Gowers manoeuvre. Each
included video was manually segmented from the source material before pose extraction,
yielding one task-specific clip for each retained subject. Manual segmentation was used

because the YouTube source videos varied in recording angle, scene context, clip structure,
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4.2 Task Definition and Clip Selection

and task timing, making reliable automated boundary detection impractical. Manual clip-
ping is common in small movement-video datasets where ecological validity is prioritised

over recording standardisation [31].

4.2.2 Task Boundary Definitions

Task boundaries were defined prospectively and applied consistently across all videos before

feature extraction or model training.

Overground walking. The walking clip was defined from the first observable foot con-
tact in the direction of travel to the last foot contact before the subject decelerated,
stopped, or exited the frame. Clips containing fewer than two complete stride cycles were
excluded. Overground walking is a primary functional movement in DMD assessment and

is closely related to established walking outcomes such as the six-minute walk test [31].

Rising from the floor. The rising-from-the-floor clip was defined from the first frame in
which the subject initiated movement from a floor-level position—Ilying on the back, lying
face-down, or seated—to the first frame in which stable upright standing was achieved.
Only complete, independently executed sequences were included; attempts requiring phys-
ical assistance were excluded. This definition follows the Gowers manoeuvre used in DMD

functional assessment 27|, [31].

4.2.3 Dataset Composition by Task

Following segmentation and quality screening, the final dataset comprised 94 video clips,
each from an identified distinct subject, distributed across two primary tasks. The 73
walking subjects and the 21 Gowers subjects are distinct identified individuals: no subject

contributed video to both tasks. Task-level composition is summarised in Table [4.2]

Table 4.2: Dataset composition by task and diagnostic group following manual segmentation
and quality screening. Differences from initial collection reflect stricter framerate and clip-

quality filtering applied uniformly across groups to reduce avoidable processing bias.

Task DMD Control Total
Overground walking 10 63 73
Gowers 15 6 21
Total 25 69 94
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The class imbalance varies substantially across tasks, with the walking subset showing the
most severe imbalance (DMD:Control ~ 1:6.3). This reflects the availability of suitable
public video rather than a deliberate design choice. Class imbalance is addressed at the
classification stage through balanced class weighting, and motivates the use of Precision—
Recall AUC as the primary evaluation metric alongside ROC-AUC [45]. The combined
effect of class imbalance and limited sample size makes this a challenging classification

setting.

4.3 Pipeline Overview

Building on the movement patterns and markerless-pose limitations reviewed in Chapter [2]
the pipeline converts each single-camera RGB video clip into a scalar feature vector for
task-specific classification. The analysis proceeds through five stages: pose extraction,
signal conditioning and quality control, movement feature engineering, classifier training,
and evaluation.

First, MediaPipe Pose Landmarker Heavy is used to extract landmark trajectories from
each manually segmented clip. Second, landmark trajectories are filtered, smoothed, and
transformed into the coordinate representation used for feature computation. Third, task-
specific movement features are computed for walking and Gowers clips. Fourth, candidate
classifiers are trained on the resulting feature matrices. Finally, held-out predictions are
evaluated under the cross-validation procedure described in Section with SHAP used

only for post-hoc feature attribution. The complete workflow is shown in Figure

Temporal
FFT

‘ T ’ [ MediaPipe ] [ QC & ISB ] [ Classifier ] [ Output ]

Videos
Posture
Angles

Figure 4.1: End-to-end pipeline architecture. Single-camera RGB video is manually seg-

mented into task-specific clips, processed with MediaPipe pose extraction, filtered and trans-
formed into the working coordinate representation, and converted into task-specific movement
features. Candidate classifiers are trained and evaluated on the resulting feature matrices,

with SHAP used after training for post-hoc feature attribution.
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4.4 Pose Extraction and Coordinate Representation

4.4 Pose Extraction and Coordinate Representation

4.4.1 MediaPipe Pose Landmarker Heavy

Skeletal landmark trajectories were extracted using the MediaPipe Pose Landmarker Heavy
model [34]. The model was applied to each segmented RGB clip and its landmark outputs
were used as the input to the coordinate transformation and feature extraction stages.
Head and face landmarks were later excluded from feature computation as described in
Section [4.5]

MediaPipe Pose Landmarker Heavy was selected as a practical, deployable pose-extraction
backbone that provides the trunk, hip, knee, ankle, heel, and foot landmarks required by
the engineered walking and Gowers features. The aim was not to benchmark pose es-
timators, but to evaluate whether a lightweight markerless-pose pipeline could support
interpretable DMD-related movement classification from ordinary video.

MediaPipe Pose Landmarker Heavy uses a two-stage detector-landmark pipeline [34].
First, a detector identifies the person in the frame and estimates a body-centred region of
interest using virtual body keypoints that describe the hip midpoint, approximate body
scale, and torso orientation. The cropped person region is then passed to a landmark model,
which predicts 33 full-body landmarks including the shoulders, elbows, wrists, hips, knees,
ankles, heels, and feet (Figure .

The detector and landmark models are based on lightweight convolutional neural net-
works designed for real-time pose estimation. In video mode, MediaPipe tracks landmarks
across frames and re-runs person detection only when tracking confidence falls below a
threshold, making it efficient for continuous video clips.

The model outputs both normalised image landmarks and world landmarks. For nor-
malised landmarks, = and y are image-normalised coordinates, while z is a relative depth
coordinate with the hip midpoint as its origin; smaller z values indicate landmarks closer
to the camera. The world-landmark output provides x, y, and z in metres, again with the

origin at the hip midpoint.

4.4.2 Coordinate Representation and Body-Frame Transformation

MediaPipe world landmarks were used as the starting coordinate representation. The
raw world-landmark vector for landmark ¢ at frame ¢ is denoted pzltp. From these co-
ordinates, both MediaPipe world coordinates and body-centred ISB coordinates were re-
tained downstream, with selective use depending on the feature type. The resulting feature

pipeline used three coordinate representations: ISB/body-frame coordinates for joint-angle
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Shoulders (12, 13)

Elbows (14, 15)

Hips (24, 25)
Wrists (16, 17)

Fingers (18-23)

Knees (26, 27)

Ankles (28, 29)

Feet (30-33)

Figure 4.2: MediaPipe Pose Landmarker topology (33 full-body landmarks). Adapted from
the Google AT Edge pose landmark documentation [46].

and body-relative gait features, world coordinates for gravity-referenced inclination and
vertical-motion features, and image-space coordinates only for the Gowers hand-support
proximity feature.

Landmarks were transformed to a person-centred ISB body frame [47], [48], with origin
at the hip centre, +Y upward, +X forward (along walking direction), and +Z rightward
(right-hand rule). Table contrasts the two frames.

Table 4.3: Comparison of MediaPipe world-landmark and body-centered coordinate systems.

Axis MediaPipe World Representation Body Frame

X Left-right (camera view) Forward-backward (along walking direction)
Y Up—down (image plane) Up—down (vertical in world)

7 Depth (away from camera) Left-right (subject’s lateral direction)

The transformation is a rigid rotation about the origin:
bod
Pi,(t) V=R, (p?}p - Ot) ,

where oy is the hip centre and R; is the rotation matrix defined by the three orthonormal

axes at time ¢t. This preserves distances and angles within the body frame while reduc-
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ing camera-dependent variance. Depth-dependent features remain sensitive to monocular

depth error; this limitation is discussed in Section [6.5]

Yo

Figure 4.3: ISB body-frame coordinate system with origin at hip centre. +X is forward, +Y
is up, and +7Z is sideways to subject-right (right-hand rule).

4.5 Signal Preparation and Quality Control

Per-frame timestamps were derived from each video’s reported framerate and frame index,
producing a monotonic synthetic timeline for each clip. This avoided repeated or unsta-
ble container timestamps while preserving physical time units for velocity and frequency

features.

4.5.1 Landmark Filtering

Prior to feature extraction, a subset of landmark columns was excluded from all down-
stream processing. Hand-digit landmarks (index finger, pinky, thumb) and facial land-
marks were excluded. Hand-digit landmarks exhibited the lowest mean visibility scores

across both cohorts and were not required by any extracted feature. Facial landmarks

25



4. METHODOLOGY

were excluded as part of the privacy guardrailing described in Section Image-space
coordinate columns were discarded for both tasks, except in the Gowers pipeline, where
image-space wrist and knee coordinates were retained for the hand-support proximity fea-

ture described in Section The coordinate-frame policy used for feature computation

is defined in Section [4.4.2)

4.5.2 Temporal Smoothing

Frame-to-frame landmark jitter arises from per-frame re-detection variability, compression
artefacts in the source video, and stochastic neural network outputs. In this dataset,
approximately 8-12% of frames were flagged by the quality-control pipeline before inter-

polation and smoothing were applied. Two sequential smoothing stages were applied.

Stage 1 — Smoothing during pose detection (internal). MediaPipe applies inter-
nal smoothing to landmark coordinates before returning them. This smoothing removes
frame-to-frame noise while being smart about movement speed: during slow movements, it
applies heavy smoothing to eliminate noise; during rapid movements, it reduces smoothing
to preserve fast changes. Default parameters were retained, which may slightly reduce the

peaks of very rapid movements in DMD gait but provide more stable overall trajectories.

Stage 2 — Additional smoothing (explicit, applied after pose detection). A
smoothing filter (4th-order Butterworth with 9 Hz cutoff) is applied to remove high-
frequency noise from pose landmarks. The 9 Hz cutoff was chosen because reported biome-
chanical content in gait signals lies below 6 Hz [49], [50]; the higher cutoff preserves walking
motion while removing higher-frequency noise. The cutoff was derived from those frequency
bounds rather than copied from their filter specifications, as neither study used the same
4th-order Butterworth design applied here. Clips with fewer than 30 finite samples in a
coordinate column were not smoothed; such columns were retained as-is and excluded from

downstream feature aggregation.

4.5.3 Landmark Quality Control

Two quality-control steps remove unreliable detections while keeping as much usable data
as possible. First, landmarks with low confidence are marked as missing, and short gaps are
linearly interpolated so brief occlusions do not break a clip. Second, landmarks that jitter
between implausible positions across consecutive frames are flagged as unreliable. Walking

clips with sustained both-sided knee tracking failure are removed, because they would
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disrupt stride-based features. Gowers clips are kept more permissive because floor-level
postures naturally hide some landmarks.

Additionally, clips shorter than 3 seconds after segmentation were excluded prior to
feature extraction, reducing the walking set from 76 to 73 clips and the Gowers set from

22 to 21 clips.

4.6 Movement Feature Engineering

The feature set contains three types of variables. First, literature-motivated movement
features approximate DMD-related walking and Gowers patterns described in Chapter [2]
Second, pose-derived proxies translate movement concepts into quantities computable from
single-camera landmarks, such as toe-walking fraction and hand-support proximity. Third,
engineering descriptors summarise robust properties of the pose signals, such as rhythm
and frequency content from high-visibility landmarks. These descriptors are included to
improve robustness under noisy pose extraction and are not interpreted as established

DMD-specific clinical biomarkers.

4.6.1 Notation for Feature Computation

Landmark ¢ at frame ¢ is denoted by p;;, consistent with the world-landmark notation
introduced in Section[f.4.2] In feature formulas, the index 7 is instantiated with anatomical
names (€.8., Pheel,t; Phip,t) for clarity. Each feature subsection states its coordinate frame
once; within that subsection the superscript is omitted. Frame superscripts appear only
in the coordinate-transformation definition (Section and for image-space landmarks
(im8) which form the explicit exception. Bold symbols denote vectors; matrices such as
R; are non-bold.

Pose-derived movement features were extracted from the smoothed landmark coordinate
sequences. Feature engineering proceeded in two stages: a set of generic features used
across all motor tasks, and task-specific feature families. All outputs are scalar summaries:
for walking, features are first computed at stride level and then reduced to one value per
video; for the Gowers task, features are computed directly at clip level. Head, facial, and

hand-digit landmarks were excluded from feature computation.

4.6.2 Joint Angle Features

Joint flexion angles use the clinical convention rather than raw geometric angles, so that

values are interpretable in clinical terms: 0° = full extension, and positive values increase
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toward full flexion.
Joint flexion angles are computed as the angle subtended by two adjacent limb segment
vectors at their shared joint. The raw geometric angle is computed using the standard

three-point vector formulation:

u-v
0raw = arccos ()
[[all f|v]]

where u and v are the upper and lower segment vectors. The raw interior angle 6.y

was converted to a clinically conventional flexion angle as:

Hﬂex = 180° — eraw

such that 0° corresponds to full extension and values increase with flexion, following
Winter [48]. This formulation was applied to both sides for the knee, hip, and elbow
joints. Trunk tilt was decomposed into side-to-side tilt (side-to-side plane) and front-to-
back tilt (front-to-back plane). Lateral pelvic tilt was computed as the signed vertical
inclination of the inter-hip vector, and front-to-back pelvic tilt as the signed horizontal
inclination of the same vector.

For each joint angle time series, the following summary statistics were extracted: mean,
standard deviation, median, minimum, maximum, and robust range of motion (ROMpg5_p5),
defined as the 95th minus 5th percentile range. This definition was preferred over the ab-
solute maximum-minimum range to reduce sensitivity to transient outlier frames [32].

For the walking task, the ankle joint angle was computed as the interior angle at the ankle
using the knee, ankle, and heel landmarks (knee—ankle—heel). This formulation does not
correspond to the standard clinical ankle upward foot movement angle (shin bone-to-foot),
which requires a foot-mounted goniometer (a clinical angle-measuring instrument); it is
a geometric proxy whose values should be interpreted as relative indicators rather than

anatomically precise measurements.

4.6.3 Segment Inclination Angles

Segment inclination angles are computed as the angle between each segment vector (thigh
and shank, both sides) and the upward vertical direction, measured in gravity-referenced
world coordinates. A value of 0° indicates a perfectly vertical segment; values increase
with forward tilt. Per stride, mean and standard deviation of each inclination angle are

extracted and aggregated to per-video medians and interquartile ranges.
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Trunk tilt is similarly decomposed into front-to-back (forward lean) and side-to-side (lat-
eral lean) components and computed relative to the upward vertical in world coordinates.
While both ISB body-frame and world-frame versions are computed during preprocessing,
only the world-frame trunk tilt features are retained for classification. This choice was
made to prioritize robustness to monocular depth estimation artifacts, which can accu-
mulate in body-frame transformations; world-frame representations remain stable across
variable camera distances and angles characteristic of the heterogeneous YouTube source

material.

4.6.4 Continuous Relative Phase

CRP quantifies hip—knee coordination timing rather than joint-angle magnitude [51], [52].
It is computed from the time-varying phase relationship between hip and knee motion via

the Hilbert transform, which extracts instantaneous phase from angle signals:

CRP(t) = ¢nip(t) — dknee(t)

where ¢(-) denotes the instantaneous phase of the zero-meaned angle signal obtained via
the Hilbert transform, and the phase difference is unwrapped to remove 27 discontinuities.
CRP mean and standard deviation were extracted per stride and reduced to per-video

medians.

4.6.5 Bilateral Symmetry

Bilateral asymmetry is quantified using the Robinson Symmetry Index (SI) [53|, which

normalises left—right differences relative to the average magnitude:

L — R
) P e B
U= 05+ R

where L and R denote the left- and right-side median values of a given feature across

x 100

strides. Values range from 0 (perfect symmetry) to 100+ (extreme asymmetry). The index
was computed for peak knee angle, knee angle standard deviation, peak ankle angle, and

stride length.

4.6.6 Gait Stride Segmentation

Walking features were normalised to stride-level summaries so clips with different frame
rates and durations could be compared. A gait cycle is defined as one full stride of the

same foot, from one contact event to the next contact event of that same foot.
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Stride boundaries for walking were identified from peaks in the inter-leg angle signal.
Each peak marks a point where the legs are spread apart, which is a stable way to segment
the stride cycle in these videos. This is an approximation of gait timing, but it is robust
enough for the noisy, unconstrained recordings used here.

Side assignment at each peak was determined by comparing the forward (+X-axis) dis-
placement of each heel relative to the hip on the same side. Consecutive peaks from the
same foot define a stride. Strides with durations exceeding 3.0 seconds were excluded as
probable double-cycle detections. A minimum of four valid stride peaks per video was

required; clips falling below this threshold were excluded from the walking analysis.

4.6.7 Spatiotemporal Gait Features

From the stride-segmented walking signal, the following spatiotemporal features were com-

puted per stride and aggregated to per-video medians:

e Stride frequency fiige — The dominant FFT frequency of the inter-leg angle sig-
nal within the physiological walking band (0.67-2.67 Hz), reported in Hz [54]. The
FFT method is shared with the Step-Rate Consistency feature (Section ; the
distinction is that fgiqe reports the frequency value itself, while Step-Rate Consis-

tency reports how concentrated the power is at that frequency.

e Geometric stride length — Computed as 2Lsin(6/2), where L is median leg
length (thigh bone + shin bone) and @ is inter-leg angle at peak spread [54].

e Step width — Computed as lateral distance between left and right heel positions,

used as a proxy for base of support widening [19].

e Double support fraction — Computed as the fraction of frames where both heels
are in contact with the ground, estimated from heel-motion signals in ISB coordi-

nates [54].

e Stride duration CV — Computed as the coefficient of variation (CV; standard
deviation divided by the mean, expressed as a percentage) of stride duration across

strides [55)].

e Stride regularity and step regularity — Computed from the autocorrelation of

the inter-leg angle signal at stride and step lags [56].
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4.6 Movement Feature Engineering

e Estimated walking speed — Computed as vyak = fstride * fstride; wWhere fstride
is stride frequency in Hz and fgiqe is the geometric stride-length proxy in metres,

giving speed in m/s.

e Trendelenburg proxy — Computed as mean and standard deviation of hip drop

during the weight-bearing phase [19].

¢ Pelvic rotation robust range of motion (ROM,95_,5) — Computed as rotational-

plane rotation angle range of inter-hip vector relative to mean walking direction |24].

4.6.8 Heel Speed

Heel velocity is computed from position trajectories to measure forward limb progression
during walking. Direct differentiation amplifies pose-estimation noise, so velocity is com-
puted via Savitzky—Golay filtering.

All coordinates in this subsection are in the ISB body frame. Let ppeel+ denote the heel

landmark. Velocity is computed via Savitzky—Golay differentiation:

d Pheel,t

pheel,t =

and the speed (magnitude of velocity vector) is:

Vheel (t) = theel,t ”

Per-frame instantaneous walking speed is then defined as the minimum of the left and

right heel speeds:

Vwalk () = Min(vheel,1,(t); Vheel,R(1))

This minimum captures the slower limb’s forward progression during double-support
phases and is more robust to monocular depth estimation noise than the faster (swing)

limb’s speed.

4.6.9 Frequency-Based Pose Features

Step rate, gait regularity, and smoothness were extracted from the inter-leg angle signal
using FFT and autocorrelation [57]. These frequency-domain variables are treated as
engineering descriptors from a high-visibility gait signal rather than as established DMD-

specific clinical markers. Frequency-domain analysis is motivated by two complementary
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reasons. First, gait is an approximately periodic task, so spectral and autocorrelation
methods directly quantify stride rhythm and its consistency without requiring accurate
event detection in noisy landmark sequences. Second, reduced gait regularity and increased
stride-to-stride variability are reported features of DMD gait [55], |[57], making step-rate
concentration and autocorrelation peak strength natural candidate discriminators between
DMD and typically developing children.

Three complementary metrics are extracted from FFT and autocorrelation. Let X (f)
denote the one-sided FFT coefficient at frequency f, and let P(f) = |X(f)|? denote spectral

power.

Step-Rate Consistency (dominant peak-to-band ratio, PBR). Gait regularity is
quantified as the concentration of power at the dominant gait frequency, and is reported as
the Step-Rate Consistency index. The dominant FFT peak within the physiological gait
band (f € [0.67,2.67] Hz) is identified as the frequency with maximum power:

maxe(o.67,2.67) £(f)
> reo.er,2.6m £ ()

High PBR values indicate concentrated periodic power; low values indicate diffuse power

PBR =

spread across frequencies. This index is used as the Step-Rate Consistency feature in the

classifier.

Harmonic ratio (HR). Harmonic ratio is computed as:

S IX k)
MR = X @k - 1)

where k € {1,...,n} indexes harmonics up to the n-th harmonic.

Autocorrelation peak (AC-peak). Periodic structure strength in the gait signal is
computed via autocorrelation. The normalised autocorrelation function p(7) of the inter-
leg angle signal captures how well the signal repeats at different time lags. The peak height

at the stride lag (corresponding to the dominant gait frequency) is extracted as:

AC-peak = max p(71)

TETstride
where Tgiqe denotes the lag interval corresponding to the stride-frequency band, ap-

proximately [1/2.67, 1/0.67] seconds (roughly 0.37-1.49s), converted to samples for each
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4.6 Movement Feature Engineering

clip. This metric is independent of step-rate-based stride regularity indices and captures

the overall periodicity strength of the gait signal.

4.6.10 Toe-Walking Proxy

Toe-walking was represented with a conservative frame-level proxy. A frame was flagged
when two conditions were met: (1) no heel contact was detected from vertical heel motion,
and (2) the ankle-angle proxy exceeded 95°. The threshold was used only as an empirical
within-study flag for extreme ankle configurations, not as a clinical diagnostic cut-off.

The toe-walking fraction is computed as:

T
1 o
ftoe = f Z 1 [noiheel(t) A eankle,proxy(t) > 95 ] s
t=1

where 1[-] is an indicator function and 7" is the total number of frames.

4.6.11 GDI-Inspired Walking Deviation Proxy

This thesis computes a GDI-inspired walking deviation proxy (GDI*), not the clinical Gait
Deviation Index, because the available single-camera landmarks do not provide the full
marker-based 3D movement input required for standard GDI computation.

A normative reference was fitted on the 63 typically developing walking clips using 15
movement features: hip, knee, and ankle joint angles on both sides (median and interquar-
tile range); walking speed; step width; and trunk and pelvis angles in the gravity-referenced

world frame [26], [58]. For each subject, the proxy was computed as:

D; = ||lzi — prplly GDI; = 100 — 10D;,

where z; is the normalized walking-feature vector for video ¢, gt is the typically devel-
oping reference mean, D; is the Euclidean deviation from the TD reference, and GDI} is
the GDI-inspired walking deviation proxy. A score of 100 corresponds to the typical mean
and each 10-point decrement represents one standard deviation of deviation from it. This

proxy was included as an additional scalar feature in the walking feature matrix.

4.6.12 Gowers Features

The Gowers task features were designed to capture rise duration, hip rise velocity, trunk
movement, hand-support proximity, and joint-angle summaries. Unless noted otherwise,
all landmark coordinates in this section are in the ISB body frame; image-space coordinates

are marked explicitly with a ™8 superscript.
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Temporal features. Total rise duration is computed as the elapsed time from task onset
to standing upright, operationally defined as the moment when the hip center reaches 90%
of its maximum vertical height. The verticality index measures how high the hips have
risen, normalized by leg length to account for body size differences [54]. Let [phip,+], denote

the vertical component of the hip-centre landmark:

maxy [phip,t]y — miny [phip,t]y
Lleg

V;ndex =

where Lieg is the estimated leg length (thigh + shank segment lengths).

Hip rise velocity is computed as the time derivative of the verticality index, restricted to
frames where the hips are moving upward (positive derivative). This isolates the upward
movement phase and excludes any downward motion. The mean hip rise velocity reflects

the speed of the upward movement. Both metrics are extracted per clip.

Trunk flexion/extension. In the Gowers task, children start bent forward on the floor
and straighten their trunk as they stand up. Two simple trunk signals are measured: how
much the trunk moves and how upright it becomes during the rise.

Trunk elevation angle is computed as the angle between the hip-to-shoulder vector and

the vertical. The trunk segment vector is defined as:

Virunk,t = Pshoulder,t — Phip,t

The elevation angle between this vector and the upward vertical y is then:

\'%2 .
Ourunie() = arccos<mw)

HVtrunk,t H

Small angles (near 0°) indicate an upright trunk; large angles (near 90°) indicate a
forward-bent or horizontal trunk. The robust range of motion (ROM,95_p5) captures total
trunk rotation throughout the rise, reflecting compensatory effort.

Additionally, an upright score is computed to measure how vertical the trunk becomes:
. ‘Vtrunk,t 24

Upright-score(t) = E—
runk,

This ranges from 0 (fully horizontal) to 1 (fully vertical). Both metrics are extracted per

frame and aggregated to per-clip medians.
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Hand-support proximity. Hand-support proximity is measured by tracking the mini-

mum same-side wrist-to-knee distance in image space during the rise:

img . img
pwristS it pknees )t

dhand—leg,min = min ‘ ‘
t,s 2

where s € {L, R} denotes body side, pivr;;its’t is the image-space wrist position for side s
at frame t, and pi(nrfesyt is the image-space knee position for side s at frame t. Image-space
coordinates use MediaPipe’s normalised landmarks, with origin at the top-left corner of
the frame. The minimum is taken across both sides and all frames of the full rise sequence.
We use 2D image-space distances rather than world-frame distances because MediaPipe
world landmarks are expressed relative to the hip centre, which is itself the centre of motion
during the Gowers rise. As the hips move from floor to standing, the world-coordinate origin
shifts continuously, making world-frame wrist-to-knee distances less stable as a proximity
indicator. Camera motion during Gowers recordings is more stable than during walking,

so image-space pixel distances provide a more stable measure of hand-to-leg proximity

throughout the rise.

Joint angle features. Hip, knee, and elbow flexion angles are extracted over the full
rise sequence. Hip and knee features capture the transition from floor-level flexion to final
extension; elbow features capture upper-limb motion during push-up. All joint flexion
angles use the clinical convention (0° = full extension, increasing toward flexion). Angles
are extracted per frame and reported as minimum, maximum, and robust range of motion

(ROM,95—ps5) across the full rise sequence per clip.

4.6.13 Feature Set Summary

The complete feature set is summarised in Table [£.4] Generic features were extracted for
both tasks. Spatiotemporal and gait-specific features were extracted for the walking task
only. Gowers features were extracted for the Gowers task only. The source labels separate
features taken directly from movement-analysis literature from pose-derived approxima-
tions needed for single-camera video. A more detailed source table with the corresponding
literature references is provided in Appendix [A:2} that appendix table is the canonical

reference for feature provenance.
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Table 4.4: Summary of pose-derived movement feature groups and source types. “Literature-

based” features derive from published movement-analysis references. “Pose-derived approxi-

mation” features adapt clinical or gait concepts to single-camera landmark data. “Pose quality”

refers only to landmark-visibility checks.

Feature group

Source type

Generic (all tasks)

Joint flexion angles (min, max, ROMpg5_p5, mean, std)
Trunk tilt (front-to-back, side-to-side)

Lateral pelvic tilt + front-to-back pelvic tilt

Segment tilt (thigh, shank)

Visibility confidence (regional)

Literature-based
Literature-based
Literature-based
Literature-based

Pose quality

Walking-specific
Stride frequency (fstride, Hz)
Step-rate consistency (PBR)

Harmonic ratio (HR)
Autocorrelation peak (AC-peak)
Stride length (geometric)
Double support fraction

Stride duration CV

Stride regularity (AC)

Robinson SI (knee, ankle, stride)
CRP hip—knee

Trendelenburg proxy

Pelvic rotation ROMpg5—p5
Step width, speed estimated

Stance frame fraction

GDlI-inspired walking deviation proxy

Literature-based
Pose-derived
approximation
Pose-derived
approximation
Pose-derived
approximation
Literature-based
Literature-based
Literature-based
Pose-derived
approximation
Literature-based
Literature-based
Pose-derived
approximation
Literature-based
Pose-derived
approximation
Pose-derived
approximation
Pose-derived

approximation

Gowers-specific

Rise duration, hip rise velocity

Trunk extension ROMpg5—ps

Min hand-leg distance (image-space)

Verticality index

Pose-derived
approximation
Literature-based
Pose-derived
approximation
Pose-derived

approximation
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4.7 Classification Setup

4.7.1 Classifier Selection

For each task (walking and Gowers), three tree-based models were evaluated: a single de-
cision tree baseline (Tree), Random Forest (RF), and XGBoost (XGB). Tree-based meth-
ods are well-suited to the tabular feature matrices used here and are strong baselines in
broad tabular-data benchmarks [39], [59]. These benchmarks are not specific to kinematic
datasets, so they are used here as general evidence for tree-based baselines on small-to-
medium tabular data rather than as direct evidence for movement-analysis data.

The Tree baseline provides a simple interpretable reference point. RF combines multiple
trees trained on random subsets of features and samples, aggregating predictions via ma-
jority voting. XGB uses gradient boosting to sequentially add trees that correct errors from
previous trees and provides a complementary boosted-tree baseline to RF. Class imbalance
was handled through training-fold class weighting, and hyperparameters were kept delib-
erately conservative to reduce overfitting risk in the small-sample setting. RF was treated
as the primary model because it supports tabular nonlinear interactions, does not require
feature scaling, and is explainable via exact Tree SHAP; the rationale for preferring tree
ensembles over neural networks for attribution is given in Section [4.8.4 Balanced class
weighting was applied to Tree and RF; for XGB the positive-class weight was derived from

the fold imbalance ratio.

4.7.2 Feature-Matrix Construction

For the walking task, per-stride features were aggregated to a single per-video feature
vector by computing the median and interquartile range (IQR, the range between the
25th and 75th percentiles) across all valid strides. Median is robust to outliers inher-
ent in noisy pose-estimation sequences (a key property for data derived from markerless
pose estimation), while IQR captures stride-to-stride variability without assuming normal-
ity—important given small sample sizes and potentially skewed distributions of movement
features. Both median and IQR summaries were included as candidate features; the fi-
nal SHAP attribution reflects which of these ranked as most discriminative after training.
Video-level features (step rate, double support fraction, stride regularity, stride duration
CV, and symmetry indices) were already defined at the video level and required no further
aggregation. For the Gowers task, features were computed directly over the full clip and
summarized with median and IQR, since the Gowers motion does not repeat in identifiable

strides. The resulting feature matrix contained one row per video clip and one column per
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feature. Columns with more than 50% missing values were excluded prior to model fitting;
remaining missing values were imputed with the training-set column median within each

cross-validation fold.

Raw ISB coordinates and intermediate helper vectors were not passed to the classifier;
only derived movement features with a clear gait interpretation were included. For the
walking task, the feature set covers lower-limb angles, trunk lean, step width, stride fea-
tures, step rate, and regularity metrics; upper-limb features were excluded because the
walking feature set was designed around lower-limb and gait-rhythm patterns identified in
the background literature. For the Gowers task, upper-limb (elbow) features were retained

because they capture hand-support movement.

4.7.3 Hyperparameter Search Space

Hyperparameters were tuned within the cross-validation procedure, with model comparison
based on PR-AUC. Ranges were kept conservative to reduce overfitting risk on a dataset
of 73-94 samples, informed by tabular-model benchmarks [39]. The XGBoost positive-
class weight was derived from the class imbalance within each training fold so that DMD
errors carried more penalty when the fold was control-dominated. The search ranges are

summarised in Table [4.5]

Table 4.5: Hyperparameter search ranges for Random Forest and XGBoost. Settings marked
RF only or XGB only are specific to that model; all others apply to both.

Setting RF range XGB range
Number of trees {100, 300} {100, 300}
Maximum depth {10, 20} {3,6}
Minimum node size {1,5} {1,5}
Row sampling rate {0.7,1.0} {0.7,1.0}
Column sampling rate {0.7,1.0} {0.7,1.0}
Learning rate (XGB only) — {0.03,0.10}
Positive-class weight (XGB only) — Derived per
fold

38



4.8 Evaluation Design

4.8 Evaluation Design

4.8.1 Cross-Validation Design

All classifiers were evaluated with leave-one-out cross-validation (LOO-CV) grouped by
video identifier. In each fold, the videos from one subject are held out as test data, while
all remaining subjects’ videos are used for training and hyperparameter tuning. Since each
subject contributed exactly one video in this dataset, this is effectively subject-level leave-
one-out evaluation. For walking, stride-level features were collapsed to one video-level row
by taking the median across strides, so clip length does not change the final feature vector.

Hyperparameter tuning (via grid search on PR-AUC) was nested inside each fold using
only the training subjects. Feature aggregation, missing-data imputation, class-weight
derivation, threshold selection, and prediction were all performed without access to the

held-out video.

4.8.2 Metrics and Baseline

The goal of the evaluation is to establish a patient-level cross-validated feasibility baseline:
can pose-derived movement features separate DMD from typically developing children at
all, and which features contribute most? The metrics are chosen to reflect the two tasks’
very different class structures.

For the walking task (10 DMD, 63 control; ratio ~ 1:6.3), DMD is the minority positive
class. ROC-AUC measures how well the model ranks DMD videos above controls across
all thresholds; it does not require a fixed threshold and supports comparison with prior
work such as Ali et al. [35]. PR-AUC summarises the precision-recall curve and is the
primary optimisation metric here because it is more sensitive to minority-class performance
than ROC-AUC under strong class imbalance [45]. A prevalence-based no-skill baseline
(PR-AUC =~ 10/73 = 0.14) is reported so results can be interpreted against chance.

For the Gowers task (15 DMD, 6 control), the imbalance is reversed and the control
support is very small. With only six control clips, even a model that ranks most DMD
videos above most controls will produce highly variable AUC estimates. All Gowers metrics
are therefore treated as exploratory descriptors rather than reliable performance estimates;
they indicate whether the expected direction of separation is present, not whether the
classifier generalises.

Accuracy measures the fraction of all held-out clips classified correctly. Precision mea-
sures the fraction of predicted DMD cases that are truly DMD, while recall measures the

fraction of true DMD cases that are detected. Threshold-dependent metrics were reported
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at the operating point selected by the Youden criterion, which maximises sensitivity +
specificity — 1 on the training portion of each fold and is then applied to the held-out
fold. Sensitivity (recall) and specificity report the true-positive and true-negative rates.
Balanced accuracy averages sensitivity and specificity and is robust to class imbalance. F1
combines precision and recall. Confusion matrices show true positives, false positives, true
negatives, and false negatives at the selected operating point. ROC-AUC and PR-AUC
are used for threshold-free model comparison, while accuracy, precision, recall, specificity,
balanced accuracy, and F1 are reported as operating-point metrics for the selected model

in each task. Metrics were computed after pooling all leave-one-out held-out predictions.

Statistical comparison of ROC-AUC. Pairwise DeLong tests were used to compare
ROC-AUC values between classifiers on the pooled leave-one-out prediction scores [60].
The test is appropriate for paired ROC-AUC comparison because all classifiers were eval-
uated on the same held-out videos, producing correlated ROC curves. Given the small
number of DMD videos, the resulting p-values were interpreted as descriptive evidence
rather than definitive proof of classifier superiority. Final model selection therefore consid-
ered ROC-AUC, PR-AUC, class-imbalance behaviour, interpretability, and stability under

the leave-one-out setting.

4.8.3 Univariate Analysis

Univariate comparisons between the DMD and typically developing control groups were
conducted at clip level using Mann-Whitney U tests (one row per video clip; for walking,
stride-level features were first aggregated to per-video medians). Effect sizes are reported
as rank-biserial correlation r.,. Because task subsets are small, univariate results are
reported as descriptive characterisation rather than as definitive inferential claims. For
the Gowers task, formal Mann-Whitney U tests were not conducted because the control
group comprised only six clips, making test outcomes unreliable; separation is reported

descriptively via rank-biserial correlations (ry,) only.

4.8.4 Attribution Analysis

SHAP (SHapley Additive exPlanations) was used to attribute RF predictions to individual
pose-derived movement features [42|, [43]|. For each video, SHAP assigns each feature a
signed contribution indicating whether it pushed the prediction toward DMD or toward
control. Exact Tree SHAP values were computed from the trained RF structure [43];

this method is preferred over model-agnostic SHAP variants, which rely on approximation
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choices and background distributions, making it a more direct and consistent fit for tree
ensembles [61]. SHAP values explain the fitted model rather than the underlying disease
mechanism; feature-relevance attribution with Shapley values is not equivalent to causal
inference. They are therefore interpreted as model-level evidence that certain pose-derived
movement features contributed to DMD-control separation, not as causal clinical claims.
Per-feature mean absolute SHAP values were aggregated to produce a global feature
importance ranking for each task. A final model was fitted on the full dataset for attribution

purposes.
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5.1 Overview of Results

The results show a clear difference between the two tasks. Walking produced the more
stable classification signal, whereas Gowers remained a low-power feasibility analysis be-
cause of the small and imbalanced control subset. The chapter first reports landmark
quality-control output (Section and univariate evidence (Section , then presents
classification performance in Section and feature attribution in Section [5.5

5.2 Landmark Quality Control

Before feature-level statistics and model evaluation, quality-control output was inspected
to verify that smoothing reduced frame-level jitter without removing the underlying move-
ment pattern. Figure shows a representative walking sample (dmd_walking_07), se-
lected because it contains both raw noise typical of single-camera MediaPipe detections
and sufficient consecutive frames to demonstrate the effect of smoothing: the prepared
trace is visibly less noisy while preserving the stride-scale oscillation shape.

In results interpretation, outlier handling is therefore reported as a data reliability step,
not as a model-performance contribution: clips with persistent tracking failure are filtered
at preparation time, whereas short gaps are filled and smoothed. The classification and
separation results reported below are computed on this post quality-control (QC) cohort.

Quantitatively, the QC stage flagged and filtered a substantial number of unreliable
coordinates. Videos were first discarded when the segment in which posture was captured
was shorter than 3 seconds, which reduced the walking set from 76 to 73 clips (3.9%
removed) and the Gowers set from 22 to 21 clips (4.5% removed). Within the retained
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cohorts, high-jitter landmarks and short-gap interpolation affected only small shares of
the available coordinate values, while the final removal of frame rows with unfillable gaps
remained a minority operation relative to the posture-captured frames. The net effect is
that most task-relevant motion was retained after QC, with aggressive filtering restricted

to clearly unreliable detections.

Raw vs smoothed traces for dmd_walking_07 (prepared Y sign-aligned for visual comparison)
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Figure 5.1: Raw vs smoothed traces for dmd walking 07. Red shows original raw coordi-
nates and blue shows prepared coordinates after filling and smoothing, plotted on the same
frame axis for direct comparison.

5.3 Univariate Results

5.3.1 Walking

The walking feature set (n = 73 clips; DMD = 10, Control = 63) showed moderate univari-
ate separation for a subset of lower-limb pose-derived movement features (Table . The
strongest effects combine normalised hip-displacement variability with angle summaries,
stride-length structure, and inter-leg angle statistics. This pattern is consistent with walk-
ing differences reported in DMD literature, including altered hip and upper-leg control and
gait-rhythm changes, rather than pure speed differences. The convergence of joint-angle
summaries with normalized displacement features suggests that both explicit angle mea-

surements and inferred postural positioning contribute to separation, capturing related but
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non-identical aspects of the movement pattern.

Table 5.1: Top walking features associated with DMD-control separation. Separation is the
signed rank-biserial correlation from a two-sided Mann—Whitney U test on the current walking

feature set after metadata and coordinate columns are excluded by the pipeline configuration.

Rank Feature Separation p-value
1 Left Hip Vertical Variability (norm.) -0.540 0.007
2 Right Hip Flexion Median (deg) +0.441 0.026
3 Right Hip Vertical Variability (norm.) -0.441 0.026
4 Stride Length P95 (norm.) +0.413 0.038
5 Inter-Leg Angle Median (deg) +0.400 0.044
6 Stride Frequency (Hz) +0.387 0.051
7 Right Thigh Inclination Median (deg) +0.375 0.059
8 Inter-Leg Angle Variability (deg) +0.362 0.069
9 Left Thigh Inclination Median (deg) +0.362 0.069

10 Step-Rate Consistency (index) -0.337 0.091

5.3.2 Gowers

The Gowers feature set showed limited statistical power due to small sample size and class
imbalance. Rank-biserial correlation was computed via a two-sided Mann—Whitney U test
to rank features descriptively, but the resulting p-values are not interpreted as confirmatory
given the very small control support (n = 6); they are reported for completeness only. The
top ranked separation features are shown in Table [5.2]

The Gowers separation ranking is driven mainly by knee posture, trunk posture, and hand-
to-leg support distance. The strongest signal is the right knee flexion median, followed by
torso uprightness and the minimum hand-to-leg distance summary. The next features
include left knee flexion, hip height, elbow flexion, and trunk forward-lean summaries,
which are consistent with upper-body compensation during rise maneuvers. The p-values
are moderate rather than very small, which is in line with the small sample size and limited

control support.

5.4 Classification Performance

The hyperparameter settings selected within cross-validation were identical across both

tasks. RF converged to the upper boundary of the search grid (300 trees, depth 20),
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Table 5.2: Top Gowers features associated with DMD-control separation. Separation is the
signed rank-biserial correlation from a two-sided Mann—Whitney U test on the current Gowers

clip feature table.

Rank Feature Separation p-value
1 Right Knee Flexion Median (deg) +0.622 0.029
2 Torso Uprightness Median -0.533 0.066
3 Hand-Leg Distance Median (norm.) +0.533 0.066
4 Left Knee Flexion Median (deg) +0.467  0.112
5 Hip Height Median (norm.) -0.467 0.112
6 Hand-Leg Distance Variability (IQR, norm.) -0.400 0.178
7 Left Elbow Flexion Median (deg) -0.333 0.267
8 Trunk Forward-Lean Variability (IQR, deg) -0.311 0.302
9 Right Elbow Flexion Median (deg) -+0.289 0.340

10 Trunk Forward-Lean Median (deg) -+0.289 0.340

suggesting that additional capacity was beneficial under balanced class weighting with this
sample size. XGB converged to the most regularised configuration (100 trees, depth 3,
learning rate 0.03), consistent with the small training sets. The search ranges are given in
Table [1.5] Classification performance for all models and tasks is summarised in Table [5.3]
which is the main threshold-free model-comparison reference for the chapter. Operating-
point metrics for the selected model in each task are summarised in Table Metric
definitions and the evaluation protocol are given in Section [f:8 The following subsections

interpret the walking and Gowers results separately.

Table 5.3: Model comparison by task. Best values within each task are shown in bold

Task Model ROC-AUC/AUC PR-AUC Base A

Walking Tree 0.602 0.365 0.137  +0.228
RF 0.825 0.511 0.137 +0.374
XGB 0.687 0.447 0.137 +0.310
Gowers  Tree 0.650 0.871 0.714 +40.157
RF 0.622 0.743 0.714  40.029
XGB 0.733 0.897 0.714 —+0.183
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Table 5.4: Operating-point metrics for the selected model in each task. Metrics were com-
puted from pooled leave-one-video-out predictions after applying the Youden-selected thresh-

old within each training fold.

Task Model Accuracy Precision Recall Specificity Balanced accuracy F1
Walking RF 0.822 0.412 0.700 0.841 0.770 0.519
Gowers  XGB 0.714 0.909 0.667 0.833 0.750 0.769

5.4.1 Walking

5.4.1.1 Model Comparison

For walking, the best-performing model in Table is the tuned RF, which achieved
ROC-AUC = 0.825 and PR-AUC = 0.511 against a prevalence baseline of 0.137. The
corresponding Tree and XGB baselines reached lower AUC values, so the main result
is not just above random ranking but also above the alternative tree models under the
same evaluation protocol. This level of performance still reflects a difficult small-sample
feasibility setting rather than a model ready for real-world use.

AUC differences were tested using DeLong’s test for correlated ROC curves [60], which
compares ROC-AUC values directly on the continuous probability outputs without requir-
ing a threshold. Given that only 10 DMD walking videos were available, the resulting
p-values were interpreted as supporting evidence for model selection rather than defini-
tive proof of classifier superiority. RF significantly outperformed the single Decision Tree
(AUC 0.825 vs. 0.602; z = 3.17, p = 0.002). The RF-XGB gap (AUC 0.825 vs. 0.687)
was borderline (z = 1.89, p = 0.059), and XGB did not significantly outperform Tree
(z = 1.02, p = 0.309). RF was therefore selected as the primary walking model, sup-
ported by higher ROC-AUC and PR-AUC, stable leave-one-out performance, and direct
TreeSHAP attribution.

The absence of a speed confound (p = 0.910, Section strengthens the interpretation:
the classifier discriminates on movement quality rather than movement pace. In any future
low-prevalence setting where true DMD prevalence would be far lower than 13.7%, positive
predictive value would degrade substantially, and the pipeline should be understood as a
feasibility pipeline for identifying DMD-relevant movement-quality differences, not as a

clinical decision tool.
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5.4.1.2 Selected Model Performance

The operating-point metrics in Table[5.4)are consistent with the ranking result: the selected
RF model captures most DMD clips while retaining moderate specificity in a control-

dominated cohort.

5.4.1.3 Confusion Matrix

Walking confusion matrix (ROC-AUC=0.835, PR-AUC=0.644, n=73, prev=0.14)

N FpP
True Control 51 (69.9%) 12 (16.4%)

FN P
True DMD 2 (2.7%) 8 (11.0%)
Pred Control Pred DMD

Figure 5.2: Confusion matrix for walking classification under leave-one-video-out cross-

validation.

Of the 10 DMD clips, 7 were correctly identified (sensitivity = 0.700); of the 63 control
clips, 53 were correctly identified (specificity = 0.841). The 10 false positives represent the

main source of error in a control-dominated cohort.

5.4.1.4 ROC Curve, Feature Distributions, and Gait-Cycle Profiles

Figure 5.3 shows the top-six features by univariate separation; the same features dominate
the SHAP ranking in Section[5.5] providing convergent evidence that the classifier operates
on movement-level signals.

Figure shows the ROC curve for the RF model; the area under the curve (0.825)

reflects consistent ranking of DMD clips above controls across the full range of thresholds.

47



5. RESULTS

Left Hip Vertical Variability

__0.0004

0.0003

0.0002

Left Hip Vertical Variability (norm.

0.0001

Control

DMD

Stride Length P95

Stride Length P95 (norm.)
& &

4
o

o
~

Control

DMD

Right Hip Flexion Median (deg)

Inter-Leg Angle Median (deg)

70

60

50

40

30

20

70

@
S

I3
S

N
S

@
S

20

Walking feature distributions
Right Hip Flexion Median

Control
Inter-Leg Angle Median

Control

DMD

i |

DMD

0.0005

00004

0.0003

0.0002

Right Hip Vertical Variability (norm.)

0.0001

Cadence (Hz)
= = = M N DN N
N [ ~ o N [ ~
(4] o (4] o (4] o o

o
o

o
3
o

Right Hip Vertical Variability

Control

Control

Cadence

DMD

DMD

Figure 5.3: Walking classification feature distributions associated with DMD-control separa-
tion. Top six features are ranked by statistical separation. Box plots show median, quartiles,

and distribution spread.

Figure [5.5] provides a time-normalized view of the same walking differences captured by
the scalar features. In this cohort, the DMD median profiles appear shifted relative to
controls across broad parts of the cycle, rather than at a single isolated point. This is
consistent with a distributed walking-pattern (gait) difference, but the figure should be
interpreted descriptively: overlap between IQR bands is substantial, and the sample size
is limited. Accordingly, these curves are used as qualitative support for the feature-level

and classifier results, not as a stand-alone basis for strong phase-specific claims.

5.4.2 Gowers

5.4.2.1 Model Comparison

For Gowers, the best-performing model in Table [5.3]is XGB, which achieved ROC-AUC =
0.733 and PR-AUC = 0.897 against a prevalence baseline of 0.714, yielding A = +0.183.
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Walking ROC curve (n=73, prev=0.14, PR-AUC=0.644)

1.0 —

True Positive Rate

== \Nalking (AUC = 0.83)
——=- Chance level (AUC = 0.5)
Youden (t=0.041)

0.4 0.6 0.8 1.0
False Positive Rate

Figure 5.4: ROC curve for walking classification. Dashed line indicates the random classifier

baseline.

Across models, Tree and RF performance was notably weaker (ROC-AUC = 0.650 and
0.622 respectively), whereas XGB achieved the highest ranking metric. DeLong’s test for
correlated ROC curves [60] found no statistically significant AUC differences between any
classifier pair (XGB vs. RF: z = 0.83, p = 0.406; XGB vs. Tree: z = 0.66, p = 0.508; RF
vs. Tree: z = 0.17, p = 0.864), consistent with the very limited control support (n = 6)
which precludes reliable discrimination testing. The feature ranking is more informative
than the point estimate itself, suggesting the learned features line up with the expected

movement pattern. More reliable validation requires larger and better balanced samples.

5.4.2.2 Selected Model Performance and Sample Size Limitations

For the selected Gowers XGB model, the operating-point metrics in Table [5.4] should be
interpreted as compact descriptive summaries of the chosen threshold rather than as stable
real-world performance estimates. The small control group dominates the interpretation:
the Gowers results should be understood primarily as evidence that the feature set captures

DMD-relevant movement patterns, not as a validated classification benchmark.

49



5. RESULTS

Walking gait-cycle profiles (median with IQR band)
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Figure 5.5: Walking gait-cycle profiles (0-100% cycle) comparing DMD and control groups
for key stride-normalized signals. Curves show median trajectories and shaded bands show

interquartile ranges across videos.

5.4.2.3 Confusion Matrix and ROC Curve

Associated visualisations are provided in the appendix (Figures and [A.2)).

5.5 Feature Attribution

The SHAP attribution methodology and its limitations are described in Section [£.8.4]
The final model was fitted on the full dataset for attribution purposes. Per-feature mean

absolute SHAP values for the walking task are shown in Figure [5.6]

5.5.1 Walking

The top SHAP features centre on inter-leg positioning, hip mobility, and gait rhythm, con-
sistent with patterns reported in DMD walking literature. Inter-Leg Angle Median emerged
as the dominant contributor, with lower median inter-leg spread pushing predictions toward
DMD, consistent with the reduced stride range and hip repositioning associated with hip
abductor compensation [24]. Step-Rate Consistency ranked second, capturing differences
in gait regularity between groups. Right Hip Flexion Median ranked third, with reduced
hip flexion pushing toward DMD, consistent with altered hip and upper-leg control. Hip
Vertical Variability also featured prominently, capturing pelvic instability during single-leg

stance. Stride Frequency, Left and Right Thigh Inclination Median, and Stride Length
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Figure 5.6: SHAP beeswarm plot for walking classification. Each point represents one video;
horizontal position shows SHAP value (left = pushed toward control, right = pushed toward
DMD); colour shows feature value (red = high, blue = low). Features ranked by mean absolute
SHAP value (importance).

P95 rounded out the top features, together reflecting the compensatory gait pattern of
reduced stride length, altered limb advancement, and rhythm adjustment documented in

DMD walking studies .

The dominance of lower-limb features and gait rhythm metrics is consistent with DMD
walking literature, where hip and knee weakness are associated with movement adaptations
such as increased step rate, reduced stride length, and altered stance timing. The broad
agreement between univariate separation (Table and SHAP rankings suggests that
classifier decisions are driven by pose-derived movement features rather than uninterpreted
raw coordinate patterns alone. Raw landmark coordinates were explicitly excluded from

the model to keep the interpretation clear.
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5.5.2 Gowers

Right Knee Flexion Median emerged as the dominant SHAP contributor, with reduced
knee flexion pushing toward DMD and reflecting the deep squat-like loading configuration
during the transitional phase of impaired floor rise |27]. Left Hip Flexion Median ranked
second, capturing hip mobility during the rising movement. Torso Uprightness Median
ranked third, reflecting the trunk elevation phase of the manoeuvre. Hand-Leg Distance
Median ranked fourth, capturing the proximity of the hands to the thighs that defines
the Gowers sign [27|. These features map onto four movement components of the Gowers
manoeuvre: lower-limb loading, hip mobility, trunk elevation, and upper-limb support.
Given the very small Gowers control support, the SHAP attribution mainly serves to
test whether the learned signals are consistent with the published movement description
of the Gowers manoeuvre. The fact that the top features do align with that description
suggests the feature engineering captures the right constructs, even though the current

sample is too small for a stable classification estimate.
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Discussion

6.1 Summary of Findings

This thesis set out to determine whether interpretable pose-derived movement features
extracted from single-camera RGB video could provide feasibility-level separation between
walking children with Duchenne muscular dystrophy and typically developing peers under
patient-level cross-validation, using walking and the Gowers manoeuvre as the two tasks.
The practical motivation is that these movements may be analysed from ordinary video,
which reduces dependence on specialist equipment and makes movement-analysis pipelines
easier to scale. The pipeline also keeps the results interpretable through feature-level
attribution, so the model output can be related back to movement patterns rather than
treated as a black box.

Detailed results are presented in Chapter[5] The walking task provides the main discrim-
inative result, while the Gowers manoeuvre is mainly informative at the level of movement-
feature alignment and is limited by sample size and class imbalance. The walking result is
the strongest outcome in the thesis and the most suitable point of contextual comparison
with prior DMD markerless-video work [35]: the evaluation setup is stricter than that clos-
est benchmark (patient-level LOO-CV versus within-dataset split), and the most important
feature families match movement patterns reported in DMD literature. The combination
of ROC-AUC, PR-AUC, and SHAP attribution supports this: the model separates DMD
from typical development better than chance in this dataset, and the learned features are

movement-level plausible rather than arbitrary.

Return to Research Questions. This thesis addressed three core research questions,

which are now answered in light of the results:
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1. To what extent can single-camera RGB video separate DMD from TD in walking and
the Gowers manoeuvre? For walking, a tuned random forest achieves ROC-AUC =
0.825 under leave-one-out cross-validation, providing usable feasibility-level discrim-
inative signal; the Gowers manoeuvre shows movement-plausible feature attribution

but is limited by sample size and severe class imbalance.

2. Which pose-derived movement features contribute most to that separation? SHAP
analysis identifies inter-leg angle median, step-rate consistency, right hip flexion me-
dian, and hip vertical variability as the top discriminative features for walking, while
right knee flexion median, torso uprightness, and hand-leg distance median are the
top-attributed Gowers features (exploratory only; n =6 controls, severe class imbal-

ance).

3. How well do those learned features line up with movement patterns described in the
DMD literature? The feature attribution is consistent with reported DMD walking
patterns: reduced inter-leg spread, restricted hip flexion, pelvic instability, and com-
pensatory stride and rhythm adjustments are compatible with published evidence on
hip abductor weakness, proximal muscle insufficiency, and reduced hip mobility |24],

[62].

6.2 Walking Classification

6.2.1 Performance in Context

The walking ROC-AUC of 0.825 under LOO-CYV is the primary quantitative result of this
thesis. The closest DMD markerless-pose classification benchmark is Ali et al. |35, whose
reported gait-classification results are noted as contextual prior-work reference in the foot-
note to Table [5.3] Ali et al. report higher headline performance, including accuracies of
0.962 for SVM with 3D HPE and 0.970 for their 3D HPE deep model, as well as AUC
values for the deep models. These values should not be read as a direct leaderboard com-
parison, because the studies differ in dataset construction, pose representation, reported
metrics, and validation setup. The result reported here is therefore best interpreted as a
more conservative estimate under leave-one-video-out evaluation with one retained clip per
identified subject.

The PR-AUC of 0.511 against a prevalence baseline of 0.137 shows clear improvement
over a random classifier. Under the severe class imbalance of the walking subset (10 DMD

vs 63 Control), a classifier that assigns the DMD label to every subject would achieve
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6.2 Walking Classification

ROC-AUC = 0.500 and PR-AUC = 0.137. In any future low-prevalence use context where
true DMD prevalence would be far lower than 13.7%, positive predictive value would drop
further, so this result should be read as an early feasibility signal rather than a standalone

diagnostic result.

6.2.2 Interpreting the Movement Signal

A critical concern in heterogeneous video classification is whether the classifier detects
DMD-relevant movement quality or movement pace. The walking univariate results show
no walking speed difference between groups, which argues against pace as the main con-
found. This finding aligns with documented DMD compensation: children with DMD
maintain walking speed through increased step rate despite reduced stride length [24].
The convergence between the univariate ranking and the SHAP feature ranking suggests
that classifier decisions reflect movement-related signals rather than dataset artifacts.

Cross-fold stability of feature importance rankings provides additional support: the top
features — inter-leg angle median, hip flexion, and hip vertical variability — ranked con-
sistently across LOO-CV folds, suggesting the classifier learned reproducible movement
patterns rather than subject-specific idiosyncrasies.

The prominence of features reflecting hip positioning and pelvic stability is notable.
Hip Vertical Variability, captured in the top SHAP features, reflects pelvic instability
during single-leg stance consistent with hip abductor weakness: under insufficient hip
abductor force, the pelvis drops toward the swing side (Trendelenburg sign), producing
greater vertical excursion of the hip landmark than is typical. Inter-Leg Angle Median
and Thigh Inclination Medians complement this picture by capturing the restricted stride
range and altered limb advancement associated with proximal muscle insufficiency. This

interpretation requires validation in a larger clinically verified cohort.

6.2.3 Reversed Direction Features

Some features showed directions opposite to initial expectations from DMD movement
literature: stride-duration variability metrics were lower in DMD than controls. Since
walking speed was matched between groups, this reversal is not attributable to a speed
confound. The most plausible explanation is a recording context effect: control clips
sourced from YouTube contain more locomotion variability (children stopping, turning,
and changing pace), whereas DMD clips consistently show slow, sustained, continuous

walking due to effort limitation. This highlights a fundamental challenge of working with
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heterogeneous video data: the statistical properties of a clip reflect not only the subject’s
movement but also the recording context. Controlled recording protocols are required to

disambiguate these effects.

6.2.4 Features That Did Not Discriminate

Several features showed near-zero SHAP importance and weak univariate separation: step
rate, double support fraction, autocorrelation-based stride regularity, CRP, and pelvic
rotation range of motion (ROM). Two explanations are plausible. First, step rate and
double support fraction are phase-locked to maximum inter-leg spread rather than heel
contact, introducing systematic phase error (see Section Stride Segmentation). Second,
pelvic rotation ROM is estimated in body-centred world coordinates that are unreliable
under mixed camera angles, suppressing this feature’s discriminative validity despite its

documented relevance to DMD progression [24] (see Section Recording Heterogeneity).

6.3 Gowers Classification

The Gowers result (Chapter [5)) is mainly useful as a movement-level check on the feature set
rather than as a stable classifier estimate. SHAP attributions still line up with the expected
movement pattern, so the feature engineering appears to capture relevant constructs. The
main constraint is data availability: YouTube sourcing of the Gowers manoeuvre yielded
very limited control support. Future work should prioritise controlled home-video collection

with a target of 40-50 clips and balanced class distribution.

6.4 Contribution of the Two-Task Pipeline

A key contribution of this thesis is the establishment of an end-to-end, patient-level cross-
validated classification pipeline across two DMD-relevant movement tasks from single-
camera consumer video; to the author’s knowledge, no prior work combines LOO-CV
performance estimation with SHAP-based feature attribution for both walking and the
Gowers manoeuvre from publicly sourced video. Prior work is limited in task scope: Ali
et al. [35] address walking pattern (gait) only, and Ferrer-Mallol et al. |[31] demonstrate
feasibility across multiple tasks without performing classification. This thesis provides, for
the first time, quantified LOO-CV performance estimates paired with explainable feature
attribution (SHAP) for both overground walking and the Gowers manoeuvre from a single-

camera pipeline operating on publicly sourced video.
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The practical value of this contribution is twofold. First, it shows that walking carries
feasibility-level discriminative signal. Second, it shows that SHAP-based feature attribu-

tion can make the predictions interpretable in this setting.

6.5 Limitations

6.5.1 Dataset

The dataset is sourced entirely from publicly available online video without clinical veri-
fication of diagnosis, age, or functional stage. Diagnostic labelling relies on self-report or
community annotation in the source video metadata. Exact ages were not available for the
majority of subjects; the 4-8 year range spans substantial motor development in typically
developing children, introducing heterogeneity in the control group that may inflate appar-
ent group separation. Sample sizes are the primary constraint on both tasks. The walking
imbalance of 10 DMD vs 63 Control reflects the availability of suitable public video rather
than a deliberate design choice; while balanced class weighting partially addresses this
imbalance at the classifier level, the small positive class (n = 10) means that individual
misclassified DMD clips have a disproportionate effect on sensitivity. The Gowers manoeu-
vre subset is more severely constrained: only six typically developing control clips were
retained after quality filtering, making any classifier trained on this task exploratory by
design and precluding reliable generalisation estimates. Quality-control filtering excluded
clips with poor knee-tracking confidence, which may introduce a selection bias toward
subjects and recording conditions where pose detection is more reliable, potentially under-
representing children whose movement patterns or body configurations produce less stable

landmark tracking.

6.5.2 Recording Heterogeneity

Source videos exhibit variable camera angles, distances, framerates, and scene contexts.
Several features are sensitive to these recording conditions. Pelvic rotation ROM depends
on an estimate of the walking direction from body-centred world coordinates, which is
unreliable for non-front-to-back camera angles. Stride variability features showed reversed
directions relative to clinical expectations, plausibly reflecting differences in clip content
rather than disease-related movement. These recording confounds are irreducible when
using heterogeneous online video and motivate the development of standardised home-

recording protocols.
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6.5.3 Pose Estimation

Landmark accuracy in children. No published study has validated MediaPipe Pose
Landmarker Heavy accuracy in children aged 4-8 years. This study did not perform
independent benchmarking against ground-truth motion capture in the study population;
landmark error in this paediatric age range and task context therefore remains unquantified.
Available validation evidence derives from adult populations: adult data (Stenum et al. [32]:
hip mean absolute error (MAE) ~ 4°, knee MAE ~ 5.6°) cannot be assumed to transfer to
this population given the body proportion mismatch and training data bias documented

by Wishaupt et al. [11].

Floor-level activities. Floor-level activities represent a systematic failure mode for top-
down pose estimators, as the reduced visible body area and non-standard subject orienta-
tion degrade both detection and landmark localisation [63]. The GHUM body model (a
statistical 3D human body shape model used internally by MediaPipe to generate world-
space landmark estimates) fitting that generates world landmarks is likely less reliable for
the floor-level postures of the Gowers manoeuvre, where the visible body area is reduced

and subject orientation is non-standard.

Camera angle and perspective error. Variable camera angles across the video source
introduce perspective error (as documented in infant pose-estimation studies [37]); this
analysis constrained features to landmark configurations with acceptable planar validity

under mixed viewing angles.

Feature-level geometric limitations. The ankle joint angle computed from the knee-
ankle-heel landmark chain is a geometric proxy that does not correspond to the standard
clinical definition and should be interpreted as a relative indicator rather than an anatomi-
cally precise measurement. MediaPipe applies internal temporal smoothing across frames,
which may attenuate the peak amplitudes of very rapid movements; this could slightly
reduce measured range-of-motion values for features that depend on peak joint excursions
in the DMD group. The hand-support proximity feature is expressed as a 2D image-space
wrist-to-knee distance, which avoids unreliable monocular depth estimates but has no es-
tablished validated reference range; it should be interpreted as a relative indicator rather

than an absolute clinical measure.
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6.5.4 Stride Segmentation

Strides were segmented at maximum inter-leg spread rather than at heel contact, intro-
ducing phase error into all phase-gated features. Heel-contact detection via ankle anterior-
posterior position relative to the torso following Stenum et al. [32] was evaluated but found
unreliable across the heterogeneous camera angles of the dataset, where body-centred Medi-
aPipe world coordinates do not preserve a stable ground-plane reference. Cadence, double

support fraction, and stance time fraction are the features most affected by this limitation.

6.5.5 Evaluation

LOO-CV at the video level prevents within-subject data leakage and is the most conserva-
tive evaluation strategy available. However, with n = 73 for walking, bootstrap confidence
intervals remain wide, and the point estimate of ROC-AUC = 0.825 should not be inter-
preted as a stable population-level performance figure. The classifier was not evaluated on
an independent held-out test set, as dataset size precluded a train/validation/test split.
Generalisation to clinically verified, controlled-recording DMD video remains to be demon-

strated.

6.6 Directions for Future Work

Clinically verified dataset. The most impactful improvement would be a clinically
verified dataset with confirmed diagnoses, exact ages, and standardised recording proto-
cols. A larger clinically verified dataset, for example 40-50 clips per task with controlled
smartphone placement, would substantially stabilise LOO-CV estimates and enable devel-
opmental normalisation across the 4-8 year age range. For both tasks, targeted collection
via a standardised home-video protocol, in which the child performs each task once in front
of a smartphone camera, would produce clips suitable for the existing feature pipeline with

minimal modification.

Heel-strike detection. Implementing reliable heel-strike detection would correct the
phase error in all gait-cycle-dependent features. The ankle anterior-posterior relative to
torso method of Stenum et al. [32] is the recommended approach for controlled front-to-

back recordings and would enable proper step rate and double-support estimation.
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Sequence models. Per-stride feature aggregation discards temporal structure across the
walking bout. A shallow sequence model (1D convolutional neural network (1D-CNN) or
bidirectional long short-term memory network (BiLSTM)) operating on the pose-derived
movement time series directly would retain this structure and could be compared against
the RF baseline under the same LOO-CV protocol. The walking timeseries parquet pro-

duced by this pipeline is ready for this extension.

Unsupervised phenotyping and similarity clustering. Rather than imposing a bi-
nary DMD vs. typically developing classification, an unsupervised approach could cluster
subjects by their feature similarity, revealing whether video-derived movement patterns
naturally group by disease severity, functional stage, or gait compensation pattern. This
would support movement-presentation grouping of walking-stage DMD heterogeneity and

could guide future monitoring research without relying on diagnostic labels.

Longitudinal monitoring. The pipeline as implemented produces a binary classifica-
tion per clip. Extending it to track individual feature trajectories over repeated recordings
— for example, monthly stride length symmetry index or Trendelenburg variability —
would align more directly with the future use case of monitoring within-patient progres-

sion rather than cross-sectional group separation.
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Conclusion

This thesis shows that interpretable pose-derived movement features extracted from single-
camera RGB video can capture feasibility-level separation between ambulatory children
with Duchenne muscular dystrophy and typically developing peers. For walking, the best-
performing model achieved ROC-AUC = 0.825 and PR-AUC = 0.511 under strict leave-
one-out cross-validation (baseline PR-AUC = 0.137; APR-AUC = +0.374). The absence
of a walking-speed confound in the univariate results (p = 0.910) is consistent with the
classifier capturing DMD-related walking differences rather than pace alone. The strongest
signals are consistent with movement patterns reported in DMD literature, especially re-
stricted inter-leg spread, reduced hip flexion, pelvic instability, and altered gait rhythm.
The Gowers task contributes mainly at the level of movement-level plausibility rather
than robust classification performance. Its leading features (right knee flexion, torso up-
rightness, and hand-leg distance) match the expected movement pattern of lower-limb load-
ing, trunk elevation, and hand support, but reliable generalisation will require larger and
better-balanced control cohorts. Taken together, these results provide a patient-level cross-
validated feasibility baseline for two DMD-relevant movement tasks from single-camera
consumer video. Two threats remain unresolved at this stage: the sex confound intro-
duced by X-linked inheritance means that some walking-pattern separation may reflect sex
rather than disease, and the absence of an independent held-out test set means the re-
ported AUC figures are cross-validated point estimates rather than stable population-level
performance figures. Because the pipeline operates without specialist equipment or phys-
ical contact, it offers a practical starting point for scalable, home-compatible movement-
analysis pipelines. The next requirement for clinical translation is a clinically verified and

standardised dataset.
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Appendix A

Threats to Validity and
Supplementary Results

A.1 Threats to Validity

This section summarises the main threats to validity, organised by the standard categories:
internal, external, construct, and conclusion validity [64]. Each subsection points to the

corresponding detailed treatment in Section

A.1.1 Internal Validity

Internal validity concerns whether the observed classification behaviour is driven by the
intended pose-derived movement constructs rather than confounds. Key risks include
recording-context effects, pose estimation failure under occlusion and atypical paediatric
postures, and stride phase error from the adopted segmentation strategy; these are dis-
cussed in detail in Section (Recording Heterogeneity, Pose Estimation, and Stride
Segmentation). A demographic confound is also present: DMD subjects are necessarily
all male due to X-linked inheritance, whereas control subjects are mixed sex; the classifier
may therefore partially capture sex-related walking-pattern differences rather than DMD-
specific movement differences exclusively. No technical mitigation is available for the sex
confound, which therefore remains an unresolved threat to internal validity. Data-leakage
risk is addressed by video-level LOO-CV; reversed-direction features are reported explicitly

in Section
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A.2 Detailed Feature Source References

A.1.2 External Validity

External validity concerns generalisation beyond the sampled videos. The dataset is
sourced from heterogeneous public online recordings without clinical verification of di-
agnosis, age, or functional stage, and with substantial variability in camera geometry and
scene conditions (Section Dataset). The results are therefore best read as a feasibility

baseline rather than an estimate of clinical or real-world performance.

A.1.3 Construct Validity

Construct validity concerns whether the operationalised features measure the intended
movement constructs. Several extracted quantities (e.g., ankle angles, step width proxies,
and hand-leg distances) are geometric proxies that may not correspond exactly to standard
movement-analysis definitions, particularly under the MediaPipe body-centred coordinate
system and unknown camera viewpoints (Section , Pose Estimation). Interpretation
is anchored to movement patterns reported in DMD literature; approximate features are

distinguished from literature-based features in Appendix

A.1.4 Conclusion Validity

Conclusion validity concerns the reliability of the statistical conclusions. Sample size is the
dominant threat, particularly for the Gowers task where the control support is too small
for stable LOO-CV estimates (Section Evaluation). Class imbalance and the absence
of an independent held-out test set further limit the strength of inference. Conclusions are

framed conservatively throughout, and the Gowers results remain provisional.

A.2 Detailed Feature Source References

A.3 Univariate Feature Statistics (Low-Power Tasks)

The following table presents univariate Mann—-Whitney statistics for the Gowers task, re-
ported for completeness and transparency. Due to limited sample size, these results are
presented as descriptive characterisation and are not interpreted as definitive inferential

claims (see Section [j)).
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A. THREATS TO VALIDITY AND SUPPLEMENTARY RESULTS

Table A.1: Detailed source references for the feature groups summarised in Table
“Literature-based” features derive from published movement-analysis references. “Pose-derived

approximation” features adapt clinical or gait concepts to single-camera landmark data.

Feature

Source

Reference

Joint flexion angles (knee, hip,
elbow)

Trunk forward lean + side lean
Pelvic obliquity

Pelvic rotation ROM

Segment angles relative to verti-
cal (thigh, shank)

Double support fraction
Normalised stride length

Stride Frequency (FFT)

Stride duration CV

Stride regularity (autocorrela-
tion)

Robinson Symmetry Index

Hip—knee phase alignment

Trunk extension percentile range

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Literature-based

Winter (2009)

Sutherland  (1981);
Vandekerckhove
(2022)

Sutherland (1981)
Vandekerckhove
(2022)

Eng & Winter (1995)

Perry & Burnfield
(2010)

Perry & Burnfield
(2010)

Perry & Burnfield
(2010)

Hausdorff et al.
(1997)

Menz et al. (2003)

Robinson et al.
(1987)

Hamill et al. (1999)
Chang (2011)

Hip drop proxy

Estimated walking speed
(fstride X estride)
Step width

Stance frame fraction
Ankle-knee-heel angle
Hip-to-heel vertical distance
Hip rise velocity

Minimum hand-leg distance
(image plane)

Rise duration

Rise phase fractions

Toe-walking fraction

Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation
Pose-derived approxi-
mation

Pose-derived

mati0164

approxi-

Sutherland
adapted

(1981)
composite measure
pose-based proxy
frame counting
geometric proxy
pose-based proxy
gradient measure

2D image-space
proxy

temporal measure

quantile-partitioned

composite heuristic




A.4 Low-Power Classification Visualisations

A.3.1 Gowers Univariate Statistics
A.4 Low-Power Classification Visualisations

The following figures present classification plots for the Gowers task, retained for com-
pleteness and transparency despite insufficient sample size and unstable generalisation

estimates. These results are not interpreted further (see Section .

A.4.1 Gowers Visualisations

Gowers confusion matrix (ROC-AUC=0.733, PR-AUC=0.901, n=21, prev=0.71)

N FP
True Control 5 (23.8%) 1(4.8%)

FN TP

True DMD 5 (23.8%) 10 (47.6%)

Pred Control Pred DMD

Figure A.1: Confusion matrix for Gowers classification under LOO-CV. Numbers indicate
video-level predictions in this low-power feasibility setting.
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A. THREATS TO VALIDITY AND SUPPLEMENTARY RESULTS

Gowers ROC curve (n=21, prev=0.71, PR-AUC=0.901)
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Figure A.2: ROC curve for Gowers classification in the low-power feasibility setting. Dashed
line indicates random classifier baseline.
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A.4 Low-Power Classification Visualisations

Table A.2: Top 15 Gowers features by absolute rank-biserial effect size at clip level. Limited

sample size; reported as descriptive characterisation only.

Feature r P

Torso backward-bend wvariability  0.643 0.010
(p05-p95)

Minimum hand-leg distance (image -0.643 0.010
plane)

Right hip flexion angle maximum -0.786 0.018
Hip-to-heel vertical distance mini- 0.619 0.013

mum

Right knee flexion angle minimum  -0.619 0.013

Right hip flexion angle minimum -0.571 0.101
Left hip flexion variability (p05- 0.571 0.156
p95)

Left hip flexion angle minimum -0.476 0.244
Left knee flexion angle minimum -0.476 0.244
Minimum hand-leg distance (body -0.467 0.185
frame)

Left knee flexion variability (p05- 0.429 0.300
p95)

Right elbow flexion angle minimum -0.417 0.262
Hip height variability -0.250 0.071
Rise duration (s) 0.333  0.342
Left knee flexion angle maximum -0.190 0.676
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