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Name of Candidate: Colm O’Donaghue 

Thesis Title: Computational Approaches to the Assessment of Motor 
Competence in Children: Prediction, Interpretation and Markerless 
Measurement 

 
Abstract 

 
Motor competence (MC), considered key in supporting child development, is associated 
with physical activity (PA) and broader lifelong health outcomes. However, traditional 
assessment and analytical approaches remain constrained by labour-intensive 
procedures that may not fully capture the complexity of MC development. Consequently, 
there is growing interest in computational approaches to address such limitations. 

 
This thesis examined the application of computational methodologies within MC 
research across four related studies. Study 1 evaluated machine learning (ML) 
classification models for predicting actual motor competence based off remaining 
actual (AMC) and perceived motor competence (PMC) data. Results demonstrated 
that several MC outcomes could be accurately predicted, highlighting the potential of 
ML within MC research. Building on these findings, study 2 utilised post-hoc model 
interpretability and graph analytics to characterise interdependencies between AMC 
and PMC by age and gender. Findings highlighted influential skills and constructs 
within MC networks while reinforcing the importance of PMC as an important correlate 
of broader MC development. 

 
The third study, a position paper, critically evaluated the opportunities, limitations, and 
future directions of markerless motion-capture technologies for MC assessment. The 
review noted the potential of computer vision systems to enhance the scalability and 
objectivity of assessment while considering methodological and practical limitations 
requiring further investigation. In response, study 4 explored the feasibility of integrating 
an open-source markerless motion-capture pipeline (‘FreeMoCap’) with a heuristics-
based rules engine to automate classification of TGMD-3 Short Form locomotor 
performance criteria. Findings suggested that classification performance varied between 
performance criteria but remained relatively stable across camera configurations. While 
reducing camera quantity influenced kinematic data quality, a three-camera 
configuration provided a practical balance between data quality, classification 
performance, and deployment considerations. 

 
Collectively, this thesis demonstrates the value of computational techniques for 
advancing MC research and provides a foundation for future technology-enhanced 
assessment and analysis.
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1.2 Introduction 

 
Physical inactivity among children and adolescents has emerged as one of the most significant 

public health challenges of the twenty-first century (Ding et al., 2016). Despite widespread 

recognition of the physical, psychological and social benefits of regular participation in physical 

activity (PA) (Eime et al., 2013), global levels of youth PA remain consistently below 

recommended guidelines (Aubert et al., 2021). Findings arising from the most recent Irish 

Children’s Sport Participation and Physical Activity (CSPPA) indicate that only 23% of children 

attending primary school and 12% of post-primary children met the physical activity guidelines 

of at least 60 minutes of daily moderate-to-vigorous physical activity (MVPA) (Woods et al., 

2023). Worryingly, these low levels of PA adherence amongst the youth demographic are not 

unique to Ireland, with findings reporting 81% of youth aged 11 – 17 years globally failed to 

meet the 2010 World Health Organisation (WHO) recommendation of accumulating at least 

60 minutes of MVPA daily in 2016 (Guthold et al., 2020). Consequently, understanding the 

factors that influence children's participation in PA remains an important priority for 

researchers, practitioners, and policymakers alike (Hu et al., 2021; Sallis et al., 2000; Tannehill 

et al., 2015). Given the well-established links between PA and physical, psychological, and 

social health outcomes (Eime et al., 2013), identifying the factors that promote lifelong 

engagement in PA is essential for improving population health. 

 

Participation in PA is influenced by a range of individual, social, and environmental factors (Hu 

et al., 2021). At a societal level, opportunities to engage in PA must be accessible and 

inclusive. Socioeconomic status can influence participation, with young people living in 

disadvantaged areas often reporting barriers to engagement in PA (Chinn et al., 1999). Family 

can also play a pivotal role in promoting and supporting PA engagement, with parents 

frequently influencing enrolment in sport clubs and other activities (Sallis et al., 2000). Indeed, 

the 2022 CSPPA report recommended that coaches, parents and volunteers receive 

appropriate training regarding the importance of PA and effective strategies for encouraging 

regular participation among children and adolescents (Woods et al., 2023). These 

recommendations highlight the importance of understanding the broader factors that shape 

children's engagement in PA. One framework that has received increasing attention in recent 

years for explaining PA engagement is physical literacy (PL). A growing body of research has 

explored the extent to which PL supports participation in PA across the lifespan (Cairney, 



5  

Dudley, et al., 2019; Cornish et al., 2020). The Australian physical Literacy Framework defines 

PL as ‘lifelong holistic learning acquired and applied in movement and physical activity 

contexts, integrating physical, psychological, social, and cognitive capabilities that support 

participation in health-promoting movement throughout life’ (Sport Australia, 2019). Similarly, 

(Whitehead, 2013) conceptualises PL as encompassing physical competence, confidence, 

motivation, and the knowledge and understanding necessary to value and engage in PA. 

Collectively, these attributes are believed to support an individual's capacity and desire to 

participate in PA throughout the lifespan. 

 

Despite widespread adoption of PL within research, policy, and practice (Carl et al., 2023; 

Corbin, 2016; Dudley et al., 2017), considerable debate remains regarding its 

conceptualisation and measurement (Barnett et al., 2019, 2023; Edwards et al., 2018). While 

many scholars advocate for comprehensive approaches that capture the multidimensional 

nature of PL (Britton, Belton, et al., 2023; Cairney, Clark, et al., 2019; Cairney, Dudley, et al., 

2019), others argue that attempts to operationalise and quantify PL may conflict with its original 

philosophical foundations (Barnett et al., 2023). Consequently, researchers continue to 

grapple with questions surrounding how PL should be defined and assessed (Grauduszus et 

al., 2023; Liu & Chen, 2021). Nevertheless, there is broad agreement that understanding the 

relationships between the various domains of PL is important for explaining PA participation 

and informing intervention development (Cairney, Clark, et al., 2019; Cairney, Dudley, et al., 

2019).  

 

Within the broad construct of PL, actual motor competence (AMC) has emerged as one of the 

most extensively studied and measurable domains (Barnett et al., 2022; Cattuzzo et al., 2016; 

Haga, 2008; Hill et al., 2024; Lopes et al., 2020; Robinson et al., 2015; Stodden et al., 2008). 

AMC refers to an individual's ability to execute a range of movement skills and is widely 

recognised as an important determinant of PA participation (Logan et al., 2018). As one of the 

first large-scale studies of PL conducted in Ireland, Behan et al. (2019) assessed multiple 

dimensions of PL across a broad age range using validated, age-appropriate measures. Within 

this framework, particular emphasis was placed on AMC due to its central role in movement 

development and PA engagement (Stodden et al., 2008). AMC is commonly assessed through 

the evaluation of fundamental movement skills (FMS), which represent the foundational 

movement patterns, such as running, kicking, jumping, and throwing, that underpin 

participation in PA, sport, and recreation (Logan et al., 2018). The development of FMS during 
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childhood is considered particularly important due to their foundational role in facilitating 

lifelong engagement in PA and sport (Logan et al., 2015). Early childhood (2–5 years) has been 

identified as a critical period for the acquisition of FMS and the development of overall AMC 

(Foulkes et al., 2015; Morley et al., 2015). Children are said to be capable of achieving 

proficiency in these foundational skills by approximately seven years of age, enabling 

participation in more specialised sport- and locomotor-related movements (Bolger et al., 

2021).  

 

Contrary to the belief that such skills develop naturally through maturation alone, evidence 

suggests that FMS require instruction, practice, and reinforcement (Clark, 2007; Cools et al., 

2009; Haywood & Getchell, 2019; Stodden et al., 2008). Successful development of FMS is 

particularly important given the central role AMC is believed to play within children's 

developmental trajectories (Stodden et al., 2008). Children possessing greater levels of AMC 

are more likely to participate in PA throughout childhood and adolescence, while those with 

lower levels of AMC may be less inclined to engage due to difficulties performing the skills 

required for participation (Barnett et al., 2009; Hardy et al., 2013; Jaakkola et al., 2016; Logan 

et al., 2015; Seefeldt & Gould, 1980; Stodden et al., 2008). However, AMC is not thought to 

operate in isolation. Rather, it exists within a broader developmental system involving 

perceived motor competence (PMC), health-related fitness (HRF), and PA participation itself 

(Stodden et al., 2008). The conceptual model proposed by Stodden et al. (2008) provides one 

of the most influential frameworks for understanding these relationships. The model suggests 

that AMC, PMC, HRF, and PA interact dynamically across childhood and adolescence, 

producing either positive or negative developmental trajectories. Children with higher levels of 

AMC are proposed to develop greater confidence in their movement abilities, engage in more 

PA, improve their fitness, and subsequently further enhance their motor competence (MC). 

Conversely, children with lower levels of AMC may experience reduced confidence, lower 

participation in PA, and poorer fitness outcomes, potentially resulting in a negative 

developmental spiral (Stodden et al., 2008).  

 

Consequently, understanding the mechanisms underpinning AMC and its relationship with 

related constructs remains an important area of investigation (Bandeira, Estevan, et al., 2025; 

Bandeira, Lemos, et al., 2025; Lima et al., 2022). PMC, defined as an individual's perception 

of their own motor-skill capabilities (Estevan & Barnett, 2018; Harter, 1982), has emerged as 

a particularly important factor within this developmental framework (Stodden et al., 2008). 
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Similar to AMC, higher levels of PMC have been associated with increased motivation, 

persistence, and engagement in movement-related activities, while lower levels have been 

linked to reduced participation and disengagement from PA (Rudisill et al., 1993; Weiss & 

Amorose, 2005). Research has consistently demonstrated positive associations between 

PMC, motivation, and PA participation (Bagøien & Halvari, 2005; Baker & Davison, 2011; 

Barnett et al., 2008; Carcamo-Oyarzun et al., 2025; De Meester, Maes, et al., 2016; De 

Meester, Stodden, et al., 2016; Den Uil et al., 2023). Indeed, PMC has been suggested to 

exert a greater influence on motivation to engage in PA than AMC itself (Bardid et al., 2016; 

Harter, 1978, 1982; Welk, 1999). Within the model proposed by Stodden et al. (2008), PMC is 

positioned as a key mediator between AMC and PA, with this relationship strengthening 

throughout childhood and adolescence.  

 

Higher levels of PMC have also been associated with greater PA participation, improved 

fitness, and more favourable body composition outcomes (Barnett et al., 2008; Coppens et al., 

2021; Den Uil et al., 2023; Jones et al., 2010; Sallis et al., 2000). PMC is influenced by factors 

such as prior experiences, perceived task difficulty, social reinforcement, and intrinsic 

motivation (Estevan & Barnett, 2018; Harter, 1978). However, young children often lack 

cognitive maturity to accurately evaluate these factors and frequently overestimate their motor-

skill capabilities (Almeida et al., 2017; Harter, 1978; Morano et al., 2020). As cognitive 

development progresses during middle childhood, PMC gradually becomes aligned with AMC 

(Estevan & Barnett, 2018; Harter, 1978; Robinson et al., 2015; Stodden et al., 2008). However, 

PMC and AMC remain conceptually distinct, and agreement between the two is not always 

observed (De Meester et al., 2020; Estevan & Barnett, 2018).  

 

Collectively, the literature suggests that AMC represents a central component of children's PL 

and plays an important role in shaping participation in PA across childhood and adolescence 

(Cairney, Clark, et al., 2019; Stodden et al., 2008). Furthermore, the developmental 

relationships between AMC, PMC, HRF, and PA are increasingly recognised as complex, 

dynamic, and reciprocal rather than linear in nature (Lima et al., 2022; Stodden et al., 2008). 

Despite growing evidence supporting the importance of these constructs, significant 

challenges remain regarding both their measurement and interpretation. From a measurement 

perspective, researchers continue to debate the most appropriate methods for assessing AMC 

(Barnett et al., 2023; Fransen et al., 2014; Hulteen et al., 2020, 2023; True et al., 2017). 

Although numerous process oriented and product-oriented assessment tools have been 
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developed, concerns remain regarding objectivity, assessor burden, scalability, and the ability 

to capture meaningful aspects of movement competence across diverse populations and 

settings (Bandeira et al., 2020; Duncan, Martins, et al., 2022; Hulteen et al., 2023; Valentini et 

al., 2018). Consequently, there remains a need for assessment approaches that can provide 

objective information regarding movement quality while simultaneously improving efficiency, 

consistency, and accessibility (Lander et al., 2020). 

 

In addition to measurement challenges, many of the relationships proposed within 

contemporary MC developmental models may not be fully captured using traditional analytical 

approaches, which are sensitive to the synergic, dynamic, and nonlinear interactions between 

MC constructs (Salami et al., 2024). The interactions between AMC, PMC, HRF, and PA are 

likely characterised by multiple interdependencies and potentially non-linear relationships 

(Bandeira, Estevan, et al., 2025; Bandeira, Lemos, et al., 2025). While conventional statistical 

techniques have contributed substantially to understanding these constructs, emerging 

analytical approaches may offer additional opportunities to identify patterns and relationships 

that are not readily observable using traditional methods (Bandeira, Estevan, et al., 2025; 

Bandeira, Lemos, et al., 2025; Britton, Belton, et al., 2023; Duncan et al., 2024; Farrahi & 

Rostami, 2024; Pilati Filho et al., 2023; Salami et al., 2024). Recent developments in machine 

learning (ML) (Britton, Onibonoje, et al., 2023; Duncan et al., 2024) and markerless motion 

capture (Bossavit & Arnedillo-Sánchez, 2022; Chow et al., 2020; Lander et al., 2025) 

technologies offer potential solutions to both of these challenges. Markerless motion capture 

systems have the capacity to provide objective movement data without the practical limitations 

associated with traditional laboratory-based motion analysis systems (Colyer et al., 2018). 

Similarly, ML approaches may facilitate the identification of complex relationships within MC 

data while supporting the development of more efficient and scalable assessment methods 

(Clark et al., 2021; Lander et al., 2020). However, despite growing interest in these 

technologies, further validation and application within paediatric MC research remain 

necessary before widespread implementation can be justified (Hulteen et al., 2023; Lander et 

al., 2020).  

 

Therefore, this thesis seeks to address two interrelated gaps within the literature. First, it 

explores the application of advanced analytical approaches to enhance understanding of the 

complex relationships underpinning MC and its associated constructs. Second, it explores the 

potential of markerless motion capture technology (via ‘FreeMoCap’, an open-source pipeline 
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by Matthis et al. (2022) to support the development of more objective, efficient, and scalable 

approaches to AMC assessment. In doing so, the thesis aims to contribute to both the 

methodological advancement of MC assessment and the broader understanding of children's 

movement development. 
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1.3 Philosophical Position 

Research is guided by a set of assumptions regarding the nature of reality, how knowledge is 

generated, and the most appropriate means of investigating a phenomenon. These 

assumptions are commonly described through the concepts of ontology and epistemology. 

Ontology concerns the nature of reality and what can be said to exist, while epistemology 

relates to the nature of knowledge and how knowledge can be acquired and justified (Moon & 

Blackman, 2014). Together, these philosophical positions influence how researchers 

formulate questions, select methods, interpret findings, and evaluate evidence. My interest in 

physical activity and motor-skill development is informed by both personal and professional 

experiences. Participation in sport and PA has been a consistent feature throughout my life 

and has shaped my interest in understanding the factors that influence children's engagement 

in movement. Through coaching, teaching, and research experiences, I developed an 

appreciation of the important role that physical activity can play in supporting health, wellbeing, 

and development. Recognising these experiences is important, as they inevitably influence 

how I approach research questions and interpret evidence. Acknowledging these influences 

represents an important aspect of reflexive practice throughout this thesis. 

 

Throughout my undergraduate and master's studies, and during my early experiences in 

research, I largely viewed knowledge through a positivist lens, placing considerable emphasis 

on objective measurement and the identification of observable relationships. However, as my 

research experience developed, my philosophical position evolved towards pragmatism. 

Pragmatism rejects strict adherence to any single methodological tradition and instead 

prioritises the research question when determining the most appropriate approach to inquiry 

(Giacobbi et al., 2005; Poucher et al., 2020). From this perspective, the value of knowledge 

lies not only in its explanatory power but also in its capacity to address real-world problems 

and inform practical action. 

 

Ontologically, this thesis adopts a realist position, acknowledging that an external reality exists 

independently of the researcher and can be investigated through systematic inquiry. However, 

consistent with pragmatic thought, it is recognised that our understanding of that reality is 

always incomplete and subject to refinement as new evidence, methods, and perspectives 

emerge. Epistemologically, knowledge is viewed as provisional and fallible rather than 

absolute. Consequently, the aim of research is not necessarily to establish definitive truths, 
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but to develop increasingly useful and robust explanations that improve understanding and 

support decision-making (Giacobbi et al., 2005; Poucher et al., 2020). This philosophical 

position shares considerable overlap with post-positivist and critical realist perspectives, both 

of which acknowledge an external reality while recognising that knowledge of that reality 

remains partial and fallible. What locates the present study within pragmatism is the criterion 

by which knowledge is judged. Rather than prioritising the pursuit of increasingly accurate 

representations of reality as an end in itself, pragmatism emphasises the practical usefulness 

of knowledge and its capacity to address real-world challenges (Giacobbi et al., 2005; Poucher 

et al., 2020). Accordingly, the methods employed throughout this thesis were selected not only 

for their ability to generate robust evidence, but also for their potential to improve the 

understanding and assessment of MC. 

 

A pragmatic paradigm was considered particularly appropriate for this thesis because of its 

dual focus on understanding MC and improving how it is assessed. While pragmatism is often 

associated with mixed-methods research, its relevance extends beyond methodological 

flexibility. In the present thesis, pragmatism facilitated the selection of analytical approaches 

based on their suitability for addressing specific research questions rather than adherence to 

a particular methodological tradition. Consequently, traditional statistical techniques, ML 

approaches, graph-based analyses, and computer vision methodologies were employed 

where they offered the greatest potential to advance understanding or address practical 

challenges within the field. This philosophical position influenced several methodological 

decisions throughout the thesis.  

 

In Chapters 3 and 4, ML and graph-based approaches were employed to explore complex 

relationships within MC data that may not be readily identifiable through conventional 

analytical methods. In Chapters 5 and 6, markerless motion capture technology was 

investigated as a potential solution to the practical limitations associated with existing 

assessment approaches, including issues relating to time, cost, objectivity, and scalability. 

Across all studies, methodological decisions were guided by a commitment to identifying 

evidence-based approaches capable of advancing both the understanding and assessment of 

MC. At the same time, I remain aware that my professional background in sport, PA, and 

motor-skill development may predispose me towards viewing emerging technologies as 

potentially valuable tools for addressing contemporary challenges in assessment and practice. 
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To minimise the influence of this potential bias, the studies presented throughout this thesis 

sought to evaluate new approaches against established methods, report limitations alongside 

strengths, and critically examine findings irrespective of whether they aligned with initial 

expectations. Consequently, the conclusions presented should be viewed as contributions to 

an evolving body of evidence rather than definitive solutions, with further validation and 

refinement required as the field continues to develop. 
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1.4 Aims and Objectives 

 
Primary aims of research: 

 
1.4.1 Evaluate the ability of several machine learning classification models in predicting 

actual motor competence assessment outcomes from existing actual and perceived 

motor competence assessment data. (Chapter 3) 

 
1.4.2 Model and evaluate the interdependencies between actual and perceived motor 

competence using post-hoc model interpretability analyses and graph analytics 

techniques (Chapter 4). 

 

 
1.4.3 Explore the theoretical rationale, opportunities, and challenges associated with the 

application of markerless motion capture technologies within motor competence 

research (Chapter 5). 

 
1.4.4 Evaluate the feasibility of using an open-source markerless motion-capture pipeline to 

support automated classification of TGMD-3 Short Form locomotor performance 

criteria. (Chapter 6) 

 

 
Secondary objectives of research: 

 
1. Explore the contribution of perceived motor competence variables to the prediction of 

actual motor competence outcomes (Chapter 3). 

 
2. Examine the differences in graph analytics measures across gender and age (Chapter 4). 

 
3. Uncover the minimal viable camera configuration required for accurate classification 

by an open-source markerless motion capture system (Chapter 6) 
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1.5 Research Question and Hypothesis 

 
1.5.1 Can machine learning classification models accurately predict individual actual motor 

competence assessment outcomes using data derived from other actual and perceived 

motor competence assessments? 

 
Hypothesis: It is hypothesised that the predictive capability of machine learning 

classification models will differ across actual motor competence assessments, with 

some skills demonstrating sufficient predictive accuracy. 

 
1.5.2 Do machine learning classification models demonstrate differing predictive 

performance across male, female, and gender-combined motor competence data 

subsets? 

 
Hypothesis: It is hypothesised that the predictive performance of machine learning 

classification models will be improved when trained on gender-specific datasets 

compared with a gender-combined dataset. 

 

 
1.5.3 Can post-hoc model interpretability analyses and graph analytics identify meaningful 

age- and gender-specific interdependencies within motor competence data? 

 
Hypothesis: It is hypothesised that age- and gender-specific motor competence 

networks will exhibit distinct structures, with both actual and perceived motor 

competence variables acting as influential nodes within these networks.  

 

 
1.5.4 What is the minimal viable camera configuration required for accurate classification by 

an open source markerless motion capture system? 

 
Hypothesis: It is hypothesised that reducing the camera configuration from four to three 

cameras will not significantly affect kinematic data quality; however, reducing the 

configuration from four to two cameras will result in a significant decline in data quality. 
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1.6 Thesis Structure 

 
Chapter 1: Introduction to Thesis 

 
This chapter gives a broad overview of the thesis, including the aims and objectives of the 

study. 

 
Chapter 2: Literature Review 

 
This chapter gives a critical evaluation of the previous literature in areas such as: physical 

activity, fundamental movement skills, actual motor competence, perceived motor 

competence and fundamental movement skill assessment. The chapter examines both 

traditional and emerging assessment approaches, including machine learning and markerless 

motion capture technologies, highlighting current limitations and identifying key gaps that 

underpin the research objectives of this thesis. 

 
Chapter 3: Streamlining Motor Competence Assessments via a Machine Learning 

Approach 

 
This chapter evaluates the predictive capability of machine learning classification models 

within a motor competence context. It identifies actual motor competence assessments that 

can be accurately predicted using other actual and perceived motor competence measures 

and examines differences in predictive performance across gender groups. 

RQ; Can machine learning classification models accurately predict individual actual motor 

competence assessment outcomes using data derived from other actual and perceived motor 

competence assessments? 

RQ; Do machine learning classification models demonstrate differing predictive performance 

across male, female, and gender-combined motor competence data subsets? 

 
Chapter 4: Modelling Motor Competence Interdependencies Using Post-hoc Model 

Interpretability and Graph Analytics 

 
This chapter explores age- and gender-specific interdependencies between actual motor 

competence and perceived motor competence among Irish primary school children. By 

integrating post-hoc model interpretability and graph analytics, it identifies influential 

competencies and highlights the important role of perceived motor competence within broader 

motor competence networks.  
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RQ; Can post-hoc model interpretability and graph analytics identify meaningful age- and 

gender-specific interdependencies within motor competence data? 

 

Chapter 5: Markerless Motion Capture for Motor Competence Assessment in Children: 

Promises, Limitations, and a Research Agenda 

 
This chapter explores the potential of markerless motion capture technologies as an objective, 

scalable, and accessible approach to motor competence assessment. It examines the 

promises and limitations of markerless motion capture systems and outlines key research 

priorities required to support their future adoption within motor competence research and 

practice. 

 
Chapter 6: Evaluation of a Markerless 3D Motion Capture System for Locomotor Skill 

Assessment: A Pilot Study 

 
This chapter investigates the feasibility and validity of a computer vision-based markerless 

motion capture system for motor competence assessment. It examines the impact of reduced 

camera configurations on kinematic data quality and evaluates the ability of the system to 

automatically assess locomotor skill proficiency using established assessment criteria. 

RQ; What is the minimal viable camera configuration required for accurate classification by an 

open-source markerless motion capture system? 

 
Chapter 7: Conclusions and Future Directions for Markerless Motion Capture Research 
 

This chapter provides an overview of the thesis, presenting the main findings, strength and 

limitations of the study, directions for future research, and potential options to advance 

markerless motion capture research. 
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1.7 Statement of Candidate Contribution 

 
Declaration 
 
In accordance with Regulation 11.2.2, this section sets out my individual contribution to each of the four studies 

presented in this thesis and to the pre-existing dataset on which two of them draw. Contributions are described using 

the Contributor Roles Taxonomy (CRediT). I am the first author of all four studies and was responsible in each case 

for the design and execution of the analysis, the development of all code, the interpretation of results and the 

preparation of the original manuscript. My supervisors contributed to the conception of the programme of work, 

provided domain expertise in motor competence assessment and in computer science respectively, provided access 

to data and to equipment, and revised each manuscript critically. Initials used below are CO’D for Colm O’Donaghue, 

MS for Michael Scriney, SB for Stephen Behan and SJB for Sarahjane Belton. 

Role matrix 
Study 1 is Streamlining Motor Competence Assessments via a Machine Learning Approach, published in Youth. 

Study 2 is Modelling Motor Competence Interdependencies, published in the proceedings of the 2025 IEEE 

International Workshop on Sport, Technology and Research. Study 3 is Markerless Motion Capture for Motor 

Competence Assessment in Children, currently under review. Study 4 is Evaluation of a Markerless 3D Motion 

Capture System for Locomotor Skill Assessment, currently under review. 

CRediT role Study 1 (Ch. 3) Study 2 (Ch. 4) Study 3 (Ch. 5) Study 4 (Ch. 6) 

Conceptualisation CO’D, MS, SB, SJB CO’D, MS, SB, SJB CO’D, MS, SB, 
SJB 

CO’D, MS, SB, 
SJB 

Methodology CO’D, MS CO’D, MS CO’D CO’D, MS, SB 

Software CO’D CO’D Not applicable CO’D 

Validation CO’D, MS CO’D, MS Not applicable CO’D, SB 

Formal analysis CO’D CO’D Not applicable CO’D 

Investigation Not applicable 
(secondary data) 

Not applicable 
(secondary data) 

CO’D CO’D 

Resources SB, SJB (dataset 
access); MS 
(computing) 

SB, SJB (dataset 
access); MS (computing) 

Not applicable MS (equipment 
and computing) 

Data curation CO’D CO’D Not applicable CO’D 

Writing, original 
draft 

CO’D CO’D CO’D CO’D 

Writing, review 
and editing 

CO’D, MS, SB, SJB CO’D, MS, SB, SJB CO’D, MS, SB, 
SJB 

CO’D, MS, SB, 
SJB 

Visualisation CO’D CO’D CO’D CO’D 

Supervision MS, SB, SJB MS, SB, SJB MS, SB, SJB MS, SB, SJB 
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CRediT role Study 1 (Ch. 3) Study 2 (Ch. 4) Study 3 (Ch. 5) Study 4 (Ch. 6) 

Project 
administration 

CO’D CO’D CO’D CO’D 

 
Where a role is recorded as not applicable, the study did not involve that activity. Studies 1 and 2 are secondary 

analyses and therefore involved no investigation in the CRediT sense, since no new data were generated. Study 3 is 

a position paper and involved no software, formal analysis or data curation. 
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1.8 Definition of Terms 

 
Actual Motor Competence: An individual’s ability to perform a wide range of motor acts, 

including the movement coordination and control underlying a particular motor outcome that 

are necessary to manage everyday tasks (Robinson et al., 2015). 

 

Children: Used to describe those under 18 years of age (Lansdown & Vaghri, 2022). 

 

Computer Vision: Uses image and pattern mappings in order to find solutions (Esposito & 

Malerba, 2001), considers an image as an array of pixels and is said to automate the 

monitoring, inspection, and surveillance tasks (Bond et al., 2019). 

 

Fundamental Movement Skills: Fundamental movement skills are described as the basic 

building blocks of more advanced complex movements that support successful engagement 

in sport and PA (Logan et al., 2018). 

 

Locomotor subtest: In the context of FMS, the locomotor subtest refers to the motor skills that 

require fluid coordinated movements of the body as the child moves through space (Gallahue 

& Ozmun, 2006). 

 

Machine Learning: A subfield of artificial intelligence concerned with producing mathematical 

models that identify and reason about dependencies between the variables describing a 

phenomenon (Imam et al., 2024). 

 

Mastery/Near Mastery: in the context of FMS, mastery is defined as correct performance of 

all components of a skill. Near mastery is defined as correct performance of all components 

but one (Van Beurden et al., 2002). 

 

Non-Communicable Disease: A non-communicable disease is defined as chronic health 

conditions that are not infectious and cannot be transmitted between individuals (Maphumulo 

et al., 2025). 
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Object Control subtest: In the context of FMS, object control subtest assesses motor skills that 

demonstrate efficient movements which involve an object, such as throwing, striking, and 

catching movements (Ulrich, 2013). 

 

Physical Activity: Physical activity is widely defined as “any bodily movement produced by 

skeletal muscles that results in energy expenditure” (Caspersen et al., 1985, p. 126). 

 

Perceived Motor Competence: How someone perceives his/her ability to competently perform 

a motor task (Harter & Pike, 1984). 

 

Physical Inactivity: Physical inactivity is defined as the failure to meet the recommendations 

on physical activity for health (Boisgontier & Iversen, 2020). 

 

Physical Literacy: ‘Lifelong holistic learning acquired and applied in movement and physical 

activity contexts, integrating physical, psychological, social, and cognitive capabilities that 

support participation in health-promoting movement throughout life’ (Sport Australia, 2019). 

 

Sedentary Behaviour: Sedentary behaviour is defined as any behaviour that incurs ≤1.5 METs 

and includes behaviours such as sitting, television watching and lying down (Pate et al., 2008). 

 

 

 

 

 

 

 

 

 

 

 

 



21  

1.9 List of Abbreviations 

 
Actual Motor Competence = AMC 

BMI = Body mass index 

BOT-2 = Bruininks Oserestky Test of Motor Proficiency, 2nd edition  

CI = Confidence interval 

CSPPA = Children’s Sport Participation and Physical Activity report 

CVD = Cardiovascular Disease 

DCUREC = Dublin City University Research Ethics Committee  

FMS = Fundamental movement skills 

HRF = Health related fitness 

KTK = Korperkoodinations fur Kinder 

M = Mean 

MNM = Mastery/Near-Mastery 

MWBW = Moving Well-Being Well 

MVPA = Moderate to vigorous intensity physical activity  

N = Number 

PA = Physical activity 

PE = Physical education 

PMC = Perceived Motor Competence 

SD = Standard deviation 

TGMD = Test of Gross Motor Development 

Y-PATH = Youth Physical Activity Towards Health 
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2.1 Introduction to Literature Review 

This chapter provides a critical synthesis of the theoretical and empirical literature that 

underpins the thesis. It is structured to develop a coherent argument that moves from the 

identification of a public health issue to the justification of a methodological response. The 

chapter begins by examining physical activity (PA) in youth, outlining the epidemiological 

context and the consistent evidence demonstrating declining participation across childhood 

and adolescence. It then focuses on actual motor competence (AMC), reviewing its role as a 

key determinant of PA engagement, and evaluating the tools commonly used to assess it. 

Perceived motor competence (PMC) is subsequently considered, with particular attention 

given to its interaction with AMC and its influence on PA behaviour, especially during the 

transition into adolescence. 

Building on this theoretical foundation, the chapter critically evaluates the dominant statistical 

approaches within motor competence (MC) research. While these approaches are 

methodologically robust, they have largely produced incremental and often repetitive findings, 

with limited capacity to account for the complex and non-linear nature of motor-skill 

development. In response to these limitations, machine learning (ML) is introduced as a 

promising alternative, and its application within PA and MC research is reviewed. The chapter 

concludes by examining the emergence of markerless motion capture technologies and their 

potential to integrate with ML approaches to enable scalable and objective assessment of 

AMC in real-world contexts. Collectively, this review establishes the rationale for the current 

thesis, positioning it within a field that is increasingly recognising the need to advance both 

measurement practices and analytical approaches. 

 

2.2 Physical Activity in Childhood and Adolescence 

Physical activity (PA) is widely defined as “any bodily movement produced by skeletal muscles 

that results in energy expenditure” (Caspersen et al., 1985, p. 126), a definition adopted in 

similar terms by the World Health Organization (WHO, 2018) and which underpins current 

Irish PA guidelines and health promotion strategies (Murtagh et al., 2023). PA can be 

accumulated through various forms, from active travel and free play through to organised 

recreational and competitive sport. For children and adolescents, the WHO advises an 

average of at least 60 minutes of moderate to vigorous intensity PA (MVPA) daily, 

incorporating muscle and bone strengthening activities across the week (Bull et al., 2020). 
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This guidance has been adopted by numerous countries and by the European Union (Parrish 

et al., 2020), with current Irish guidelines mirroring this international consensus (Murtagh et 

al., 2023). At the outset, it is important to distinguish PA from sedentary behaviour. Sedentary 

behaviour refers to waking behaviours involving low energy expenditure while sitting, reclining 

or lying down; it is addressed by separate guidelines (Murtagh et al., 2023) and is 

independently associated with adverse health outcomes in youth, including increased body 

weight and poorer metabolic profiles (Ekelund et al., 2006; Marshall et al., 2004). The two 

constructs are therefore not interchangeable, as a child may meet the MVPA guidelines whilst 

still accumulating substantial sitting time, and the terms are not used interchangeably within 

this thesis. 

Regular PA engagement during childhood and adolescence is associated with a broad range 

of physical, psychological and cognitive health benefits. Evidence from systematic reviews 

and meta-analyses indicates that greater levels of MVPA are associated with improved 

cardiorespiratory fitness, muscular fitness, bone health, body composition, and 

cardiometabolic health markers such as blood pressure and insulin sensitivity (Hupin et al., 

2015; Janssen & LeBlanc, 2010; Poitras et al., 2016). These relationships appear to follow a 

dose-response pattern, with greater volumes and intensities of activity conferring larger 

benefits, and with vigorous intensity activity potentially conferring even greater benefit 

(Janssen & LeBlanc, 2010). Importantly, even modest amounts of PA appear to confer 

measurable benefit among higher-risk groups, such as children who are overweight or obese 

(Janssen & LeBlanc, 2010), whilst across the intensity spectrum it is MVPA that shows the 

most consistent favourable associations with health indicators when PA is measured 

objectively (Poitras et al., 2016).  

Regular participation in MVPA has also been linked with lower levels of adiposity, including 

reduced waist circumference and BMI z-scores (Hay et al., 2012; Poitras et al., 2016). The 

benefits extend beyond physical health. PA participation is associated with reduced symptoms 

of depression and anxiety (Paluska & Schwenk, 2000), enhanced mental wellbeing, and 

improved cognitive and academic performance among children and adolescents (Li et al., 

2023; Singh et al., 2023; Warburton, 2006). The strength of this evidence does vary across 

outcomes, and much of the underpinning research in youth remains observational in design 

(Poitras et al., 2016). Nonetheless, the consistency of these associations across multiple 

health domains positions PA as a fundamental component of healthy development and 
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explains why promoting lifelong PA engagement remains a major public health priority. 

Childhood warrants particular attention within this priority. Non-communicable diseases 

account for an estimated 40 million deaths annually worldwide and 82% of deaths annually in 

Ireland (WHO, 2025), and physical inactivity is recognised as a leading modifiable risk factor, 

with estimates suggesting over 5 million deaths per year could be prevented if population 

levels of PA were increased (Salvo et al., 2026).  

In adults, the scale of the relationship is well established, with meta-analytic evidence including 

over 30 million participants demonstrating a clear inverse dose-response relationship between 

PA and all-cause mortality (Garcia et al., 2023) and umbrella review evidence reinforcing the 

protective role of PA against all-cause, cardiovascular and cancer mortality (Li et al., 2025). 

Importantly, the precursors of these outcomes are established early in life. Cardiovascular risk 

factors that emerge during childhood and adolescence frequently persist into adulthood and 

are associated with poorer cardiovascular health in later life (Juonala et al., 2013; Raitakari & 

Juonala, 2003), and recent evidence indicates a rising prevalence of such risk factors among 

adolescents (Arshad et al., 2024). Behaviour itself also tracks across the lifespan, as physically 

inactive children are more likely to become inactive adults (Martínez-Andrés et al., 2020). 

Given that greater PA engagement in youth is associated with lower blood pressure, improved 

glycaemic control and healthier weight status (Barone Gibbs et al., 2021; Loh et al., 2020; Swift 

et al., 2014), promoting PA during childhood represents an important target for efforts to 

reduce cardiometabolic risk across the lifespan. 

Despite these well-established benefits, a substantial gap exists between recommended and 

achieved PA levels. Globally, findings report 81% of youth aged 11 to 17 years are estimated 

not to meet the WHO PA guidelines (Guthold et al., 2020), whilst a large-scale European study 

categorised more than two thirds of European youth as insufficiently active (Steene-

Johannessen et al., 2020). The economic burden is correspondingly large, with physical 

inactivity estimated to have accounted for $53.8 billion in global healthcare costs in 2013 alone 

(Ding et al., 2016). Irish data reflect the same pattern. The most recent Children’s Sport 

Participation and Physical Activity (CSPPA) study reported that only 23% of children attending 

Irish primary schools and 12% of Irish post-primary children self-reported meeting the PA 

guideline of at least 60 minutes of daily MVPA (Woods et al., 2023), albeit a slight improvement 

on the 17% and 10% reported in 2018 (Woods et al., 2018). Such prevalence estimates should 

be interpreted with a degree of caution, as they rest largely on self-report and the accurate 
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measurement of PA remains methodologically challenging (Hidding et al., 2018). Even 

allowing for measurement error, however, the consistency of these findings across 

instruments and settings indicates that the substantial majority of children, in Ireland and 

internationally, are insufficiently active. Compounding these low absolute levels, PA declines 

as children age. Pooled accelerometer data from 27,637 participants indicated that, cross-

sectionally, PA was approximately 4.2% lower with every additional year of age after the age 

of five (Cooper et al., 2015), whilst systematic review evidence drawn from longitudinal studies 

confirms that MVPA declines progressively across childhood and adolescence rather than at 

any single point (Farooq et al., 2020). Longitudinal accelerometer data similarly show weekday 

MVPA decreasing by approximately 2.2 minutes per day, per year, between the ages of six 

and eleven, with sedentary time increasing concurrently (Jago et al., 2020). This decline is not 

evenly distributed by gender. Girls consistently report lower PA participation than boys (Hallal 

et al., 2012; Ricardo et al., 2022), demonstrate a steeper age-related reduction in vigorous 

activity (Corder et al., 2016), and have been noted to fall below recommended PA levels at a 

younger age than boys (13.1 versus 14.7 years) (Nader et al., 2008). Declines are also 

particularly pronounced around the transition from primary to secondary school, which in 

Ireland typically occurs at around twelve years of age (De Meester et al., 2014; Marks et al., 

2015). Taken together, the evidence indicates that most children are insufficiently active, that 

activity erodes further with age, and that girls and early adolescents are at particular risk of 

disengagement. It is therefore imperative to consider modifiable factors that may help 

counteract this decline and support sustained PA engagement across childhood and into 

adolescence. One such factor is motor competence, to which the following section turns. 

 

2.3 Motor Competence and its Role in Physical Activity 

Motor competence (MC) is broadly defined as an individual’s ability to execute a range of goal-

directed motor skills (Robinson et al., 2015), encompassing three broad sub-domains: 

locomotor skills, object control skills and stability skills (Goodway et al., 2013) each of which is 

examined in detail in Section 2.4. Within the construct, a distinction is commonly drawn 

between actual motor competence (AMC), referring to objectively assessed motor skill 

proficiency, and perceived motor competence (PMC), referring to a child’s perception of that 

proficiency (De Meester et al., 2020). In the last decade there has been increased recognition 

that AMC development is a key factor in promoting PA engagement (Barnett et al., 2009; 

Burton et al., 2023; Logan et al., 2015; Robinson et al., 2015; Stodden et al., 2008), alongside 
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a variety of other health benefits such as healthy weight status (Cattuzzo et al., 2016; D’Hondt 

et al., 2013) and psychological wellbeing (Rose et al., 2015). Childhood is considered a critical 

period in this regard (Koolwijk et al., 2024). It is during childhood that the foundational skills 

enabling successful participation in various forms of PA are acquired (Clark & Metcalfe, 2002), 

and establishing proficiency early is said to contribute to the development of an active lifestyle 

(Haugen & Johansen, 2018; Holfelder & Schott, 2014). Before examining the empirical 

evidence for these claims, it is necessary to set out the theoretical model within which they 

are typically framed. 

 

The conceptual spine of this literature is the developmental model proposed by Stodden et al. 

(2008) (see Figure 2.1), which hypothesises the relationships among AMC, PA, PMC, health-

related fitness and weight status to be key components of a positive health trajectory for 

children and adolescents. Central to the model is the proposal that the relationship between 

AMC and PA is both reciprocal and developmentally dynamic. In early childhood, PA is 

proposed to drive the development of AMC, as young children accumulate the movement 

experiences from which skills emerge. As children progress through middle and later 

childhood, the direction of influence is hypothesised to reverse, with AMC increasingly 

determining the extent to which children are equipped to participate in the games, sports and 

other activities through which PA is accrued. PMC occupies a mediating role within this 

dynamic. Young children tend to hold inflated perceptions of their abilities, meaning that early 

PA participation is theorised to be relatively independent of AMC; however, as self-perceptions 

become more accurate with age, the relationship between AMC and PA strengthens and 

becomes increasingly mediated by psychological factors.  

 

The model’s best-known prediction follows from these dynamics: children possessing high 

levels of AMC proficiency and positive PMC are proposed to enter a “positive spiral of 

engagement” in which competence, perception and participation reinforce one another, 

whereas children with poor AMC proficiency and low PMC risk being “drawn into a negative 

spiral of disengagement”, resulting in physical inactivity and the negative health consequences 

associated with it (Stodden et al., 2008, p. 296). It should be emphasised that the model is a 

hypothesised synthesis rather than an established theory, and the empirical testing of its 

pathways, along with the reconceptualisations this has prompted, is considered in Section 2.6. 

What follows here is the evidence for its load-bearing assumption: that AMC and PA are 
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positively associated. 

 

 
Figure 2.1: Developmental mechanisms influencing the physical activity trajectories of 

children. Reproduced from Stodden et al. (2008) 
 

Early review-level evidence broadly supported the assumption of AMC and PA being positively 

related to one another, whilst also exposing its evidential limits. Lubans et al. (2010), in a 

systematic review of the health benefits associated with motor skill proficiency in youth, 

concluded that the evidence confirmed a positive cross-sectional relationship between general 

AMC proficiency and PA among children and adolescents. The evidential base of the review 

was thin in places, however, including only two longitudinal and two experimental studies, and 

the authors acknowledged the need for further longitudinal research exploring the relationship. 

Four years later, Holfelder & Schott (2014) reached a similar verdict, noting strong cross-

sectional evidence for a positive relationship between AMC and organised PA whilst 

cautioning that a cause-and-effect relationship was suspected but had not yet been 

established, a reservation echoed in earlier work (Barnett et al., 2011; Kambas et al., 2012; 

Okely et al., 2001; Stodden et al., 2008). Their review included only eight longitudinal studies, 

and the imbalance between cross-sectional and longitudinal designs that both reviews 

identified has remained a defining feature of this literature since. Two further reviews published 

in 2015 sharpened the picture without resolving it. Logan et al. (2015) reported low to moderate 

positive relationships between AMC and PA in early childhood, middle to late childhood, and 

adolescence, although one included study found a moderate negative relationship. The 

authors concluded by returning to the question posed by Fulton et al. (2001, p. 123): “...are 
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children physically active because they have good motor skills or do they have good motor 

skills because they are physically active?”, noting that many factors likely shape how the 

relationship changes over time and that research with stronger designs would be required to 

identify them and determine their magnitude. Robinson et al. (2015) likewise concluded that 

the literature supported a positive relationship between AMC and PA across childhood, with 

low to moderate associations evident from early through middle childhood but found insufficient 

evidence to determine whether the association strengthens during adolescence, as the 

Stodden et al. (2008) model predicts. Notably, Robinson et al. (2015) also identified 

measurement as a structural obstacle: until consensus is reached on AMC and PA 

measurement methodology, and measures are used consistently across the literature, 

changes in the strength of association across time cannot be meaningfully examined. 

Longitudinal and predictive evidence, although scarcer, points in the same direction. Children 

with stronger object control skills in childhood have been shown to be more physically active 

in adolescence (Barnett et al., 2009), and poor AMC during childhood has been reported to 

negatively affect PA adherence as children transition into adolescence and adulthood (Barnett 

et al., 2009; Lloyd et al., 2014). More recent work has positioned AMC as a predictor of both 

PA volume (McIntyre et al., 2018) and PA intensity (Gu et al., 2017). Such findings are 

consistent with the developmental logic of the Stodden et al. (2008) model, although they 

remain too few in number to establish the causal pathway the model proposes. 

The most recent evidence is more contested. Burton et al. (2023) concluded that current 

findings support the positive associations identified in earlier reviews (Holfelder & Schott, 

2014; Logan et al., 2015; Lubans et al., 2010; Robinson et al., 2015), with Den Uil et al. (2023) 

reporting similarly supportive findings. In direct contrast, Barnett et al. (2022), in a large 

systematic review of mediation, longitudinal and experimental evidence, found no supporting 

evidence for an association between AMC and PA in adolescence, with Schmutz et al. (2020) 

and Coe et al. (2024) also questioning the strength of the relationship. Two features of the 

evidence base explain how reviews published within a year of one another can reach opposing 

conclusions. First, the literature remains overwhelmingly cross-sectional: nearly nine in ten of 

the studies located by De Meester et al. (2020) employed cross-sectional designs, which 

inflate the appearance of association through the proximal measurement of variables and 

cannot speak to the direction of influence. Second, there is a lack of consistency in 

assessment approaches. Studies differ in the AMC instruments employed, in whether PA is 
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self-reported or measured via accelerometry, and in the skill domains assessed, and each of 

these differences moderates the associations observed (Logan et al., 2015; Robinson et al., 

2015). On balance, the evidence for the bridge between AMC and PA is positive but 

indeterminate. The weight of review-level evidence supports a low to moderate positive 

association across childhood, the longitudinal evidence is directionally consistent but sparse, 

and the strongest recent challenge rests substantially on the absence of adequately designed 

studies rather than on contradictory findings. Whilst the literature remains undetermined as to 

whether AMC is the most important determinant of PA participation or whether other factors 

are more influential, two conclusions can be drawn with some confidence. The first is that AMC 

matters enough, both theoretically and empirically, to warrant sustained research attention. 

The second is that progress on the questions left open by this literature depends directly upon 

the quality, consistency and scalability of AMC measurement, and upon the analytical 

approaches applied to the resulting data; these are the central concerns of this thesis. The 

following section therefore examines AMC in greater detail, beginning with its importance and 

measurement. 

 

2.4 Actual Motor Competence 

 
2.4.1 Importance of Actual Motor Competence 

 
Actual Motor Competence (AMC) encompasses the mastery and ability to perform various 

fundamental movement skills (FMS) such as coordination and balance, leading to quality 

movement (De Meester et al., 2020). FMS are considered to be the ‘building blocks’ of more 

advanced, complex movements (Logan et al., 2018) and are classified into three distinct skill 

categories: locomotor skills (locomotion of the body e.g., running, jumping), object-control 

(manipulative skills e.g., ball-catching, kicking) and stability skills such as balancing (Goodway 

et al., 2013). 

 

2.4.2 Measurement of Actual Motor Competence 
 

Due to the increased interest and evidence surrounding associations between AMC and 

health, it is imperative that assessments used to quantify MC are accurate and informative 

(Logan et al., 2017). AMC Measurement in youth can be either process-based or product-

based. Process-oriented assessments evaluate how a movement is performed and describe 
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qualitative movement patterns (Logan et al., 2017). In contrast, a product-oriented assessment 

evaluates the outcome of a movement, which is typically identified as a quantitative score 

(e.g., speed, distance or number of successful attempts). Process oriented assessments 

include the Test of Gross Motor Development-2nd edition (TGMD-2; Ulrich & Sanford, 2000), 

3rd edition (TGMD-3; Ulrich, 2013) and Get Skilled; Get Active (GSGA; (Ryde, 2000).  

 

The TGMD-2 assessment battery is one of the most frequently used process-oriented 

assessments of youth AMC (Barnett et al., 2008; Belton et al., 2014; Logan et al., 2017; O’ 

Brien et al., 2013, 2016). The TGMD-3 (Ulrich, 2013) is a revision of the second version of the 

TGMD-2 (Ulrich & Sanford, 2000), comprising 12 skills from the TGMD-2 plus one extra object- 

control skill, the one-handed strike (Ulrich, 2013). Thus, the TGMD-3 contains 6 locomotor 

skills and 7 object control skills. The TGMD assessment batteries evaluate children’s FMS 

based on the presence or absence of 3–5 performance criteria for each of the skills. Scores 

across two trials are then summed to provide a raw score for that particular skill. The GSGA 

skills are measured similarly to that of the TGMD batteries with the GSGA comprising 12 skills 

(catch, overhand throw, kick, forehand strike, sprint run, leap, dodge, vertical jump, hop, side 

gallop, skip, and static balance), and uses a similar scoring process to the TGMD-3, where 

each skill is broken down into its movement components (Ryde, 2000). Participants are 

required to perform five trials for each skill and the presence or absence of each skill 

component is noted by the tester. If the participant displays a skill component in four of 

the five trials then this component is marked as present (Ryde, 2000). Process-oriented 

assessments differ in their complexity to administer due to the number of skills included, 

number of performance criteria for each skill and whether or not performance can be observed 

and recorded live or whether video analysis is required for accurate scoring (Logan et al., 

2017). 

Examples of product-based assessment tools widely used in research are the 

Körperkoordinationstest für Kinder (KTK) (Kiphard & Schilling, 1974) and the Movement 

Assessment Battery for Children (MABC) (Henderson et al., 1992). The KTK (Kiphard & 

Schilling, 1974) has been validated for children aged 5 – 14 years (Cools et al., 2009; 

Vandorpe et al., 2011). The KTK consists of four subtests (walking backwards, moving 

sideways, hopping for height and jumping sideways) and outcome measures are taken for 

each (Vandorpe et al., 2011). The KTK has been used in previous research to objectively 

assess AMC among the youth demographic (D’Hondt et al., 2013; Vandendriessche et al., 
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2012; Vandorpe et al., 2011). There are limitations associated with the KTK however, most 

notably, an overall gross AMC score is awarded as opposed to breaking AMC down into its 

three distinct components (locomotor, object-control, stability). Another key limitation of the 

KTK is the relatively old normative data (Cools et al., 2009). Another product-based AMC 

assessment is the MABC-2 (Henderson et al., 1992) which is suitable for children and youth, 

aged between three to sixteen and is used to identify impairments in FMS across three skill 

categories: manual dexterity, aiming and catching, and balance. It has been used across 

several age-ranges (Fisher et al., 2005; Gísladóttir et al., 2014; Livesey et al., 2011; Vedul-

Kjelsås et al., 2012) and the tasks change based on the participant’s age (Brown & Lalor, 

2009). Normative scores are provided for each age category (3-6 years, 7-10 years, 11-16 

years) and individuals at risk of movement difficulties are identified using a traffic light system. 

The MABC-2 can be considered advantageous when compared against the KTK, since it 

assesses all three components of FMS, and that an assessor can focus on just one component 

without having to complete the full assessment battery. The biggest limitation of the MABC-2, 

is the fact that it does not identify movement quality – i.e. if the components of a skill are 

correctly executed during their execution, however, this issue is evident within all product-

based assessments. 

Previously, researchers have combined product and process-based assessment techniques 

to measure AMC proficiency (Rodrigues et al., 2016; Stodden et al., 2009; Stodden et al., 

2013). Using such an approach, participants were asked to complete a skill (e.g., kicking a 

ball) and the process of how the participant executed the components of the skill was 

assessed, with the outcome of the skill also being measured (e.g. the speed of the ball). Such 

a mixed-approach can be useful in overcoming a potential ceiling effect for older children and 

adolescents in some process-based AMC assessments (Logan et al., 2017), but disparities 

between gender tend to be highlighted when outcome-based measures are used, particularly 

in adolescence due to physiological changes that occur across puberty (True et al., 2017).  

 

Another form of FMS assessment is the Bruininks-Oseretsky Test of Motor Proficiency 

(BOTMP) and the Bruininks-Oseretsky Test Second Edition (BOT-2) (Bruininks & Bruininks, 

2005). These tests are different to the other assessments since they assess both fine and 

gross motor skill development and are used primarily to identify those with mild or moderate 

motor coordination difficulties. The BOT-2 is suitable for those aged between 4 and 21 years 
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of age and the complete test consists of eight sub domains containing 53 items of assessment, 

although there is a short form version (Bruininks & Bruininks, 2005). There are limitations 

associated with the BOT-2 however, for instance, the complete assessment takes nearly an 

hour to complete with the short form lasting between 15 and 20 minutes (Cools et al., 2009) 

making it impractical for assessing large numbers, particularly in a school setting (Peerlings, 

2007). The BOT-2 also does not assess as many skills as other assessments; thus, it does 

not provide an assessor with a full picture of a participant’s AMC proficiency. 

Another limitation, which is not just true for the TGMD-3 but for all the aforementioned 

measurement tools, is that traditionally all the assessments were graded using a pen and 

paper method (Ulrich, 2013; Yun & Ulrich, 2002). Such a method is a time-consuming process 

when time required entering the collected data into a database for analysis is considered 

(Behan et al., 2019). This time constraint can subsequently have a negative knock-on effect 

by significantly impacting the amount of data collected, not to mention the risk of human error 

in the data entry process (Bandeira et al., 2020; Bisi et al., 2017; Chow et al., 2020; Duncan, 

Martins, et al., 2022; Valentini et al., 2021). Despite such limitations, there are a wide variety 

of assessment tools utilised by practitioners that can assess AMC proficiency accurately and 

reliably (Logan et al., 2012). Regardless of the assessment measure utilised, the results from 

such assessments show alarmingly low levels of AMC proficiency reported worldwide (Barnett 

et al., 2009; Behan et al., 2019; Lubans et al., 2010; Mukherjee et al., 2017). 

In summary, from the variety of assessment tools currently available to assessors it appears 

logical to utilise the latest edition of the TGMD, the TGMD-3, as the primary assessment tool 

due to the addition of an extra skill. Previously, a meta-analysis recommended the TGMD-2 

for use in research (Logan et al., 2012) with similar recommendations also provided for the 

updated TGMD-3 across a diverse range of participants (Maeng et al., 2016; Magistro et al., 

2018; Rintala et al., 2017; Ulrich, 2017; Webster & Ulrich, 2017). The TGMD-3 is regarded as 

the gold standard of AMC assessment tools and can be considered the most appropriate 

assessment tool available in a mainstream setting. The TGMD-3 does, however, have several 

limitations. For instance, it does not assess balance, (Rudd et al., 2015), which, alongside 

locomotor and object control skills, represents a key AMC component (Logan et al., 2015; 

Rudd et al., 2015). Furthermore, the absence of explicit quantitative thresholds within some 

performance criteria can introduce subjectivity into assessor judgements, while variation in 

score-aggregation approaches may limit comparability across studies (Ng et al., 2025). While 
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acknowledging these limitations, the prominence of the TGMD-3 in contemporary research has 

enabled the accumulation of a substantial and comparable evidence base. This, in turn, 

provides a foundation for identifying consistent patterns in AMC across age groups, gender, 

and settings. The following section builds on this foundation by examining current trends in 

AMC reported in the literature. 

 

2.4.3 Current AMC Trends 
 

In recent years, poor AMC proficiency levels have been demonstrated amongst the global 

youth demographic. For instance, prior research demonstrated across a thirteen-year period 

that Australian children’s proficiency levels remained low with prevalence rarely above 50% 

(Hardy et al., 2013). Given such stark findings, it is paramount that the skills underpinning such 

poor proficiency levels are explored further. Each FMS skill comprises several behavioural 

components that must be present for successful skill completion and are described as 

performance criteria (Ulrich & Sanford, 2000). Participants must be proficient within all the 

criteria of a specific FMS skill to be deemed competent. For instance, to be considered 

competent at kicking in the TGMD-3, participants are required to meet the following criteria: 1) 

rapid continuous approach to the ball, 2) Child takes an elongated stride or leap just prior to 

ball contact, 3) non-kicking foot placed close to the ball, and 4) kicks the ball with the instep of 

the preferred foot (not the toes) (Ulrich, 2013).  

 

When characterising AMC competency, the terms “mastery” and “near-mastery” are frequently 

applied within the literature. ‘Mastery’ of process-oriented locomotor and object control skills 

is the correct performance of all the skill components associated with each skill over both the 

trials. ‘Near Mastery’ is when an individual performs all but one of the components correctly over 

both trials (Van Beurden et al., 2002). Participants that do not fulfil the criteria to achieve 

mastery or near-mastery (MNM) status are classified as poor (Booth et al., 1999). Such criteria 

guidelines can prove useful for researchers who have used process-based AMC assessments 

and can use MNM as a comparative tool. Gallahue & Ozmun (2006) proposed that children 

have the potential to master most of the FMS by six years of age, while others contradict this 

view, believing all FMS can be mastered by ten years of age (Hardy et al., 2010). Considering 

such estimates, it would not be unreasonable to suggest that children should have mastered 

most of the basic motor skills as they are finishing primary school. Considering the youngest 

cohort (two- to six-year-olds), an AMC mastery rate of 0% was previously reported among 
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Australian preschool children (n = 425) (Hardy et al., 2010). Worryingly, this dearth of 

competency is evident within more recent research. Brian et al. (2018) noted that whilst a group 

of Belgian preschool children (n = 170) produced superior levels of AMC competency than a 

group of US preschool children (n = 156) both groups scored below what might be expected of 

them at this age, especially for object control skills. 32.4% of the Belgian sample and 57% of 

the US sample scored below average for object control skills compared to 25.33% of the TGMD-

2 reference group (Ulrich & Sanford, 2000). Indeed, the aforementioned findings are 

unsurprising however given that children are only expected to achieve mastery across most 

of the FMS by age six (Gallahue & Ozmun, 2006). 

Whilst AMC competency might not be expected at the preschool level, it is plausible that AMC 

competency levels may gradually increase as children advance through primary school. Prior 

research would contradict this sentiment with numerous studies noting children to not have 

achieved their projected levels of AMC competency (Barnett et al., 2009; Kelly et al., 2019; 

Lubans et al., 2010; Mukherjee et al., 2017; Okely & Booth, 2004). Furthermore, Australian 

children (n = 1288, six and nine years of age) did not produce proficiency levels above 35% 

mastery in any of the six FMS skills assessed (Okely & Booth, 2004). With the exception of 

balance, the aforementioned study also noted that prevalence of near mastery did not exceed 

50% across the remaining FMS skills (Okely & Booth, 2004). Such findings fall in line with prior 

Australian research which noted within primary school children (n = 1045) that less than half 

of participants (47%) achieved MNM in FMS (Van Beurden et al., 2002).  

Indeed, more recent literature notes that this competency dearth is still evident. Bardid et al. 

(2016) noted Belgian children (n = 1614, age three to eight) to rate poorly against the 

normative scores of the TGMD-2 (Ulrich & Sanford, 2000) whilst Mukherjee et al. (2017) 

reported children in Singapore were rated ’average’ or ‘below average’ for locomotor skills and 

‘poor’ or ‘below average’ for object control skills. Recent research by Lawson et al. (2021), 

which investigated AMC competency among English primary school children (n = 219, aged 

7–10 years) noted less than 40% of participants achieved mastery in each FMS, with 27% not 

achieving mastery in any of the skills with such findings aligning with prior British research 

(Bryant et al., 2014; Duncan et al., 2020; Foulkes et al., 2015; Goodway et al., 2010). Within 

an Irish context, several studies have assessed the AMC competency of Irish primary school 

children (Behan et al., 2019; Bolger et al., 2018; Kelly et al., 2019; O’ Brien et al., 2016). Such 

research confirmed that Irish children’s levels of AMC competency are similar to children 
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worldwide with age and gender differences evident (Bolger et al., 2018). Behan et al. (2019) 

highlighted several skills with low levels of MNM, such as; balance at 41.8% MNM, underhand 

roll at 37.7% MNM, vertical jump at 34% MNM, two-handed strike at 30.5% MNM, one-

handed strike at 28.6% MNM, gallop at 19.8% MNM and overhand throw at 16%. Similar 

findings were also noted by Kelly et al. (2019) with lower levels of MNM noted across several 

skills such as two-handed strike and vertical jump, both at 22% MNM. The difference in MNM 

scores between Behan et al. (2019) and Kelly et al. (2019) may be attributed to the inclusion 

by Behan et al. (2019) of a wider age range (five to twelve years) and the large number of 

schools who participated in their study. Additionally, the findings of Kelly et al. (2019) had 

limitations, due to the lack of generalisability in the convenience sample consisting of only three 

primary schools (n = 414). Research has consistently reported that males produce superior 

levels of object control skill proficiency when compared to girls (Bardid et al., 2016; Barnett et 

al., 2010; Behan et al., 2019; Bolger et al., 2018; Butterfield et al., 2012; Eather et al., 2018; 

Kelly et al., 2019; Okely & Booth, 2004; Van Beurden et al., 2002). Behan et al. (2019) noted 

that boys scored significantly higher in object control skills, with the exception of the five-year-

old group and corroborated the findings of Bolger et al. (2018) which noted Irish boys to 

perform better in object control skills.  

In turn, gender differences have not been shown to be as pronounced in terms of locomotor 

skills. Previous studies have found significant gender differences in locomotor skills, with 

females achieving higher proficiency in the locomotor skills (Behan et al., 2019; Cliff et al., 

2012; Hardy et al., 2010) whereas other studies found no significant differences between 

males and females (Bardid et al., 2016; Kelly et al., 2019). Behan et al. (2019) reported that 

whilst male participants significantly outscored the female participants across most ages, it 

was noted that effect size increased among the older age groups, maintaining a moderate 

effect size across the ages of ten to twelve. This may represent a pivotal turning point in girls 

object control development, as O’Brien et al. (2016) also noted female adolescents to have 

significantly less mastery of the object control skills. The 2022 CSSPA report (Woods et al., 

2023) noted that significantly more Irish girls participate in activities such as dance (29%) and 

gymnastics (20%) compared to 4.5% for Irish boys. Such statistics could perhaps explain why 

girls develop their locomotor and balance skills at a faster rate than boys. In turn, the 2022 

CSSPA report noted Irish boys to produce superior rates of extra-curricular sport participation, 

predominantly made up of Gaelic games, soccer and rugby all of which involve object control 

skills (Woods et al., 2023). Prior research has suggested object control skills to be a predictor 
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of PA (Barnett et al., 2009). Given that the most popular sports in Ireland revolve around object 

control skills (Woods et al., 2010, 2018, 2023), it seems key to place an emphasis upon such 

skills among primary school aged children, particularly the female youth demographic. 

Independently of the underlying reasons, gender differences in AMC competency are a key 

consideration. Furthermore, analysing the individual components (locomotor, object control 

and stability) is key for determining the disparities between gender. Opposing disparities could 

cancel each other out for instance if males scored higher in object control and lower in 

locomotor, and females scored higher in locomotor and lower in object control (Fisher et al., 

2005). This could result in both males and females holding similar AMC competencies which is 

an important consideration given that any gender disparities would not be apparent if only the 

overall AMC competency is reported (Fisher et al., 2005). 

When AMC competency is considered among the adolescent population, previous research 

shows that they have not achieved the anticipated competency levels for their age (Booth et 

al., 1999; Hardy et al., 2010, 2013). Recent Irish research found that Irish adolescents showed 

generally poor AMC competency, lower than two previous samples of Irish adolescents (Lester 

et al., 2017; O’Brien et al., 2018). Indeed, such findings were consistent with previous studies 

of Irish adolescents that reported low levels of AMC competency (Duncan, Martins, et al., 2022; 

Lester et al., 2017; O’Brien et al., 2016).  

In recent years, researchers have shifted their focus from cross-sectional approaches towards 

more longitudinal designs. Barnett et al. (2010) noted low levels of AMC competency among 

ten-year-olds yet noted improvements by age sixteen, with 80% of males acquiring mastery in 

five skills, and 80% of females achieving mastery in three skills. Recently, a large-scale US 

study by Chen et al. (2024) sought to assess the changes in U.S. children’s AMC 

competencies using the data of the TGMD from 1985 to 2019. Overall, the study showed that 

US children increased their AMC competency through ages three to seven with a 

decrease/plateau at ages eight to ten before the year 2000. However, children showed a slight 

decline/no change in AMC competency at ages three to six years and a significant decline at 

ages seven to ten years, after 2000. Given that children’s AMC levels are shown to decrease 

with age, it is important to consider additional factors that may help counteract this decline. In 

line with the developmental model outlined in Section 2.3, individuals’ perceptions of their own 

MC have been identified as a key mediating variable in the relationship between AMC and PA 

(Barnett et al., 2008; Coe et al., 2024; De Meester et al., 2020; Gu et al., 2017). While variable-
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centered studies have demonstrated that children with higher AMC tend to be more physically 

active than their less competent peers (Lubans et al., 2010; Okely et al., 2001), it has been 

argued that PMC may be an even more influential determinant of PA behaviour (Bardid et al., 

2016; Harter, 1978, 1982; Welk, 1999). The following section therefore focuses on PMC and 

its role in shaping children’s engagement in PA. 

 

2.5 Perceived Motor Competence 

While AMC is considered imperative in driving PA engagement, it has also been suggested 

that the perception of competence otherwise known as perceived motor competence (PMC) 

can be considered equally as important (Stodden et al., 2008). Additionally, PMC can support 

other psychological health outcomes that are critical for promoting a positive environment of 

social interaction and acceptance in childhood, which also are important to promote PA 

(Reunamo et al., 2014). PMC has been defined as a person’s belief in their capacity to master 

a task (Feltz, 1988) whilst Harter’s Competence Motivation theory defines PMC as an 

individual’s perception of their physical abilities to perform successfully in specific domains 

(Harter, 1982). 

 

2.5.1 Importance of Perceived Motor Competence 

 
Research has consistently highlighted a positive association between PMC and PA 

engagement (Bailey et al., 2012; Baker & Davison, 2011; Crocker et al., 2000; Davison et al., 

2010; De Meester, Stodden, et al., 2016; Ekelund et al., 2012; Hills et al., 2011; Kriemler et 

al., 2010; Raudsepp et al., 2002; Warburton, 2006; Zhang et al., 2015) with it theorized that 

children with higher PMC would be more motivated to engage in PA and, thus, further develop 

their AMC proficiency (Harter, 1999; Stodden et al., 2008). Harter (1999) suggested that PMC 

adjusts throughout a child’s development with younger children demonstrating a limited ability 

to perceive their AMC proficiency resulting in inflated levels of PMC. Simply put, a young child 

may demonstrate low AMC proficiency whilst simultaneously perceiving themselves as being 

highly competent (Harter & Pike, 1984). Indeed, this inflation of PMC may be considered a 

valuable asset as children will be more likely to persistently engage in activities in which they 

believe they are already proficient which will in turn drive PA and AMC development (Stodden 

et al., 2008). As children age, their ability to accurately perceive their competence will increase 

over this time (Harter, 1999). During this period, children with a poor skill level will also perceive 
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themselves as lowly skilled, and this can result in physical inactivity. Such children may realise 

that they are not as competent as their peers (Goodway & Rudisill, 1997; Weiss & Amorose, 

2005) and may feel self-conscious displaying their poor competence in a public setting (Horn 

& Weiss, 1991; Weiss & Amorose, 2005). Considering the significance of PMC, it is important 

to examine the methods used to measure it. 

 

2.5.2 Measurement of Perceived Motor Competence 
 

Numerous measurement tools have previously been presented within the literature. Harter & 

Pike (1984) reported psychometric data supporting a PMC construct being divided into 

‘physical competence’ and ‘cognitive competence’, and from this designed the Pictorial Scale 

of Perceived Competence and Acceptance for Young Children to measure physical self-

perceptions in children. The scale contained four separate subscales; cognitive competence, 

physical competence, peer acceptance and maternal acceptance with each subscale 

containing six items with individual subscales designed for both preschool-kindergarten and 

first-second grade children. The physical competence scale included questions on 

competency in skipping, running, hopping, ball bouncing alongside swinging, climbing, jump-

roping and shoe-tying. Of note, only climbing, skipping and running were included in both 

versions of the scale. Each item was scored on a four-point scale, where a score of 4 would 

be the most competent or accepted and a score of 1 would account for the least competent. 

Item scores were averaged across the six items for a given subscale, and these four means 

provided the child's profile of perceived competence and social acceptance. To assess the 

ability of the scale, children (n = 90) aged 4 – 7 were recruited for primary data collection. 

Perceived physical competence scores were consistently high across age groups (M ≈ 3.2 – 

3.4), with moderate internal consistency and modest correlations with teacher ratings (r = .30), 

suggesting generally positive but only partially accurate self-perceptions of physical ability in 

early childhood. A limitation of the physical competence scale was that whilst it assessed 

typical childhood actions, it did not assess AMC in a comprehensive manner. With this issue 

in mind further instruments have been proposed to more accurately measure PMC of the most 

common FMS skills.  

 

In 2005, The Children’s Perception of Motor Competence Scale was developed and used in 

Spain (Pérez & Sanz, 2005). The scale originally proposed 23 skills validated by physical 

education experts that were representative of typical physical education and movement 
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sessions for children. The final scale included 22 skills, as, after analysis, the kicking task was 

removed as the depictions of the skill were deemed too confusing for the children, a notable 

limitation of the scale. Depictions of all skills were prepared as pictures in a booklet with 

pictures depicting children successfully or unsuccessfully performing diverse fundamental 

perceptual motor skill tasks such as running, throwing and catching. Participants (n = 495) 

who were aged between 4 – 6 years old were required to point their finger or highlight with a 

pencil to which boy or girl in each scene appeared most like their own ability.  

 

To examine the relationship between AMC and PMC, participant’s AMC was measured via the 

Movement ABC test (Henderson et al., 1992). Results noted that scores on the scales of the 

Children's Perception of Motor Competence Scale, Perceived Gross Motor Competence, 

Perceived Fine Motor Competence, and the total score were significantly related with some of 

the AMC variables. These relationships were low and moderate, ranging from .10 to .31. The 

global index of the Perceived Motor Competence had significant correlations with all items of 

the General Motor Competence dimension of the Motor Competence Observation Scale, and 

with Balance skills and Ballistic skills measures of the Movement ABC Test. These coefficients 

were between .20 and .10. The estimate of the internal consistency of the global Children's 

Perception of Motor Competence Scale indicated that responding to this scale was reliable (α 

= .81), that is, responses of these young children were consistent. Whilst results were 

promising limitations included the geographically restricted sample, cross-sectional design, 

and modest PMC-AMC associations. Additionally, the reliance on teacher observations 

introduced potential measurement bias, while subscale reliability and item functioning issues 

suggested the need for further validation. 

Given that such key FMS skills are demonstrated within AMC measurement tools such as the 

TGMD (Logan et al., 2012) more recent attempts have been made to better align PMC 

measurement alongside the TGMD with the Pictorial Scale of Perceived Movement Skill 

Competence (PMSC) for Young Children (Barnett, Ridgers, Zask, et al., 2015) being a prime 

example. The PMSC scale consists of thirteen skills, akin to that of the TGMD-3, with each 

skill depicted through two cartoon pictures of a boy or a girl performing that particular skill. 

One picture will depict a child performing a skill well whilst another picture will depict a child 

performing the same skill poorly. In completing the PMSC assessment, participants are initially 

asked to choose the picture they believe represents their ability in that AMC skill. If the chosen 

picture depicts a child performing an AMC skill well, the participant is then asked if they feel 
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they are either ‘pretty good’ or ‘really good’ at a particular skill. Conversely, should the 

participant choose the opposing picture, they would then either answer ‘sort of good’ or ‘not 

too good’ at a particular AMC skill. A score of four points is awarded for the highest PMC, i.e.., 

‘really good’, with just one point awarded for the lowest PMC, i.e., not too good’, with a score 

of two or three points assigned for the other two answers. 

Findings from Barnett, Ridgers, Zask, et al. (2015) noted the PMSC to demonstrate acceptable 

reliability, with good test–retest reliability (ICC = 0.78) and moderate internal consistency (α = 

0.63–0.72), alongside similar values reported in an independent sample (α ≈ 0.70). Further 

findings from the study noted a significant positive association between actual and perceived 

object control competence (B = 0.11, p = 0.027), indicating that higher skill proficiency 

corresponded with higher self-perception. However, neither AMC (p = 0.092) nor PMC (p = 

0.827) were significantly associated with moderate-to-vigorous physical activity (MVPA). 

Descriptively, boys demonstrated higher PMC (20.1 vs 17.5), AMC (33.8 vs 28.4), and MVPA 

(72.3 vs 58.1 mins/day) compared to girls. Overall, while the study’s participant’s perceptions 

aligned with their actual abilities, these competencies did not appear to influence PA behaviour 

at this age. 

Whilst the study by Barnett, Ridgers, Zask, et al. (2015) demonstrated notable methodological 

strengths, there were also several limitations highlighted which should be considered. First, 

the cross-sectional design precludes causal inference regarding the relationships between 

AMC, PMC, and PA. Second, the use of a relatively small convenience sample (n = 102) and 

a low parent-consent rate (~23%) may limit generalisability and introduce potential selection 

bias. Third, although the pictorial scale showed acceptable reliability (ICC = 0.78; α = 0.63–

0.72), the moderate internal consistency suggests some measurement variability, likely 

reflecting the developmental stage of the participants. Additionally, the focus solely on object 

control skills excludes locomotor competence, which may also influence PA behaviours. 

However, these limitations are balanced by key strengths, including the use of validated, 

process-oriented assessments of MC and objective measurement of PA via accelerometry, 

enhancing the overall robustness and credibility of the findings. A further consideration is the 

age range across which pictorial instruments remain appropriate. Scales such as the PMSC 

rely on cartoon depictions precisely because young children possess limited reading ability 

and benefit from concrete, visual item formats (Barnett, Ridgers, Zask, et al., 2015; Harter & 

Pike, 1984). However, as children age, their self-perceptions become more differentiated and 
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more accurate (Harter, 1999), and a forced choice between two pictured performances may 

fail to capture the increasingly nuanced self-evaluations of older children and adolescents. 

Consequently, pictorial scales are best regarded as instruments for early and middle 

childhood, and findings derived from them in older cohorts should be interpreted with this 

constraint in mind. 

The PMSC measurement tool has been widely utilised by researchers due to its validity and 

reliability (Barnett, Ridgers, & Salmon, 2015; Barnett, Ridgers, Zask, et al., 2015). The PMSC 

can be used to accurately assess young children’s AMC proficiency and is particularly useful 

as a comparison tool when using an iteration of the TGMD to measure AMC proficiency 

(Barnett, Ridgers, & Salmon, 2015). Considering the evident importance placed upon PMC 

towards PA engagement, it seems prudent to first consider how PMC develops across 

childhood before examining its association with AMC proficiency. 

 

2.5.3 Current PMC Trends 
 

PMC follows a characteristic developmental trajectory. In early childhood, perceptions of MC 

are typically inflated relative to actual proficiency, as young children demonstrate a limited 

capacity to appraise their own abilities accurately (Harter, 1999; Harter & Pike, 1984). This is 

evident in the consistently high perceived physical competence scores reported among four- 

to seven-year-olds, which correlate only modestly with external ratings of ability (Harter & Pike, 

1984). Such inflation is not necessarily problematic. Indeed, it is theorised to be adaptive, 

encouraging young children to persist with activities in which they believe themselves 

proficient, thereby driving both PA engagement and AMC development (Stodden et al., 2008). 

As children progress through middle childhood, cognitive maturation and increasing social 

comparison render self-perceptions progressively more accurate (Harter, 1999), and the 

alignment between AMC and PMC correspondingly strengthens; modest but significant 

positive associations between actual and perceived object control competence have been 

reported even among samples of four- to eight-year-olds (Barnett, Ridgers, & Salmon, 2015), 

suggesting that this calibration begins early. The consequence of growing accuracy is double-

edged, however. Children with genuinely poor skills increasingly recognise their limitations, 

may feel self-conscious displaying poor competence in public settings (Horn & Weiss, 1991; 

Weiss & Amorose, 2005) and become vulnerable to the withdrawal from PA described in the 

Stodden et al. (2008) model (Goodway & Rudisill, 1997). 
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Gender differences in PMC are also evident, although the evidence base is considerably 

thinner than for AMC. Boys have been reported to hold significantly higher PMC than girls 

among young British children (Duncan et al., 2018), with descriptively higher PMC also noted 

among Australian samples (Barnett, Ridgers, & Salmon, 2015). These differences broadly 

mirror the object control advantage observed for boys in actual competence (Section 2.4.3), 

although whether perceptions track, exaggerate or lag actual differences remain unclear, 

given the paucity of studies reporting both constructs by gender. The patterning nonetheless 

matters for intervention, particularly in light of longitudinal evidence suggesting that the 

influence of PMC on PA engagement may be stronger for girls than for boys (Jaakkola et al., 

2019) and given that girls demonstrate the steepest declines in PA participation across the 

preadolescent years (Section 2.2). Taken together, current trends indicate that PMC is high but 

poorly calibrated in early childhood, becomes progressively better calibrated with age, and 

differs by gender in ways that broadly parallel actual competence. What remains is to 

characterise precisely how the two constructs relate to one another, which is the focus of the 

following section. 

 

2.6 The Association Between AMC and PMC 

As outlined in Section 2.3, the conceptual model proposed by Stodden et al. (2008) 

hypothesised dynamic relationships among AMC, PMC, PA, health-related fitness and weight 

status (see Figure 2.1). The pathways of the model have since been subjected to empirical 

testing, refinement and reconceptualisation, and this section reviews that evidence with 

particular attention to the association between AMC and PMC. 

Considering such proposals, researchers have sought to measure both AMC and PMC 

longitudinally to measure its impact, if any, upon PA engagement. In a longitudinal study, 

Barnett et al. (2009) noted children demonstrating both high AMC and PMC proficiency in 

object control skills were more active during adolescence than their less proficient peers. In 

2015, another study noted a strong correlation to exist between children’s PMC of their object 

control skills to their actual object control skills (Barnett, Ridgers, & Salmon, 2015). More 

recently, a Finnish study found that the impact of aligned PMC and AMC had different impacts 

upon PA levels for boys and girls (Jaakkola et al., 2019). While the study found that AMC and 

PA were directly associated only for the boys’ group, they also demonstrated an indirect path 
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to PA engagement for the girls’ group through PMC (Jaakkola et al., 2019). Such findings 

suggest that PMC may be more critical among girls in driving future PA engagement, 

particularly in this preadolescence phase when the opinions of their peers begin to garner 

more weight. The same findings suggested that PE teachers should focus on developing girls 

PMC in order to promote continued participation in sport and PA. 

Further research has sought to investigate the pathways noted within the conceptual model 

outlined by Stodden et al. (2008). In their review of health-benefits associated with AMC in 

youth, Lubans et al. (2010) found that PMC and at least one aspect of AMC were associated 

in each of the studies included in the review. Indeed, most studies investigating this 

relationship among children and adolescents have reported significant positive correlations 

(Barnett et al., 2011; LeGear et al., 2012; Toftegaard-Stoeckel et al., 2010), with some studies 

even reporting r values of 0.40 or higher (Raudsepp et al., 2002; Robinson, 2011). On the 

contrary, numerous studies have not found a significant relationship between AMC and 

PMC/physical self-perception (Breslin et al., 2012; Goodway & Rudisill, 1997; Tietjens et al., 

2018).  

Such conflicting findings have led researchers to critically examine the Stodden et al. (2008) 

conceptual model in more critical detail and thus present more updated iterations of the model 

within the literature. In 2015, a narrative review was published to synthesise evidence related 

to the original model, and a figure was produced to summarise the available evidence at this 

time (see Figure 2.2) (Robinson et al., 2015). The findings of this review provided convincing 

evidence that AMC was positively associated with PA, cardiorespiratory fitness, muscular 

strength, muscular endurance and healthy weight status. Whilst the review did note that 

evidence indicated AMC to likely be positively associated with PMC, there was an appreciation 

that it is difficult to truly ascertain strengths of association between PMC and AMC as PMC 

assessments do not closely align with AMC assessments in terms of particular skill domains 

(Barnett, Ridgers, Zask, et al., 2015) or even general measures of self-concept (Babic et al., 

2014). The review did however note that two Australian studies (Barnett, Ridgers, & Salmon, 

2015; Liong et al., 2015) with aligned measures of AMC and PMC in young children, finding 

positive associations but that further research would be required to see whether the strength 

of association differed for different skill or activity types and across age. 
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Figure 2.2: Research consensus on motor competence and health related variables. 

Reproduced from Robinson et al. (2015) 

 

In 2022, a systematic review by Barnett et al. (2022) aimed to systematically compile 

mediation, longitudinal and experimental evidence in support of the Stodden et al. (2008) 

conceptual model. The authors produced a figure (see Figure 2.3) to summarise the findings 

of their review. In terms of the pathway from PMC to AMC and vice versa, the authors 

concluded that evidence associating PMC and AMC in either direction was insufficient and 

inconsistent. It was noted that such findings were likely due to the small number of 

longitudinal/intervention studies conducted in the 5 years prior. De Meester et al. (2020) found 

that 88.5% of the 87 studies included in their systematic review were cross-

sectionaldemonstrating that the PA research field is in need of an abundance of longitudinal 

studies. A factor hypothesised to be potentially important in enhancing associations 

between PMC and AMC is alignment between the measure used for assessing both variables. 

However, the results from the review by Barnett et al. (2022) (albeit based on a small number 

of studies) suggested that more aligned measures did not moderate the association. Similarly, 

a review published two years prior by De Meester et al. (2020) did not find that the level of 

instrument alignment moderated the association between AMC and PMC. 
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Figure 2.3: Levels of evidence for each pathway, summarised by skill domain. 

Reproduced from Barnett et al. (2022) 

Further interations of the original Stodden et al. (2008) model was produced in 2022 when 

Lima et al. (2022) proposed an extension to the original model (see Figure 2.4). The extension 

proposed that variables from the original model would be assumed to be directly associated 

with weight status. Moreover, PA, AMC, health-related fitness, and weight status would be 

expected to be directly associated with variables such as metabolic health, cognition and 

academic performance and mental health. In proposing an extension to the model, Lima et al. 

(2022) did not propose PMC to be a key contributor towards the new chain of variables. The 

authors concluded their review by suggesting a need for longitudinal research, particularly 

experimental research using different doses of interventions to better critically examine the 

original Stodden et al. (2008) model in detail. Furthermore, they suggested that experimental 

studies should evaluate the possible causal chain of the associations among AMC, PMC, PA 

and health-related fitness with metabolic health, mental health, and cognition and academic 

performance, including as many components from the Stodden et al. (2008) original model as 

possible. 
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Figure 2.4: Proposed extension of the Stodden et al. (2008) model. Reproduced from 

Lima et al. (2022) 

Such claims for further longitudinal research are warranted when the existing literature is 

considered. Upon review there have been significantly more cross-sectional studies 

completed examining the aforementioned pathways (Barnett et al., 2013; Barnett et al., 2011; 

Behan et al., 2019; Cohen et al., 2014; D’Hondt et al., 2009; Hardy et al., 2010, 2013; Jones 

et al., 2010; Kemp & Pienaar, 2013; Larouche et al., 2014; LeGear et al., 2012; Lopes et al., 

2012; Martins et al., 2024; Okely & Booth, 2004; Okely et al., 2001; Spessato et al., 2013; 

Vandendriessche et al., 2012) when compared to longitudinal studies (Barnett et al., 2010; 

D’Hondt et al., 2013; Jaakkola et al., 2013; Maccobb et al., 2005; Viholainen et al., 2006). 

Barnett et al. (2022) noted that conclusions on the mediation outcomes for the pathways within 

the Stodden et al. (2008) model were weakened by the predominantly cross-sectional nature 

of the available evidence. The authors concluded their review by noting that the reliance upon 

many cross-sectional studies for evidence creates a bias, as the proximal measurement of 

variables is likely to contribute to more associations. Thus, to truly test the pathways proposed 

in the Stodden et al. (2008) model, the field requires more robust longitudinal studies across 

early childhood and into adolescence that include multiple variables from the model, have 
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multiple time points and account for potential confounding factors (Barnett et al., 2022). In 

summary, the literature generally supports the theory of AMC and PMC being (at minimum) 

loosely associated with one another. However, it must be noted that the strength of this 

association is ultimately indeterminate given the lack of longitudinal research conducted and 

therefore, the theory of PMC being the primary influencer upon AMC proficiency and vice versa 

requires further longitudinal research with longer-term follow ups to draw stronger conclusions 

(Lima et al., 2022). In addition to these research design limitations, the manner in which these 

relationships have been statistically analysed may also contribute to this uncertainty. Given 

recent calls for more rigorous research designs and robust forms of analyses to be employed 

in the PA research domain (Caldwell et al., 2020; Melby et al., 2022), it is therefore key to 

consider how these constructs of MC development are operationalised and analysed within 

the existing literature, and whether current approaches adequately capture these constructs 

in a sufficiently objective and reliable manner. 

 

2.7 Analytical Approaches in Motor Competence Research 

 
2.7.1 Traditional Statistical Methods 

 
Within research focused on AMC, group-level comparisons have formed a central component 

of empirical literature. Studies have consistently relied on independent samples t-tests and 

analyses of variance (ANOVA) to examine differences in AMC proficiency across gender and 

age (Behan et al., 2019; Bolger et al., 2018; Foulkes et al., 2015; O’Brien et al., 2016). These 

approaches are well aligned with testing directional, theory driven hypotheses, such as the 

expectation that boys outperform girls in object control skills, or that AMC improves with age 

until a developmental plateau is reached. However, their repeated application within largely 

similar cross-sectional designs has contributed to a body of evidence characterised by 

consistent and predictable findings. While such consistency strengthens confidence in these 

findings, it also highlights a tendency within the literature towards describing group differences 

rather than advancing understanding of the mechanisms underpinning MC development and 

variation. Across studies, similar patterns emerge, including gender differences favouring boys 

in object control, age-related improvements in locomotor skills, and overall proficiency levels 

that fall below normative benchmarks (Behan et al., 2019; O’Brien et al., 2016). As illustrated 

in Table 2.1, there is a clear convergence in methodological approaches across recent Irish 

and UK studies, with similar analytical frameworks yielding similarly well-established, but 
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ultimately constrained, conclusions. 

 

Table 2.1 Sample of Statistical Models Adopted in Motor Competence Research 

 

Study & Authors Participants & 

Statistical 

Models Used 

What Was Analysed Results 

Fundamental 

Movement Skills of 

Preschool Children 

in Northwest 

England 

 
(Foulkes et al., 

2015) 

n = 168 

 
Independent 

Sample T-Tests 

& Univariate 

Analyses of 

Covariance 

(ANCOVA) 

models 

Independent Sample T-

Tests - Assessed 

differences in total, 

locomotor, and object-

control scores 

 
ANCOVA - Examined 

gender differences in 

total and subscale 

scores, controlling for 

age, deprivation score 

and Body Mass Index z 

score. 

No significant 

differences in either 

total (p = .41) or 

locomotor (p = .11) 

score were observed 

between gender. 

However, a significant 

difference in object-

control score was 

found (p = .002), with 

boys showing 

greater competence 

than girls. 
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Fundamental 

movement skill 

proficiency 

amongst 

adolescent youth 

 
(O’Brien et al., 

2016) 

n = 242 
 
 
Independent 

Sample T-Tests 

Gender differences in 

individual AMC 

performance 

There was a 

significant difference 

in the mean 

composite FMS score 

(total object control 

and locomotor) 

between genders, with 

males scoring higher; 

t(221) = 2.454, p < 

.05. An independent t-

test showed that male 

participants obtained 

an overall higher 

object control score 

compared to females; 

t(221) = 3.382, p < 

.01. 

 

Age and gender 

Differences in 

Fundamental 

Movement Skills 

Among a Cohort 

of Irish School 

Children 

 
(Bolger et al., 

2018) 

n = 203 

 
Analysis of 

Variance 

(ANOVA) & One 

Sample T-Tests 

models 

ANOVA - Investigate 

differences across total 

FMS scores, locomotor 

subset scores and 

object-control scores with 

respect to age and 

gender. 

 
One Sample T-Tests - 

Compare mean age and 

gender specific 

subset scores with those 

of a US reference 

sample included in the 

TGMD-2 manual 

Older children scored 

significantly higher 

than younger children 

in both locomotor 

(p < .05) and object-

control score (p < .05). 

Boys scored 

significantly higher 

than girls in object-

control score (p < .05), 

while girls scored 

significantly higher in 

locomotor score 

(p < .05). 
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Self-Perceived and 

Actual Motor 

Competence in 

Young British 

Children 

 
(Duncan et al., 

2018) 

n = 258 
 
 
Independent 

Sample T-Tests 

& ANCOVA 

models 

Independent Samples T-

Test - Examine 

differences in PMC 

between boys and girls. 

 
ANCOVA - Examine 

whether AMC differed by 

gender and the PMC 

classifications 

Boys obtained 

significantly higher 

scores than girls for 

both the process 

(p = .044) and product 

(p = .001) measures of 

AMC. Boys had 

significantly (p = .04) 

higher scores for PMC 

compared to girls. 

Compared to children 

classified as medium 

and high self-

perceived 

competence, children 

classified as low self-

PMC had lower 

process (p = .001) and 

product scores (i.e., 

medium, p = .009 and 

high, p = .0001) of 

 

   AMC. 
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Moving Well-Being 

Well: Investigating 

the maturation of 

fundamental 

movement skill 

proficiency across 

gender in Irish 

children aged five to 

twelve 
 
 

 
(Behan et al., 

2019) 

n = 2098 
 
 
Independent 

Sample 

T-Tests & One 

Way Between-

Groups ANOVA 

models 

Independent Sample 

T-Test - Analyse 

differences between 

gender  in the 

locomotor, object control 

and balance subtest 

scores, as well as the 

overall FMS totals 

 
One Way Between-

Groups ANOVA - 

Examined the impact of 

age on overall FMS, 

locomotor, object control, 

and balance skills. 

Girls scored 

significantly higher 

than boys in the 

locomotor and 

balance subtests with 

the boys 

outperforming the girls 

in object control skills. 

Improvements in 

ability can be seen 

over time 

(F(8,1968)=70.18, 

p<0.001), with 

significant increases 

in FMS proficiency 

seen up to the age of 

ten, after which 

proficiency begins to 

decline. 

Differences in 

Weight Status and 

Autonomous 

Motivation 

towards Sports 

among Children 

with Various 

Profiles of Motor 

Competence and 

Organized Sports 

n = 206 

 
Independent 

Sample T-Tests 

& One-way 

ANOVA models 

Independent Samples T-

Test - Examine whether 

boys and girls 

significantly differed from 

each 

other in terms of the 

outcome variables 

 
One-way ANOVA - 

Analyze potential 

AMC was moderately 

correlated with PMC (r 

= 0.502, p < 0.001) 

and weakly correlated 

with organised sports 

participation (r = 

0.308, p < 0.001). 

Superior AMC 

proficiency was 

associated with lower 
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Participation 
 
 

 
(Coppens et al., 

2021) 

 age-related differences in 

the cluster and outcome 

variables. 

BMI (r = −0.292, p < 

0.001) and higher 

autonomous 

motivation (r = 0.302, 

p < 0.001). 

 
The Independent Sample T-Test has proven to be a popular statistical model in comparing 

group means with numerous authors utilising the method (Behan et al., 2019; Coppens et al., 

2021; Duncan et al., 2018; Foulkes et al., 2015; O’Brien et al., 2016). Foulkes et al. (2015) 

noted their independent samples t-test results showed no significant gender differences in total 

score (p =.41) or locomotor score (p = .11). However, a significant difference was found in 

object-control score (p = .002), with boys showing greater competence than girls. O’Brien et al. 

(2016) noted male participants to obtain an overall higher object control score compared to 

females. Additionally, no gender difference was noted in the overall locomotor mean score 

performance, females did however outperform males with significantly higher advanced skill 

proficiency in the skip.  

 

On the contrary, males displayed superior skill proficiency in the overhand throw, run and 

horizontal jump. Using the same approach, Duncan et al. (2018) assessed whether any 

difference existed in PMC between young British boys and girls with significant differences 

found in favour of boys over girls. Behan et al. (2019) compared overall AMC proficiency for 

boys and girls across the Irish primary school cycle whilst also comparing the three individual 

AMC subset scores (i.e., object-control, locomotor and balance skills). The results of Behan et 

al. (2019) noted significant differences between gender in overall AMC proficiency among 

eleven- and twelve-year-olds, however on the contrary, girls were noted to produce 

significantly higher scores in locomotor skills than boys at age, five, eight, nine and ten. 

Coppens et al. (2021) conducted independent samples t-tests to examine whether boys and 

girls significantly differed from each other in terms of the outcome variables (i.e., weight status 

and autonomous motivation towards sports). Their independent sample t-tests analysis 

revealed no significant differences between boys and girls in weight status, and autonomous 

motivation towards sports in the total sample. Furthermore, weight status and autonomous 

motivation towards sports did not differ between age groups, therefore both gender and age 

were not taken into consideration in the subsequent analyses. Several forms of ANOVAs have 
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been employed across recent studies to examine whether significant differences exist 

between the means of two or more groups (Behan et al., 2019; Bolger et al., 2018; Coppens 

et al., 2021; Foulkes et al., 2015). Foulkes et al. (2015) utilised ANCOVA analysis as they 

sought to assess group means differences whilst controlling for age, deprivation score, and 

BMI z-score, and noted that boys still showed significantly greater competence in object-

control skills compared to girls (p = .002), however, no significant gender differences were 

noted in total score (p = .41) or locomotor score (p = .11). Bolger et al. (2018) noted a 

significant age effect for both locomotor and object-control subset scores whilst 10-year-old 

children were shown to score higher than their younger counterparts in both locomotor 

(medium to large effect size) and object-control subset scores (large effect size). A significant 

main effect for gender was also found, with girls scoring higher than boys in locomotor score 

(small effect size) while boys scored significantly higher than girls in object-control score (large 

effect size). Duncan et al. (2018) sought to examine whether AMC (via both TGMD-2 scores 

and product measures) differed by gender and the PMC classifications and analysed data using 

2 (gender) × 3 (high, medium, low PMC) ANCOVA models, controlling for both age and BMI. 

The ANCOVA analysis revealed significant main effects for both gender and PMC. Boys had 

higher TGMD-2 scores, and children classified as low perceived competence had poorer 

composite Z-scores for product AMC compared to those classified as medium and high PMC.  

 

Behan et al. (2019) sought to test the commonly held hypothesis that AMC proficiency 

improves through maturation (Robinson & Goodway, 2009) by using a one-way between-

groups ANOVA with planned comparisons used to explore the impact of age on overall AMC, 

locomotor, object control, and balance skills. They found statistically significant age effects 

across all four outcome measures (overall AMC, locomotor, object control, and balance) with 

large effect sizes throughout except balance, which reached a moderate effect size. Taken 

collectively, the studies reviewed above highlight the extent to which traditional statistical 

approaches have produced a consistent, but relatively narrow, evidence base. Across varied 

national contexts, age groups, and sample sizes, similar conclusions are repeatedly observed: 

boys tend to demonstrate higher proficiency in object control skills, girls often perform 

comparably or better in locomotor domains, and AMC generally improves with age until 

reaching a developmental threshold, beyond which progress stabilises or declines. While 

these patterns are both theoretically meaningful and practically informative, their consistent 

replication across predominantly cross-sectional designs reflects a degree of methodological 

convergence that constrains the potential for new insight. Consequently, although the 
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evidence base is robust in establishing age- and gender-related differences in AMC, 

comparatively less attention has been devoted to understanding the developmental, 

behavioural, and environmental mechanisms that underpin these differences. The implications 

of this methodological convergence are taken up in the following subsection. 

 

 

2.7.2 Summary and Future Directions 
 

Traditional statistical approaches have played a key role in advancing MC research, providing 

robust and interpretable methods for testing clear, theory-driven hypotheses. The patterns 

they have established, gender differences in object control, age-related improvement in 

proficiency, and competency levels falling below normative benchmarks, constitute some of 

the field’s most secure knowledge. The limitation identified in this thesis is therefore not that 

such methods are poor. Rather, it is that the field has tended to re-apply the same designs 

and the same analyses in a copy-and-paste fashion: cross-sectional samples, group 

comparisons by gender and age conducted via t-tests and analyses of variance, and 

conclusions drawn at the group level, as documented in Section 2.7.1 and Table 2.1. The 

predictable consequence is a body of evidence that is consistent but incremental, in which the 

replication of established differences has increasingly substituted for the interrogation of 

mechanisms. This concern is not unique to this thesis. Methodological critiques within the PA 

and MC literatures have repeatedly called for more rigorous designs and more robust 

analytical strategies (Caldwell et al., 2020; Melby et al., 2022; Song et al., 2021), with recent 

work arguing specifically that MC research requires approaches capable of representing the 

complexity and interdependence of motor-skill development (Bandeira, Estevan, et al., 2025).  

 

Three questions in particular remain poorly served by group-level inferential designs: why 

certain children struggle to develop competence in specific skill components; how the multiple 

determinants of AMC interact in combination; and how developmental trajectories vary at the 

level of the individual child. It is this gap, an inability to capture complexity and heterogeneity 

within the data rather than any defect in the methods themselves, that provides the rationale 

for the data-driven analytical approaches examined in the following section. 
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2.8 Machine Learning and Data-Driven Methods 

ML is a subfield of artificial intelligence (AI) concerned with producing mathematical models 

that identify and reason about dependencies between the variables describing a phenomenon 

(Imam et al., 2024), and its adoption has expanded rapidly across science, technology and 

healthcare, driven by new learning algorithms, the growing availability of data and low-cost 

computation (Jordan & Mitchell, 2015). Within this thesis, three families of analytical approach 

are distinguished, and the distinction is maintained throughout the chapters that follow.  

Supervised learning refers to models trained on labelled examples in order to predict a known 

outcome, encompassing classification, where the outcome is categorical (for example, 

classifying a movement skill performance as proficient or not), and regression, where the 

outcome is continuous. Unsupervised learning refers to methods that identify structure within 

unlabelled data, such as clustering or dimensionality reduction, without a predefined outcome 

(Oladipupo, 2010). Data-driven statistical modelling, by contrast, refers to techniques that 

estimate the relationships or latent structure among a set of variables, including network 

analysis, exploratory graph analysis and structural equation modelling. Although such 

methods are data-driven, they are more accurately described as network psychometrics than 

as machine learning (Epskamp & Fried, 2018), and they are treated as distinct from ML 

throughout this thesis. Logistic regression occupies an intermediate position, functioning both 

as a classical inferential method and, within a predictive pipeline, as a supervised classifier 

(Levy & O’Malley, 2020); where it is used in the latter sense in this thesis, this is stated 

explicitly. 

Taken together, supervised and unsupervised approaches offer a flexible and scalable 

framework for analysing complex, high-dimensional data. Their advantage over traditional 

inferential methods is, however, frequently misstated. It does not lie in freedom from statistical 

assumptions, since ML methods carry assumptions of their own, including the independence 

of observations and the need for sample sizes commensurate with model complexity (Bashir 

et al., 2020; Song et al., 2021), although many ML algorithms are less dependent on 

assumptions of linearity and normality and more robust to multicollinearity among predictor 

variables (Song et al., 2021). Rather, the advantage lies in flexibility. ML methods allow the 

data to shape the model rather than imposing a fixed parametric structure from the outset 

(Imam et al., 2024), and they are accordingly better suited to capturing non-linear 
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relationships, higher-order interactions and latent structures that fixed parametric models are 

not designed to detect (Song et al., 2021). As such, these approaches present a promising 

avenue for addressing many of the methodological limitations previously identified within MC 

research. The following section examines their application within this domain, with particular 

attention to how they have been used to enhance the assessment, classification and 

understanding of MC. 

 

2.8.1 Applications of Machine Learning in Motor Competence Research 
 

Building on the limitations identified in the previous sections, researchers have increasingly 

turned to ML techniques to capture more complex, predictive relationships within MC datasets. 

The application of such techniques within this field has a longer history than is often 

acknowledged, with predictive modelling approaches appearing in the literature more than a 

decade ago (Barnett et al., 2009; Hardy et al., 2013). Logistic regression (LR) occupies a 

distinctive position within this context, as it functions both as a traditional inferential method 

and as a predictive classifier within ML frameworks (Levy & O’Malley, 2020). This dual role 

made it an accessible entry point for MC researchers beginning to engage with predictive 

modelling, allowing a shift towards data-driven approaches without requiring a complete 

departure from the inferential methods that have traditionally dominated the field. For this 

reason, LR features prominently in the early stages of ML-related work within the MC literature. 

Barnett et al. (2009) sought to use LR to examine the probability of participating in some 

vigorous activity, as a function of AMC proficiency in childhood. LR has been noted to be 

adopted in the years that followed, such as Hardy et al. (2013), Henrique et al. (2016) and 

Henrique et al. (2020). Barnett et al. (2009) noted predicted values from the LR model showed 

that children with good (>10) object control skills would have at least a 20% greater chance of 

participating in at least some vigorous PA in adolescence, compared with those with poor (<5) 

object control skills. Hardy et al. (2013) found that after adjusting for fitness, BMI, and 

socioeconomic status, primary and high school boys were 1.3 times as likely to improve 

proficiency in the kick, 1.6 times in the vertical jump, and 3.6 times in the catch in 2004 

compared with that in 1997. Additionally, girls were 2.0 times in the vertical jump, and 3.6 

times in the catch in 2004 compared with that in 1997 (Hardy et al., 2013). Henrique et al. 

(2016) found that participation in sports at baseline was the strongest predictor of sports 

participation after two years. Furthermore, each one-point increase in locomotor skills 
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represented an increase of approximately 21% probability of participating in sports after two 

years. Weight status was not a significant predictor of sports participation, but it was important 

for the model fit (Henrique et al., 2016). Henrique et al. (2020) noted that the LR model was 

statistically significant and revealed that an increase in age and an increase in locomotor skills 

performance were associated with a reduction in the likelihood of exhibiting central obesity ≥ 

0.5. However, gender and object control skills were not associated with the prevalence of 

central obesity ≥ 0.5. 

Taken together, these studies demonstrate that even relatively straight forward ML classifiers 

can identify predictive relationships between MC and health-related outcomes. Crucially, these 

relationships extend beyond what can typically be detected using traditional group-level 

inferential methods, which are not designed to capture complex, multivariate patterns within 

the data. As such, the application of ML highlights the potential to uncover more informative 

and practically relevant associations that may otherwise remain obscured within conventional 

analytical frameworks. Whilst these studies establish the utility of ML for predictive modelling 

in MC research, more recent work has directed these techniques specifically toward the 

commonly used TGMD assessment battery, with a focus on enhancing both its predictive 

validity and its practical efficiency in applied settings. 

 

2.8.2 Machine Learning Applications in TGMD Assessment 
 

There has been a growing need to develop more time-efficient and practical versions of the 

TGMD assessment batteries without compromising validity. In response, several studies have 

sought to enhance the original TGMD by developing and validating shorter-form versions 

(Bandeira et al., 2020; Duncan, Martins, et al., 2022; Valentini et al., 2018), with some also 

incorporating data-driven statistical modelling in the form of network analysis. 

The approaches used in these studies are summarised in Table 2.2. Such studies have 

incorporated network analysis (NA) to examine the relationship between skills in the TGMD. 

In this case a network model is depicted by a set of nodes (circles) representing variables 

(e.g., MC variables) and edges (lines) representing the partial correlation between two nodes 

conditioned on all other nodes (Epskamp & Fried, 2018). In NA, the role of each skill in the 

network, assessed from the strength centrality indicator, is equivalent to the factorial load of 

the skill in the latent model (Christensen & Golino, 2021). The network perspective for 
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instrument validation provides important information on the relationships between the tested 

AMC skills and those skills that are most important in different contexts and settings, such as 

for boys and girls (Duncan, Martins, et al., 2022). 

Table 2.2: Short form versions of the original TGMD assessment batteries 
 

Study Aim Statistical 

Approach 

Study Findings 

The development of 

a short form of the 

Test of Gross Motor 

Development-2 in 

Brazilian children: 

Validity and reliability 

 
(Valentini et al., 

2018) 

Develop a short form 

of the TGMD-2 and 

to examine its 

validity, interrater 

reliability and test–

retest reliability. 

Exploratory Factor 

Analysis (EFA) & 

Confirmatory Factor 

Analysis (CFA) 

The construct validity 

of the factorial short 

form indicated that 

the six skills 

correlated 

satisfactorily with 

each correspondent 

subtest, locomotor 

(i.e., run, gallop, and 

hop) and object 

control (i.e., strike, 

kick, and throw). 

TGMD-2 short 

version: evidence of 

Analyse the evidence 

of validity 

Confirmatory Factor 

Analysis and 

A 

two-factor model 
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Validity and 

Associations with 

gender, age 

and BMI in preschool 

children 

 
(Bandeira et al., 

2020) 

and reliability of the 

TGMD-2  for  low-

income 

preschoolers; and to 

investigate   the 

associations 

between the final 

model with gender, 

age and BMI. 

Network Analysis (locomotion and 

object control) with 

adequate values for 

the 

six skills (gallop, 

leap, slide, strike, 

throw and roll) and 

presented excellent 

indexes. The 

network analysis 

to associate AMC 

with gender, age and 

BMI seems useful to 

optimise future 

interventions. 
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TGMD-3 short 

version: Evidence of 

validity and 

associations with 

gender in Irish 

children 

 
(Duncan, Martins, et 
al., 2022) 

Examined the 

internal structure and 

evidence of validity 

of the TGMD-3 short-

form in primary 

school aged children. 

Confirmatory Factor 

Analysis and 

Network Analysis 

A two-factor model 

(locomotion  and 

object control) with 

adequate values for 

the seven skills 

(gallop, hop, jump, 

two-hand strike, 

bounce, catch, 

overhand throw) 

presented excellent 

indexes. 

 
The use of a network 

analysis approach 

confirmed that the 

skills included in the 

TGMD-3 short 

version are 

similar for boys and 
 

   girls. 

 
In the case of Bandeira et al. (2020) and Duncan, Martins, et al. (2022) both studies adopted 

network analysis, a data-driven statistical modelling approach, examples of the NA models 

from Duncan, Martins, et al. (2022) and Bandeira et al. (2020) are shown in Figures 2.5 and 

2.6 respectively. Indeed, the use of NA can be considered useful to discriminate differences 

between countries, and to determine the priority of intervention proposals, respecting cultural 

aspects, as previously suggested (Barnett et al., 2016; Hulteen et al., 2018). Whilst the results 

from such NA highlight the associations between AMC skills, a key limitation of these studies 

are that the feature weights representing these skills in the NA model were not highlighted. 

Thus, whilst the relationships between skills are visually demonstrated there is no way of 

quantifying the magnitude of these relationships. Another key limitation in such studies is the 

lack of coinciding PMC scores for each specific skills; given the aforementioned discussion 

upon the potential importance of PMC on AMC proficiency in previous sections, the inclusion 
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of such variables may have influenced the models produced in these studies. 

 

 
Figure 2.5: Network analysis model. Reproduced from Duncan, Martins, et al. (2022) 
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Figure 2.6: Network analysis model. Reproduced from Bandeira et al. (2020) 

Recently, literature has begun to appreciate such aforementioned limitations and thus broaden 

the range of variables which can be modelled within network structures. Earlier studies 

(Bandeira et al., 2020; Duncan, Martins, et al., 2022) utilizing the TGMD-2 and TGMD-3 

predominantly classified FMS into two predefined domains—locomotor and object control—

using Confirmatory Factor Analysis (CFA) and correlation-based network models. CFA 

examines whether data fits a predefined factor structure whilst Exploratory Factor Analysis 

(EFA) examines which underlying variables naturally emerge from a dataset. While these 

studies provided valuable insights into skill development, they assumed motor skills to operate 

within fixed categories, potentially overlooking the complex interconnections between different 

aspects of MC. Bandeira, Lemos, et al. (2025) recently sought to advance our current 

understanding of such complex MC interconnections by employing Exploratory Graph Analysis 

(EGA), a network-based method that allows data-driven identification of MC structures. 
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Instead of relying on predetermined constructs, the study found a four-dimensional model that 

better reflects how motor skills interact. Notably, the study’s findings (highlighted in Figure 2.7) 

challenge conventional classifications by revealing that certain object control skills, such as 

kicking, share movement characteristics with locomotor patterns due to the need for 

acceleration and deceleration. Additionally, object control skills were divided into process-

based (e.g., throwing technique) and product-based (e.g., throwing speed) measures, while 

balance and coordination tasks formed a distinct category, reinforcing their critical role in 

overall MC proficiency. This multidimensional approach presented by Bandeira, Lemos, et al. 

(2025) integrated multiple assessment tools, including TGMD-2 (process-oriented), the Motor 

Competence Assessment (product-oriented) (Luz et al., 2016) an assessment of locomotor, 

manipulative and stability skills for preschool children, and Supine-to-Stand (Nesbitt et al., 

2016), an assessment of functional movement ability, providing a more holistic view of MC.  

By treating MC as a self-organizing system rather than a static construct, the study highlighted 

the need for assessment tools that capture interconnected networks of skills rather than 

isolated domains. This perspective has important implications for early childhood MC 

assessments, suggesting that both process- and product-oriented measures should be 

combined to achieve a more comprehensive evaluation. The findings from this network-based 

approach help shift the paradigm in MC research, emphasizing the complexity of skill 

development and the role of cultural and environmental factors in shaping motor skill 

proficiency. Unlike previous research that categorized skills into fixed domains (Bandeira et 

al., 2020; Duncan, Martins, et al., 2022), EGA suggests that MC emerges from dynamic 

interconnections between skills, which can vary based on context. This new perspective 

challenges traditional assessment models and supports the adoption of more flexible, data-

driven approaches in evaluating and developing motor skills in young children. 
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Figure 2.7: Exploratory graph analysis and item replication in the EGA dimensions. 
Reproduced from Bandeira, Lemos, et al. (2025) 

However, while Bandeira, Lemos, et al. (2025) provided strong evidence that MC is structured 

as a network, it did not account for how these relationships evolve over time or the broader 

influences beyond motor skill tasks themselves. Expanding on these findings, Bandeira, 

Estevan, et al. (2025) refined and extended this network-based approach by introducing a 

Multilayer Network Model. The Bandeira, Estevan, et al. (2025) model moves beyond a static 

depiction of MC, incorporating elements from complex systems theory to show how MC 

dynamically emerges from multiple interrelated domains. Unlike the authors’ prior work, 

(Bandeira, Lemos, et al., 2025), which primarily examined motor tasks in isolation, this new 

framework integrates biological, psychological, social, and environmental factors, 
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emphasizing that the importance of different variables shifts over time and across contexts 

(highlighted in Figure 2.8). By framing MC as a self-organizing, non-linear system, this study 

highlights that its development cannot be fully understood without considering the dynamic 

interactions between various influencing factors. 

 

 

 
Figure 2.8: Multilayer network model of MC. Reproduced from Bandeira, Estevan, et 
al. (2025) 

This conceptual expansion also brings methodological advancements. While Bandeira, 

Lemos, et al. (2025) used graph-based modelling to identify MC dimensions, Bandeira, 
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Estevan, et al. (2025) applied multilayer network science, thus, enabling researchers to 

examine how multiple factors interact across different layers and time points (highlighted in 

Figure 2.9). 

 
 

 
Figure 2.9: Multilayer network emergent patterns of MC. Reproduced from Bandeira, 
Estevan, et al. (2025) 

This deeper, systems-based approach enhances our ability to predict and track changes in 

MC development, offering a more precise foundation for assessment and intervention. By 

acknowledging that MC is shaped by varying influences at different life stages, the concepts 

presented by significantly advances the field, bridging the gap between traditional MC 

assessments and a more holistic, developmental perspective. 
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Overall, the suite of NA studies presented in the current literature have highlighted the 

interdependencies that exist between sub-components of children’s MC (i.e., locomotor, 

object-control, stability skills) revealing their interactions and evolution over time. Importantly 

however, whilst such analyses have added further insight to the domain, their impact on 

practitioners remains limited given not all AMC skills discriminate in assessing AMC 

proficiency and are actually related to sports and PA according to the context/culture where 

they are assessed (Barnett et al., 2016; Newell, 2020).  

 

Therefore, to truly advance MC research, there are more prudent structural procedures which 

must be thoroughly examined and, in cases, reimagined if best-practices within MC research 

are to be advanced. Previous sections in this thesis have discussed MC measurement 

procedures with popular assessments such as the TGMD-3 (Ulrich, 2013) and BOT-2 

(Bruininks & Bruininks, 2005) following an ‘observe and score’ approach. In isolation such 

instruments have been shown to be valid and reliable for the assessment of children’s MC 

proficiency, however, when considered at scale, the utilisation of such instruments has been 

questioned (Bisi et al., 2017; Chow et al., 2020; Duncan, Weldon, et al., 2022). Furthermore, 

subjectivity in assessor scoring, data precision limitations and inconsistencies in aggregation 

and interpretation of performance criteria may limit scoring consistency and comparability 

across studies (Ng et al., 2025).  

 

Given the aforementioned benefits and widespread global implementation of ML across all 

forms of society, it must be considered if such approaches could be implemented within real 

world MC assessment procedures. Whilst the implementation of ML into MC research is key it 

is also imperative to reimagine practical real-world approaches which can be implemented to 

aid practitioners in assessing MC proficiency. PA research has made extensive use of motion 

capture technologies, typically classified as optical (camera-based) and non-optical (sensor-

based, e.g., inertial units) systems, alongside the growing use of advanced ML analyses. 

Therefore, the following section shall consider the use of such systems intertwined with ML 

analyses in PA measurement research, after which we will consider if such approaches could 

be applicable for implementation in real-world MC assessment. 
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2.8.3 Movement Classification and Analysis in PA Research 

 
One of the most reliable means of assessing children’s PA is through the use of 

accelerometers to measure movement intensity and frequency (Konstabel et al., 2014). This 

method provides quantified values for activity intensity over time. However, methodological 

variations in data gathering and analysis methods used between studies have led to a growing 

saturation of conflicting cut-points (the quantitative boundaries between PA intensity classes) 

in the literature (Trost et al., 2011). Therefore, several new research directions have been 

proposed to attempt to address this issue. One approach is the use of ML techniques for the 

detection and prediction of activity types and their associated intensity (Ahmadi, Pavey, et al., 

2020; Ahmadi, Pfeiffer, et al., 2020; Ahmadi & Trost, 2022; Csizmadia et al., 2022; Fergus et 

al., 2017; Goodlich et al., 2020; Kwon et al., 2022). Several well-cited papers from recent 

literature are highlighted below in Table 2.3. 

 

Table 2.3: Sample of ML Methods Used for Classification of PA Type and Intensity 
 

Study / Author Aims Measurement 
Tool 

ML Model Activities 
Measured 

Machine Learning 
Models for Classifying 
Physical Activity in 
Free-Living Preschool 
Children 

 
(Ahmadi, Pavey, et al., 
2020) 

Evaluate the 
accuracy of ML 
activity classification 
models for preschool-
aged children 

 
Accelerometers 

Random 
Forest 

Five Activity 
Classes; 
Sedentary, light 
activity and 
games, 
moderate to 
vigorous 
activities and 
games, walking 
and running 

Physical Activity 
Classification in Youth 
Using Raw 
Accelerometer Data 
from the Hip 

(Ahmadi, Pfeiffer, et 
al., 2020) 

Develop and evaluate 
ML algorithms to 
predict children’s PA 
category from raw 
accelerometer data 
collected at the hip 

 
Accelerometers 

Random 
Forest & 
Logistic 
Regression 

Sedentary, light 
household 
activities and 
games, 
moderate-
vigorous games 
and sports, 
walking and 
running 
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Device-based 
measurement of 
physical activity in pre-
schoolers: Comparison 
of machine learning 
and cut point methods 

 
(Ahmadi & Trost, 
2022) 

Compare the 
accuracy of PA 
intensity predictions 
provided by ML 
classification models 
and previously 
published Cut-points 
for preschool-aged 
children. 

 
Accelerometers 

Random 
Forest 

Five Activity 
Classes; 
Sedentary, light 
activity and 
games, 
moderate to 
vigorous 
activities and 
games, walking 
and running 

A machine learning 
approach to measure 
and monitor physical 
activity in 
Children 

 
(Fergus et al., 2017) 

Develop a reliable 
measure of children's 
free-living PA 

 
Accelerometers 

Multilayer 
Perceptron 
Neural 
Network 

Resting, 
drawing, free 
play, DVD 
watching, 
playground 
activities, 
Jogging, and 
walking 

 

Machine learning to 
quantify habitual 
physical activity in 
children with cerebral 
palsy 

(Goodlich et al., 2020) 

Investigate whether 
activity-monitors and 
ML models could 
provide accurate 
information about PA 
performed by children 
and adolescents with 
cerebral palsy who 
use mobility aids for 
ambulation. 

 
Accelerometers 

Decision Tree, 
Random 
Forest and 
Support 
Vector 
Machine 

Supine Rest, 
Colouring, Ball 
Throwing and 
Catching, 
Overground 
Walking with a 
mobility aid, 
wheelchair 
propulsion, 
cycling on a 
modified tricycle 
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Physical Activity 
among U.S. 
Preschool-Aged 
Children: Application 
of Machine Learning 
Physical Activity 
Classification to the 
2012 National Health 
and Nutrition 
Examination Survey 
National Youth Fitness 
Survey 

 
(Kwon et al., 2022) 

Evaluate PA levels in 
a representative 
sample of U.S. 
preschool-aged 
children. 

Accelerometers Random 
Forest 

Five Activity 
Classes - Run, 
Walk, Other 
MVPA, Light-
intensity PA and 
Sedentary 

Estimating Physical 
Activity Energy 
Expenditure with the 
Kinect Sensor in an 
Exergaming 
Environment 

 
(Nathan et al., 2015) 

Estimate the 
mechanical work 
performed by the 
human body and 
estimate 
subsequent 
metabolic energy 
using predictive 
algorithmic models. 

Kinect Sensor 
Camera and 
Microsoft SDK 

Gaussian 
Process 
Regression, k-
Nearest 
Neighbour 
Regression 
and Linear 
Regression 

Arm swings, 
standing jumps, 
body-weight 
squats, and 
jumping jacks 

Quantitative Contact-
Less Estimation of 
Energy 
Expenditure from 
Video and 3D Imagery 

(Koporec et al., 2018) 

Present a 
comprehensive study 
on means to extract 
energy consumption 
from 
2D or 3D image data, 
without assuming or 
detecting body pose. 

Two Cameras 
and Two Kinect 
Sensor 
Cameras 

SVM 
regression 
with 
developed ν-
RBF 
grid search 
optimization 

Treadmill 
running and 
squash match 

Depth-Camera-Based 
System for Estimating 
Energy Expenditure of 

Propose a depth-
camera-based 
system for energy 

Three Kinect 
Sensor 
Cameras 

Linear 
Regression, 
Random 

 

 

Physical Activities 
in Gyms 

(Lin et al., 2019) 

expenditure 
estimation of PA in 
gyms. 

 Forest, 
Multilayer 
Perceptron, 
bagging 
regression 
tree and 
support vector 
regression 
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Depth-Camera Based 
Energy Expenditure 
Estimation System 
for Physical Activity 
Using Posture 
Classification 
Algorithm 

 
(Lin et al., 2021) 

Propose an accurate 
energy expenditure 
estimation model 
based on depth 
camera data with 
physical 
activity classification 
to solve the 
limitations in the 
previous research 

Three Kinect 
Sensor 
Cameras 

Linear 
regression, 
multilayer 
perceptron 
and 
convolutional 
neural 
network 
models 

Standing, 
walking and 
running at 
various speeds 

Classification of PA type has seen extensive use of accelerometer-based measurement 

across several studies. Ahmadi, Pfeiffer, et al. (2020) utilised accelerometers which were 

placed on the children’s right hip and non-dominant wrist. The accuracy of Random Forest PA 

classification models was evaluated with the results noting classification models with 

prediction windows of 10 or 15 seconds provided the accurate recognition of five activity 

classes representative of young children’s movement behaviours. In a similar study, Ahmadi, 

Pavey, et al. (2020) (using the same accelerometers) developed and evaluated random forest 

and logistic regression algorithms to predict children’s PA class from raw accelerometer data 

collected at their right hip. Their results found random forest and logistic regression activity 

classifiers trained on features in the raw acceleration signal from the hip can be used to predict 

PA class in youth with a high level of accuracy. 

Ahmadi & Trost (2022) adopted a similar approach to Ahmadi, Pfeiffer, et al. (2020) with 

accelerometers placed on the children’s right hip and non-dominant wrist to classify various 

activity classes. Their results noted under true free-living conditions, random forest PA 

classification models for preschool-aged children exhibited significantly better recognition of 

PA intensity than cut-point methods. Utilising a supervised ML model (Multilayer Perceptron 

Neural Network), Fergus et al. (2017) evaluated the use of the model in classifying PA by 

activity type with the dataset taken from a prior study. The results of the study noted that it 

was possible to obtain an overall accuracy of 96% with 95% for sensitivity, 99% for specificity 

and a kappa value of 94% when three and four feature combinations were used. Goodlich et 

al. (2020), had participants wear accelerometers on their wrist, hip and mid-thigh with three 

supervised learning algorithms (decision tree, random forest and support vector machine) 

employed to examine if such algorithms could classify PA type among children and 

adolescents with cerebral palsy who use mobility aids for ambulation. The results noted the 

best performing single-placement model was a random forest classifier trained on wrist 
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features, yielding an overall classification accuracy of 79%, whilst the best performing model 

developed on a combination of two placements was a random forest classifier trained on wrist 

and hip features, yielding an overall classification accuracy of 92%. Kwon et al. (2022) sought 

to estimate daily time spent in MVPA and total PA via a random forest classification algorithm 

which was applied upon wrist-worn accelerometer data with their results noting that the 

random forest algorithm estimated that U.S. preschool-aged children engaged in 28 min/day 

of MVPA and 361 min/day of total PA, on average.  

 

While the aforementioned studies demonstrate the application of accelerometer-derived data 

and ML for classification of PA type, duration and intensity, subsequent research marked a 

shift towards markerless, camera-based approaches that removed the constraint of body-worn 

sensors. Nathan et al. (2015) provided early evidence that Kinect-derived skeletal data and 

segmental mechanical work could be combined with regression models to estimate energy 

expenditure across several functional movements. Koporec et al. (2018) extended this 

approach by demonstrating that energy expenditure could be estimated directly from 2D and 

3D imagery using computer vision techniques, including within a realistic sporting 

environment. Lin et al. (2019) subsequently demonstrated that depth-camera-derived whole-

body skeletal data could accurately estimate energy expenditure during treadmill activity 

without requiring participants to wear monitoring devices.  

 

Finally, Lin et al. (2021) further developed this approach by integrating PA classification with 

depth-camera data and comparing different predictive models and camera configurations. 

Together, these studies represent a progression from body-worn accelerometers towards non-

intrusive, markerless-based approaches capable of capturing more efficient whole-body 

movement data. These methodological advancements therefore highlight the increasing 

scope of ML within PA research, from the analysis of wearable sensor data to the interpretation 

of increasingly complex, contactless movement data. Despite the many strengths of ML, it is 

important to highlight its shortcomings and areas which may pose difficulties for stakeholders 

in our domain who are keen to implement it into research and development. The following 

subsection shall consider such issues. 
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2.8.4 Limitations of Machine Learning 

As discussed in the prior sections, the predictive capabilities of ML alongside its ability to 

uncover latent features in noisy and complex datasets enables it to be an appropriate statistical 

approach regardless of use-case. However, there are many drawbacks which may limit its 

implementation at scale in AMC and PA research. Firstly, ML models can overfit when they 

perform well on appropriate training data but poorly on new, unseen data (Yeom et al., 2018). 

This occurs when a model learns patterns that are too specific to the training set, including 

noise or random variation. As a result, it fails to generalise on other data. This is typically 

reflected in a large gap between training performance and test performance. Conversely, 

underfitting is said to occur when an algorithm lacks sufficient model capacity or sufficient 

training data to fully learn the true relationship that exists within a given dataset, whether 

through memorization or not (Bashir et al., 2020). From an MC perspective, an ML model may 

overfit by learning patterns specific to a particular sample (e.g., one school or setting) and 

perform poorly on new data. Underfitting may occur if the ML model was too simple to capture 

key movement patterns, leading to poor performance on both training and unseen data. 

 
Secondly, many academics in the clinical domain have previously raised concerns regarding 

areas such as model bias (Paulus & Kent, 2020), quality of evaluation and reporting (Dhiman 

et al., 2021) and censoring (Li et al., 2020). In an MC context, this could manifest as a model 

trained on a narrow sample (e.g., one age group or distinct cultural setting) producing biased 

skill classifications, being evaluated using limited or non-representative metrics, or 

systematically excluding lesser-proficient or failed attempts (e.g., unsuccessful jumps or 

partial trials), which may bias the model towards higher-performing participants, thereby 

reducing a model’s validity and generalisability. Thirdly, many ML models are inherently ‘black 

boxes’ in which they do not explain their predictions in a way that humans can understand 

(Rudin, 2019). A black box model could be either (i) a function that is too complicated for any 

human to comprehend, or (ii) a function that is proprietary (i.e., owned by a company which 

won’t share their inner workings) and whilst can be understood can’t be accessed. So, by 

example, a deep learning model could output “proficient” or “non-proficient” from raw 

movement data yet provide no interpretable insight into which aspects of the movement (e.g., 

arm trajectory, trunk rotation, timing) drove that proficiency classification. Researchers have 

attempted to overcome this limitation using ML explainability which in effect results in a black 

box becoming model-agnostic and thus the cause of the prediction can be pinpointed (Ribeiro 
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et al., 2016). However, these post-hoc explanations may not fully reflect the model’s true 

internal decision-making process, potentially limiting their interpretability and trustworthiness. 

Lastly, the computational demands of ML, particularly deep learning models, pose another 

significant limitation (Saki & Soori, 2026). Training large neural networks is inherently resource 

intensive, requiring substantial computational power and energy. This presents practical 

challenges for their deployment within MC assessment contexts. For example, applications 

such as the automated scoring of fundamental movement skills from classroom or field-based 

video data often involve processing large volumes of footage and, in some cases, applying 

explainability techniques in near real time. Such requirements may exceed the computational 

capacity typically available in school or low-resource settings, thereby limiting the feasibility of 

widespread implementation.  

 

Recent studies, such as Lander et al. (2025) have shown that this can be done at scale 

however, this must be considered on a case-by-case basis. Overall, while ML offers clear 

advantages for MC assessment, including enhanced scalability, greater objectivity, and an 

improved capacity to model complex relationships and movement patterns, its practical 

application remains subject to important limitations. In particular, challenges relating to model 

interpretability and computational demands may constrain its use, especially in applied or 

resource limited settings. Balancing these strengths and limitations will be key to its effective 

application in real-world settings. 

 

As was highlighted in section 2.5.2, the use of accelerometers has been prominent in PA event 

and intensity classification, with their validity and reliability noted in estimating PA type and 

intensity classification (Barnett, Ridgers, & Salmon, 2015; Bürgi et al., 2011; Crane et al., 2015; 

De Meester et al., 2011; Jussila et al., 2022; Troiano et al., 2008). However, several notable 

limitations associated with its implementation has been raised in the literature (Breau et al., 

2022). Such limitations are considered below. Firstly, it has been noted that such apparatus 

can be impractical, intrusive and uncomfortable for participants which in turn may lead to a 

negative effect on performance (Koporec et al., 2018; Lin et al., 2021). Secondly, 

accelerometers only quantify the acceleration of the body segment to which they are attached; 

for example, arm placement of a monitor would not capture movements of the trunk which, in 

turn, may lead to an underestimation of whole-body PA (Cliff et al., 2009). Additionally, these 

devices cannot account for increased energy expenditure associated with carrying a load, or 
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PA completed at an incline, and also have limited capabilities to measure nonweight-bearing 

activities (i.e., cycling) (Cliff et al., 2009; Pate et al., 2010). Beyond measurements purposes, 

there are additional factors that limit it’s use, particularly among children. In comparison to 

adults, children have been reported to be prone to either removing accelerometers from their 

bodies or not adhering to using them in the first place for a multitude of reasons such as 

appearance, comfort, or if the device becomes wet (Audrey et al., 2013; Scott et al., 2018). It 

can therefore be concluded that youth populations warrant opposing conditions of compliance 

in comparison to adult populations (Audrey et al., 2013; Belton et al., 2013). Prior literature 

has highlighted further feasibility issues such as the number of sensors needed (Lander et al., 

2022), calibration, sensitivity of placement on bodies and inability of practitioners to retrieve 

and utilise the data (Swain et al., 2023). Considering these limitations, both in terms of 

measurement, comfort and feasibility, markerless video-based solutions may provide a more 

feasible solution (Lander et al., 2025). The following section shall therefore introduce 

markerless technologies and it’s application across related domains. 

 

2.9 Markerless Motion Capture; Overview and Applications 

Markerless motion capture has become a prevalent measurement tool within PA research, 

where camera and depth-sensor systems combined with ML models have been applied to 

tasks ranging from activity classification to the estimation of energy expenditure during 

exercise (Koporec et al., 2018; Lin et al., 2021; Nathan et al., 2015). Energy expenditure 

estimation, however, lies outside the scope of this thesis, which is concerned with whether 

such technologies can support the assessment of children’s AMC. This section therefore 

provides a brief survey of the markerless motion capture landscape as it pertains to AMC 

assessment. A detailed critical synthesis of this literature, including its limitations and a 

research agenda, is presented in Chapter 5 and is not duplicated here. 

 

2.9.1 Can Markerless Motion Capture Aid AMC Assessment? 

 
The case for technological support in AMC assessment is well established. The timely and 

ongoing examination of AMC development is hindered by the availability of trained 

professionals, time and cost (Macy et al., 2014), and the administration burden of observe-

and-score batteries such as the TGMD renders them inefficient for screening large populations 
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(Bisi et al., 2017). In response, the field of Human-Computer Interaction has produced sensors 

and algorithms capable of recognising human movement patterns through natural interactions 

with digital applications, collectively termed Motion-Based Technology (MBT) (Bossavit & 

Arnedillo-Sánchez, 2023). It is therefore imperative to consider whether such approaches can 

improve access to, and support professionals in, children’s motor development monitoring 

(Bossavit & Arnedillo-Sánchez, 2022). 

Early instrumented approaches relied upon wearable inertial measurement units (IMUs). An 

instrumented version of the TGMD-2 locomotor subtest based on IMUs was demonstrated to 

constitute a valid approach with high usability, reliability and objectivity (Bisi et al., 2017), 

removing the need for video recording or experienced raters throughout the assessment 

(Chow et al., 2020). Two limitations, however, constrain the IMU approach at scale: the 

placement of multiple sensors on each participant is inefficient and time-consuming when 

administered to a large population (Zuvela et al., 2011), and the approach could not provide a 

complete evaluation against all TGMD-2 performance criteria (Bisi et al., 2017). Markerless 

systems have therefore been proposed as the more scalable alternative (Chow et al., 2020). 

Table 2.4 summarises the measurement tools and statistical methods that have been applied 

to objective locomotor skill assessment in this literature. 

Table 2.4: Sample of Measurement Tools and Statistical Methods Used for Objective 
Locomotor Skill Assessment 

 

Study Aim Measurement Tool 

Assessing locomotor skills 

development in childhood 

using wearable inertial 

sensor devices: the running 

paradigm 

Investigate the feasibility of 

using inertial sensors to 

quantify developmental 

differences in the running 

pattern of young children. 

IMUs 

 

(Masci et al., 2013)   
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Quantitative assessment of 

developmental levels in 

overarm throwing using 

wearable inertial sensing 

technology 

 
(Grimpampi et al., 2016) 

Propose an in-field 

quantitative approach to 

identify different 

developmental levels in 

overarm throwing. 

IMU’s 

Objective assessment of 

movement competence in 

children using wearable 

sensors: An instrumented 

version of the TGMD-2 

locomotor subtest 

(Bisi et al., 2017) 

Facilitate and support the 

TGMD-2 by designing, 

implementing and validating 

an instrumented version of 

the TGMD-2 locomotor 

subtest based on IMUs to 

quantify AMC in children 

rapidly and objectively 

IMU’s 

Assessing Standing Long 

Jump Developmental 

Levels Using an

 Inertial 

Measurement Unit 

(Sgrò et al., 2017) 

Sought to use an IMU for the 

quantitative process-oriented 

assessment of standing long 

jump skills in children 

IMU’s 

Assessing Vertical Jump 

Developmental Levels in 

Childhood Using a Low-

Cost Motion Capture 

Approach 

 
(Sgrò et al., 2015) 

Utilise Microsoft Kinect to 

assess vertical jumping skill 

and predict developmental 

levels in 9- to 12-yr.-old 

children. 

Microsoft Kinect 
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Hop.Skip.Jump.Games: 

The effect of “principled” 

exergameplay on children's 

locomotor skill acquisition 

(McGann et al., 2020) 

What impact would an 

extended period of 

exergameplay have on user 

locomotor skills when 

deployed with a “principled” 

Microsoft Kinect 

 

 human-in-the-loop 

personalisation process. 

 

A Video-Based 

Classification System for 

Assessing Locomotor Skills 

in Children 

(Chow et al., 2020) 

Evaluate the accuracy of a 

newly-developed video-

based 

classification system with a 

marker-less sensor to assess 

children’s locomotor skills. 

Microsoft Kinect 

Using motion capture 

technology to assess 

locomotor development in 

children 

(Bossavit & Arnedillo-

Sánchez, 2022) 

To what extent and how 

accurately can MotorSense 

recognise and analyse the 

execution of locomotor skills, 

Is the current accuracy of 

MotorSense adequate to 

support locomotor 

development assessment 

Microsoft Kinect 

Agreement of a Portable 

Motion Capture System to 

Analyze Movement Skills in 

Children 

(Lerma & Gulgin, 2023) 

Assess the agree-ment of 

joint angle measurements 

obtained from the Microsoft 

Kinect V2 with AssessLink 

software to theVicon MX13 in 

children performing a vertical 

jumpand land (JL) and 

forward leap (Leap). 

Vicon MX13 Motion Capture 

System 

 
Microsoft Kinect V2 



80  

A Machine Learning Model 

to Automatic Assessment of 

Gross Motor Development 

in Children using Posenet 

 
(Pilati Filho et al., 2023) 

The work presented an 

approach to solving the 

automatic evaluation 

problem of the first criterion 

of the 

TGMD-3 jumping skill. 

Web cameras (not explicitly 

reported) 

Leveraging Artificial 

Intelligence to Automate 

Motor Competence 

This study developed and 

evaluated a video-based 

machine learning model to 

Single Webcam 

 

Assessment 
 
(Lander et al., 2025) 

automate motor competence 

assessment and created a 

user-friendly web platform for 

teachers and coaches. 

 

The available systems trade accuracy against practicality, and the comparison criterion 

matters when interpreting validity claims. Marker-based optoelectronic systems such as the 

Vicon are regarded as the gold standard for kinematic measurement, but carry high cost, time-

intensive setup, reliance on specialised expertise, and intrusive marker placement dependent 

on a clear line of sight (Van Der Kruk & Reijne, 2018). The Microsoft Kinect V2, an affordable 

(<€250) markerless alternative, captures full-body joint positions non-intrusively and requires 

no controlled environment (Bossavit & Arnedillo-Sánchez, 2022; Cai et al., 2019). Its 

measurement properties are mixed. Test-retest reliability is high across various movements 

and age groups (Cai et al., 2019; Wochatz et al., 2019), but agreement with the Vicon criterion 

is weaker: joint angle measurements during children’s vertical jump and forward leap 

demonstrated only poor to moderate correlation and agreement (Lerma & Gulgin, 2023). 

Kinect-based assessment is accordingly recommended for selective use, according to body 

segment, plane of view, and the complexity and velocity of the movement (Lerma & Gulgin, 

2023). Open-source platforms provide a further means of reducing the financial and technical 

barriers associated with motion capture (Van Der Kruk & Reijne, 2018). ‘FreeMoCap’, for 

example, uses synchronised consumer-grade cameras and computer-vision methods to 

reconstruct three-dimensional skeletal movement without reflective markers or proprietary 
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hardware. Matthis et al. (2022) demonstrated its application during a complex whole-body task 

involving three-ball juggling while balancing on an unstable platform, illustrating its capacity to 

capture dynamic and coordinated movement. Although this application did not involve children 

or AMC assessment, it demonstrated the potential of ‘FreeMoCap’ as an accessible platform 

for recording complex human movement. Applied to AMC assessment specifically, the 

evidence for markerless systems is promising. A video-based classification system integrating 

the markerless Kinect V2 quantified TGMD-2 locomotor performance criteria from parameters 

such as joint angles and time spent off the ground, enabling an inexperienced rater to assess 

children’s locomotor skills instantly without an experienced evaluator present (Chow et al., 

2020), whilst heuristic, rule-based frameworks have enabled the real-time recognition of 

graded, age-related locomotor skills without reliance on large training datasets (Bossavit & 

Arnedillo-Sánchez, 2022). Kinect-driven exergames have likewise discriminated proficient 

from poor performances against TGMD-2 criteria (McGann et al., 2020).  

 

Most recently, a deep-learning platform using a single side-view camera automated the 

assessment of seven motor skills in children aged 4 to 12 years with an average detection 

accuracy exceeding 83% (86.9% for object control skills and 88% for locomotor skills), 

although accuracy varied across skills and criteria, mirroring the difficulties experienced by 

human assessors (Lander et al., 2025; Ward et al., 2020). Review-level evidence counsels 

caution, however. Technology-based quantification of gross MC has proven effective but 

remains restricted to specific motor skills, with the retrieved studies preliminary and exploratory 

in nature, sample sizes small, and no systematic evaluation at scale nor concrete reporting of 

time and financial costs (Clark et al., 2021). Of 164 MBT studies reviewed by Bossavit & 

Arnedillo-Sánchez (2023), only around 16% addressed the screening or assessment of motor 

skills in young children, and the skills detected account for only approximately half of those 

considered essential to motor development. The landscape, in short, contains validated 

components but no complete, scalable solution, and it is within this gap that the contribution 

of this thesis is positioned. 
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2.9.2 Towards Automated Motor Competence Assessment: A Computer 

Vision and Machine Learning Pipeline 

The primary contribution of this PhD thesis is a ML pipeline built around computer vision, 

comprising classification and interpretability elements alongside more traditional computing 

techniques such as heuristic algorithms (Kokash, 2005). It builds directly upon the recent work 

of Chow et al. (2020), Bossavit & Arnedillo-Sánchez (2023), Pilati Filho et al. (2023) and 

Lander et al. (2025), which has produced a clear rationale and template for this approach. 

Whilst this recent work is impactful, with real-world application, two enhancements distinguish 

the present contribution. 

First, there is a lack of uniformity in experimental design for the use of computer vision devices 

in this domain. Whilst the most appropriate devices, and the number and positioning of those 

devices, have been examined (Bossavit & Arnedillo-Sánchez, 2023), this consideration is 

overlooked in more recent work (Lander et al., 2025; Pilati Filho et al., 2023). This thesis 

therefore seeks to provide a clear roadmap for practitioners on the quality, quantity and 

positioning of web cameras when gathering data on children’s motor skill performance. 

Second, whilst recent contributions can accurately classify performance against TGMD-3 

performance criteria (Lander et al., 2025; Pilati Filho et al., 2023), further consideration is 

required regarding the classification of distinct performance criteria and the interpretability of 

the resulting outputs.. Applications of ML in this use case must therefore place a strong 

emphasis on post-hoc model-interpretability techniques as they may provide insight into the 

features contributing to ML predictions, where sufficient data is  available. When data is limited,  

handcrafted heuristic algorithms may serve as a viable alternative for operationalising and classifying 

individual performance criteria (Bossavit & Arnedillo-Sánchez, 2022). The pipeline proposed 

in this thesis is accordingly conceived as open source: accessible, understandable and usable 

by all associated stakeholders, with the aim of ultimately enhancing children’s opportunities to 

become more physically active from childhood through to adulthood. 
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2.10 Summary and Research Gaps 

This review has established the central importance of actual motor competence (AMC) during 

childhood, particularly its positive association with physical activity (PA) participation as 

children progress into adolescence (Barnett et al., 2009; Lubans et al., 2010), alongside the 

associated health benefits (Cattuzzo et al., 2016; Lubans et al., 2010). The relationship 

between perceived motor competence (PMC) and AMC has also been considered (Crane et 

al., 2015; Robinson, 2011; Stodden et al., 2008). Although the literature does not point to a 

definitive or uniform association between these constructs (Barnett et al., 2022; De Meester 

et al., 2020), the evidence suggests that each exerts at least a partial positive influence on the 

other. In terms of measurement, the TGMD assessment batteries (Ulrich, 2013; Ulrich & 

Sanford, 2000) remain the most widely used tools for AMC assessment, while the PMSC for 

Young Children (Barnett et al., 2015) represents the PMC measure most closely aligned with 

TGMD constructs. 

Despite the established reliability and validity of the TGMD, its full administration is time and 

resource intensive, limiting its feasibility in large-scale, school-based contexts (Barnett et al., 

2013). In response, several studies have proposed shorter assessment batteries that retain 

acceptable validity while reducing administration demands (Bandeira et al., 2020; Duncan, 

Martins, et al., 2022; Valentini et al., 2018). These approaches typically employ network 

analysis to identify the most informative TGMD items, providing a structured basis for item 

reduction. However, these shortened batteries have been developed without incorporating 

PMC variables, and the reporting of item-level associations has been inconsistent. In addition, 

not all TGMD skills contribute equally to the assessment of AMC, and their relevance may 

vary across cultural and contextual settings (Barnett et al., 2016; Newell, 2020). 

A further limitation across the motor competence literature, examined in detail in Section 2.7, 

is the field’s tendency to re-apply a narrow set of research designs and inferential techniques 

(Behan et al., 2019; Bolger et al., 2018; Coppens et al., 2021; Duncan et al., 2018; Foulkes et 

al., 2015; O’Brien et al., 2016), yielding findings that are consistent but increasingly 

incremental (Bandeira, Estevan, et al., 2025; Caldwell et al., 2020; Melby et al., 2022; Song 

et al., 2021). This methodological convergence constrains the field’s ability to develop a more 

detailed understanding of the mechanisms underlying AMC development. In contrast, the 

broader PA literature has seen a notable increase in the use of machine learning (ML) 

methods, including applications in activity detection and intensity classification using 
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accelerometry (Ahmadi & Trost, 2022; Kwon et al., 2022), and more recently through 

Markerless motion capture technologies (Koporec et al., 2018; Lin et al., 2021). Within AMC 

research, objective measurement approaches have similarly progressed, moving from inertial 

measurement units (Bisi et al., 2017; Masci et al., 2013; Sgrò et al., 2017) towards less intrusive 

markerless systems. Open-source platforms such as ‘FreeMoCap’ have further demonstrated 

that complex three-dimensional human movement can be reconstructed using consumer-

grade cameras (Matthis et al., 2022), although their application and validation within children’s 

MC assessment remain limited. More recent child-focused applications have examined 

markerless motion capture as a potentially scalable approach to AMC assessment (Chow et 

al., 2020; Lander et al., 2025; McGann et al., 2020; Sgrò et al., 2015).The adoption of ML 

methods within MC research has however been relatively slow, despite growing evidence that 

such approaches offer advantages in handling large datasets and identifying latent patterns 

and complex relationships that may not be accessible through traditional analyses (Song et 

al., 2021). Similarly, while markerless motion capture technologies are increasingly used, they 

have not yet been fully combined with ML approaches in AMC research. This represents both 

a methodological limitation and a clear opportunity for advancement. 

In summary, this thesis seeks to address several key limitations within the existing literature: 

the continued reliance on traditional inferential methods and the resulting repetition of 

established findings; the exclusion of PMC variables in the development of short-form TGMD 

assessments; and the practical challenges associated with large-scale AMC assessment. By 

integrating ML approaches, including classification and interpretable models, with markerless 

motion capture technologies, this research aims to generate novel insights and contribute to 

more scalable, objective, and contextually relevant assessment of AMC among Irish children 

and adolescents. 
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Link from Chapter 2 to Chapter 3 

 
The literature reviewed in Chapter 2 demonstrated the central role of both AMC and PMC 

within children's PA and developmental trajectories (Barnett et al., 2016, 2022; Barnett, 

Ridgers, & Salmon, 2015; De Meester et al., 2020; Logan et al., 2015; Robinson et al., 2015; 

Stodden et al., 2008). Research consistently demonstrates that higher MC proficiency levels 

are associated with increased PA participation, improved health-related fitness, and more 

favourable developmental outcomes throughout childhood and adolescence (Hardy et al., 

2013; Logan et al., 2015; Robinson et al., 2015). Similarly, PMC has emerged as an important 

correlate of movement behaviour, with evidence suggesting that children's perceptions of their 

own competence may influence both motivation and participation in PA (Barnett et al., 2008; 

Barnett, Ridgers, & Salmon, 2015; Crane et al., 2015; Stodden et al., 2008). 

 

Despite the importance of these constructs, much of the existing literature has relied upon 

traditional analytical approaches such as correlations, regressions, t-tests, and analysis of 

variance (Behan et al., 2019; Bolger et al., 2018; Coppens et al., 2021; Duncan et al., 2018; 

Foulkes et al., 2015; O’ Brien et al., 2016). While these methods have provided valuable 

insights, they are typically designed to test predefined hypotheses and may be limited in their 

ability to identify complex, multidimensional relationships within large datasets (Farrahi & 

Rostami, 2024). Consequently, much of the literature has repeatedly demonstrated broadly 

similar findings, including age-related improvements in MC, gender differences in object-

control skills, and positive associations between AMC, PMC, physical activity, and health-

related fitness (Barnett et al., 2022). 

 

Recent advances in machine learning provide an opportunity to complement traditional 

analytical approaches by identifying patterns and predictive relationships that may not be 

readily observable using conventional statistical techniques (Britton, Onibonoje, et al., 2023; 

Farrahi & Rostami, 2024; Ley et al., 2022). Rather than focusing solely on explanation, 

machine learning methods can be used to examine the extent to which existing variables can 

predict future outcomes and identify the relative importance of individual predictors within 

complex datasets (Alsareii et al., 2022; Britton, Onibonoje, et al., 2023; Duncan et al., 2024). 
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Accordingly, the first empirical study presented in Chapter 3 explores the application of 

machine learning classification models within a MC context. Specifically, the study 

investigates whether AMC assessment outcomes can be predicted using data derived from 

existing AMC and PMC assessments, while also examining differences in predictive 

performance across male, female, and gender-combined datasets. In doing so, the study 

represents the first step in this thesis' broader objective of investigating how emerging 

analytical and technological approaches may contribute to advancing MC research. 

 

 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 



87  

 

 

 

 

 

 

 

 
Chapter 3: Streamlining Motor Competence Assessments via a 

Machine Learning Approach 

 
 
 
 
 
 
 
 
 

 
Manuscript submitted as: Streamlining Motor Competence Assessments via a Machine 

Learning Approach. 

MDPI Youth – accepted 25th June 2025, published online 6th July 2025. 

Authors: Colm O’Donaghue, Michael Scriney, Sarahjane Belton & Stephen Behan 

 

 

 

 

 

 

 

 

 



88  

3.1 Abstract 

Strong competencies in actual motor competence (AMC) and perceived motor competence 

(PMC) support lifelong physical activity. However, assessing MC is time-consuming, requiring 

multiple AMC and PMC evaluations. Streamlining these assessments would improve 

efficiency at a national level. This study used machine learning (ML) classification to (1) 

identify AMC assessments that can be accurately predicted in an Irish context using other 

AMC and PMC assessments, and (2) examine prediction accuracy differences between 

genders. AMC was measured using the Test of Gross Motor Development (3rd Edition) and 

the Victorian Fundamental Motor Skills Manual, while PMC was assessed with the Pictorial 

Scale of Perceived Movement Skill Competence. Five ML classification models were trained 

and tested on an Irish MC dataset (n = 2,071, mean age 9.2 ± 2.04) to predict distinct AMC 

assessment outcomes. The highest prediction accuracies (>85%) were found for the Catch 

(female and gender-combined subsets) and Bounce (male subset) AMC assessments. These 

assessments could potentially be removed from the current Irish testing battery for their 

respective gender groups. Our findings highlight the effectiveness of ML classification in 

optimising Irish MC assessment procedures, reducing redundancy, and enhancing efficiency. 

 
 

 
Keywords: Actual motor competence; perceived motor competence; youth; machine learning; 

prediction; classification 

 

 

 

 

 

 

 

 

 

 

 

 



89  

3.2 Introduction 

Physical activity (PA) is essential for youth development, as it plays a critical role in reducing 

the risks of obesity, cardiovascular disease, and mental health issues (Eime et al., 2013; 

Katzmarzyk et al., 2019). PA has also been linked to improved cognitive performance, social 

skills, and overall well-being in children and adolescents (Erickson et al., 2019). Despite these 

well-documented benefits, global trends indicate a significant decline in PA levels among 

youth, with approximately 81% of young individuals failing to meet the World Health 

Organization’s recommended 60 min of moderate-to-vigorous PA per day (Guthold et al., 

2020). This decline has been attributed to various factors, including increased screen time, 

urbanisation, and a lack of access to structured physical education and recreational facilities 

(Hesketh et al., 2017). Consequently, there is an urgent need for effective interventions that 

can enhance PA participation among youth and counteract these negative trends. 

 

One key avenue for intervention lies in the assessment and development of motor competence 

(MC). MC is widely recognised as a fundamental determinant of PA engagement (Lima et al., 

2017), as individuals with higher MC levels are more likely to participate in and sustain an 

active lifestyle (Estevan et al., 2023). The reciprocal relationship between MC and PA 

suggests that individuals with greater proficiency in movement skills are more confident and 

motivated to engage in various physical activities, thereby promoting a positive cycle of MC 

and participation (Stodden et al., 2008). Ultimately, the lack of an adequate foundation of MC 

may be linked to a hypothetical ‘proficiency barrier’ (Seefeldt & Gould, 1980) where low-MC 

individuals may not demonstrate health-enhancing levels of PA and health-related physical 

fitness later in life (Stodden et al., 2009). Such poorly proficient individuals may also be at 

greater risk for obesity through childhood and adolescence (Robinson et al., 2015). Therefore, 

it is key for practitioners to understand the components that comprise MC. 

 

MC is composed of two distinct but interrelated components: actual motor competence (AMC) 

and perceived motor competence (PMC). AMC is associated with fundamental movement 

skills (FMS), which are the building blocks of more advanced, complex movements required 

to participate in games, sports or other context specific PA (Logan et al., 2018). FMS is made 

up of three components, namely locomotor skills (running and jumping, etc.), object control 

skills (throwing and kicking, etc.), and stability skills (i.e., balance) (Goodway et al., 2010). 

PMC, on the other hand, relates to an individual’s self-perception of their motor abilities and 



90  

has been shown to influence PA participation and motivation (Estevan & Barnett, 2018). 

Children who perceive themselves as competent are more likely to develop the confidence 

and self-efficacy required to engage consistently in PA across a range of settings (Peers et 

al., 2020). PMC has also been shown to exert a significant influence on future PA behaviour, 

potentially surpassing the influence of AMC alone (Bardid et al., 2016). Research 

demonstrates a robust association between high levels of PMC and higher levels of PA, 

underscoring the critical roles that both AMC and PMC play in developing youth physical 

literacy (Barnett et al., 2008; Stodden et al., 2008). Given this established relationship, both 

AMC and PMC should be accorded equal consideration in the assessment of MC among 

children and adolescents. Recent international studies further support this approach, 

consistently identifying significant correlations between PMC and AMC (Den Uil et al., 2023; 

Niemistö et al., 2023). Findings indicate that children displaying low PMC during early 

childhood face increased risks of persistently low PMC and limited AMC progression into 

middle childhood (Niemistö et al., 2023). Accordingly, prioritising the development of children’s 

MC proficiency from an early age is essential. 

 

Unfortunately, research worldwide consistently reports poor levels of AMC among children 

and adolescents, with persistent deficits observed through adolescence (Chen et al., 2024; 

Hardy et al., 2013). Furthermore, research has identified notable gender differences in AMC 

proficiency, further emphasising the need for targeted intervention strategies. Studies have 

reported that boys tend to score significantly higher in object control skills, whereas girls 

typically outperform boys in locomotor and stability skills and balance-related movements 

(Behan et al., 2019; Zheng et al., 2022). Thus, there is a clear need for assessment and 

intervention to help all children enhance their AMC trajectory. 

 

Given the well-documented benefits of MC development in promoting active lifestyles, there 

is a clear need for reliable and efficient assessment tools that can guide appropriate 

interventions. While there are a wide range of AMC measures, PMC is generally assessed 

using a reliable and valid self-report pictorial scale developed by Barnett et al. (2015) and 

enables alignment between the measurement of PMC and AMC competence in young children 

(Barnett et al., 2015). In the assessment of AMC, a wide range of FMS assessments are 

currently used to evaluate children’s overall AMC proficiency, with the Test of Gross Motor 

Development (TGMD, 2nd and 3rd editions) (Ulrich, 2000; Ulrich, 2013) being the most 
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commonly used in related research (Behan et al., 2019; Duncan et al., 2020). As an 

assessment of FMS, the TGMD-3 can be used to identify developmental delay in relation to 

gross motor performance, to evaluate programmes aimed at enhancing AMC through 

intervention, and to assess changes as a function of increasing age, experience, instruction, 

or intervention (Ulrich, 2000; Ulrich, 2013). However, while reliable and valid as a measure of 

AMC, employing the TGMD-3 requires a considerable amount of time to administer and 

interpret (Barnett et al., 2013). In addition to a considerable time burden on participants and 

trained staff, specific space and equipment are required for assessment, which can make it 

logistically difficult to administer in school settings (Tamplain et al., 2020). As a result, 

researchers have been exploring alternative strategies, such as confirmatory factor analysis 

and machine learning (ML) approaches, to streamline assessment procedures while 

maintaining accuracy and reliability (Bandeira et al., 2020; Duncan, Martins, et al., 2022; 

Valentini et al., 2018). These efforts aim to identify key assessments that can predict overall 

MC, allowing practitioners to optimise evaluation processes and ensure that children receive 

the necessary support to enhance their motor development. 

 

The integration of ML in MC research offers a promising avenue for refining assessment 

protocols. ML involves the development of algorithms and models that enable computers to 

learn and make predictions or decisions independently, without the need for specific 

instructions from the end-user (Yaqoob et al., 2023). By leveraging data-driven models, ML 

techniques can analyse complex patterns in movement proficiency and predict performance 

outcomes based on a combination of AMC and PMC assessments (Yaqoob et al., 2023). This 

approach has the potential to reduce the number of assessments required while maintaining 

predictive accuracy, ultimately improving the feasibility of large-scale MC evaluations (Barnett 

et al., 2013; Duncan, Martins, et al., 2022). Furthermore, ML driven assessment tools can 

facilitate the identification of at-risk children who may benefit from targeted interventions, 

ensuring that resources are allocated efficiently and effectively in educational and community 

sports settings (Bardid et al., 2019). For instance, recent MC research (Britton, Onibonoje, et 

al., 2023; Duncan et al., 2024) examined the predictive value of AMC features in relation to 

children’s well-being and technical soccer skill performance respectively. Both studies 

employed five distinct ML algorithms, initially introducing a baseline algorithm and 

subsequently introducing more complex algorithms, resulting in superior predictions. Duncan 

et al. (2024) produced superb predictions of 99% for technical skill proficiency in boys aged 
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seven to fourteen years who were regularly engaged in grassroots soccer whilst Britton, 

Onibonoje, et al. (2023) produced strong predictions of 87% for predicting well-being off 

physical literacy variables among children (n = 1073, mean age 10.86 ± 1.20 years). Thus, to 

address the ongoing challenges in MC assessment and intervention, it is imperative to explore 

innovative methodologies that balance efficiency, accuracy, and practicality. By harnessing 

the power of ML classification models, this study aims to contribute to the development of 

streamlined assessment tools that can support the promotion of MC and PA participation 

among children and adolescents. Whilst previous studies have presented original contributions 

to the TGMD literature base, there are numerous areas in which ML classification analyses 

could build upon such contributions. Firstly, the ML approach in network analysis has been 

utilised in prior research (Bandeira et al., 2020; Duncan, Martins, et al., 2022), and whilst it is 

highly effective at assessing AMC relationship patterns, it is less effective than classification 

techniques when the aim of a study is predictive modelling (Yaqoob et al., 2023). The scoring 

criteria associated with the TGMD-3 (Ulrich, 2013) results in participants being awarded a 

score of either ‘1’ (‘Mastery/Near Mastery’) or ‘0’ (‘Not Mastered’). Such scoring criteria is ideal 

for ML classification analysis given that the variable’s data is binary, thus requiring each 

variable to be classified into its predefined group. Secondly, whilst Bandeira et al. (2020) and 

Duncan, Martins, et al. (2022) were capable of reducing their original 13-12 AMC skill models 

to a final model of 6–7 AMC skills, both studies did not include any PMC variables within their 

analysis. Indeed, the omission of such PMC variables from the aforementioned analyses is 

key given the impact a positive AMC–PMC relationship can have on a child’s motivation to 

continuously improve their AMC capabilities (Barnett et al., 2008; Stodden et al., 2008). 

 

Building on these efforts, this study explores the potential of ML classification models as a 

novel approach to optimising MC evaluation. ML techniques have been increasingly utilised in 

sports science and health research due to their ability to analyse complex patterns in large 

datasets and generate predictive models with high accuracy. By applying ML classification 

methods, this study aims to determine which MC assessments can be accurately predicted 

based on the results of other AMC and PMC evaluations. If successful, this approach could 

enable educators, coaches, and health practitioners to implement more efficient assessment 

protocols, ultimately facilitating broader participation in MC testing and fostering more inclusive 

physical literacy initiatives for youth populations. 
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3.3 Methodology 
 

Study Design 

Cross-sectional data were collected as part of an Irish AMC study ‘Moving Well-Being Well’ 

(Behan et al., 2019). Participants (n = 2,071, 47% girls, ranging from 5–12 years of age, mean 

age 9.2 ± 2.04) were recruited from 44 schools across twelve counties, encompassing all four 

provinces in Ireland and Northern Ireland. Data was collected from March to June 2017 across 

the full range of the Irish primary school cycle of typically developing children aged five to 

twelve. The subjects were classified per age and gender for data analysis. Ethical approval 

was obtained from the institutional Research Ethics Committee (DCU/REC/2017/029). The 

principals of each of the participating schools initially consented to participation. Consent 

procedures ensured that all individuals provided informed written consent, as well as parental 

consent, prior to data collection, thus supporting participant autonomy. An age-appropriate 

child assent form was supplied to participants in the younger classes (5–8 years of age). 

Additionally, robust anonymisation procedures were employed, including assigning 

participants a unique numerical code, which not only protected participant confidentiality but 

also enhanced the integrity and reliability of the dataset by minimising potential biases or risks 

associated with participant identification. 

 

Procedure 

AMC was measured using the TGMD-3 (Ulrich, 2013) alongside an additional locomotor skill 

test, the vertical jump, from the Victorian Fundamental Motor Skills manual (Walkley et al., 

1996). Both have been used in previous research and have a high degree of validity and 

reliability (Walkley et al., 1996; Cools et al., 2009). In the dataset such AMC skills were labelled 

as ‘Mastery/Near Mastery’ (MNM) features in which participants were awarded a score of one 

if the participant fulfilled the necessary skill criteria (considered as ‘Mastery/Near Mastery’) 

whilst a score of zero (‘Not Mastered’) indicated that they failed to meet such skill criteria 

(Ulrich, 2013). Further details of these protocols can be found in Behan et al. (2019). PMC 

was measured using the Pictorial Scale of Perceived Movement Skill Competence (PMSC) for 

Young Children (Barnett et al., 2015). The PMSC administered fifteen skills, of which seven 

related to perceptions of various object-control skills and eight related to perceptions of 

locomotor skills. Each skill item was evaluated from 1 to 4 points leading to a maximum sum 

score for locomotor skills of 32 points (8 × 4) and 28 points (7 × 4) for perceptions of object 
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control skills, using a binary two-step choice process to arrive at one of four responses (1 = 

not that good, 2 = sort of good, 3 = pretty good, 4 = really good) per each skill. The maximum 

total score a child could receive was 60 points. The higher the child scored, the higher the 

child’s PMC. Previous studies have shown good reliability and validity for assessing young 

children’s PMC with PMSC in different cultures for locomotor (Diao et al., 2018) and object-

control skills (Diao et al., 2018; Johnson et al., 2016). 

 

Data Collection 

The data collection protocol utilised by the research team is outlined fully in Behan et al. 

(2019). As such, all research team members completed formal training to ensure a 

comprehensive understanding of the skill assessment procedure as well as consistency during 

assessment of the test subjects. To ensure the data was consistent and of high quality, the 

research team was required to meet a 95% inter-observer agreement on a pre-coded data 

set, which was pre-coded by the lead researcher. The research team members were blind to 

the conditions of coding. 

 

Experimental Setup 

The original dataset consisted of 2378 rows and 492 columns. The initial cleaning process 

involved removing null values and removing variables that were deemed surplus for the 

purpose of the study. Features were only included if they were pure measures of AMC or PMC, 

for instance ‘Actual Kick MC’ and ‘Perceived Kick MC’. This procedure for removing redundant 

features was applied uniformly across all gender subsets. Table 3.1 prvoides a brief synopsis 

on several of the analysed variables, including their data type and a description of the variable. 

After cleaning the dataset, there were a total of 2,071 rows and 30 columns remaining, which 

comprised the final dataset. 
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Table 3.1: Brief Synopsis of Features Analysed 
 

Feature Category Feature Description Count (Perceived and 
Actual Features 

Combined) 

Locomotor Skill Actual MC—How capable 
children are to run, 

jump, skip etc. Full marking 
criteria are 

available in TGMD-3 (Ulrich, 
2013). 

 
Perceived MC—The child’s 

perception of 
their ability to run, jump, skip 

etc. Full 
marking criteria available in 

(PMSC) for 
Young Children (Barnett et 

al., 2015). 

16 

Object-Control Skill Actual MC—How capable 
children are at 

manipulating objects such 
as balls (i.e., 

kicking, catching, throwing). 
Full marking 

criteria available in TGMD-3 
(Ulrich, 2013). 

Perceived MC—The child’s 
perception of 

their ability to kick, catch, 
throw etc. Full 

marking criteria available in 
(PMSC) for 

Young Children (Barnett et 
al., 2015). 

14 

 
As such, 16 locomotor skill and 14 object-control skill features were analysed, which resulted 

in a total of 30 variables being included in the analysis. Following this the dataset was split 

into different subsets of data in which the dataset was split by a specific gender subset. Table 

3.2 below gives a brief example of what this splitting process looked like for all dependent 

variables. 
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Table 3.2 Example of Splitting Data by Gender Into several Subsets for Testing. 

 

Dependent Variable Gender Subset Count 

Run_MNM Female Only 969 
Run_MNM Male Only 1107 

Run_MNM Gender Combined 2076 

 
 

Before proceeding with data sampling, several crucial feature engineering steps were 

undertaken to refine the dataset for analysis. The process began by encoding categorical 

variables through one-hot encoding, converting non-numeric attributes into a machine-

readable format. This approach generated binary indicator variables for each categorical 

feature while discarding the original columns, ensuring that classification models could 

interpret categorical data without imposing any unintended ordinal relationships. Following 

this, numerical features such as height and weight were standardised using StandardScaler 

to maintain consistency across varying scales. Since ML models—particularly those that rely 

on distance-based computations—are sensitive to differences in feature magnitudes, 

standardisation ensured that all continuous variables were centered at zero with a standard 

deviation of one. This prevented certain features from disproportionately influencing the model 

due to differences in scale. 

 

Additionally, a feature selection process was implemented to remove irrelevant, redundant, or 

null-indicator columns that did not add value to the predictive model. A filtering mechanism 

identified and excluded these unnecessary features, enhancing both computational efficiency 

and model interpretability. After these transformations were finalised, the cleaned dataset was 

stored in Parquet format, preserving its structured and optimised form for the subsequent data 

sampling phase. Numerous ML methods have proposed that the target classes (i.e., 

dependent variables) hold similar distributions (Mohammed et al., 2020). However, this 

assumption does not hold true in several domains, for instance diagnosis of illness (Krawczyk 

et al., 2016), as most of the instances are labelled with one class, while few instances are 

labelled as the other. As a result, the models gravitate towards the majority class, thus 

eliminating the minority class. This reflects on the model’s performance, as these models will 

perform poorly when the datasets are imbalanced. This is known as a class imbalance 

problem. Indeed, one of the common approaches in counteracting this issue is to incorporate 

resampling methods to balance the dataset. 



97  

As such, a class imbalance issue existed in the current study’s dataset, which resulted in 

several resampling methods being incorporated, with those methods being: undersampling 

(the process of decreasing the amount of majority target instances or samples), oversampling 

(the process of increasing the amount of minority class instances or samples by producing 

new instances or repeating some instances (Mohammed et al., 2020)), no sampling, and 

SMOTE (the process of analysing the minority samples and integrating new synthetic minority 

samples according to the minority samples, in order to add them to the data set (Shi et al., 

2021)). These resampling methods resulted in the creation of four instances of the dataset for 

each individual dependent variable. Figure 3.1 below shows an example of the distribution 

difference for one of these imbalanced dependent variables. 

 

 
Figure 3.1: Distribution difference of Throw AMC feature for Female Subset 

 
Five classification methods were chosen as candidates for predicting the outcome of individual 

AMC assessments: decision tree (DT), gradient boosting decision tree (GBDT), k-nearest 

neighbour (KNN), logistic regression (LR), and XGBoost (XGB). Detailed descriptions of such 

classifiers are provided within the following references: (Alzubi et al., 2018; Carmona et al., 

2022; Yoon, 2021). As a byproduct of the aforementioned class imbalances, the classification 

models employed were not stratified according to participant age due to a notable variation in 

age-related MNM proficiency. Most notably, among six-year-old males, for throwing, only 2 
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MNM cases were noted in comparison to 80 non-mastery cases with seven-year-old females 

reporting similar distributions in the gallop; 18 MNM cases to 110 non-mastery cases. 

Furthermore, regardless of class distributions, sample sizes were low across several age 

groups, with five-year-old males and females most notably producing > 20 overall samples for 

each skill. Thus, age stratification would have reduced the subsequent samples for model 

curation and, for some target features, produced insufficient positive class observations to 

support stable train-test splitting, cross-validation and resampling. As the current dataset is 

subsequently examined later in Chapter 4, such age-related variations and their implications 

for subgroup selection are considered further in that chapter, where age stratification serves 

a distinct analytical purpose. 

 

The metrics used to validate the classifiers were: precision (percentage of observations 

labelled as positive that are actually positive), recall (percentage of positive observations 

classified as positive), and F1 (harmonic mean of precision and recall). As such, these 

metrics were calculated from four distinct counts: true positives (TP), a count of the correctly 

predicted positive class values (Mastery/Near Mastery); true negatives (TN), a count of the 

correctly predicted negative class values (Non-Mastery); false positives (FP), which count the 

occurrences where the actual class is false but is predicted as true; and false negatives (FN), 

which count the occurrences where the actual class is true but is predicted as false. The sum 

of these four counts is the total number of observations (Britton, Onibonoje, et al., 2023). 

 

Additionally, the F1 metric was utilised as it is a recognised metric enabling comparison 

between classifiers trained using differing methodologies, which was present in our case with 

an imbalanced distribution existing between non-mastery and mastery–near-mastery values. 

We performed hyperparameter optimisation using GridSearch to determine the optimal model 

configuration for each method, data subset, and target AMC assessment. The data was split 

using an 80:20 ratio for training and testing. For each of the 12 AMC target outcomes, five 

classification algorithms were evaluated under four sampling conditions across gender-

combined, female-only and male-only subsets. This resulted in 240 model configurations per 

subset and 720 predictive classification models overall. 
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3.4 Results 

Results for the top performing target features in terms of highest predictive accuracies (F1 

score) amongst each subset alongside their corresponding resampling method, precision, and 

recall scores are shown in Table 3.3, Table 3.4 and Table 3.5. In turn, results for the worst 

performing target features are shown in Table 3.6.  

 

Table 3.3 Top Performing Target Features—Gender Combined Subset. 

 

Feature Classifier Sampling Precision Recall F1 

Score 

Catch MNM XGB SMOTE 0.83 0.88 0.85 
Run MNM KNN SMOTE 0.89 0.79 0.83 
Slide MNM XGB Unsampled 0.79 0.87 0.83 

Bounce MNM XGB Undersampled 0.80 0.80 0.80 
Hop MNM XGB SMOTE 0.75 0.85 0.80 
Kick MNM DT Oversampled 0.74 0.66 0.70 
HJ MNM LR SMOTE 0.67 0.68 0.68 
Skip MNM DT Unsampled 0.66 0.64 0.65 
Roll MNM DT Unsampled 0.68 0.58 0.63 
VJ MNM DT Unsampled 0.68 0.53 0.60 

Gallop MNM XGB Unsampled 0.57 0.44 0.50 

Throw MNM XGB SMOTE 0.49 0.43 0.46 

 

 

 

 

 

Table 3.4. Top Performing Target Features—Female-Only Subset. 

 

Feature Classifier Sampling Precision Recall F1 Score 

Catch MNM KNN Unsampled 0.85 0.88 0.87 
Hop MNM KNN SMOTE 0.93 0.78 0.85 
Run MNM XGB Unsampled 0.80 0.91 0.85 
Slide MNM XGB Unsampled 0.83 0.85 0.84 
Kick MNM DT Unsampled 1.00 0.62 0.77 

Bounce MNM XGB Unsampled 0.72 0.73 0.72 
Gallop MNM XGB Unsampled 1.00 0.57 0.72 

HJ MNM XGB Undersampled 0.71 0.69 0.70 
Throw MNM LR Unsampled 1.00 0.54 0.70 
Skip MNM XGB SMOTE 0.66 0.68 0.67 
VJ MNM XGB SMOTE 0.61 0.62 0.61 

Roll MNM GB Oversampled 0.56 0.55 0.56 
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Table 3.5. Top Performing Target Features—Male-Only Subset. 

 

Feature Classifier Sampling Precision Recall F1 

Score 

Bounce MNM XGB Unsampled 0.84 0.89 0.86 
Run MNM KNN Unsampled 0.78 0.88 0.83 

Catch MNM KNN SMOTE 0.88 0.77 0.82 
Slide MNM KNN Oversampled 0.83 0.80 0.82 
Kick MNM KNN SMOTE 0.88 0.76 0.81 
Hop MNM KNN SMOTE 0.82 0.73 0.77 
HJ MNM XGB Undersampled 0.69 0.69 0.69 
Skip MNM XGB SMOTE 0.69 0.68 0.68 
VJ MNM DT Unsampled 0.75 0.58 0.66 
Roll MNM DT SMOTE 0.58 0.65 0.62 

Throw MNM DT Unsampled 0.71 0.50 0.59 

Gallop MNM KNN Unsampled 0.33 0.30 0.31 

 
 

 

Table 3.6. Worst Performing Target Features—All Subsets. 

 

Feature Subset Classifier Sampling Precision Recall F1 

Score 

Gallop MNM All Subsets DT Unsampled 0.00 0.00 0.00 
Throw MNM Female, GC Numerous* Numerous* 0.00 0.00 0.00 
Roll MNM Female DT  Unsampled 0.50 0.02 0.03 
Kick MNM Female DT Unsampled 1.00 0.08 0.14 
VJ MNM GC DT  Unsampled 0.68 0.16 0.25 

Run MNM GC KNN  SMOTE 0.89 0.21 0.34 
Hop MNM Female KNN SMOTE 0.93 0.21 0.35 

Catch MNM Male KNN  SMOTE 0.88 0.25 0.39 
Skip MNM Female KNN  SMOTE 0.66 0.38 0.48 

Slide MNM Male KNN SMOTE 0.82 0.36 0.50 

HJ MNM GC DT Undersampled 0.65 0.47 0.55 

Bounce MNM Female KNN Oversampled 
Undersampled 

0.68 0.59 0.63 

 Numerous* = Female-only: DT–Unsampled; GBDT–Oversampled; GBDT–SMOTE; KNN– 
Unsampled; XGB–Unsampled | Gender-combined: DT–Unsampled 

 

 

Results from the gender combined subset showed that the Catch MNM feature produced the 

highest F1 score at 85%, whilst the Throw MNM feature produced the weakest F1 score at 

46%, resulting in a 39% discrepancy between the best and worst performing features. As such, 

the three best performing features (Slide, Run, and Catch) ranged from 83–85% respectively. 

The XGB classifier proved to be the most prominent classifier, appearing on six occasions, 
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whilst the SMOTE and Unsampled resampling methods were most prominent, appearing on 

five occasions each. Results from the female-only subset showed that the Catch MNM feature 

produced the highest F1 score at 87%, whilst the Roll MNM feature produced the weakest F1 

score at 56%, resulting in a 31% discrepancy between the best and worst performing features. 

As such, the three best performing features (Run, Hop, and Catch) ranged from 85–87%, 

respectively. The XGB classifier proved to be the most prominent classifier, appearing on 

seven occasions, whilst the Unsampled resampling method was most prominent, appearing 

on seven occasions. 

 

Results from the male-only subset showed that the Bounce MNM feature produced the highest 

F1 score at 86%, whilst the Gallop MNM feature produced the weakest F1 score at 31%, 

resulting in a 55% discrepancy in accuracy between the best and worst performing features. 

As such, the three best-performing features (Catch, Run, and Bounce) ranged from 82–86%, 

respectively. The KNN classifier proved to be the most prominent classifier, appearing on six 

occasions, whilst the Unsampled and SMOTE resampling methods were most prominent, 

appearing on five occasions each. To gauge the optimism of our best performing classification 

mode, table 3.6 presents the poorest positive-class results observed for each target across 

the male-only, female- only and gender-combined subsets. Performance varied substantially, 

with F1-scores ranging from 0% for Gallop MNM and Throw MNM to 63% for Bounce MNM. 

The particularly low recall observed for several targets indicates that some classifier–sampling 

combinations identified only a small proportion of participants demonstrating mastery or near-

mastery. 

  

When resampling methods were considered, Unsampled data and SMOTE were associated 

with the best-performing classifiers. These findings suggest that the classification models 

employed were able to learn effectively without any alterations to the dataset (i.e., using the 

original, unsampled data), while the use of synthetic samples generated through SMOTE 

enhanced the models’ predictive performance. Given the consistent success of both 

Unsampled and SMOTE approaches in our results, it could be inferred that low number of 

instances where individuals received a mark of not mastered resulted in overfitting and 

underfitting for the Oversampling and Undersampling approaches, respectively, in the context 

of the current dataset. The analysis of F1 Score performance across gender subsets revealed 

relatively small differences in standard deviation values, indicating consistent model 
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performance within each gender subset. The male-only subset exhibited the highest variability 

with a standard deviation of 0.15, compared to 0.10 for the female-only subset, while the 

gender-combined subset showed an intermediate value of 0.13. On average, the standard 

deviation across all subsets was 0.12, reflecting generally low variation in F1 Score 

performance. Similarly, the 95% confidence interval was consistent at 0.02 across all groups, 

highlighting a high degree of precision in the F1 Score estimates. These findings suggest that 

while the male-only group demonstrated slightly more variability, the model’s overall 

performance remained stable and reliable across gender-based subsets. 

 

Figure 3.2 provides a visual overview of the variation in F1 Scores amongst the three distinct 

subsets. Considering the results from an overall perspective, most of the features performed 

quite well, with several features producing F1 scores > 70%. Interestingly, the Gallop MNM 

feature produced the largest subset-to-subset discrepancy of 41% in favour of females versus 

males, whilst the male-only subset produced the largest accuracy discrepancy between the 

most- and least-accurate features at 55%. When the gender combined subset is compared 

against both the male and female subsets, the latter subsets are shown to essentially mirror 

and at times exceed the gender combined predictive power (i.e., Run MNM; GC Subset F1 

Score—83%, Male Subset F1 Score—83%, Female Subset F1 Score—85%). Figure 3.3 

contextualises the positive-class F1-scores according to the prevalence of MNM cases within 

each held-out test set. A prevalence-informed baseline is provided to indicate whether model 

performance exceeded that expected from the underlying class distribution, while the 

accompanying MNM and non-MNM counts provide context for interpreting the robustness of 

these estimates. In particular, high F1-scores derived from relatively few positive cases should 

be interpreted cautiously, as they may be more sensitive to sampling variation. Conversely, 

poor F1-scores observed where larger numbers of positive cases are available provide 

stronger evidence of limited predictive performance. 
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Figure 3.2 Subset Comparison Amongst All Analysed AMC Features 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3.3 Distribution of Subset MNM and Positive-Class F1 Score 
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3.5 Discussion 

The present study aimed to determine which MC assessments can be reliably predicted based 

on AMC and PMC evaluations, with a particular focus on gender-based differences in 

prediction accuracy. Our findings suggest that ML offers a promising avenue for streamlining 

MC assessments by identifying assessments that can be inferred from existing test results 

with high predictive accuracy. This not only optimises efficiency in testing but also reduces 

redundancy, potentially allowing practitioners to administer fewer assessments while 

maintaining robust evaluation standards. Optimising AMC assessment batteries is therefore 

crucial, as regularly evaluating the most relevant skills for specific subgroups of children can 

help identify more realistic MC proficiency profiles. This is important because difficulties in 

mastering MC may hinder success in many sports, potentially leading to subsequent physical 

inactivity beyond early childhood (Stodden et al., 2008). 

 

The Catch assessment emerged as the most accurately predicted test in the female-only and 

gender-combined subsets, whereas the Bounce assessment was the most accurately 

predicted in the male-only subset. These findings align with prior research indicating that 

object-control skills, which are highly practiced and reinforced in structured and unstructured 

physical activities, tend to exhibit strong predictive patterns (Behan et al., 2019). The high 

predictability of these assessments suggests that they may be candidates for removal in future 

testing batteries, enabling a more targeted approach to MC assessment. However, before 

such changes are implemented, further validation in diverse populations and across different 

cultural contexts is warranted. 

 

The contextualisation of these findings within the Irish sports landscape is essential for 

understanding their broader implications. Sports participation trends in Ireland indicate a 

strong emphasis on object-control skills, particularly through popular indigenous sports such 

as Gaelic football and hurling, as well as widely played international sports like soccer, rugby, 

and basketball (Woods et al., 2023). These sports provide ample opportunities for children to 

develop object-control skills, contributing to the observed high levels of mastery in skills like 

Catch and Bounce (Behan et al., 2019). As a result, it is not surprising that these skills are 

among the most predictable by ML models. Nevertheless, the transferability of these findings 

to other contexts requires careful consideration, as different regions and cultures emphasise 
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varying movement skills within their youth sports structures (Newell, 2020). Taking the kick as 

an example, it could be assumed that in cultures where soccer is the most prevalent sport 

(i.e., Brazil), AMC proficiency for kicking would likely be superior compared to cultural contexts 

where soccer is played less (Duncan, Martins, et al., 2022). Indeed, the cultural differences in 

sport and movement environments between countries may contribute to the reason why the 

skills may vary in reconceptualisations of the original TGMD model. It can therefore be 

concluded that children from different countries and cultures display variations in their AMC 

proficiency (Hulteen et al., 2018). Accordingly, the specificities of each country and culture 

must be considered by researchers in their validation models, which can be beneficial in 

discriminating variations between countries, and in determining the priority of intervention 

proposals, while respecting cultural aspects, as previously suggested (Hulteen et al., 2018; 

Barnett et al., 2016). 

 

In practical terms, these results have several implications for MC assessment practices. First, 

the ability of ML models to predict certain MC outcomes with high accuracy suggests that 

assessment protocols could be streamlined and adapted for gender-specific applications. The 

removal of the Catch AMC assessment for females and the Bounce AMC assessment for 

males, based on their high predictive accuracy, could lead to a more efficient assessment 

process while preserving the integrity of overall MC evaluation. This streamlining could benefit 

practitioners, including teachers, sports coaches, and MC assessors, by allowing them to 

focus on evaluating skills that require direct observation due to lower mastery rates or higher 

variability in proficiency (Woods et al., 2023). Equally, we acknowledge that while the primary 

focus of the current study was to explore ways in which the burden of practical assessments 

could be reduced, we appreciate that removing some skills from the assessment battery may 

leave a practitioner with gaps of nuanced motor skill competence. We do however believe that 

the current standard testing protocols are impractical and time-intensive, and we feel that any 

efforts to lighten the burden should be strongly considered. That said, practitioners should be 

aware that omitting certain skills may result in a lack of data in specific skill competencies that 

are important in their domain or context (i.e., Gaelic football or soccer). Our findings also 

align with previous studies that have sought to optimise MC testing batteries through 

confirmatory factor analysis and network analysis (Bandeira et al., 2020; Duncan, Martins, et 

al., 2022; Valentini et al., 2018). Unlike these studies, which primarily focused on AMC skills 

alone, our analysis incorporated PMC features, providing a more holistic understanding of the 
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relationships between MC skills. The inclusion of PMC is particularly relevant given its role in 

influencing PA engagement, as children who perceive themselves as competent are more 

likely to participate in and persist with PA (Stodden et al., 2008). Future research should 

explore the relative influence of AMC versus PMC in ML prediction models to better 

understand the interplay between PMC and AMC. Another important consideration is the 

variation in prediction accuracy across different MC skills. While the Catch and Bounce 

assessments were highly predictable, other skills, such as Gallop and Throw, exhibited poorer 

predictive accuracy. These findings are consistent with prior research indicating that mastery 

rates vary considerably across different MC skills, with certain locomotor and object-control 

skills being more challenging to develop (Behan et al., 2019). In practical terms, this suggests 

that future assessment batteries should allocate more time to evaluating skills with lower 

mastery rates, as they are less likely to be reliably predicted through ML models. 

 

Moreover, our findings provide insights into gender-based differences in MC skill prediction. 

The female subset produced superior predictions for Catch and Throw AMC assessments 

compared to males, whereas males showed higher predictive accuracy for Bounce AMC. 

These results align with existing literature suggesting that gender differences in MC 

development are influenced by participation patterns and movement skill practice 

opportunities (Bolger et al., 2018). While these findings suggest potential pathways for gender-

specific assessment refinement, further research is needed to explore the underlying factors 

contributing to these predictive discrepancies, including sociocultural influences, access to PA 

opportunities, and inherent biomechanical differences. 

 

Limitations and Future Work 
 
A number of limitations must be acknowledged in this study. Firstly, only one dataset was 

analysed, which may limit the generalisability of the findings. The F1 Scores for each AMC 

feature might have been improved with the integration of additional datasets that capture a 

broader range of socio-economic variables. Socio-economic factors, such as access to PA 

opportunities, parental support, and school resources, can significantly influence MC 

development. By incorporating such features in future analyses, it may be possible to refine 

prediction accuracy and provide a more comprehensive understanding of how socio-economic 

disparities impact youth motor skill acquisition. Our future work will look to build on this by 

incorporating additional datasets and exploring a range of ensemble learning techniques, such 
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as Random Forest, Gradient Boosting, and Stacking, to enhance predictive performance. 

These methods have shown promise in previous studies by combining the strengths of 

multiple models to reduce overfitting and improve classification accuracy. By leveraging 

ensemble learning, we anticipate achieving more robust F1 Scores, thereby refining the 

predictive capability of MC assessments and ensuring greater generalisability across diverse 

populations. Another limitation of the study was the lack of age-related data, which could 

have given more insight into the predictions made by the models, allowing for comparison 

across the age span for all subsets. Our future work will seek to incorporate this going 

forward. Finally, whilst several classification models were utilised in our analysis, there were 

several that were not included (i.e., Random Forest, Naive Bayes, AdaBoost etc.). These 

models were excluded primarily due to computational constraints and the necessity of 

balancing model complexity with interpretability. However, their inclusion in future studies 

could provide valuable insights into classification performance, particularly in identifying non-

linear patterns and interactions within the dataset. Random Forest, for example, could 

enhance robustness by aggregating multiple decision trees, while Naive Bayes might offer 

advantages in handling categorical data efficiently. AdaBoost, with its ability to improve weak 

classifiers, could further refine prediction accuracy. Future work will explore these models to 

assess their potential contributions to optimising MC assessments. Our future work will seek 

to add to this suite of models, eventually including more complex models (i.e., artificial neural 

networks). 

 

Conclusion 
 
In summary, our study demonstrates the potential for ML to optimise MC assessment 

procedures by reducing redundancy and improving efficiency. However, caution is warranted 

when considering assessment streamlining, as the removal of certain tests must be 

accompanied by rigorous validation across different populations and settings. Future research 

should focus on longitudinal applications of ML-driven assessments to explore the long-term 

impact of reduced assessment batteries on MC development and PA engagement. 

Additionally, further investigation into the role of PMC in MC prediction models is necessary 

to refine our understanding of how self-perceptions of competence influence motor skill 

acquisition and performance. Strengthening MC assessment procedures is critical to 

equipping children with the foundational skills necessary for lifelong PA engagement. This is 
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particularly important given evidence that early childhood marks a crucial period in which 

children may follow either a positive developmental trajectory, characterised by increasing PA 

participation and improved health outcomes, or a negative one, marked by declining 

engagement and adverse health effects (Stodden et al., 2008). By addressing existing 

limitations in assessment methodologies, we can foster a more robust, equitable, and 

evidence-informed approach to MC evaluation, ultimately benefiting both practitioners and 

youth populations. 
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Link from Chapter 3 to 4 

 

The findings presented in Chapter 3 demonstrated that machine learning classification models 

can successfully predict several AMC assessment results from other AMC and PMC 

assessment results. Predictive performance varied across individual MC measures, 

suggesting that some skills may share stronger underlying relationships with other 

competencies than others. Furthermore, differences in model performance across male, 

female, and gender-combined datasets indicated that the structure of these relationships may 

not be uniform across populations. While these findings provide evidence that meaningful 

predictive relationships exist within MC data, ML classification models alone offer limited 

insight into the nature of these relationships (Carmona et al., 2022; Hassija et al., 2024; Rudin, 

2019). A model may successfully predict a movement skill outcome, yet the mechanisms 

underpinning that prediction often remain unclear. Consequently, prediction represents only 

one stage in developing a deeper understanding of MC systems. The literature review 

highlighted that AMC and PMC do not develop in isolation but rather exist within a broader 

network of interacting factors (Barnett et al., 2008; De Meester et al., 2020; Stodden et al., 

2008). Previous research has traditionally examined these relationships through correlation 

and regression-based approaches, often focusing on individual pairwise associations (Barnett 

et al., 2008; Crane et al., 2015; Duncan et al., 2018). While informative, such approaches may 

struggle to capture the complexity of interconnected developmental systems where multiple 

variables influence one another simultaneously (Bandeira, Estevan, et al., 2025; Bandeira, 

Lemos, et al., 2025). 

 

Accordingly, the next stage of this thesis shifts from prediction towards interpretation. Chapter 

4 adopts a post-hoc model interpretability and graph analytics approach to investigate age- and 

gender-specific interdependencies within motor competence data. By modelling AMC and 

PMC variables as interconnected networks, the study seeks to identify influential 

competencies, uncover hidden patterns of association, and provide greater insight into the 

relationships that may underpin the predictive outcomes observed in Chapter 3. In doing so, 

Chapter 4 moves beyond the question of whether MC outcomes can be predicted and instead 

seeks to understand how these competencies interact within the broader motor competence 

landscape. 
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4.1 Abstract 

Motor competence (MC), comprising actual (AMC) and perceived (PMC) motor competence, 

is a notable contributor of lifelong physical activity (PA) engagement and health. Children with 

stronger AMC and PMC are more likely to sustain PA engagement, while low proficiency 

increases risks of inactivity and associated health issues. Accurately identifying and 

developing MC among children is therefore essential. This study explores age- and gender-

specific interdependencies between AMC and PMC using post-hoc model interpretability (MI) 

and graph analytics. A machine learning pipeline—integrating classification models, 

interpretability techniques, and graph-based centrality measures—was applied to data from 

1,124 children (ages 9–12). Results revealed distinct skill networks, highlighting core 

competencies and AMC–PMC relationships across demographics. These insights can guide 

targeted, time-efficient interventions and assessment strategies. Practical applications include 

supporting Physical Education teachers and sports coaches in designing sessions that nurture 

children’s motor development. By combining MI with graph analytics, this work advances MC 

research and offers evidence-based strategies for educators, coaches, and health 

professionals. 

 
Key Words: Motor Competence, Classification, Post-hoc Model Interpretability, Graph Analytics 
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4.2 Introduction 

According to recent global data, 81% of adolescents fail to meet daily physical activity (PA) 

guidelines of at least 60 minutes of moderate-to-vigorous PA (Guthold et al., 2020). Physical 

inactivity is subsequently a significant public health concern, contributing to chronic diseases 

such as cancer and diabetes (Lee et al., 2012). Motor competence (MC), comprising actual 

motor competence (AMC) and perceived motor competence (PMC), is a key determinant of 

PA participation and lifelong engagement in various activities (Stodden et al., 2008). AMC 

encapsulates proficiency in locomotor, object-control, and stability skills (Donnelly et al., 

2016), while PMC encapsulates an individual’s perception of their abilities (Estevan and 

Barnett, 2018). Paired together, these components influence not only PA participation but also 

broader physical, cognitive, and social development (Lima et al., 2022). 

 

AMC proficiency has been connected with both PA volume and intensity (Gu et al., 2017; 

McIntyre et al., 2018), while PMC is theorised to mediate this relationship by motivating 

children to participate in activities that further refine their skills (Barnett et al., 2022; De Meester 

et al., 2020). However, evidence on the AMC–PMC relationship remains inconclusive, partly 

due to a lack of longitudinal and intervention-focused studies (Barnett et al., 2022). This 

uncertainty has subsequently limited the development of effective strategies to foster 

sustained PA participation (Ortega-Benavent et al., 2024). Despite its importance, global AMC 

proficiency levels remain low (Bolger et al., 2021). Gender disparities are evident, particularly 

in object-control skills, where boys typically outperform girls (Barnett et al., 2016). 

Socioeconomic and environmental factors, such as access to structured physical education 

(PE) and opportunities for active play, also shape these disparities (Bellows et al., 2013). 

Schools therefore provide a critical setting for interventions (Lundvall, 2015), but existing 

programs face barriers related to time, resources, and teacher expertise, often producing only 

modest, short-term benefits (Van Sluijs & Kriemler, 2016). Reliable and scalable MC 

assessment is therefore essential to guide individualised support. 

 

The Test of Gross Motor Development-3 (TGMD-3) is a widely used testing battery to assess 

locomotor and object-control skills (Ulrich, 2020; Duncan, Martins, et al., 2022), however, its 

implementation is time-intensive, requiring specialist training and specific equipment (Barnett 

et al., 2013). To address feasibility issues, recent research has explored short-form 

assessments and network analysis to identify core AMC skills (Duncan, Martins, et al., 2022; 
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Bandeira et al., 2020). While promising, these approaches typically omit PMC and age-specific 

data, despite evidence suggesting that AMC and PMC together are stronger predictors of PA 

than AMC alone (Barnett et al. 2022). Furthermore, skill development fluctuates across age 

groups; for example, while running is mastered early, complex skills such as overhand throwing 

remain challenging at later ages, with AMC proficiency plateauing around age ten (Behan et al., 

2019). Addressing these limitations demands more robust analytical approaches capable of 

modeling the inter-dependencies among AMC, PMC, and PA across demographics. By 

integrating post-hoc model interpretability (MI)  with graph analytics, our current work identifies 

critical age- and gender-specific competencies and provides evidence-based insights to 

support PE teachers and sports coaches in designing more individualised assessments and 

interventions. 

 

Contribution and Paper Structure 

 
We propose a novel methodology for identifying key MC inter-dependencies by integrating MI 

with graph analytics. By employing a robust ML pipeline, we uncover age-and gender-specific 

motor skill relationships that can inform targeted MC interventions, PE lesson planning and 

health promotion initiatives. The following will be presented in the sections to follow; related 

work, methodology, results, discussion and conclusion 

 

Related Work 
 

ML Classification in PA Related Research 

 
Machine learning (ML) classification has been extensively used in PA research, particularly 

with accelerometer data (Narayanan et al., 2020), though less so in AMC studies. Prior work 

has shown that ML can classify PA type, duration, and intensity with high accuracy, often 

exceeding 90% (Ahmadi, Pavey, et al., 2020; Alsareii et al., 2022; Bonomi et al., 2009). Recent 

studies have leveraged wearable devices and optimization techniques to measure AMC in 

schoolchildren (Letts et al., 2024; Sulla-Torres et al., 2024), highlighting the potential of ML to 

provide scalable and precise alternatives to traditional observational techniques. 
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Model Interpretability in PA Related Research 

MI techniques have recently emerged to enhance trust and transparency in ML for health and 

PA. Techniques such as Shapley Additive exPlanations (SHAP) and Local Interpretable 

Model-Agnostic Explanation (LIME) have been used to identify psychological, behavioral, and 

biometric predictors across domains including exercise behavior (Kuan et al., 2023), cardiology 

(Loh et al., 2020), diabetes prediction (Khokhar et al., 2025), and mortality risk (Graham & 

Farrell, 2025). Similar approaches have also uncovered novel digital biomarkers from 

accelerometer data for predicting physical function in older adults (Fan et al., 

2024). Such findings highlight the value of XAI for uncovering actionable insights from complex 

PA datasets. 

 

Graph Analytics in PA Related Research 

Network analysis (NA) has proven effective in modeling AMC inter-dependencies. Bandeira et 

al. (2020) demonstrated gender-, age-, and BMI-related differences in preschoolers, while 

Duncan, Martins, et al. (2022) validated a shortened TGMD-3 using NA, identifying seven core 

AMC skills central to MC proficiency. Building upon such work, Salami et al. (2024) more 

recently noted that chronological age, rather than biological maturation, was the strongest 

predictor of MC in prepubertal children, with centrality measures highlighting key AMC skills 

(e.g., gallop, slide, dribble, catch, run) that structure broader networks of proficiency. Similarly, 

Bandeira, Lemos, et al. (2025) adopted exploratory graph analysis to conceptualize MC as a 

network of interconnected constructs, identifying four stable dimensions that integrate both 

process- and product-oriented assessments. Together, these findings highlight graph 

analytics as an effective technique for revealing developmental inter-dependencies, 

pinpointing essential skills, and informing the design of more efficient and comprehensive MC 

assessment batteries. 

 

 

4.3 Methodology 

The approach implemented in the current study is demonstrated in Figure 4.1, highlighting the 

eight distinct phases which were undertaken. The sections that follow will discuss this 

approach in greater detail. 
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Figure 4.1  Process for Modelling MC Inter-dependencies 

 

 

Data Collection & Analysis 
 

Cross-sectional AMC data were collected as part of an Irish AMC study ‘Moving-Well-Being 

Well’ (MWBW) (Behan et al., 2019). Participants (n = 1,124, ranging from 9-12 years of age) 

were recruited from 44 schools across twelve counties, encompassing all four provinces in 

Ireland and Northern Ireland. Full details on ethical and data collection procedures, analysis 

and synthesis of this AMC data can be found via (Behan et al., 2019). Additionally, participant’s 

PMC was assessed upon completion of AMC assessments using the Pictorial Scale of 

Perceived Movement Skill Competence (PMSC) for Young Children (Barnett et al., 2015). The 

PMSC assessed 15 AMC skills, comprising seven object-control and eight locomotor skill 

perceptions. Further information regarding PMSC assessment procedures is reported in 

Barnett et al. (2015). 
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Dataset Cleaning 
 

The original ’MWBW’ dataset consisted of 2,378 rows and 492 columns. The initial cleaning 

process involved handling Null values and removing variables which were deemed surplus for 

the purpose of the study. Given that the current study sought to uncover age-centered 

interdependencies, the notable variation in MNM proficiency from chapter 3 was greatly 

considered when deciding upon which subgroups to examine. From the original dataset, the 

5–8-year-old cohorts produced substantial non-mastery cases with limited MNM cases 

demonstrated, therefore limiting the reliability of comparisons to the older age-groups. 

Conversely, the 13-year-old cohort was further limited by sample size whilst producing greater 

variability in class distributions. Therefore, the 9–12-year-old cohorts represented a sample in 

which mastery was sufficiently developed to enable a greater representation of MNM 

proficiency across skills, while still retaining meaningful variability between participants and 

across both age and gender. Consequently, by limiting the analysis to this range it reduced 

the influence of extreme class sparsity and small subgroup sizes on subsequent comparisons.  

 

Given the aforementioned considerations a robust cleaning procedure was undertaken to filter 

the dataset accordingly to ensure the bespoke sample was included for analysis with this 

resulting in a total of 1,124 rows and 30 columns remaining which comprised the final dataset. 

The final dataset was therefore comprised of 582 males and 542 females. The remaining 

variables included 16 locomotor skill and 14 object-control skill variables were analysed which 

resulted in a total of 30 variables being included in the analysis. It could be argued that the 

implementation of Principal Component Analysis (PCA) for tasks such as multicollinearity 

mitigation and dimensionality reduction would have streamlined this cleaning process. 

However, with a key aim of the current study being interpretability of the classification model’s 

predictions, PCA would have resulted in a loss of interpretability as the original features would 

have been transformed into abstract components, making it difficult to explain what each 

principal component meant in terms of distinct MC features. 

 

Feature Engineering 
 

Before proceeding with data sampling, several key feature engineering procedures were 

completed to refine the dataset for analysis. The first step involved encoding categorical 

variables using one-hot encoding to transform non-numeric attributes into a machine-readable 
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format. This resulted in the generation of binary indicator variables for each categorical feature 

while removing the original columns. This ensured the classification models could effectively 

process categorical data without introducing unintended ordinal relationships. 

 

Next, numerical features such as weight and height were standardized using ‘StandardScaler‘ 

to ensure uniformity across different scales. Since ML models, particularly those relying on 

distance-based calculations,  can be sensitive  to  variations  in  feature  magnitude, 

standardization ensured that all continuous variables had a mean of zero and a standard 

deviation of one. This step helped prevent any single feature from disproportionately 

influencing the model due to its scale. Additionally, feature selection was performed to remove 

unnecessary columns that were either redundant, unrelated to the target variable, or 

introduced as null indicators. A filtering process identified these extraneous features, which 

were subsequently excluded from the dataset to improve computational efficiency and model 

interpretability. Once these transformations were complete, the cleaned and structured 

dataset was saved in Parquet format, preserving its optimized structure for the next phase of 

analysis: data sampling. 

 

Data Sampling 

 

After preprocessing, the dataset was split into gender-specific subsets. Each AMC 

assessment was treated as a classification task with binary labels: "Mastery/Near-Mastery" 

(MNM = 1) or "Not Mastered" (0) (Ulrich 2020). To address class imbalance (e.g., skewed 

distributions in certain skills), four resampling strategies were applied: under-sampling, 

oversampling, unsampled, and SMOTE, producing four balanced variants of the dataset for 

analysis. 

 

Algorithm Selection and Validation 
 

In the current study our approach was to employ several distinct classification algorithms, 

several of which were employed in recent related research (Jiabin et al., 2025). Initially, we 

began with a baseline classification algorithm before gradually implementing more complex 

algorithms as the analysis progressed. The classification algorithms employed were decision 

tree (DT), gradient boosting decision tree (GBDT), k-nearest neighbour (KNN), logistic 

regression (LR) and XGBoost (XGB). The metrics used to validate the classifiers were: 
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precision (percentage of observations labeled as positive that are actually positive), recall 

(percentage of positive observations classified as positive) and F1 (weighted average of 

precision and recall). As such, these metrics were calculated from four distinct counts: True 

positives (TP), a count of the correctly predicted positive values; true negatives (TN), a count 

of the correctly predicted negative values; false positives (FP), which count the occurrences 

where the actual class is false but is predicted as true; and false negatives (FN) , which count 

the occurrences of where the actual class is true but is predicted as false. The sum of these 

four counts is the total number of observations. 

Additionally, the F1-metric was utilised as it is a recognised metric enabling comparison 

between classifiers trained using differing methodologies, which was present in our case with 

an imbalanced distribution existing between non-mastery and mastery-near-mastery values. 

The classification algorithms were trained using an 80:20 train-test split, hyperparameter 

optimization was performed using GridSearch to fine-tune performance with K-Fold Cross 

Validation also performed for further model validation. 

 

ML Classification 
 

Our classification objective was to examine whether outcomes of specific AMC assessments 

could be accurately predicted from the remaining AMC and PMC results. For each of the 12 

AMC target outcomes, five classification algorithms were evaluated under four sampling 

conditions across gender-combined, female-only and male-only subsets. This resulted in 240 

model configurations per subset and 720 predictive classification models overall. This process 

involved splitting the dataset into distinct gender subsets—Male Only (M), Female Only (F), 

and Gender Combined (GC)—to analyze potential differences in prediction accuracy across 

groups. Each AMC assessment served as a dependent variable, and multiple ML classifiers 

were applied to each subset. The top five best performing classification algorithms (F1-score) 

are highlighted in Table 4.1. 

 
Table 4.1. Best Performing Classification Algorithms 

Rank Feature Classifier Sampling Subset F1-Score 

1st Catch KNN Unsampled Female 0.87 

2nd Bounce XGB Unsampled Male 0.86 

3rd Run XGB Unsampled Female 0.85 

4th Hop KNN SMOTE Female 0.85 

5th Slide XGB Unsampled Gender 
Combined 

0.84 
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Model Interpretability; SP-LIME  
 

 To interpret the predictions produced by the best-performing classification models, 

Submodular Pick Local Interpretable Model-Agnostic Explanations (SP-LIME) was employed 

(Ribeiro et al., 2016). At a basic level, LIME helps interpret an individual prediction from a 

classifier by understanding the model’s behaviour around that observation using a simpler and 

locally interpretable surrogate model. SP-LIME extends this analysis by choosing a set of 

representative and comparatively non-redundant local explanations, thereby enabling greater 

insight into the wider behaviour of the original model. 

 

For each selected classification model, a tabular LIME explainer was initialised in classification 

mode using the corresponding training predictors, predictor names and class labels. The 

relevant classification model’s predicted class probabilities were supplied through its 

`predict_proba` function. The SP-LIME submodular-pick procedure was configured to select 

ten representative instances for each classification model. For each selected instance, the five 

highest-ranked explanatory features and their locally estimated contributions were retained. 

This produced 50 feature contributions for each competency-specific model. 

 

Both positive and negative contributions were recorded. A positive contribution inferred that 

the feature supported the locally predicted class, whereas a negative contribution inferred that 

it reduced support for that prediction. No further coefficient-magnitude threshold was applied 

after the SP-LIME phase of the analysis; therefore, the restriction to the five highest-ranked 

features within each interpretation accounted for the feature-selection threshold. These 

interpretations should be considered as descriptions of the classifiers’ prediction behaviour 

rather than direct evidence that the identified features causally determined MC proficiency. 

 

The SP-LIME explanations identified several prominent contributors to the model predictions. 

Among 12-year-old females, one- and two-handed striking, rolling, kicking and running were 

prominent in the interpretability of catching performance. Among nine-year-old males, vertical 

jumping, two-handed striking and perceived motor competence measures relating to galloping, 

two-handed striking and horizontal jumping contributed prominently to predictions of bouncing 

proficiency. These findings provided an initial indication of potentially key relationships 

between MC measures and motivated their subsequent examination through graph analytics.  
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Graph Construction 

 

The SP-LIME outputs were subsequently transformed into a graph representation of the 

dependencies uncovered by the classification models. Each retained interpretation was 

initially represented as a set of relationships between the competency predicted by the 

classifier and its five highest-ranked explanatory features. As the same interpretable feature 

could appear across several of the ten selected instances, repeated competency–feature 

contributions were combined by summing their positive and negative values. Retaining the 

direction of the contributions meant that positive and negative values for the same relationship 

could offset one another during aggregation. The resulting value represented the combined 

contribution of that feature across the selected SP-LIME interpretations. Every resulting 

competency–feature pair was retained, and no further numerical threshold was applied. 

 

Each relationship was represented in Neo4j as a directed `Depends_on` edge from the 

predicted competency to the interpretable feature. Simply put, an edge from competency A to 

feature B indicated that the model’s predictions of competency A depended, at least in part, 

on feature B within the SP-LIME interpretability. The combined feature contribution was 

preserved as a property of the corresponding relationship. A separate subgraph was first 

constructed for each competency-specific classifier. Nodes with identical names and repeated 

relationships were then merged, integrating the competency-specific subgraphs into one 

unified network.  

 

Graph Analytics 
 

To uncover potential interdependencies identified across MC measures, three graph-analytic 

algorithms were applied to the unified network: degree centrality (DC), betweenness centrality 

(BC) and PageRank (PR). The measures were calculated using projections of the same unified 

graph rather than through comparisons between multiple independent networks. Degree 

centrality was calculated using a reversed directed projection so that features were evaluated 

according to the competencies with which they were associated (Barthélemy, 2004). 

Betweenness centrality was calculated using an undirected projection, allowing the analysis 

to identify nodes positioned along paths connecting otherwise distinct areas of the network 

(Barthélemy, 2004). PageRank was calculated using the original directed projection to identify 

features receiving dependencies from influential competency nodes (Page, 1998). No 
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additional normalisation was undertaken to adjust for differences in network size or density as 

separate networks of differing sizes were not compared. The directed, reversed and 

undirected projections represented alternative computational views of the same underlying set 

of nodes and relationships. Figure 4.2 highlights the approach taken in the current study. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

 
 
 
 
 
 
 
 
 
Figure 4.2 SP-LIME & Graph Analytics Flowchart 
 

 

4.4 Results 

Graph analytics results are listed in full within Tables 4.2, 4.3 and 4.4. 
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Table 4.2. Degree Centrality Results 
Feature Edges Age Gender 

roll_total 4 12 Male 

hj_total 4 9 Female 

vj_MNM 3 9 Male 

1hs_total 3 10 Male 

1hs_MNM 3 10 Male 

skip_total 3 10 Female 

hj_total 3 10 Female 

gallop_total 3 11 Male 
gallop_total 3 11 Female 

roll_total 3 12 Female 
 

 
 

    Table 4.3 Betweenes Centrality Results 
Feature Score Age Gender 

Catch_MNM 335.00 9 Female 

Kick_MNM 314.50 9 Male 

Slide_MNM 267.83 11 Female 

Hop_MNM 164.50 12 Female 

Hop_MNM 148.07 10 Female 

Slide_MNM 139.36 10 Male 

Run_MNM 121.17 11 Male 

Kick_MNM 109.24 12 Male 

 

 

 

    Table 4.4 PageRank Results 
Feature Score Age Gender 

roll_total 0.23 12 Male 

hj_total 0.22 9 Female 

bounce_MNM 0.21 11 Male 

bounce_total 0.21 11 Male 

gallop_total 0.21 11 Male 

hj_total 0.21 10 Female 

skip_total 0.21 10 Female 

roll_total 0.21 12 Female 

vj_MNM 0.20 9 Male 

1hs_MNM 0.20 10 Male 

1hs_total 0.20 10 Male 

gallop_total 0.20 11 Female 

 

Degree Centrality Results 
 

DC results highlighted rolling (12-year-old males) and horizontal jumping (9-year-old females) 

as the most central skills, aligning with prior work by Duncan, Martins, et al. (2022) which 

identified jumping and catching as pivotal in AMC development. Similar findings were noted 
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by Salami et al. (2024) with gallop, slide, dribble, catch, and run as central skills in prepubertal 

networks. Bandeira, Lemos, et al. (2025) further showed, through Exploratory Graph Analysis, 

that such core nodes map onto stable MC dimensions, supporting the integration of both 

process- and product-oriented assessments. 

 

Betweeness Centrality Results 
 

BC results revealed catching and kicking as influential bridging skills among male and female 

nine-year-olds, consistent with earlier findings of their role in linking locomotor and object-

control development (Bandeira et al., 2020). Salami et al. (2024) further supported this 

sentiment showing that such bridging nodes differ by gender, with girls’ networks structured 

around gallop/slide and boys around dribble/catch/run. Such skill-specific differences highlight 

the contextual nature of central connectors. Bandeira, Lemos, et al. (2025) recently highlighted 

that bridging roles may also reflect underlying latent dimensions of MC, making them critical 

in shaping efficient assessment batteries. 

 

PageRank Results 
 

PR results emphasized rolling and horizontal jumping as most influential, echoing Duncan, 

Martins, et al. (2022) who identified similar foundational skills in Irish children. Salami et al. 

(2024) likewise demonstrated the prominence of locomotor and object-control tasks as 

network hubs, while Bandeira, Lemos, et al. (2025) confirmed that these hubs cluster within 

four robust MC dimensions. The NA demonstrated by Bandeira et al. (2020) showed that 

children who performed well in galloping and hopping also tended to excel in other AMC skills, 

suggesting these skills play a foundational role in early motor development. Given these 

overlapping results, early-stage motor development programs should emphasize these high-

ranking skills to maximize long-term competence gains. 

 

 

 

Graph Inter-dependencies 
 

To further examine the existing inter-dependencies between MC variables, graph analytics 

were conducted to model the interactions across all age-grades for both genders. Examples 

of such graphs are presented in Figures 4.3 and 4.4. Graph analytics provide a nuanced view 

of MC inter-dependencies across different age groups and genders. As evidenced, in Figure 
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4.3, by the presence of edges between the nodes ’Kick_MNM’, ’PCKick_MNM’, and 

’PCSkipping_MNM’, twelve-year-old female’s actual kicking proficiency appeared to have 

been influenced by numerous perceived abilities, underscoring the influence of PMC in AMC 

development. Unlike Duncan, Martins, et al. (2022), Bandeira et al. (2020), Bandeira, Lemos, 

et al. (2025) and Salami et al. (2024) whose graphs focused solely on direct AMC 

relationships, our findings would suggest that PMC inter-dependencies play a crucial role in 

overall MC development. Recent research by Niemistö et al. (2023) noting PMC-AMC profiles 

in early childhood to successfully predict subsequent PMC-AMC profiles in middle childhood 

further validates these findings.  

 

Similarly Figure 4.3, illustrates that running proficiency among nine-year-old males depended 

on sliding, catching and skipping proficiencies meaning that targeted interventions on these 

skills would directly improve running ability. Our graph analytics (Figure 4.4) which 

demonstrate the influential role of object-control proficiency (specifically kicking) upon 

numerous MC competencies among nine-year old males can be said to be in line with the 

findings of Behan et al. (2019) which noted this age-grade as the most proficient in object-

control skills across five - twelve-year-old males. Interestingly, it can also be noted among nine-

year-old males that both actual bounce and slide proficiency depended on numerous 

measures of PMC. While Duncan, Martins, et al. (2022) identified bounce and catch as central 

nodes in their NA and Bandeira et al. (2020) highlighted strong links between throwing and 

striking, -our findings suggest that PMC may be a key missing factor in such related 

research and should be considered for inclusion by researchers in their future work. 
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Figure 4.3 12-Year-Old Female’s Interdependencies 
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Figure 4.4 9-Year-Old Male’s Interdependencies 

 
 

 

4.5 Conclusion 
 

Our current study combined MI and graph analytics to uncover key interdependencies 

between AMC and PMC across age and gender. The findings identified several skills, including 

catching, kicking, and running, as influential within broader MC networks. Furthermore, the 

inclusion of PMC measures highlighted important interdependencies with AMC, reinforcing the 

proposition that children's perceptions of their movement capabilities may play a central role 

in both MC development and long-term PA engagement (Stodden et al., 2008). Collectively, 

these findings provide practical guidance for physical education teachers and sports coaches 

seeking to design more targeted assessment and intervention strategies. 
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Importantly, further examination of the network structures revealed that several skills 

contained within the locomotor subset of the TGMD-3 Short Form assessment battery 

(Duncan, Martins, et al., 2022) occupied influential positions within age- and gender-specific 

networks. 

 

Given that the TGMD-3 Short Form has previously demonstrated validity and reliability as a 

measure of MC among Irish children (Duncan, Martins, et al., 2022) alongside it’s efficient 

nature in comparison to the full assessment-battery, such findings therefore reinforced the 

value of assessing these skills in our future work. However, while identifying influential skills 

is important, the practical challenge of assessing MC at scale remains. Traditional assessment 

procedures are often time-intensive, require trained assessors, and can be difficult to 

implement across large populations (Duncan, Martins, et al., 2022). Consequently, having 

identified several influential MC constructs, it became pertinent to consider how emerging 

technologies might facilitate more efficient and scalable assessment procedures. Accordingly, 

Chapter 5 shifts attention from understanding MC relationships towards examining the 

potential role of markerless motion-capture technologies in supporting future MC assessment, 

while critically evaluating the opportunities, challenges, and research directions associated 

with their implementation. 
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Chapter 5: Markerless Motion Capture for Motor 

Competence Assessment in Children: Promises, 

Limitations, and a Research Agenda 
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5.1 Abstract 

 
The position paper to follow sets out the methodological position that underpins the empirical 

work in subsequent chapters of the thesis. It brings forward the argument for the 

implementation of markerless motion capture as a foundational approach to motor 

competence assessment in children and provides the rationale for the design choices adopted 

in the study that follows. Throughout the chapter, the term ‘markerless motion capture’ is used 

in a system-level rather than an individual sense. It denotes camera-based systems that 

require no body-worn markers, sensors, or wearables, regardless of who manufactures them. 

Traditional reflective-marker configurations such as the gold-standard Vicon setup therefore 

sit outside this definition and are treated as a reference standard against which markerless 

approaches are benchmarked. The distinction is system-level because several established 

marker-based vendors now also offer markerless product lines. These qualify as markerless 

under the operational definition adopted here, even where the same vendor’s marker-based 

systems do not. 

 

 

Key Words: Motor Competence; Markerless Motion Capture; Computer Vision; Automated 

Assessment; Physical Activity; Research Agenda 
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5.2 Introduction 

Motor competence (MC) in childhood underpins the development of fundamental movement 

skills (FMS), which in turn support lifelong engagement in physical activity (PA) and overall 

health (Stodden et al., 2008). These skills, spanning locomotor, object-control, and stability 

domains, are widely recognised as foundational to both physical and psychosocial 

development (Logan et al., 2018). Despite their importance, evidence consistently indicates 

that many children demonstrate low levels of MC, therefore, assessment of these skills are 

critical for identifying developmental delays, informing interventions and quantifying 

proficiency levels (Bardid et al., 2019; Barnett et al., 2016; Hulteen et al., 2015). Assessments 

are categorized as either product or process and differ on the number of skills assessed (i.e., 

individual or subscales), ease of administration and scoring procedures (Logan et al., 2017). 

Process-oriented assessments assess the performance of a movement and describe 

qualitative movement patterns whilst product-oriented assessment assesses movement 

outcomes, which is typically identified as a quantitative score (e.g., speed, distance or number 

of successful attempts). In spite of an abundance of readily available valid and reliable 

assessments, a key challenge for researchers and practitioners lie in assessing MC 

accurately, objectively, and at scale. 

Traditional approaches to MC assessment, such as product and process-oriented 

assessments while widely used, are limited by logistical constraints such as sufficient time for 

assessor training and specific space and equipment which can result in limited deployment by 

practitioners such as teachers and coaches (Duncan, Weldon, et al., 2022; Lander et al., 2016, 

2020; Lander et al., 2015; Ng et al., 2025). Established observational methods such as the 

process-oriented ‘Test of Gross Motor Development-3rd Edition’ (TGMD-3) (Ulrich, 2013), 

product-oriented ‘Körperkoordinationstest für Kinder (KTK)’ (Kiphard & Schilling, 1974), and 

the Movement Assessment Battery for Children (MABC-2) (Henderson et al., 1992) have 

provided valuable frameworks for evaluating MC proficiency. However, these assessments are 

labour-intensive, reliant on subjective human judgement, and limited in the granularity of data 

they produce (Duncan, Martins, et al., 2022). As a result, they are difficult to scale beyond small 

cohorts and often fail to capture the nuanced movement patterns that underpin motor-skill 

development. 

This paper argues that markerless motion capture should be adopted, not as a replacement 

for process-oriented scoring but as a complementary measurement tool, as it addresses key 

https://www.zotero.org/google-docs/?qBwNyn
https://www.zotero.org/google-docs/?WXVsVu
https://www.zotero.org/google-docs/?1JEgvy
https://www.zotero.org/google-docs/?K3xXN7
https://www.zotero.org/google-docs/?VM0ZBK
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limitations of traditional process-based methods by enabling scalable, objective, and data-rich 

evaluation of proficiency levels. By leveraging advances in computer vision and sensor 

technology, markerless systems offer the potential to substantially streamline MC assessment 

across research, education, and clinical contexts. Marker-based systems provide sub-

millimetre three-dimensional kinematic data and are treated in this chapter as the reference 

standard against which markerless approaches are validated (Matsuda et al., 2025). Within 

the markerless category, the more accessible options include markerless depth cameras (e.g., 

Microsoft Kinect) (Chow et al., 2020) and open-source platforms (e.g., ‘FreeMoCap’: Matthis 

et al. (2022) and OpenCap: Uhlrich et al. (2023)) which offer scalable and cost-effective 

alternatives that can be deployed in real-world environments without the need for specialised 

laboratories or wearable sensors. 

While these more modern approaches present distinct strengths and limitations, their 

collective emergence signals a paradigm shift in MC assessment. By moving beyond an 

exclusive reliance on traditional observational methods, markerless motion capture, as a 

complementary objective form of measurement enables a more comprehensive and 

ecologically valid appraisal of MC proficiency. The remainder of the chapter is organised 

around four arguments. The first considers the limitations of established observational MC 

assessments and the case for moving beyond this sole observational reliance and instead 

foster greater levels of objectivity in assessment (Lander et al., 2020). The second reviews 

the principal markerless approaches, from depth cameras to open-source video pipelines, 

against the reference standard of marker-based capture and asks where the current evidence 

supports their use and where it does not. The third addresses the methodological and ethical 

challenges of applying these systems with children, since this is where the strongest claims of 

the chapter need to be defended. The fourth considers applications in research, education, 

and clinical practice, and is careful to separate claims that are evidence-supported from those 

that remain speculative. The chapter closes with a research agenda that the empirical work in 

the subsequent chapter begins to address. 

 

5.3 Position-paper Approach 

This current thesis chapter is presented as a critical narrative position paper rather than a 

deep systematic review. Its purpose is to develop and defend a methodological position 

regarding the role of markerless motion capture in children’s AMC assessment, while critically 

https://www.zotero.org/google-docs/?qpHYHy
https://www.zotero.org/google-docs/?me5ajJ
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examining the technical, methodological and practical evidence supporting that position. 

Relevant evidence was identified through targeted searches of Google Scholar and 

supplemented by relevant literature identified during the broader thesis review. Sources were 

selected purposively according to their relevance to: (1) optical and non-optical motion-capture 

systems; (2) validation against reference systems or expert assessment; (3) applications 

involving children or AMC assessment; and (4) technical, ethical and implementation 

limitations. Greater emphasis was placed on empirical validation studies, systematic reviews 

and studies involving paediatric populations. Adult validation studies were included where they 

provided important technical evidence unavailable in children. As the identification and 

selection procedures were not designed as a systematic search, the evidence base should be 

interpreted as a critical and illustrative synthesis rather than an exhaustive account of all 

available studies. 

 

5.4 Limitations of Traditional Motor Skill Assessments 

Established MC assessments such as the TGMD-3, KTK, and MABC-2 are valid, reliable, and 

have underpinned much of what is currently known about children's motor development, 

including, in the case of process-oriented batteries, the capacity to characterise proficiency at 

the level of individual skill components (O' Brien et al., 2015, 2016). The limitations outlined 

below should therefore be read not as a dismissal of these tools, but as a description of the 

practical and methodological constraints that currently hinder their use with both precision and 

at scale: 

● Resource and Scalability Constraints: Standardised assessments are labour-

intensive and time-consuming. For instance, a full TGMD-3 or MABC-2 assessment 

must be administered on a participant-by-participant basis by a trained assessor, which 

typically requires 20 - 40 minutes per participant. Scaling this procedure to hundreds 

of children (e.g. an entire school) becomes impractical (Tamplain et al., 2020). The 

administration of large-scale assessment batteries requires substantial time, dedicated 

space (e.g., school halls or testing labs), and equipment, as well as coordination of 

schedules between numerous stakeholders (e.g., teachers and assessors). Indeed, 

the time burden of large-scale assessments is often cited as a major impediment in the 

field (Bardid et al., 2019). Such logistical barriers mean that comprehensive MC 

assessments are rarely completed beyond small research samples or specialised 

https://www.zotero.org/google-docs/?nLCqns
https://www.zotero.org/google-docs/?tB4dFr
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clinics, leaving most children unassessed. 

● Observer Bias and Reliability Issues: Process-oriented assessments rely upon 

human judgement for accurate grading against the associated performance criteria. 

Whilst such performance criteria may be clear and concise (for the most part) in 

assessment manuals such as the TGMD-3 (Ulrich, 2013) and GSGA (Department of 

Education and Training, 2000), scoring can be subjective. For instance, different 

examiners may vary in how strictly they apply the criteria in their grading or which 

aspects of form they notice, leading to inter-rater variability (Ward et al., 2020). Training 

and certification of assessors can enhance reliability, but in practice eliminating all bias 

in live observations is difficult. Fatigue or distractions can also result in assessors 

missing key details or making data entry errors during large-scale data collection. 

These human factors highlight the requirement for more objective and automated 

measurement of MC proficiency to better support observational assessment. 

● Limited Scope and Data Granularity: A further limitation common to MC 

assessments more generally concerns the level of detail they capture. Each battery 

samples a finite set of skills and reduces performance to simplified scores, whether the 

present or absent judgements of process-oriented criteria or the single outcome values 

of product-oriented measures, which are then typically aggregated into a composite or 

a small number of domain scores (Hulteen et al., 2023). This aggregation can mask 

important information about an individual child. The KTK, for example, yields an overall 

motor coordination score but cannot indicate whether a child's strength lies in 

locomotor or object-control proficiency, while outcome measures such as jump 

distance record what was achieved without describing how the movement was 

produced. As a result, crucial kinematic such as joint angles, movement timing, and 

inter-limb symmetry is rarely retained. This lack of detail can obscure specific deficits; 

for instance, a child might meet the minimum standard for a jump in an outcome score 

yet still use an atypical technique associated with future injury risk. Existing 

assessments may also be prone to ceiling effects for highly skilled children and 

insufficiently sensitive to the small, incremental improvements that occur over time. 

● Outdated Norms and Cultural Validity: Some widely used assessments are showing 

their age in terms of normative data and content relevance. For instance, the KTK’s 

norms date back to the 1970s (Kiphard & Schilling, 1974) with concerns raised over 

https://www.zotero.org/google-docs/?TCALEV
https://www.zotero.org/google-docs/?7V7IUP
https://www.zotero.org/google-docs/?7V7IUP
https://www.zotero.org/google-docs/?17NH7z
https://www.zotero.org/google-docs/?mFXLZ6
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their outdated standards of borderline results that are not sufficiently heterogeneous to 

distinguish the degree of motor coordination proficiency levels (Antara et al., 2023; 

Chovanová et al., 2023). Such concerns have prompted contemporary efforts to 

reestablish age and country specific reference values (Vandorpe et al., 2011), raising 

questions about current validity. Whilst the TGMD-3 was recently updated, some 

assessments (i.e., overhead throw or ball strike) may not be equally familiar to children 

in all cultures, potentially biasing results (Bardid et al., 2019; Valentini et al., 2017). 

Moreover, these assessments were developed mainly for typically developing children; 

adaptations for children with disabilities are often ad hoc, which can impede 

standardisation (Tamplain et al., 2020). Indeed, a more flexible, detailed assessment 

approach could better accommodate diverse populations and more niche use cases, 

such as telerehabilitation. 

In conclusion, traditional motor-skill assessments, while invaluable for establishing baselines 

and comparisons, are laborious, subjective and constrained in the granularity and scale they 

can offer. As our domain aspires to monitor motor-skill development in larger and more diverse 

populations, and to do so with superior precision, we must confront the aforementioned 

limitations by adopting more objectivity in research (Lander et al., 2020) to support and work 

in tandem with traditional observational methods. Encouragingly, modern technology offers a 

path forward. Markerless motion capture systems hold the potential to automate analysis, 

providing objective and rich kinematic data at scale. In the sections to follow we shall examine 

how these technologies can navigate the hurdles of traditional assessments and discuss their 

contributions and current limitations. 

5.5 The Reference Standard: Marker-Based Optical Systems  

Systems like Vicon have long been considered the gold standard for motion analysis (Topley 

& Richards, 2020). Such optical systems utilise multiple infrared cameras to track reflective 

markers placed on the body, yielding sub-millimetre accuracy in 3D position data (Greene et 

al., 2010; Motti Ader & Bossavit, 2023). This technology has provided invaluable insights into 

movement biomechanics and serves as a benchmark for validating new methods. In theory, 

practitioners could assess children’s motor skills using a Vicon system and obtain extremely 

precise measurements of their proficiency levels. In practice, however, these lab-based 

systems are impractical for broad motor-skill development assessment (Lerma & Gulgin, 

https://www.zotero.org/google-docs/?TiKGLZ
https://www.zotero.org/google-docs/?H116tk
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2023). A full optical setup is exceedingly expensive and requires a dedicated, controlled space 

(Van Der Kruk & Reijne, 2018). In addition, preparing a child for capture is not trivial. Dozens 

of reflective markers must be affixed to anatomical landmarks, the system requires repeated 

calibration, and any marker drop-out during testing can compromise the trial (Topley & 

Richards, 2020; Van Der Kruk & Reijne, 2018; Bossavit & Arnedillo-Sánchez, 2023). Such a 

process may be feasible for in-depth studies on small samples, but not for testing hundreds of 

children in a school environment. Thus, while marker-based systems offer unrivalled accuracy, 

their cost, complexity, and lack of scalability make them an unrealistic solution for regular or 

large-scale assessments of children’s MC proficiency. In turn, recent technological 

developments have enabled markerless motion capture to serve as a solution to such 

limitations. Motion capture technology (MCT) has revolutionised biomechanics by enabling 

precise human movement tracking. In MC research, the appeal of motion capture is clear; it 

can capture detailed kinematic information (joint angles, velocities, coordination patterns) that 

observational tests miss. The following section shall consider the potential of MCT for 

advancing MC assessment in detail. 

 

5.6 Markerless Motion Capture: A New Paradigm for MC 

Assessment 

Until recently, MCT was confined to specialised labs (Müller et al., 2017), however a spectrum 

of markerless motion capture approaches are now available, from high-end optical systems to 

consumer-grade depth sensors to open-source camera-based tools; all of which record 

movement without body-worn markers or suits (Bossavit & Arnedillo-Sánchez, 2023). Below 

we highlight examples across this spectrum, noting their strengths as well as limitations in 

relation to motor-skill research. 

Markerless Depth Cameras: In the past decade a breakthrough has been the advent of 

affordable depth-sensing cameras, exemplified by the Microsoft Kinect (Clark et al., 2012). 

Originally marketed as a gaming accessory, the Kinect provides both colour images and depth 

maps, allowing it to infer 3D joint positions (Pagliari et al., 2014; Shotton et al., 2011) without 

any markers or wearables (Clark et al., 2012). Its introduction signalled a paradigm shift, 

allowing researchers to perform motion capture in a regular classroom or clinic simply by 

plugging a transportable device into a laptop. The Kinect enabled exciting possibilities in the 

space of MC assessment. Given it’s non-intrusive, child-friendly (children can move naturally 

https://www.zotero.org/google-docs/?H116tk
https://www.zotero.org/google-docs/?3m2w7s
https://www.zotero.org/google-docs/?3m2w7s
https://www.zotero.org/google-docs/?DPlbTe
https://www.zotero.org/google-docs/?ao9bnD
https://www.zotero.org/google-docs/?e31WNl
https://www.zotero.org/google-docs/?vmUNhz
https://www.zotero.org/google-docs/?Bc0vcz
https://www.zotero.org/google-docs/?mmVJ1T
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without wires or markers) and highly portable nature, the system offers real-time skeletal 

tracking, meaning it can give instant feedback or drive interactive “exergame” exercises 

(Shotton et al., 2011). For example, a Kinect placed in a school gym can track a child’s skipping 

motion or throwing motion in real time and potentially evaluate performance against desired 

patterns (McGann et al., 2020). These features make markerless systems powerful for 

engaging children and scaling up assessments beyond laboratory settings. However, prior to 

large-scale deployment, validation should occur at both the kinematic level, through 

comparison with gold-standard criterion systems such as Vicon, and at an assessment battery 

level, through comparison with established MC process-oriented assessments such as the 

TGMD-3. Indeed, early studies demonstrated that even non-expert testers could use Kinect-

based software to assess fundamental movement skills with reasonable agreement 

(‘Moderate’ percentage strength of agreement; 41- 60%; Sasyniuk et al., 2007) to expert 

human ratings, with the percentage agreement between the MCT and the rater for each 

performance criterion, the percentage agreement levels for all performance criteria ranged 

from 43.6% to 92.9% (Chow et al., 2020). Using TGMD-3 assessor evaluations as benchmark 

data, Guo et al. (2026) noted an AI-based system to demonstrate excellent agreement (ICC = 

0.94) and a strong correlation with TGMD-3 scores (r = 0.92), while maintaining low mean 

absolute error values across running (3.8), jumping (4.2), balancing (4.9), and hopping (5.1), 

indicating that AI-generated results closely matched traditional human evaluations. Markerless 

depth cameras thus directly address some resource issues of observational tests, offering a 

cost-effective, rapid alternative for capturing MC data in the field. 

Despite their advantages, commercial markerless systems like Kinect come with notable 

trade-offs. The most discussed limitation is accuracy when compared to expensive marker-

based systems. Depth sensors do not yet reach the fine-grained precision of marker-based 

systems, especially for complex or high-speed movements or for tracking small segments 

(fingers, toes) (Cremers et al., 2015). The Kinect’s joint estimates typically have errors on the 

order of a few centimetres, and accuracy diminishes if the person is not directly facing the 

sensor or if multiple people occlude each other (Dutta, 2012; Pfister et al., 2014). Validation 

studies have reported mixed results: some find good to excellent test–retest reliability for 

certain Kinect-derived metrics, for example, Mentiplay et al. (2018) reported ICC values ≥ 0.73 

for single leg squats and drop vertical jumps variables whereas others find only moderate 

agreement with Vicon data (e.g. correlation coefficients in the 0.5–0.7 range for some joint 

angles) (Lerma & Gulgin, 2023). In one comparison, a Kinect V2 paired with a custom 

https://www.zotero.org/google-docs/?D0XRe6
https://www.zotero.org/google-docs/?wamsvG
https://www.zotero.org/google-docs/?eepxWe
https://www.zotero.org/google-docs/?JqVxCk
https://www.zotero.org/google-docs/?c4KyWq
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assessment app showed poor-to-moderate agreement with a Vicon system on children’s 

vertical jump and leap kinematics(Spearman correlation coefficients ranging from −0.787 to 

0.543 during the Jump-Land task and from −0.598 to 0.523 during the Leap task), leading the 

authors to caution that Kinect should not replace lab-based motion analysis for detailed 

measures (Lerma & Gulgin, 2023). In general, Kinect can differentiate gross differences in skill 

(e.g. it can accurately classify a poor versus proficient jump) but may miss subtle nuances or 

gradual improvements over time (Lerma & Gulgin, 2023). The proprietary and fixed nature of 

such systems can be considered as a further limitation: the original Kinect models have been 

discontinued (though a newer Azure Kinect exists (Tölgyessy et al., 2021)), and the algorithms 

are “black boxes” that users cannot adjust (Gottfried et al., 2011). If the device’s default 

tracking isn’t well-tuned for young children’s movement patterns, there is little recourse. 

Additionally, depth cameras have known environmental constraints, they struggle outdoors in 

bright light, have limited range in very large spaces, and only track a limited number of 

individuals at once before occlusion becomes an issue (Zhang et al., 2012). 

In summary, while Kinect and similar markerless cameras have greatly expanded the toolkit 

for motor-skill research, they are not a full-proof solution. Such systems strike a balance 

between laboratory-grade data and real-world practicality; however, researchers must be 

mindful of their accuracy limitations and dependence on proprietary support. The poor to 

moderate agreement reported by Lerma and Gulgin (2023) between Kinect V2 and Vicon for 

children’s vertical jump and leap kinematics falls in the same domain of fundamental 

movement skills that this chapter is concerned with. At that level of error, Kinect-class depth 

sensors cannot be defended for the granular kinematic analyses that are otherwise advertised 

as the principal advantage of markerless capture (Cai et al., 2019; Wochatz et al., 2019). 

Depth-sensor systems such as Kinect retain genuine value for high throughput screening and 

for engaging children in exergame based interventions (McGann et al., 2020), where binary 

classification (e.g. proficient versus not-yet-proficient) is sufficient to score against process-

oriented criteria such as the TGMD-3 (Ulrich, 2013). However, depth-sensor systems should 

not be advanced as a substitute for marker-based motion capture where the analytic question 

concerns joint-level kinematics (Lima et al., 2024). For this reason, the stronger claims 

advanced in this chapter rest not on depth sensors but on a more recent class of markerless 

tools: open-source, video-based pipelines such as ‘FreeMoCap’ and OpenCap. The supporting 

paediatric evidence base for these platforms, although still emerging, is more credible than 

that for depth sensors. 

https://www.zotero.org/google-docs/?OPGsxb
https://www.zotero.org/google-docs/?2NsbPY
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5.7 Emerging Open-Source Markerless Platforms 
 

Recently, a suite of markerless motion capture systems has gained momentum: open-source 

platforms that leverage bespoke video cameras (e.g. smartphones or webcams) and 

advanced computer vision algorithms to track movement. These systems aim to combine the 

accessibility of consumer devices with the sophistication of lab analyses, all within freely 

available software. For instance, ‘FreeMoCap’ (Matthis et al., 2022) is developing a user-

friendly pipeline, capable of reconstructing 3D motion from multiple video cameras using 

algorithms like OpenPose for pose detection (Cao et al., 2021). This illustrates the research-

grade potential of open-source frameworks, with tasks that once required an expensive motion 

lab now analysable with minimal cost. 

Similarly, OpenCap (Uhlrich et al., 2023) takes advantage of the ubiquity of smartphones. In 

OpenCap’s design, two or more phone cameras record an individual performing movements 

(e.g. running, jumping) from different angles; the videos are uploaded to a cloud platform 

where the software computes 3D kinematics and even performs biomechanical simulations to 

estimate internal forces. OpenCap is fully open-source and operates via a web application so 

users need no specialised hardware or local software beyond a camera and internet 

connection. Recent studies have demonstrated OpenCap’s viability: in a 2024 study, 

researchers found OpenCap performed comparable to a reference 10-camera marker-based 

system for hip, knee, and ankle sagittal plane motion across all movements with very strong 

similarity (Turner et al., 2024). In an adult sport orthopaedic field trial of 100 participants, 

Uhlrich et al. (2023) reported that a clinician using OpenCap could obtain key biomechanical 

measures approximately 25 times faster and at less than 1% of the cost of an equivalent 

laboratory assessment. It must be acknowledged however that this figure relates to a return 

to sport workflow with adults rather than paediatric MC assessment, and should therefore be 

interpreted as an indication of the potential upper limit of cost and time efficiencies achievable 

through markerless motion capture, rather than as direct evidence supporting paediatric 

application (Uhlrich et al., 2023). 

Open-source markerless systems bring additional benefits in terms of transparency and 

adaptability. Due to their open-source nature, code and models are readily available meaning 

researchers can scrutinise the adopted algorithms and subsequently contribute future 

improvements. This collaborative development model allows the tools to evolve quickly in 

https://www.zotero.org/google-docs/?DpdZPc
https://www.zotero.org/google-docs/?IQ2iJ3
https://www.zotero.org/google-docs/?MYmze5
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response to user feedback and new scientific needs. For example, if an open-source system 

has issues recognising a particular skill such as ‘galloping’, developers or users can retrain 

the model or add a module to improve it. Similarly, open platforms can be configured to 

address privacy concerns, for instance, analyses can be completed offline or anonymising 

participant’s faces in video data using a medianBlur function within a haar cascade classifier 

(Cuimei et al., 2017; Viola & Jones, 2001) for sensitive settings, which is harder to control in 

closed commercial software. 

Such an open ethos approach also facilitates reproducible research; researchers can share 

their motion capture data and analysis pipelines, since the software is accessible to all, making 

it easier for other groups to verify findings or perform meta-analyses. These are distinct 

advantages over proprietary systems, which typically operate as black boxes (Bossavit & 

Arnedillo-Sánchez, 2022). It should be noted, however, that open-source motion capture is 

still relatively new in our domain and thus remains under continuous validation. Early adopters 

therefore must exercise a degree of caution when interpreting data until more studies compare 

these tools against gold-standard measures. While initial results are promising, there are 

numerous areas requiring improvement which have been highlighted; all MCT are affected by 

some level of soft tissue artifact, due to the mobility of participant’s skin, muscle mass or 

clothing (Motti Ader & Bossavit, 2023). Additionally, issues such as signal interference 

between different equipment, occlusion or reflection as a byproduct of the participants’ natural 

movements or objects in the capture environment can negatively affect data capture quality 

(Motti Ader & Bossavit, 2023). Usability is another consideration; at present, configuring a 

system like ‘FreeMoCap’ can require some technical skill (e.g. calibrating multiple cameras, 

managing large data files), though efforts are underway to streamline this (Matthis et al., 2022). 

In summary, markerless motion capture systems now span a continuum from laboratory-grade 

(but impractical) optical rigs, through intermediate solutions like Kinect, to cutting-edge open-

source platforms. Together, they offer a toolkit that can potentially overcome many limitations 

of traditional assessments, as we discuss next. 

 

5.8 Benefits of Markerless Motion Capture for MC Assessment 

Adopting markerless motion capture in motor development research facilitates opportunity to 

measure skills more objectively, in greater detail, and at larger scales than previously possible. 

In particular, these technologies address the core issues of scalability, objectivity, data 

https://www.zotero.org/google-docs/?bXxCJs
https://www.zotero.org/google-docs/?bXxCJs
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richness, and accessibility that have constrained traditional methods: 

● Scalability and Field Deployment: Markerless systems can dramatically increase the 

scale and ecological validity of assessments. Markerless setups using portable 

cameras or sensors allow testing to move outside the lab into schools, playgrounds, 

and homes. Researchers can effectively take the lab to the field, capturing children’s 

motor skills in natural environments during physical education classes or free play. This 

is crucial for interpreting real-world motor behaviour. For example, Chow et al. (2020) 

showed that an inexperienced assessor using a Kinect-based system (aligned with 

TGMD-2 criteria) would be capable of assessing children’s locomotor skills on the spot, 

with automated scoring that agreed well with expert human ratings (percentage 

agreement; 43.6% to 92.9%). Similarly, McGann et al. (2020) implemented a Kinect-

driven exergame platform in a school setting with children playing motion-controlled 

games while evaluating a subset of FMS (hop, jump, and skip; based on TGMD-2 

criteria) in real time, providing instant feedback on proficiency. These examples 

support the potential for a future in which every school could have an interactive motor 

skill station, or every community centre a simple camera setup for screenings – tasks 

impossible to scale with manual testing or fragile laboratory equipment. With 

markerless systems capable of efficiently assessing a high volume of participants 

(especially video-based systems that can be reviewed at a later stage or are capable 

of running multiple cameras), they enable high-throughput assessment. Indeed, a 

single researcher using a few cameras might capture data from dozens of children in 

a single afternoon, something not possible using traditional observational process-

oriented batteries such as the TGMD-3, KTK or MABC-2. Markerless systems 

therefore have great potential to enable significantly superior sample sizes and more 

frequent monitoring with much reduced researcher burden, which would also improve 

statistical power to track developmental trends and evaluate interventions. 

 

 
● Objectivity and Rich Data: By relying on sensors and algorithms, motion capture 

provides inherently objective measurements, reducing the biases of human error 

during observation (Duncan, Martins, et al., 2022). Process-oriented batteries such as 

the TGMD-3 and MABC-2 operationalise MC against theoretically derived movement-

form criteria. Replacing those criteria with continuous kinematic variables is not a like 

https://www.zotero.org/google-docs/?nF4MOu
https://www.zotero.org/google-docs/?nF4MOu
https://www.zotero.org/google-docs/?4RMg9T
https://www.zotero.org/google-docs/?6XPha9
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for like upgrade, but a different measurement model with its own validity claims to 

defend (Hulteen et al., 2023). Whether kinematic features map onto, supersede, or 

simply describe the existing process criteria is an open empirical question, not a settled 

one. The position taken in this thesis is that finer grained data are not in themselves 

better measures of MC. Their value depends on whether the kinematic features 

extracted are theoretically defensible indicators of motor proficiency, and on whether 

they predict the developmental and health outcomes that MC assessments are 

intended to inform (Barnett et al., 2022; Stodden et al., 2008). Markerless motion 

capture is therefore framed in this chapter not as a replacement for process-oriented 

scoring but as a complementary measurement model whose construct validity must 

itself be established. Instead of a binary checklist (pass/fail on a few criteria), these 

systems yield continuous kinematic variables, joint angles, velocities, trajectories, 

centre-of-mass movement, etc., offering a more nuanced picture of performance. This 

data richness allows us to analyse how a movement is performed, not just whether it 

was successful. It should be noted however that research has demonstrated granularity 

on determining component-level proficiency factors which determine proficiency levels 

(O’ Brien et al., 2015, 2016).  

 

Therefore, we don’t suggest that traditional methods aren’t capable of providing high-

level feedback on proficiency but rather that this process could be significantly 

streamlined through markerless systems modelled specifically to TGMD performance 

criteria. For instance, a motion capture analysis might reveal that the child’s take-off 

speed is low, or their knees do not fully extend during the jump; thus pinpointing specific 

motor deficits that a teacher or therapist can subsequently target over time. While such 

elements may be identified by assessors using traditional observational methods such 

as the TGMD, these elements may not be identified in real-time however when factors 

such as subjectivity in rater judgement and fatigue during real-time data collection are 

considered (Ng et al., 2025). Additionally, small improvements (e.g. a slightly smoother 

coordination pattern or increased range of motion) can be detected quantitatively, 

whereas they might be overlooked in coarse observational scoring when solely using 

the TGMD in a live-observational capacity. Additionally, because data collection is 

automated and digital, the risk of human recording error is minimised, eliminating 

mistakes tallying scores or illegible handwriting on score sheets. It’s important to 
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acknowledge also that algorithms are not infallible, they can misidentify movements, 

especially if trained mostly on adult data (Froehle et al., 2013; Lanovaz et al., 2017). 

Unlike human error, algorithmic errors are systematic and can be debugged and 

corrected over time once they are identified. With dedicated training on child-specific 

movement datasets, (e.g., Guo et al., 2026; Lander et al., 2025) the accuracy of these 

systems will continue to improve. 

● Accessibility and Affordability: Modern motion capture technologies (especially 

open-source and consumer-grade options) greatly lower the financial and expertise 

barriers to advanced process-oriented assessments. Traditional laboratory systems 

have been confined to well-funded institutions; in contrast, a school or community 

program with a modest budget can set up a few video cameras or a depth sensor and 

immediately begin capturing motor skill data. Open-source software is typically free to 

download, and many platforms run on commodity hardware like smartphones or 

tablets. This drastically reduces costs. For example, ‘FreeMoCap’ and OpenCap have 

demonstrated that high-quality 3D kinematics can be obtained using a minimal cost 

set-up (Matthis et al., 2022; Uhlrich et al., 2023). The socioeconomic implications are 

therefore significant. Even under-resourced schools or clinical settings could adopt 

these tools, helping narrow gaps in access to process-oriented skill evaluation. Due to 

the inexpensive nature of these systems, assessments can be repeated frequently, 

which is ideal for tracking longitudinal progress or evaluating the effects of an 

intervention.  

 

The open-source ethos further promotes accessibility by inviting a global community to 

contribute and localise the tools. For instance, an open platform can be adapted by 

users to different languages or cultural contexts, ensuring that the technology benefits 

diverse populations. The ‘FreeMoCap’ project explicitly frames its mission in terms of 

equity and inclusion, aiming to facilitate people with no domain expertise or institutional 

backing to conduct high-quality motion analysis (Matthis et al., 2022). In academic 

terms, widespread adoption of open, low-cost systems could foster greater participation 

in research from low- and middle-income countries, enhancing the generalisability of 

findings in motor-skill development. 

 

https://www.zotero.org/google-docs/?IuryPN
https://www.zotero.org/google-docs/?Xt7q8V
https://www.zotero.org/google-docs/?Xt7q8V
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● Reproducibility and Collaboration: An often-underappreciated benefit of open-

source markerless systems is the potential for open science and data sharing. Since 

many of these tools use common data formats and are transparent in their processing, 

researchers can more easily share motion capture datasets and even processing code. 

If multiple groups use the same open platform (say OpenCap or ‘FreeMoCap’) to collect 

data, their outputs are directly comparable and can be aggregated. It should be noted 

however that process-oriented data such as the TGMD has lent itself well to data 

sharing enabling impactful large-scale longitudinal research to be carried out between 

institutions (Chen et al., 2023; Hardy et al., 2013).  

By proposing the uptake of markerless systems, we suggest this would substantially 

enhance data-sharing between institutions, perhaps incorporating datasets that include 

a blend of traditional process-oriented and motion capture data. Such an innovation in 

data-sharing may pave the way for even greater collaborative studies and meta-

analyses of motor-skill development that were previously infeasible. This optimism 

should, however, be tempered by an important caveat. A central strength of 

established process-oriented assessments such as the TGMD is their stability over 

time; because the scoring criteria have remained largely unchanged, data collected 

decades and continents apart remain directly comparable, and this has underpinned 

much of the large-scale longitudinal and cross-cultural evidence in the field (Chen et 

al., 2024; Hardy et al.,2013). Markerless systems do not yet offer this assurance. 

Pose-estimation algorithms, camera hardware, and processing pipelines are evolving 

rapidly, such that kinematic data captured and analysed today may not be directly 

comparable with data produced by a later generation of the same tools.  

Unless software versions are documented and controlled, the very pace of innovation 

that makes these systems attractive risks fragmenting the long term comparability that 

standardised observational assessments have long provided. It also accelerates 

methodological improvements: when one laboratory identifies a limitation (for example, 

a specific skill is consistently tracked poorly), they can communicate this to the 

developer community, who can then work on a fix or update, creating in effect a 

‘crowdsourced’ improvement loop for measurement instruments. This communal 

approach can advance the field much faster than relying on slow updates from 

proprietary vendors. In the future, researchers could establish normative databases of 
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kinematic features for certain ages, against which any new dataset can be compared – 

greatly enhancing our ability to interpret the clinical significance of motion data. All of 

these collaborative benefits hinge on the adoption of open, interoperable systems that 

allow data to flow freely (Bossavit & Arnedillo-Sánchez, 2022). 

In summary, markerless motion capture offers a compelling set of advantages for motor skill 

development research. It marries the scale and speed needed for public health monitoring 

with the depth of data needed for rigorous biomechanical insight. By overcoming many 

limitations of traditional tests (i.e., time investment and subjectivity) these technologies let us 

reimagine how and where we assess motor skill development. Children could be evaluated 

playing a game in their school playground with instant feedback, rather than in a traditional 

observational session with an assessor, typically separated months apart between test and 

re-test. Researchers can obtain objective trajectories and angles that may (criteria dependent) 

provide more impactful insight on criteria specific proficiency, enabling more sensitive 

measures of change. Importantly, these improvements do not come at exorbitant cost. In fact, 

many solutions are cheaper than the standard kit (such as stopwatches, balls, bats, scoring 

booklets) once used for process-oriented testing such as the TGMD. Whilst the many benefits 

of markerless motion capture have been discussed it is important to acknowledge scalability 

issues of applying this technology among children. The following section shall consider 

challenges associated with this in more detail. 

 

5.9 Challenges in Applying Markerless Motion Capture to 

Paediatric Populations 

While markerless motion capture systems undoubtedly offer clear advantages in scalability 

and accessibility, their application in paediatric populations presents distinct methodological 

challenges that must be acknowledged. Children differ fundamentally from adults in both 

movement behaviour and physical characteristics (Berard & Vallis, 2006), yet many pose 

estimation models underpinning markerless systems have been developed and trained 

predominantly on adult datasets (Clark et al., 2012; Kanko et al., 2021; Pfister et al., 2014; 

Tipton et al., 2019; Wochatz et al., 2019). As a result, these models may underfit and not 

generalise effectively to youth populations, raising important questions regarding validity and 

reliability in child-focused contexts. 

https://www.zotero.org/google-docs/?dDfHFx
https://www.zotero.org/google-docs/?g7LmaG
https://www.zotero.org/google-docs/?s5JfVW
https://www.zotero.org/google-docs/?s5JfVW
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From a technical perspective, children’s smaller body segment dimensions can make joint 

detection and tracking more difficult, particularly when using standard-resolution video or 

depth sensors (Lerma & Gulgin, 2023). In addition, children tend to exhibit faster, more 

variable, and less predictable movement patterns than adults (Chihak et al., 2014), which can 

further challenge the temporal stability and accuracy of pose estimation algorithms (Sciortino 

et al., 2017). Anthropometric differences, such as altered limb proportions and joint 

relationships across developmental stages, also introduce complexity, as many existing 

biomechanical models are calibrated to adult body structures (Rogez et al., 2008). Collectively, 

these factors can lead to reduced precision in joint localisation and movement reconstruction, 

particularly during dynamic tasks that are common in MC assessments. 

Sciortino et al. (2017) reported pose-estimation error rates on children’s images that were 

roughly twice those obtained on adult benchmarks for equivalent algorithms. Lerma and Gulgin 

(2023) found that Kinect V2 estimates of children’s vertical jump and leap kinematics agreed 

only poorly to moderately with Vicon, with correlations in the 0.5 to 0.7 range for several joint 

angles and absolute errors of several centimetres in segment positions. Subsequent work in 

deep-learning pose estimation has confirmed that adult-trained models underperform on 

paediatric video and that performance degrades further during fast or atypical movement 

(Groos et al., 2022; McCay et al., 2020). The sources of this kinematic data degradation should 

not be treated as a single problem; accordingly healthcare practitioners should not assume 

that AI methodology intended for adult use will perform to the same standard when 

implemented in a paediatric population without additional adaptation, particularly for children 

under 2 years of age (Laborie et al., 2026). Careful model evaluation is thus required before 

clinical implementation. Below we will consider some pose-estimation discrepancies that have 

been highlighted in the literature. 

 

The first is anthropometric mismatch, with pose-estimation networks trained largely on adult 

body proportions, they tend to misplace joint centres on shorter limbs and proportionally larger 

heads, particularly in children younger than around eight years (Rogez et al., 2008). The 

second is movement-variability mismatch. Paediatric MC tasks routinely produce faster, less 

stereotyped, and more frequently corrected movement trajectories than the adult locomotion 

data on which most public pose-estimation datasets are based, and the temporal smoothing 

strategies developed for adult gait can themselves introduce systematic bias when applied to 

https://www.zotero.org/google-docs/?9t2Y5B
https://www.zotero.org/google-docs/?7QxHt0
https://www.zotero.org/google-docs/?BerF8d
https://www.zotero.org/google-docs/?BerF8d
https://www.zotero.org/google-docs/?pKEBGa
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paediatric data (Chihak et al., 2014; Sciortino et al., 2017). The third is behavioural 

compliance, with younger children likely to adhere to instructions for shorter periods of time 

than adults (Emanuel et al., 2008), which increases the proportion of trials lost to occlusion, 

framing failures, and protocol drift, particularly in field deployments outside laboratory 

conditions (Motti Ader & Bossavit, 2023). Lastly, ethics and data governance involving video 

data that depicts identifiable minors is subject to substantively stricter consent, storage, 

retention, and re-identification requirements than adult data under the General Data Protection 

Regulation and analogous frameworks elsewhere (Singh et al., 2023). These constraints can 

preclude the cloud-based processing pipelines on which several open-source platforms 

currently rely. The first three are technical problems amenable to dataset and modelling 

improvements. The fourth is a governance constraint that better algorithms alone will not solve. 

A defensible adoption strategy therefore needs an explicit account of what “good enough” 

looks like for paediatric MC assessment, calibrated to the use case rather than to a single 

accuracy threshold. For population level screening or for engaging children in skill learning 

interventions, agreement at the level of broad proficiency categories (e.g. proficient, emerging, 

or not-yet-proficient) is plausibly sufficient, and the Kinect-class evidence base already 

supports this (Chow et al., 2020; McGann et al., 2020). For longitudinal tracking of within child 

change in MC, joint-angle errors of several centimetres are likely to exceed the developmental 

signal that needs to be detected, and the use of markerless systems for this purpose should 

be considered premature in the absence of paediatric-specific validation (Lerma & Gulgin, 

2023). For clinical decisions concerning individual children, such as identifying motor 

coordination difficulties or monitoring response to therapy, agreement against a marker-based 

reference standard, in the same age range and on the same task, is the minimum acceptable 

evidence base, and remains rare in the published literature (Lerma & Gulgin, 2023). 

Rather than negating the potential of markerless motion capture, the limitations discussed 

highlight a critical direction for future research. There is a clear need for the development and 

validation of child-specific datasets, models, and evaluation frameworks to ensure that these 

systems can accurately capture the nuances of paediatric movement (Lander et al., 2025). 

Addressing these challenges will be essential for realising the full potential of scalable, 

markerless assessment in childhood motor-skill development. In this sense, the 

aforementioned limitations should be viewed not as barriers, but as opportunities to refine and 

adapt emerging technologies to better serve diverse developmental populations. 

https://www.zotero.org/google-docs/?o8lBKF
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5.10 Applications in Research, Education, and Clinical Practice 

This final section of this chapter considers concrete applications of markerless motion capture 

across research and practice domains, illustrating how it can modernise motor-skill 

assessment. 

Research and Discovery: The research community stands to benefit immediately from open-

source markerless motion capture. With it’s application, motion capture scientists and motor-

skill behaviour researchers have the potential to collect a significantly greater volume of data, 

and from more diverse environments, than previously. Instead of being limited to small 

samples tested in controlled environments as has been consistently noted in prior literature 

(i.e., Adank et al., 2018; Bolger et al., 2021; Duncan et al., 2018; Hulteen et al., 2018; 

Sigmundsson & Haga, 2016), studies can deploy markerless capture systems to, for example, 

measure hundreds of children during school breaks, physical education classes or within small 

sports clubs, capturing proficiency levels in an ecologically valid setting. This potential has 

been recently demonstrated by Lander et al. (2025) in which a deep learning model produced 

accuracy exceeding 83% on average across seven TGMD-3 skills among a sample of over a 

thousand children. Such automated approaches may reveal swifter and more tangible insights 

into how motor skills develop and generalise within such large and diverse populations. 

Longitudinal tracking studies would also become more feasible, which would be significant 

given a lack of longitudinal research has been regularly noted as a limitation in MC research 

(Barnett et al., 2022; Hands, 2008; Lloyd et al., 2014; Robinson et al., 2015; Romero-Martínez 

et al., 2026). From a practical perspective, a research team could loan families an inexpensive 

camera kit and have them periodically record their child’s movement at home, building rich 

developmental trajectories. Indeed, this exact scenario has been demonstrated to be a 

successful approach through the mobile application ‘MoveAhead’ which through gamification 

offers a fast and accurate appraisal of a child’s motor-skill proficiency (Herbaut et al., 2023). 

Furthermore, precise tracking allows investigation of fine-grained learning processes, 

researchers can measure subtle changes in movement pattern or consistency as a skill is 

gradually honed, rather than just pre/post outcomes. This level of granularity can help test and 

refine long-lasting theories (e.g. the mechanics of motor-skill acquisition; Haubenstricker & 

Seefeldt (1986))  or the proposed links between MC proficiency and physical activity 

engagement (Stodden et al., 2008) with far greater nuance than before. 

https://www.zotero.org/google-docs/?R1sTTs
https://www.zotero.org/google-docs/?R1sTTs
https://www.zotero.org/google-docs/?qqoj4d
https://www.zotero.org/google-docs/?eKBPoW
https://www.zotero.org/google-docs/?3072Qb
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Educational and Community Settings: Schools and youth programmes could use 

markerless motion capture to enhance both assessment and instruction of motor skills. In 

practice, brief motor skill stations could be integrated into physical education classes, with 

children performing a small set of FMS (for example, a short run, a throw, and a horizontal 

jump) in front of a camera setup that scores their performance against age norms in close to 

real time. This kind of functionality has been demonstrated by ‘MoveAhead’ (Herbaut et al., 

2023). Because the scoring is automated and standardised, the system could in principle be 

run by school teachers with minimal training, in contrast to traditional motor-skill assessments 

that require specialist examiners and one-to-one testing time. The interactive nature of 

camera-based assessment also tends to be more engaging for children than traditional tests 

(Kou et al., 2024; McGann et al., 2020; Oppici et al., 2022; Ye et al., 2018) . As McGann et al. 

(2020) demonstrated, turning motor-skill practice into an exergame keeps children motivated 

while simultaneously teaching children the requiste movement patterns to complete motor 

skills competently. The adoption of a Kinect or camera-based game can reward correct 

movement technique (e.g. only a properly executed jump earns points) and provide cues to 

improve, effectively blending teaching with evaluation (McGann et al., 2020). However, these 

exergame approaches are ultimately coaching tools as opposed to assessment tools which 

must be considered prior to implementation by practitioners. The approach has obvious appeal 

in resource-limited schools where large class sizes make individual assessment difficult, 

however, these camera-based systems should be regarded as untested rather than as 

established. Community sports programmes can use the same kinds of tools to assess and 

train foundational skills such as running form and jumping mechanics in young athletes, with 

coaching directed at measured deficits rather than rough observation (Shah & Prajapati, 

2025), Overall, markerless motion capture can help educational and community organisations 

move towards continuous, objective monitoring of motor-skill development, making it a routine 

part of youth development programs rather than an occasional specialised test. 

Clinical and Therapeutic Practice: In clinical domains, such as paediatric physical therapy 

and rehabilitation, markerless motion capture offers a means to obtain quantitative movement 

assessments efficiently (Lam et al., 2023). A physiotherapist evaluating a child with 

developmental coordination disorder (DCD) (Wood et al., 2017) or cerebral palsy (Daliri et al., 

2023) could use a camera-based system to capture a short sequence of movements during a 

session. Provided the validation evidence supports it for the joints and tasks of interest, this 

could complement qualitative observation and parent reports with objective metrics such as 

https://www.zotero.org/google-docs/?D6AvId
https://www.zotero.org/google-docs/?D6AvId
https://www.zotero.org/google-docs/?elFzMh
https://www.zotero.org/google-docs/?elFzMh
https://www.zotero.org/google-docs/?5LYUUa
https://www.zotero.org/google-docs/?N9KpjW
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joint range of motion, balance sway, and gait symmetry, and can support tracking of change 

over time. The strongest claim that can currently be made is for tracking within-child change 

in already-diagnosed paediatric conditions, where the validation requirements are typically 

less stringent than for diagnostic decisions (Temlali et al., 2024). Whilst Temlali et al. (2024) 

found limited related research, findings suggested that physical literacy could be regarded as 

an explanatory framework to understand the way in which exergames can improve PA 

behaviour in adolescents with DCD. Due to the simplicity of markerless systems such 

measurements can be taken at each visit without much overhead, allowing more frequent and 

sensitive tracking of progress. 

Telehealth applications are also promising: with an open-source software app, a parent could 

video their child performing certain exercises at home and send the data to a clinician for 

analysis, reducing the need for travel to appointments (Bossavit & Arnedillo-Sánchez, 2022). 

This is particularly valuable for families in remote areas or for children who find clinical 

environments stressful (De Nocker & Toolan, 2023). In rehabilitation, motion capture can 

document outcomes of therapy with much greater precision than standard observational 

scales (Bonanno et al., 2023). A therapist can highlight quantitative improvements, outcomes 

that might not be fully captured by a likert scale (Bonanno et al., 2023). Such objective 

evidence could hypothetically guide clinical decisions and also help motivate patients and 

families by visualising improvement (Rivas-García et al., 2026). Early screening is sometimes 

proposed as a further application, on the basis that markerless motion capture might flag motor 

difficulties such as DCD or early motor signs of neurological conditions before in-person 

specialist assessment. The evidence supporting this proposal is, at present, limited; existing 

systematic reviews (Knippenberg et al., 2017; Lam et al., 2023) indicate emerging diagnostic 

potential for paediatric movement disorders but stop short of recommending markerless 

capture as a stand-alone screening tool, and any such use would need diagnostic-accuracy 

evidence in the relevant age range that does not currently exist (Lam et al., 2023).  

Conclusion 

 
Markerless motion capture technology, encompassing everything from gold-standard marker-

based optical systems (i.e., Vicon) to portable depth cameras (i.e., Microsoft-Kinect) and open-

source video-based platforms (Lander et al., 2025), presents a significant opportunity for 

reimagining assessment of MC among paediatric populations. These tools directly address 

many limitations of traditional MC assessments by enabling scalable, objective, and data-rich 

https://www.zotero.org/google-docs/?ueNDqQ
https://www.zotero.org/google-docs/?LbllMs
https://www.zotero.org/google-docs/?Jc2xnz
https://www.zotero.org/google-docs/?AzXbMB
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analysis of movement. Early applications across research, education, and clinical settings 

demonstrate their potential to transform how MC is measured, moving beyond coarse 

observational scoring toward detailed, evolving representations of movement behaviour. In 

order to fully achieve this potential however, careful and deliberate progression of research 

within the field must be achieved. To move from promise to practice, a clear and targeted 

research agenda must guide the development and adoption of markerless motion capture in 

paediatric contexts. Four priority areas are detailed below. 

Firstly, there is a pressing need for rigorous validation studies in children (Lander et al., 2025). 

While many systems demonstrate encouraging performance in adult populations, their 

accuracy, reliability, and sensitivity must be systematically evaluated across developmental 

stages, movement tasks, and real-world environments. Establishing robust paediatric 

validation will be essential for ensuring that these technologies can be confidently applied in 

motor-skill development research and practice. 

Secondly, the development of standardised assessment protocols is essential for reliability, 

repeatability, and validity of conclusions derived within and between assessment protocols 

(Ng et al., 2025). Current approaches vary considerably in camera configurations, data 

processing pipelines, and outcome measures, limiting comparability across studies. The 

establishment of agreed methodological guidelines, including, but not limited to; experimental 

design, data collection, processing, and reporting of findings would support both reproducibility 

and the accumulation of comparable datasets across research groups. Crucially, such 

guidelines should also encompass transparent reporting and version control of the algorithms, 

models, and software used, so that data captured with one generation of tools can be 

meaningfully compared with data produced by later iterations, thereby preserving the long-

term comparability that standardised observational assessments currently afford. 

Thirdly, ethical and data governance considerations must be central to the adoption of video-

based motion capture in childhood populations (Singh et al., 2023). The collection of visual 

data involving children raises important challenges related to informed consent, secure data 

storage, and privacy protection. Compliance with regulatory frameworks such as GDPR is 

essential, alongside proactive mitigation of risks associated with re-identification from video or 

derived skeletal data. Whilst many techniques exist that can be utilised to overcome such 

hurdles (i.e., face-blur algorithms; Cuimei et al., 2017; Viola & Jones, 2001) developing clear 

https://www.zotero.org/google-docs/?yWnxwq
https://www.zotero.org/google-docs/?2ahMJj
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ethical standards and robust data handling practices is critical to maintaining public trust and 

safeguarding participant welfare. 

Finally, there is a need to establish clear criteria for sufficient validation prior to widespread 

clinical or educational deployment (Motti Ader & Bossavit, 2023). This includes defining 

acceptable thresholds for measurement error, reliability, and agreement with benchmark 

systems, as well as demonstrating sensitivity to meaningful changes in MC proficiency over 

time. As discussed earlier, collaborations between practitioners will make a consensus view 

achievable. Without such criteria, the translation of markerless systems into practice risks 

being premature or inconsistent. Articulating these benchmarks will help guide both 

technological innovation and evidence-based implementation. 

In summary, the discussed priorities aim to provide a roadmap for advancing the motor 

competence domain beyond proof-of-concept applications toward robust, scalable, and 

ethically grounded assessment frameworks. Embracing markerless motion capture is not 

simply a technological shift among MC practitioners, but a methodological one, requiring 

coordinated efforts in validation, standardisation, and governance. Should these challenges 

be addressed, such systems have the potential to democratise access to high-quality MC 

assessment, enabling more inclusive, frequent, and precise monitoring of children’s MC 

development. In doing so, they may play a critical role in supporting healthier developmental 

trajectories and more equitable opportunities for physical activity and wellbeing across 

populations. 
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Chapter 6: Evaluation of a Markerless 3D Motion Capture System 

for Locomotor Skill Assessment: A Pilot Study 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



153  

6.1 Abstract 

 
The Test of Gross Motor Development-3 (TGMD-3) is widely regarded as a standardised 

assessment of motor competence (MC); however, its implementation can be time-intensive 

and dependent on trained assessors. Markerless motion-capture technologies offer a potential 

means of automating assessment, but the extent to which low-cost, open-source systems can 

support TGMD-3 classification remains unclear. Therefore, the purpose of this pilot study was 

to investigate the feasibility of combining an open-source markerless motion-capture pipeline 

with handcrafted heuristic rules to automate classification of TGMD-3 short form locomotor 

performance criteria. A secondary aim was to examine the influence of camera configuration 

on kinematic reconstruction and classification performance. Adults (n = 10) performed two 

trials of the hop, gallop, and horizontal jump using a four-camera webcam setup. The resulting 

recordings were processed using ‘FreeMoCap’, with data subsequently analysed under four-, 

three-, and two-camera configurations. Variations between configurations were examined 

using Friedman repeated-measures ANOVAs, with Durbin–Conover post-hoc pairwise 

comparisons where appropriate. Agreement between configurations was assessed using 

ICC(2,1), while classification performance was evaluated using accuracy, precision, recall, 

and F1-scores. 

 

Results indicated that reducing the system from four to three cameras had minimal impact on 

kinematic data capture quality, whereas larger discrepancies were observed under the two-

camera configuration. Despite these differences, overall classification performance remained 

relatively stable across configurations. Feature-level analyses revealed substantial variability 

between individual TGMD-3 criteria, with performance criteria linked to discrete kinematic 

events generally outperforming those reliant on subjective interpretations of movement quality 

or coordination. These findings demonstrate the feasibility of using low-cost, open-source 

markerless motion-capture technologies to support automated MC assessment. However, the 

results also suggest that future advances may depend not only on improvements in motion-

capture and computational systems, but also on the continued refinement and 

operationalisation of TGMD performance criteria into objective and measurable kinematic 

constructs. 

 

Key Words: Motor Competence; Markerless Motion Capture; Computer Vision 
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6.2 Introduction 

 
The relationship between motor competence (MC) and physical activity (PA) is now well 

established, with numerous systematic reviews and meta-analyses reporting a consistent 

positive association (Burton et al., 2023; Logan et al., 2015). MC is considered an umbrella 

term for the motor coordination, movement and stability skills needed to effectively engage in 

PA (Robinson et al., 2015). The acquisition of superior proficiency levels of MC is associated 

with numerous health benefits, including improved physical fitness, perceived MC and healthy 

weight status (Barnett et al., 2022). Globally, it has been widely observed that children and 

adolescents do not achieve age-appropriate proficiency standards (Bolger et al., 2021; 

Duncan et al., 2020; Hardy et al., 2013). In light of this, assessments have been developed to 

identify developmental delays, inform interventions and quantify levels of MC proficiency 

(Bardid et al., 2019; Barnett et al., 2016; Hulteen et al., 2015). 

 

MC assessments are typically presented as either product- or process-oriented. Product 

scores are quantitative outcomes (e.g., throwing velocity, distance hopped) and don't analyse 

the process of how the skill is performed. In comparison, process-oriented assessments rely 

on set performance criteria of which are either present or absent during performance of a skill 

(Hulteen et al., 2015). Process-oriented assessments therefore provide practitioners with a 

more nuanced understanding of a participant’s skill execution (Burton & Miller, 1998). 

However, to rate process-oriented assessments, sufficient training is required as scoring can 

differ depending on the level of an assessor’s expertise (Griffiths et al., 2018). Indeed, a 

multitude of MC assessments exist (Cools et al., 2009), and still more continue to be developed 

for various purposes and populations. Despite the abundance of available assessments there 

is minimal evidence to suggest that teachers or coaches assess children’s MC proficiency 

systematically (Duncan, Weldon, et al., 2022; Eddy et al., 2021; Lander et al., 2015). Limited 

feasibility and utility in the school and youth sport setting is a key barrier to teacher’s or coach’s 

use of existing assessment tools, where assessments need to be swift and efficient, only 

requiring minimal equipment, resources and space (Duncan, Weldon, et al., 2022; Eddy et al., 

2021; Lander et al., 2022). Systematically there is a consensus view among researchers that 

assessment batteries are too time consuming (Hulteen et al., 2020) and therefore approaches 

to assessment must be re-imagined. 

 

https://www.zotero.org/google-docs/?RcCP0X
https://www.zotero.org/google-docs/?6j1fHc
https://www.zotero.org/google-docs/?NqY2Xo
https://www.zotero.org/google-docs/?xcPTUl
https://www.zotero.org/google-docs/?xcPTUl
https://www.zotero.org/google-docs/?4FcAmy
https://www.zotero.org/google-docs/?pMvb8F
https://www.zotero.org/google-docs/?81yVY9
https://www.zotero.org/google-docs/?8nKViT
https://www.zotero.org/google-docs/?zQTeBK
https://www.zotero.org/google-docs/?zQTeBK
https://www.zotero.org/google-docs/?qd1CHJ
https://www.zotero.org/google-docs/?qd1CHJ
https://www.zotero.org/google-docs/?qd1CHJ
https://www.zotero.org/google-docs/?rSKd0G
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The Tests of Gross Motor Development 3rd edition (TGMD-3) (Ulrich, 2013) has been noted 

for its application of process-oriented performance criteria to successfully guide impactful age-

appropriate MC interventions (Belton et al., 2014; O’ Brien et al., 2015, 2016). Despite such 

successful outcomes, recent research has sought to streamline the assessment battery with 

(Duncan, Martins, et al., 2022) proposing a modified short form version. Such research 

demonstrated that a shortened, seven-skill version of the TGMD-3, in comparison to the original 

thirteen-skill version, is a valid measure of FMS among Irish primary school children, while also 

highlighting differences in skill patterns between boys and girls. Whilst such findings are 

promising there remains greater scope for assessment batteries to be streamlined further. Of 

note, technological advancements have been demonstrated in more recent MC assessment 

options (Bossavit & Arnedillo-Sánchez, 2022; Chow et al., 2020; Guo et al., 2026; Lander et al., 

2025; Lerma & Gulgin, 2023; Maulidiya et al., 2025; McGann et al., 2020). Such research 

proposes automated assessment through markerless motion capture, an advancement from 

sensor wear technology, which has been used extensively to detect various aspects of 

movement proficiency (Clark et al., 2021; Grimpampi et al., 2016; Lander et al., 2020; Swain 

et al., 2023). Whilst noted as being both valid and reliable for human movement detection 

(Swain et al., 2023) the same review also highlighted that such a methodology was unlikely to 

be adopted at scale among practitioners. Feasibility is limited by practical challenges such as 

the number of sensors required, time for setup and removal, calibration demands, and 

sensitive placement, alongside limitations in capturing all aspects of performance (e.g., 

detecting a successful catch) and difficulties for teachers or coaches in accessing and using 

the data (Barnett et al., 2013; Lander et al., 2022; Swain et al., 2023). 

 

Recent research highlighting the adoption of markerless motion capture (via computer vision) 

(Bossavit & Arnedillo-Sánchez, 2022; Chow et al., 2020; Guo et al., 2026; Harsted et al., 2019; 

Lander et al., 2025; Maulidiya et al., 2025) provides a more feasible, cost effective and scalable 

solution. Whilst high-precision optical systems such as Vicon have long been considered the 

gold standard for motion analysis (Topley & Richards, 2020) more recently a spectrum of 

markerless motion capture approaches have emerged with consumer-grade depth sensors 

and open-source camera-based tools capable of recording movement data without body-worn 

markers or suits (Bossavit & Arnedillo-Sánchez, 2023). In comparison to the gold-standard 

approach which is impractical for assessment at scale (Lerma & Gulgin, 2023), markerless 

systems offer numerous benefits. A full optical setup is exceedingly expensive and requires a 

https://www.zotero.org/google-docs/?jPw6Oj
https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?cyTpeM
https://www.zotero.org/google-docs/?cyTpeM
https://www.zotero.org/google-docs/?cyTpeM
https://www.zotero.org/google-docs/?HtTDgi
https://www.zotero.org/google-docs/?vlHSUN
https://www.zotero.org/google-docs/?vlHSUN
https://www.zotero.org/google-docs/?nPaMmQ
https://www.zotero.org/google-docs/?nPaMmQ
https://www.zotero.org/google-docs/?nPaMmQ
https://www.zotero.org/google-docs/?QcSYfz


156  

dedicated, controlled space (Van Der Kruk & Reijne, 2018). Setting up a child for capture using 

non-optical systems such as IMU’s can involve attaching dozens of markers and frequent 

calibrations (Bossavit & Arnedillo-Sánchez, 2023). While this may be feasible for indepth 

studies on small samples, but not for testing hundreds of children in a school environment. 

 

Although the TGMD-3 is widely regarded as the gold-standard process-oriented assessment 

of MC (Behan et al., 2019; Belton et al., 2014; Duncan et al., 2020; Eyre et al., 2018; O’ Brien 

et al., 2016), administering the full assessment remains resource intensive (Barnett et al., 

2013). Consequently, the TGMD-3 Short Form (Duncan, Martins, et al., 2022) has emerged 

as a promising alternative, offering a more time-efficient assessment while retaining 

representation of the broader locomotor and object-control skill domains. The reduced 

complexity of the TGMD-3 short form also makes it a more practical candidate for automated 

evaluation. In parallel, increasing attention has been directed towards markerless motion 

capture technologies, which offer the potential to objectively assess MC proficiency without 

the need for markers, sensors, or specialist laboratory facilities. Despite these technological 

advancements, researchers have recently argued that several TGMD performance criteria 

remain reliant on subjective terminology and lack explicit quantitative thresholds (Lander et 

al., 2020; Ng et al., 2025). Consequently, the successful automation of MC assessment may 

depend not only on advances in motion-capture or data-centered technologies, but also on 

the extent to which existing assessment criteria can be operationalised as objective and 

measurable movement constructs. 

 

Consequently, combining the TGMD-3 Short Form with markerless motion capture may 

provide a feasible pathway towards more objective, efficient, and scalable MC assessment. 

Markerless systems aren’t without limitations however and are sensitive to errors arising from 

motion blur, self-occlusion and temporary loss of joint visibility, particularly during dynamic 

locomotor movements (Adlou et al., 2025; Needham et al., 2021; Scataglini et al., 2024; Motti 

Ader & Bossavit, 2023). These issues may be exacerbated when MC skills are captured from 

a limited number of viewpoints, potentially impacting upon the accuracy of the derived 

kinematic measures (Yang & Jung, 2025). As TGMD-3 performance criteria are dependent 

upon the correct identification of process-oriented criteria, any degradation in kinematic data 

quality may ultimately influence subsequent process-oriented proficiency classifications. 

Therefore, understanding the influence of camera configuration on both capture quality of 

https://www.zotero.org/google-docs/?goigud
https://www.zotero.org/google-docs/?goigud
https://www.zotero.org/google-docs/?l42nZL
https://www.zotero.org/google-docs/?l42nZL
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kinematic data and classification accuracy of process-oriented performance criteria represents 

an important consideration for real-world deployment. Such evidence may provide preliminary 

evidence to practitioners regarding the feasibility of different camera configurations when 

designing markerless motion-capture systems for MC assessment. Such work may guide 

future large-scale validation research in examining how camera configuration influences 

markerless motion-capture outputs and their potential application within MC assessment. 

 

While previous studies have demonstrated the potential of markerless systems and automated 

approaches to assess MC proficiency (Chow et al., 2020; Lander et al., 2025), little is known 

about how camera configuration influences the quality of kinematic data and the resulting 

classification outcomes. Furthermore, few studies have evaluated whether a fully open-

source,  multi-camera  markerless  motion-capture  pipeline  can  support  TGMD-style 

assessment while balancing reproducibility of kinematic data, classification performance, and 

practical deployment considerations, notably camera configuration and efficiency of data 

collection. Accordingly, the present study explored the feasibility of integrating ‘FreeMoCap’-

derived kinematic data with a heuristics-based rules engine under differing camera 

configurations. Specifically, the study aimed to; 

 

(1)  Examine the feasibility of operationalising TGMD-3 Short Form locomotor performance 

criteria within an open-source markerless motion capture pipeline, and assess the extent 

to which its automated decisions agree with expert human scoring in an adult proof-of-

concept sample; 

 

(2)  Uncover the minimal viable camera configuration required for accurate classification by 

an open-source markerless motion capture system. 
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6.3 Methodology 

 
The current study aimed to evaluate the performance of a hand-crafted rules-based approach 

using bespoke heuristic algorithms (Kokash, 2005) to assess adult’s (n = 10) locomotor skill 

proficiency per TGMD-3 performance criteria (Ulrich, 2013). We sought a heuristic based 

approach for the current study given their efficient and practical nature to solving complex 

problems by using rules of thumb rather than exhaustive searches. While heuristics may not 

guarantee the optimal answer, they significantly reduce computational time and are especially 

useful in real-world situations where efficiency matters more than perfection (Kokash, 2005). 

In our use-case, given certain parameters of the TGMD-3 performance criteria are somewhat 

objective (i.e., ‘brief period where both feet are off the surface’ (Ulrich, 2013)) heuristics was 

deemed as an appropriate technique to effectively discriminate proficiency per the listed 

criteria (Ulrich, 2013). Data was collected via ‘FreeMoCap’ (Matthis et al., 2022), an open-

source 3D computer vision system capable of integrating estimations from multiple cameras 

into estimates of segment locations with consumer cameras. ‘FreeMoCap’ was used to 

discriminate performance in the TGMD-3 short form which has been demonstrated as a valid 

measure of FMS among Irish school children (Duncan, Martins, et al., 2022). A limitation of the 

current ‘FreeMoCap’ pipeline was its inability to track external objects (e.g., balls). 

Consequently, despite the research team's intention to assess the full TGMD-3 Short Form, 

evaluation was restricted to the locomotor subset. Prior to the onset of data collection, ethical 

approval was received (Appendix A1) for this research (DCUREC/2024/243). 

 

Recruitment 

 
A convenience sample of participants were sourced internally within the research team’s 

university school (n = 10). Whilst only a modest number of participants were recruited, such a 

sample is in line with prior locomotion-focused markerless motion capture validation studies 

(Kanko et al., 2021; Lei et al., 2026; Martiš et al., 2024; Turner et al., 2024; Yang & Jung, 

2025). Furthermore, as the goal of the pilot-study was to demonstrate evidence of feasibility 

in a controlled-environment, the participant sample was deemed sufficient to demonstrate 

sensitivity to performance-criteria data. All participants were required to be of sound physical 

health and not demonstrate any physical injuries or ailments that would preclude them from 

achieving full-range physical motion to complete all skills within the locomotor subset of the 

https://www.zotero.org/google-docs/?hD7AY7
https://www.zotero.org/google-docs/?Rkp8CW
https://www.zotero.org/google-docs/?T0Avd4
https://www.zotero.org/google-docs/?wvgWJp
https://www.zotero.org/google-docs/?xrNMOR
https://www.zotero.org/google-docs/?5YtMDx
https://www.zotero.org/google-docs/?5YtMDx
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TGMD-3 performance criteria (Ulrich, 2013). All participants were extensively briefed on the 

aims and objectives of the research project, with the risks and benefits of participating also 

included. All participants were informed of their right to exit the study at any time without 

question and were given a full overview of the data protection policies in place to protect 

confidentiality through the course of the research. 

 

Locomotor Subset - TGMD-3 Short Form 

 
Participants performed the locomotor subset of the TGMD-3 short-form. Performance in these 

skills were evaluated via the process-oriented TGMD-3 (Ulrich, 2013), an internationally 

recognized motor skill assessment for children aged 3–10 years (Ulrich, 2017; Webster & 

Ulrich, 2017). All trials were conducted within the biomechanics laboratory of the research 

team’s university. Participants performed all three skills of the locomotor subset of the TGMD-

3 short-form. For each locomotor skill included in the TGMD-3 Short Form, performance is 

assessed against four predefined performance criteria, with each criterion evaluated in 

sequence. The skills and their associated performance criteria are listed below in Table 6.1. 

Participants who successfully fulfilled the component criteria for any skill achieved a score of 

one whilst a score of zero denotes that they failed to meet said criteria (Ulrich, 2013). 

 

Table 6.1. TGMD-3 Short Form (Duncan, Martins, et al., 2022) - Locomotor Subset 

Skill Performance 
Criteria 1 

Performance 
Criteria 2 

Performance 
Criteria 3 

Performance 
Criteria 4 

Hop Non-hopping 
leg swings 
forward in 
pendular 
fashion to 

produce force 

Foot of non-
hopping leg 

remains behind 
hopping leg 

(does not cross 
in front of) 

Arms flex and 
swing forward to 
produce force 

Hops four 
consecutive 
times on the 

preferred foot 
before stopping 

Gallop Arms flexed and 
swinging 
forward 

A step forward 
with lead foot 
followed with 

the trailing foot 
landing beside 
or a little behind 

the lead foot 
(not in front of 
the lead foot) 

Brief period 
where both feet 

come off the 
surface 

Maintains a 
rhythmic pattern 

for four 
consecutive 

gallops 

https://www.zotero.org/google-docs/?vZrkHO
https://www.zotero.org/google-docs/?FpB6om
https://www.zotero.org/google-docs/?FpB6om
https://www.zotero.org/google-docs/?Ve8LCD
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Horizontal 
Jump 

Prior to take off 
both knees are 
flexed and arms 

are extended 
behind the back 

Arms extend 
forcefully 

forward and 
upward 

reaching above 
the head 

Both feet come 
off the floor 

together and 
land together 

Both arms are 
forced 

downward 
during landing 

 

 
Procedures 

Experimental design for data collection is demonstrated in Figure 6.1. 
 

Figure 6.1 Experimental Design 

 
As the ‘FreeMoCap’ pipeline was only capable of tracking the kinematic joint data of a single 

individual at any given time, data collection was conducted on an individual participant basis. 

The data collection process for each participant therefore took ~10 minutes. Prior to the onset 

of the data collection participants were given an extensive verbal explanation of the skills they 

would be required to perform alongside a visual demonstration and one practice trial at each 

skill. Once each participant had been afforded a trial effort, they were then given two individual 

trials for each skill. 

 

Participants performed each skill along a marked 15m horizontal walkway (Figure 6.1) which 

was highlighted to them prior to the onset of data collection. At the end of the walkway lay four 

mounted USB webcameras (‘LOGITECH Pro C920 Full HD Webcam’, 1920 x 1080 

progressively displayed pixels, sampling rate; 30 frames per second (FPS), all mounted at the 

same height of 1.6m. All cameras were positioned directly facing participants with two cameras 

positioned orthogonally (90°) to the movement pathway and supplemented by two oblique 

cameras positioned at approximately 45°, this configuration is demonstrated in Figure 6.1. The 

camera arrangement was designed to maximise participant visibility across multiple viewing 

angles while maintaining a practical and scalable setup using consumer-grade hardware. This 
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configuration was intended to minimise joint occlusion and improve triangulation accuracy 

during data capture, where upper- and lower-limb segments may be temporarily obscured 

from individual camera perspectives. The arrangement was informed by ‘FreeMoCap’ 

developer recommendations (Matthis et al., 2022) which advocate distributing cameras 

around the capture volume to maximise overlapping fields of view, and by previous markerless 

motion-capture research demonstrating that reconstruction accuracy is highly dependent on 

camera viewpoint and participant visibility. For example, Kim et al. (2025) positioned cameras 

at 45° intervals around participants to evaluate movement from multiple directions and 

maximise visibility of anatomical landmarks throughout the capture period. Consistent with 

these recommendations, the use of multiple viewpoints in the present study provided camera 

redundancy and enhanced spatial coverage of the movement area, thereby supporting robust 

three-dimensional data capture. In total, 60 locomotor trials were collected (10 participants x 

3 skills x 2 trials). Each trial was subsequently processed under three camera configurations 

(4-, 3-, and 2-camera), resulting in 180 kinematic data captures which were analysed. 

 

Data Processing 
 

Prior to data collection, camera calibration was first conducted. Calibrations were required to 

establish the spatial relationship between cameras, enabling corresponding joint locations to 

be identified in each 2D video and subsequent triangulation to estimate participants position 

in 3-D space, allowing full-body movement trajectories to be reconstructed. 

 

Calibrations were completed in which the lead author held a 7x5 ChArUco board (Figure 6.2) 

directly in front of all cameras with this captured footage then saved and analysed within 

‘FreeMoCap’. A single calibration was sufficient for full data capture of all of locomotor 

movements across participants and took ~90 seconds to complete. However, a new 

calibration was required for each separate day of data collection. Video data were captured 

using the SkellyCam application, a companion recording tool developed for the ‘FreeMoCap’ 

pipeline. SkellyCam was used to simultaneously record synchronized videos from multiple 

webcams, ensuring that all camera streams represented the same moment in time. The 

resulting videos were then imported into ‘FreeMoCap’, where pose estimation, camera 

calibration, and 3D reconstruction processes were applied to generate full-body kinematic data 

for subsequent analysis. 
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Figure 6.2 Calibration of Cameras with ChArUco Board 

 

 

Rules-Based Heuristics 
 

Given the current study was of a proof-of-concept nature, heuristics rules-based algorithims 

were considered appropriate as they represent a transparent and computationally efficient 

means of operationalising TGMD-3 performance criteria (Kokash, 2005). Algorithms were thus 

designed to be criterion-specific, reflecting discrete elements of TGMD-3 short form 

performance criteria (Table 6.1). Using Python, feature engineering was completed in which 

handcrafted features that encompassed distinct elements of these criteria were created with 

a list of these featured highlighted in Table 6.2 and a further list of criterion conditions shown 

in Appendix B. In creating these hand-crafted features, relevant joint-angle thresholds were 

informed by prior research (Chow et al., 2020), which successfully operationalised TGMD 

locomotor performance criteria using kinematic measures. The feature-engineering process 

followed a criterion-driven approach whereby each short-form performance criterion was 

decomposed into one or more measurable kinematic components. Using reconstructed 3D 

joint data coordinates, features such as elbow and knee flexion angles, wrist and heel positions, 

peak movement timing, foot-off-ground events, limb synchronisation, and relative segment 
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positioning were calculated. These features were subsequently compared against predefined 

thresholds (Chow et al., 2020) and temporal windows to create objective pass/fail rules for 

each performance criterion, forming the basis of the heuristics-based classification engine. 

 

Table 6.2   Features Representing TGMD-3 Performance Criteria 

 

Handcrafted 

Feature 

Associated Performance 

Criteria Definition 

(Ulrich, 2013) 

Example of Analysis 

‘lift_window’ “Brief period where both feet are 

off the surface” 

Skills; Gallop & Hop 

Metric; 

Stepping foot heel rise 

 
What's Compared; 

`body_[lead]_heel_z` vs baseline’ 

 
Pass Condition; 

Heel rises above baseline within 2-

second window 

‘both_feet_off_ 

surface’ 

“Brief period where both feet are 

off the surface” 

Skills; Gallop & Hop 

Metric; 

Heel rise above floor 

 
What's Compared; 

`body_[lr]_heel_z` vs within-window 

floor’ 

 
Pass Condition; 

Both heels > 0.02 m above within-

window minimum 

‘non_dominna 

nt_leg_movem 

ent’ 

“Non-hopping leg swings forward 

in pendular fashion to produce 

force” 

Skill; Hop 

Metric; 

Non-dom heel peak timing 

 
What’s Compared; 

`argmax(body_[non_dom]_heel_z)` vs 

`peak_frame` 

 
Pass Condition; 

‘Non-dominant heel_z peak within ±10 

frames of dominant foot apex’ 
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‘non_dominant 

_foot_behind’ 

“trailing foot landing beside or a 

little behind the lead foot (not in 

front of the lead foot) 

Skill; Gallop 

 
“foot on non-hopping leg remains 

behind hopping leg (does not 

cross in front of)” 

Skill; Hop 

Metric; 

Heel x-position 

 
What’s Compared; 

`mean(body_[non_dom]_heel_x)` vs 

`mean(body_[dom]_heel_x)` 

 
Pass Condition; 

Non-dominant heel mean x < 

dominant heel mean x (any 

separation) 

‘elbow_bends’ “Arms are bent and lifted to about 

waist level at takeoff.” 

Skill; Gallop 

 
“Arms flex and swing forward to 

produce force” 

Skill; Hop 

Metric; 

Mean elbow flexion 

 
What’s Compared; 

`left/right_elbow_extension_flexion` vs 

threshold’ 

 
Pass Condition; 

Both elbows > 22.5° flexion within ±5 

frames of hop apex 

'arm_bent_levl’ “Arms are bent and lifted to about 

waist level at takeoff.” 

Skill; Gallop 

**arm_bent_level** — height 

Metric; 

Elbow height vs hip 

 
What’s Compared; 

`body_[lr]_elbow_z` vs 

`body_[lr]_hip_z` ± span 

 
Pass Condition; 

Both elbows within 40% of hip-to-

shoulder span from hip 

‘arm_swing’ “Arms flex and swing forward to 

produce force” 

Skill; Hop 

Metric; 

Wrist peak timing 

 
What’s Compared; 

`argmax(body_[lr]_wrist_z)` vs 

`peak_frame` 

 
Pass Condition; 

Both wrist_z peaks within ±10 frames 

of dominant foot apex 
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‘knees_flexed_ 

arms_behind’ 

“prior to take off both knees are 

flexed and arms are extended 

behind the back.” 

Skill; Horizontal Jump 

**knees_flexed_arms_behind** — 

knee 

Metric; 

Knee flexion angle 

 

  What’s Compared; 

`left/right_knee_extension_flexion` vs 

threshold 

 
Pass Condition; 

Left and right heel rise within ±5 

frames of each other 

‘arms_forward 

_upward’ 

“Arms extend forcefully forward 

and upward reaching above the 

head.” 

Skill; Horizontal Jump 

**arms_forward_upward** — height 

Metric; 

Wrist z vs shoulder z 

 
What’s Compared; 

`body_[lr]_wrist_z` vs 

`body_[lr]_shoulder_z` 

 
Pass Condition; 

Both wrists above shoulder height at 

takeoff (any separation) 

‘feet_together’ “Both feet come off the floor 

together and land together.” 

Skill; Horizontal Jump 

**feet_together** — rise 

Metric; 

Left/right takeoff sync 

 
What’s Compared; 

`left_heel_rise_frame` vs 

`right_heel_rise_frame` 

 
Pass Condition; 

Left and right heel rise within ±5 

frames of each other 
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‘arms_downwa 

rd’ 

“Both arms are forced downward 

during landing” 

Skill; Horizontal Jump 

Metric; 

Wrist z vs hip z 

 
What’s Compared; 

`mean(body_[lr]_wrist_z)` vs 

`mean(body_[lr]_hip_z)` 

 
Pass Condition; 

Both wrists below hip height in landing 

phase (any separation) 

 
Classification Analysis 

 

To assess the accuracy of the deployed heuristic algorithms, classification analysis was 

carried out using the following metrics; accuracy, precision, recall, and F1-score. Thorough 

explanations of these metrics can be found by referring back to the methodology section of 

chapter 3. Importantly, such metrics were derived from comparisons between automated 

heuristic outputs and manually assigned TGMD-3 ground-truth labels by a trained assessor. 

The assessor’s qualifications included a BSc in Sports Performance and an MSc in Coaching 

Science in Sport. The ground-truth scoring procedure involved the assessor providing binary 

‘TRUE’ or ‘FALSE’ statements to each handcrafted heuristic rule representing the distinct 

performance criteria of the TGMD-3 with these summed across both trials for each participant 

and then used to calculate the subsequent F1 scores given by the heuristic rules engine. 

Scoring was blinded to the automated output, however, no measure of intra/inter reliability was 

employed which is deemed a limitation of the analysis.  
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As precision and recall can provide differing perspectives on performance, the F1-score was 

also calculated as their harmonic mean, providing an overall measure of agreement between 

automated and human classifications. Higher values across all metrics indicated stronger 

correspondence between the heuristics engine and the assessor. 

 
Figure 6.3 2D-to-3D Pose Triangulation 

 

Statistical Analysis 

 
Descriptive statistics (mean, median, standard deviation, minimum, and maximum) across 2- 

,3-, and 4-camera configurations for elbow and ankle y-axis variables are presented in 

Appendix Table A.3. As the data violated assumptions of normality, differences between 

camera configurations were examined using Friedman repeated-measures analyses of 

variance (ANOVA). Where significant effects were observed, Durbin-Conover post-hoc 

pairwise comparisons were performed with appropriate adjustment for multiple comparisons. 

Effect sizes were calculated using Kendall’s coefficient of concordance (W) and interpreted as 

negligible (<0.10), small (0.10–0.29), moderate (0.30–0.49), or large (≥0.50). Agreement 

between camera configurations was assessed using Intraclass Correlation Coefficients (ICC; 

2,1), calculated using a two-way random-effects model assessing absolute agreement and is 
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presented in Table 6.4. This approach was selected to quantify the degree of agreement 

between measurements derived from the reduced camera configurations and those obtained 

from the 4-camera configuration. ICC values were interpreted as poor (<0.50), 

moderate (0.50–0.75), good (0.75–0.90), or excellent (>0.90) (Koo & Li, 2016). While not 

considered a criterion-standard motion capture configuration, the 4-camera configuration was 

designated as the de facto comparison condition for agreement analyses as it incorporated 

the greatest number of viewpoints and therefore provided the greatest opportunity to minimise 

joint occlusion and maximise the completeness of the reconstructed kinematic data. Analysis 

was completed using jamovi and python. 

 

6.4 Results 

 

Descriptive statistics for all locomotor skills are reported in Appendix C. Friedman Repeated-

Measures ANOVAs for all three locomotor skills are presented in Table 6.3. The data 

represented in Tables 6.3 and 6.4 are represented through the following variables; left and 

right ankle, left and right elbow with their corresponding data derived from the y-axis. 
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Table 6.3 Friedman Repeated-Measures ANOVA Results Across Locomotor Skills 
* = p < .05 

 

 

 
Skill 

 

 
Variable(s) 

 

 
χ² 

 

 
P 

Significant 

Pairwise 

Comparison(s) 

 
Kendall’s 

W 

 

 
95% CI 

Hop Left Ankle 6.40 .041* 2 vs 4 (p = 0.160 [0.00, 

 (Y-axis)   .011)  0.64] 

Hop Right Ankle 5.70 .058 2 vs 4 (p = 0.142 [0.008, 

 (Y-axis)   .017)  0.571] 

Hop Left Elbow 7.30 .026* 2 vs 4 (p = 0.182 [0.01, 

 (Y-axis)   .006)  0.64] 

Hop Right 5.70 .058 2 vs 4 (p = 0.142 [0.002, 

 Elbow (Y-

axis) 

  .017)  0.57] 

Gallop All 6.40 .041* 2 vs 4 (p = 0.160 [0.00, 

 variables 

(Left/Right 

  .011)  0.64] 

 Ankle, 

Left/Right 

     

 Elbow)      
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Horizontal 

Jump 

Left Ankle, 

Right 

Ankle, Left 

Elbow (Y- 

6.40 .041* 2 vs 4 (p = 

.011) 

0.160 CI 

range: 

[0.00, 

0.64] to 

 axis)     [0.008, 

      0.57] 

Horizontal Right 10.30 .006* 2 vs 3 (p = 0.258 [0.032, 

Jump Elbow (Y- 

axis) 

  .026); 2 vs 4 (p 

< .001) 

 0.73] 

 
 

Friedman repeated-measures ANOVAs revealed significant effects of camera 

configuration across the Hop, Gallop, and Horizontal Jump tasks. Significant pairwise 

differences were consistently observed between the 2-camera and 4-camera 

configurations, while no significant differences were identified between the 3-camera and 

4-camera configurations. Effect sizes were small (Kendall's W = .142–.258), indicating 

that camera configuration had a modest influence on reconstructed kinematic data 

outputs. Overall, the findings suggest that reducing camera configuration from four to 

three cameras had minimal impact on kinematic outputs, whereas further reduction to two 

cameras resulted in measurable differences in reconstruction performance. 

 
Table 6.4   Mean ICC(2,1) Values Across Camera Configurations 

 

Comparison Mean ICC(2,1) Interpretation 

3 vs 4 Cameras 0.99 Excellent 

2 vs 4 Cameras 0.15 Poor 

2 vs 3 Cameras 0.23 Poor 

 
Mean ICC(2,1) values indicated excellent agreement between the 3-camera and 4-

camera configurations (ICC = 0.99), suggesting that reducing the system from four 

cameras to three had minimal impact on kinematic data reconstruction. In contrast, 

agreement involving the 2-camera configuration was poor, with mean ICC values of 0.15 

(2 vs 4 cameras) and 0.23 (2 vs 3 cameras). Examination of the full ICC results (Appendix 

A.4.) revealed that all variables demonstrated excellent agreement between the 3-camera 

and 4-camera configurations (ICC = 0.99– 1.00), whereas comparisons involving the 2-

camera configuration ranged from moderate agreement for some Hop variables (ICC = 

0.51 – 0.69) to poor agreement across most Gallop and Horizontal Jump variables, 

including several negative ICC values. Collectively, these findings indicate that a 3-

camera configuration provides kinematic outputs highly comparable to those obtained 
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using four cameras, whereas further reduction to two cameras substantially reduces 

measurement agreement. 

 

   Table 6.5 Mean Heuristics Rules Performance by Skill and Camera Configuration 
 

Skill Cameras Support 

True 

Support 

False 

Accuracy Precision Recall F1- 

Score 

Hop 2 Cameras 5.00 0.20 0.73 1.00 0.73 0.80 

Hop 3 Cameras 2.80 0.20 0.60 0.60 0.60 0.60 

Hop 4 Cameras 2.80 0.20 0.60 0.60 0.60 0.60 

Gallop 2 Cameras 6.75 1.25 0.50 0.66 0.54 0.51 

Gallop 3 Cameras 5.25 0.75 0.54 0.67 0.60 0.59 

Gallop 4 Cameras 6.00 1.00 0.50 0.64 0.58 0.56 

Horizontal 

Jump 

2 Cameras 3.00 0.00 0.25 0.75 0.25 0.38 

Horizontal 

Jump 

3 Cameras 21.75 0.00 0.25 1.00 0.25 0.37 

Horizontal 

Jump 

4 Cameras 21.75 0.00 0.27 1.00 0.27 0.39 

 
Heuristics – Mean Level 

Mean classification performance varied across skills but remained relatively consistent 

across camera configurations. Hop demonstrated the strongest overall performance, with 

F1-scores ranging from 0.60 to 0.80, alongside precision values between 0.60 and 1.00 

and recall values between 0.60 and 0.73. Gallop produced moderate classification 

performance across all camera configurations (F1 = 0.51–0.59), while Horizontal Jump 

yielded the weakest performance, with F1-scores ranging from 0.37 to 0.39 despite 

precision values reaching 1.00 in both the 3- and 4-camera configurations. Across all three 

skills, differences between the 2-, 3-, and 4-camera configurations were modest, 

suggesting that reductions in camera number had limited influence on overall classification 

outcomes. Rather, classification performance appeared to be influenced more strongly by 

the locomotor skill being assessed than by the camera configuration used. 

 

Ground-truth classifications, represented by the Support True and Support False values, 

provide additional context for these findings. Across all skills, positive classifications 

substantially outnumbered negative classifications, indicating that participants generally 

demonstrated the majority of performance criteria according to the traditional observe and 

grade approach. This pattern was particularly evident for Horizontal Jump, where Support 

False values were absent across all camera configurations, consequently, Horizontal 
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Jump classification metrics should be interpreted with caution. Whilst Table 6.5 provides 

a well-rounded overview of overall classification performance, findings are more notable 

at an independent skill level when scores associated to the handcrafted features are 

considered. An example of such findings for the Gallop are demonstrated below in Table 

6.6. 

 

Table 6.6 Feature-Level Classification Performance of Gallop Heuristics Across Camera 
Configurations 

 

Feature Camera 
Configuration 

Support 
True 

Support 
False 

Accuracy Precision Recall F1- 

Score 

Lift 
Window 

2 Cameras 8 0 1.00 1.00 1.00 1.00 

Lift 
Window 

3 Cameras 6 0 1.00 1.00 1.00 1.00 

Lift 
Window 

4 Cameras 7 0 1.00 1.00 1.00 1.00 

Arm 
Bent 
Level 

2 Cameras 8 0 0.00 0.00 0.00 0.00 

Arm 
Bent 
Level 

3 Cameras 6 0 0.00 0.00 0.00 0.00 

Arm 
Bent 
Level 

4 Cameras 7 0 0.00 0.00 0.00 0.00 

Trail 
Foot 
Behind 

2 Cameras 6 2 0.38 1.00 0.17 0.29 

Trail 
Foot 
Behind 

3 Cameras 5 1 0.50 1.00 0.40 0.57 

Trail 
Foot 
Behind 

4 Cameras 6 1 0.43 1.00 0.33 0.50 

Both 
Feet Off 
Surface 

2 Cameras 5 3 0.63 0.63 1.00 0.77 



173  

Both 
Feet Off 
Surface 

3 Cameras 4 2 0.67 0.67 1.00 0.80 

 

Both 
Feet Off 
Surface 

4 Cameras 4 3 0.57 0.57 1.00 0.73 

 
Heuristics – Feature Level 

Table 6.6 provides an example of the variations demonstrated in feature-level 

classification of process-oriented performance criteria for the Gallop. Feature level results 

for all locomotor skills are demonstrated in Appendix E. While the aggregated skill-level 

results presented in Table 6.5 suggested minimal differences between camera 

configurations, feature-level analysis highlight notable fluctuations between individual 

criteria. Specifically, classification performance ranged from perfect agreement for Lift 

Window (F1 = 1.00 across all configurations) to complete failure for Arm Bent Level (F1 

= 0.00 across all configurations). These findings indicate that overall skill-level metrics 

may obscure considerable variability in the ability of individual handcrafted features to 

operationalise specific TGMD-3 performance criteria. 

 

Differences between camera configurations were most apparent for the Trail Foot Behind 

criterion. Here, the 3-camera configuration produced the strongest performance (F1 = 

0.57), compared with the 4-camera (F1 = 0.50) and 2-camera (F1 = 0.29) configurations. 

Similarly, Both Feet Off Surface achieved its highest performance under the 3-camera 

configuration (F1 = 0.80), with lower values observed for both the 4-camera (F1 = 0.73) 

and 2-camera (F1 = 0.77) configurations. In contrast, Lift Window and Arm Bent Level 

demonstrated identical performance regardless of camera configuration, suggesting that 

certain criteria were either highly robust or consistently sensitive irrespective of the 

underlying kinematic data quality. 
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6.5 Discussion 
 
The aims of the current-pilot study were; (1) Examine the feasibility of operationalising 

TGMD-3 Short Form locomotor performance criteria within an open source markerless 

motion capture pipeline and assess the extent to which its automated decisions agree 

with expert human scoring in an adult proof-of-concept sample and (2)  Uncover the 

minimal viable camera configuration required for accurate classification by an open-

source  markerless motion capture system. The key contribution of the current pilot study 

is the presentation of an entirely open-source markerless motion-capture pipeline (via 

‘FreeMoCap’; Matthis et al. (2022)), with it shown as capable of successfully 

operationalising TGMD-3 Short Form locomotor criteria (Duncan, Martins, et al., 2022; 

Ulrich, 2013) and subsequently generate automated classifications (via rules-based 

heuristics; (Kokash, 2005)) that show meaningful agreement with traditional process-

oriented assessor scoring. While fluctuations were observed in classification performance 

across skills and criteria, the current study’s findings provide preliminary evidence that 

traditional, process-oriented MC assessment can be translated into objective 

computational rules using low-cost consumer hardware and freely available software. 

This is noteworthy given that previous studies which have sought to automate TGMD-3 

assessment have largely relied on proprietary hardware, bespoke software ecosystems, 

or large-scale machine learning models (Bossavit & Arnedillo-Sánchez, 2022; Chow et al., 

2020; Guo et al., 2026; Lander et al., 2025; Maulidiya et al., 2025; McGann et al., 2020). 

 

The current study contributes to the emerging literature base on markerless motion 

capture through the development and evaluation of criterion-specific handcrafted features 

and transparent heuristic rules, transforming qualitative TGMD-3 short form performance 

criteria into objective kinematic classifications. Notable findings emerged from the feature-

level analyses with variability between individual TGMD-3 performance criteria being 

noted to exceed variability between camera configurations. Although Tables 6.3 and 6.4 

demonstrated reduced kinematic agreement when the system was reduced to two 

cameras, overall classification metrics changed only modestly across camera setups.  

 

In contrast, feature-level results revealed substantial differences between criteria. 

Features focused upon the Hop and Gallop (i.e., ‘lift window’, ‘non-dominant foot behind’, 

and ‘elbow bends’) demonstrated strong classification performance, whereas ‘arm bent 

level’ and several Horizontal Jump criteria performed poorly regardless of camera 

configuration. This suggests that the primary challenge was not simply camera quantity, 

https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?E89Y2L
https://www.zotero.org/google-docs/?E89Y2L
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but the extent to which individual TGMD-3 performance criteria could be translated into 

objective kinematic rules. These finding align with previous related research with Harsted 

et al. (2019) and Lerma and Gulgin (2023) both reporting that agreement with criterion-

standard systems varied according to the specific form of movement being assessed. 

Similarly, Chow et al. (2020) demonstrated that markerless locomotor classification was 

feasible using a Kinect v2-based system, reporting agreement with expert raters ranging 

from 66.1% to 87.5% across TGMD-2 locomotor skills. However, performance was not 

uniform across all skills and performance criteria components, indicating that certain 

performance criteria noted in the hop and leap to reach higher levels of agreement than the 

horizontal jump, indicating some skills to be more applicable to markerless assessment 

than others. Chow et al. (2020) further noted certain performance criteria were associated 

with percentage agreement values of less than 60%; for example, performance criterion 

2 and 5 for the hop were associated with percentage agreement values of 43.6% and 

55.7%, respectively. A similar pattern emerged in the current study with several 

handcrafted features including ‘elbow_bends’ and ‘non_dominant_foot_behind’ for Hop, 

and Gallop ‘lift_window’, demonstraing strong classification performance, other features 

such as Gallop ‘arm_bent_level’ and multiple Horizontal Jump criteria consistently 

underperformed regardless of camera configuration. Across the current study and Chow 

et al. (2020), performance criteria linked to discrete spatial instances, such as foot 

position, limb placement, or flight phase, appeared easier to operationalise than those 

requiring interpretation of coordinated upper-limb actions, movement quality, or more 

subjective aspects of technique. Collectively, these findings suggest that the feasibility of 

automated motor competence assessment may depend less on the underlying capture 

technology and more on the extent to which individual performance criteria can be 

translated into objective and measurable kinematic features. 

 

When compared against the findings of Bossavit and Arnedillo-Sánchez (2022), who also 

adopted heuristics, the current findings further support the use of handcrafted heuristics 

for locomotor assessment. Rather than relying on machine-learning models trained on 

largescale, labelled datasets, Bossavit and Arnedillo-Sánchez (2022) translated 

qualitative movement characteristics into explicit decision rules based on kinematic 

features extracted from pose-estimation outputs. Their approach demonstrated that 

several locomotor skill components could be classified with moderate to high levels of 

agreement with human raters (i.e., jump forward (91%), jump high (99%), jump sideway 

(93%), hop (94%) and jog (92%)), highlighting the potential of transparent, interpretable 

algorithms for automated assessment. However, their findings also showed that 
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performance varied across skills and criteria, with some movement components proving 

more difficult to operationalise reliably than others with ‘jump high’ (83.34%) and ‘hop’ 

(74.58%) producing lower accuracies than other skills. It should be noted however that 

the study by Bossavit & Arnedillo-Sánchez, (2023) was centered around a stationary 

integrated assessment application and thus direct comparisons are not possible. The 

authors did however demonstrate that handcrafted heuristics can provide meaningful 

classifications when movement criteria can be clearly defined and represented through 

measurable kinematic features, while also highlighting the challenges associated with 

criteria that are more subjective or difficult to quantify. The current findings follow more 

recent AI-driven approaches to MC assessment. Lander et al. (2025) developed a video-

based deep learning system for automated TGMD-3 assessment using a large paediatric 

sample and reported classification accuracies exceeding 83% across multiple motor skills. 

Similarly, Guo et al. (2026) evaluated the AI-powered KineticAI platform against TGMD-3 

ratings in 200 children and reported strong agreement with human evaluators (ICC = 0.94), 

a strong correlation with TGMD-3 scores (r = 0.92), and relatively low mean absolute 

errors across running, jumping, hopping, and balancing tasks. Collectively, these studies 

demonstrate the growing potential of artificial intelligence and machine learning to support 

automated MC assessment at scale. However, unlike these data-driven approaches, the 

current study employed handcrafted heuristic rules informed directly by TGMD-3 

performance criteria. While classification performance was lower than that reported by 

Lander et al. (2025) and Guo et al. (2026), the approach employed in the current study 

offers a high degree of interpretability allowing for direct examination of how individual 

performance criteria contributed to classification success and failure, which often gets 

overlooked in machine learning research (Hassija et al., 2024; Rudin, 2019).  

 

Importantly, feature-level analyses of the current study revealed that some TGMD-3 

criteria could be operationalised effectively using simple kinematic-derived rules, whereas 

others remained challenging regardless of camera configuration. Whilst these findings 

bring forward the benefit of larger-scale datasets and advanced deep-learning 

approaches, the current study’s feature-level analyses indicate that the primary challenge 

may not be technological, but conceptual. Specifically, several TGMD-3 performance 

criteria presented by Ulrich (2013) lack sufficiently objective definitions to enable 

consistent and robust computational interpretation, regardless of the sophistication of the 

underlying assessment system. Whilst future approaches to assessment centred upon 

automation will undoubtedly benefit from larger datasets, advances in deep-learning 

methodologies, and continued improvements in markerless motion-capture technology, 
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the authors of the current study argue that technological advancement alone will not 

resolve existing limitations. Rather, the current study’s findings highlighted that several 

TGMD-3 performance criteria appeared inherently more difficult to operationalise than 

others, regardless of camera configuration. Process-oriented performance criteria 

associated with discrete kinematic data in the current study generally demonstrated 

stronger classification performance than those reliant on more subjective interpretations 

of movement quality or coordination. This observation aligns with recent commentary 

provided by Ng et al. (2025), in which the argument was presented that many TGMD 

performance criteria lack explicit quantitative thresholds and remain dependent upon 

assessor judgement. Specifically, the authors proposed that the qualitative nature of 

several performance criteria can result in inconsistent interpretation between assessors 

and may limit the extent to which such criteria can be reliably translated into automated 

assessment systems without first establishing clearer operational definitions. Similar 

concerns have previously been raised by Barnett et al. (2014), who reported weaker 

agreement at the individual criterion level than at the overall skill level, while Lander et al. 

(2020) noted the inherent challenges associated with process-oriented assessment and 

argued for the introduction of more objective measurement approaches.  

 

Comparatively however, the current authors, as previously noted in this study and in 

previous chapters of this thesis, highlight the strength of prior research using the TGMD-

3 performance criteria in its traditional capacity to subsequently inform age-appropriate 

MC interventions (Belton et al., 2014; O’ Brien et al., 2015, 2016). More broadly, ML and 

traditional analytical approaches serve related but distinct purposes within MC research. 

Traditional analytical approaches, such as correlation, regression and group-comparison 

techniques, are particularly valuable where research questions concern predefined 

relationships (De Meester et al., 2016), group differences (Behan et al., 2019) or 

hypothesis testing (Bardid et al., 2015), and their outputs are generally straightforward to 

interpret within established conceptual frameworks (Stodden et al., 2008). However, the 

capacity of traditional approaches to model large numbers of interacting variables or 

complex and potentially non-linear relationships may be limited (Salami et al., 2024).  

 

ML approaches instead prioritise predictive performance and pattern identification, 

allowing complex relationships within multidimensional MC data to be modelled with fewer 

assumptions regarding their underlying structure (Bandeira, Estevan, et al., 2025; 

Bandeira, Lemos, et al., 2025). However, increased predictive complexity can come at 

the expense of interpretability, and strong predictive performance should not be 
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interpreted as evidence of causal relationships between variables given the current 

study’s cross-sectional nature and limited sample size assessed. The current study 

demonstrates that computational approaches need not necessarily involve complex 

predictive models with handcrafted heuristic rules (Kokash, 2005) providing a convenient 

approach to solving a problem more efficiently yet accurately, as they have the advantage 

of meeting real-time constraints without relying on largescale datasets (Bossavit & 

Arnedillo-Sánchez, 2022). To this effect, while ML models can classify elaborated body 

motions involving several complex variables, they require largescale datasets and must 

integrate temporal and online information for real-time constraints (Wang et al., 2018). 

Consequently, the continued advancement of automated MC assessment does not serve 

to remove traditional approaches from current use but can serve to support rather than 

outright replace human expert assessment (Bossavit & Arnedillo-Sánchez, 2023). 

However, to achieve this it may require not only improvements in motion-capture and 

computational techniques , but also further refinement of the assessment frameworks 

upon which they are based. Future research should therefore seek to establish objective, 

measurable kinematic definitions for TGMD performance criteria which would allow for 

greater standardisation, reproducibility, and compatibility with other emerging automated 

assessment systems. 

 

The current study’s findings must equally be considered alongside it’s limitations. First, 

the study was conducted as a proof-of-concept pilot investigation involving a small sample 

of adults rather than a paediatric sample for which the TGMD-3 was originally designed. 

Consequently, the findings presented in this study should not be interpreted as evidence 

of criterion validity for full-proof automated TGMD-3 assessment in children, but rather as 

an initial examination of the feasibility of combining markerless motion capture and 

heuristic-based classification for enhanced MC assessment. Future work should naturally 

seek to investigate the outlined approach among a paediatric population, ideally a large 

sample Second, whilst the handcrafted heuristics were developed to operationalise 

process-oriented TGMD-3 performance criteria, alternative feature definitions and 

decision thresholds may have produced different classification outcomes.  

 

Future work should consider expanding upon the definitions and thresholds used in the 

current study for superior classification results. Third, the locomotor subset of the TGMD-3 

Short Form was assessed in isolation, as the markerless motion-capture pipeline utilised 

within this study was unable to reliably track external objects, precluding evaluation of the 

object-control skills. The inability of this system to track object-control skills is a notable 
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limitation given its relevance in promoting long term adherence to physical activity, 

particularly among the female youth demographic (Barnett et al., 2010).Future 

technological advancements should hopefully enable external objects in the not so-distant 

future. Failing that, an analysis of all locomotor skills should be completed on the target 

population. Finally, the study employed a single markerless motion-capture workflow and 

did not compare outputs against a criterion-standard motion-capture system such as 

Vicon. Whilst the four-camera configuration served as a de facto comparison condition for 

internal comparison purposes, future research should evaluate the extent to which the 

observed kinematic patterns and classification outcomes generalise across alternative 

markerless systems, camera configurations, and participant populations. 

 

Conclusion 

 
The current pilot study examined the feasibility of combining an open-source markerless 

motion-capture pipeline with handcrafted heuristic rules to automate classification of 

TGMD-3 short-form locomotor performance criteria (Duncan, Martins, et al., 2022; Ulrich, 

2013). Whilst reductions in camera quantity influenced kinematic data agreement, overall 

classification performance remained relatively stable across configurations, with the 

three-camera setup demonstrating comparable performance to the four-camera reference 

condition. Feature-level analyses revealed that classification success was highly criterion-

dependent, with performance criteria linked to discrete kinematic events generally 

outperforming those reliant on more subjective interpretations of movement quality or 

coordination.The current findings offer practical implications to practitioners by suggesting 

that certain performance criteria components of the TGMD-3 short-form battery can be 

correctly classified using a three-camera configuration. Future work should seek to 

enhance F1 scores by developing algorithms which are less sensitive to external factors 

such as motion blur and signal interference between different equipment (Motti Ader & 

Bossavit, 2023). Whilst such factors can be accounted for, future advances in automated 

MC assessment may depend not only on improvements in motion-capture and ML/AI 

solutions, but also on the continued refinement and operationalisation of existing process-

oriented assessment criteria. Although further research involving larger paediatric 

samples, criterion-standard motion-capture systems, and alternative computational 

approaches is required, the present study provides encouraging preliminary evidence 

supporting the potential of low-cost, markerless technologies for scalable MC 

assessment. 
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7.1 Overview 

This thesis set out to investigate how emerging computational methods could enhance 

the assessment and understanding of motor competence (MC) in children. The preceding 

chapters established the public health importance of MC, its association with physical 

activity (PA) and with perceived motor competence (PMC), and the practical limitations of 

the observational assessment batteries on which the field currently relies. Against that 

background, four studies were undertaken, each addressing a distinct facet of the 

overarching aim. 

The first two studies were analytical. Chapter 3 examined whether machine learning (ML) 

classification could predict individual MC outcomes from other MC and PMC 

assessments, with a view to reducing the testing burden of large-scale screening. Chapter 

4 extended this work by combining ML, post-hoc model interpretability and graph analytics 

to model MC and PMC as an interconnected network and to characterise its age and 

gender specific structure. The remaining two studies concerned measurement 

technology. Chapter 5 presented a conceptual position paper on markerless motion 

capture as a complementary approach to MC assessment, and Chapter 6 evaluated, as 

a proof-of-concept pilot, whether an open-source markerless pipeline could operationalise 

the locomotor performance criteria of the Test of Gross Motor Development, third edition 

(TGMD-3). 

This chapter does not restate the empirical detail of those studies. Instead it answers the 

research questions posed in Chapter 1 (Section 7.2), draws the findings into a single 

argument (Section 7.3), sets out the theoretical and methodological contributions (7.4) 

and the implications for research and practice (7.5), appraises the strengths and 

limitations of the programme of work as a whole (7.6), and proposes a research agenda 

for what should follow (7.7), before offering a concluding statement (7.8) and a brief 

reflexive note (7.9). 

 

7.2 Key Findings 

The thesis was organised around five research questions and their associated 

hypotheses, set out in Chapter 1. Each is addressed in turn below. 

 

Predictive classification of motor competence (Chapter 3) 

The first question asked whether ML classification models could accurately predict 

individual MC outcomes from data derived from other MC and PMC assessments. The 
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hypothesis was that predictive capability would differ across assessments, with some 

skills demonstrating sufficient accuracy. This hypothesis was supported. Drawing on an 

Irish dataset of 2,098 children aged 5 to 12 years (Behan et al., 2019), several skills, most 

notably the catch and the bounce, were predicted with high accuracy (F1 scores above 

0.85), whereas others were predicted far less reliably. The pattern indicates that certain 

assessments demonstrated a degree of predictive overlap with the remaining variables in 

the original dataset. This predictive overlap does not establish however that the 

corresponding assessments are therefore redundant or interchangeable. External 

validation and prospective evaluation of shortened assessment batteries would be 

required before recommending their removal from future iterations of the TGMD-3.  

A related question asked whether predictive performance differed across male, female 

and gender-combined data subsets, with the hypothesis that gender-specific models 

would outperform a combined model. This was also supported. The most accurately 

predicted skill differed by subset: the catch was most accurately predicted in the female-

only (F1 = 0.87) and combined (F1 = 0.85) datasets, whereas the bounce was most 

accurately predicted in the male-only dataset (F1 = 0.86). The redundancy of a given 

assessment is therefore not uniform across gender, which has direct implications for how, 

and for whom, an assessment battery might be streamlined. 

 

Interdependencies via post-hoc model interpretability and graph analytics (Chapter 4) 

The third question asked whether post-hoc model interpretability and graph analytics 

could identify meaningful age and gender specific interdependencies within MC data, with 

the hypothesis that age and gender specific networks would exhibit distinct structures and 

that both MC and PMC variables would act as influential nodes. The hypothesis was 

supported. Modelling MC as a network of interconnected skills rather than as a set of 

isolated assessments revealed that some competencies, notably rolling and the horizontal 

jump, occupied central positions, while others, such as catching and kicking, acted as 

bridges linking broader areas of motor development. Network structure varied 

substantially by age and gender; for example, kicking proficiency among twelve-year-old 

females was associated with PMC variables such as kicking and skipping, whereas 

among nine-year-old males bouncing and sliding AMC proficiencies was linked to PMC 

variables such as Horizontal Jump, Gallop and Two-Handed Strike. Crucially, PMC 

variables were closely intertwined with MC outcomes throughout, indicating that motor 

competence is shaped not only by demonstrated skill but also by how competent a child 

believes themselves to be. 
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Markerless classification and camera configuration (Chapter 6) 

 

The fourth question asked what  the minimal viable camera configuration would be 

required to allow for all three locomotor skills of the TGMD-3 short form to be accurately 

classified by the markerless pipeline ‘FreeMoCap’ (Matthis et al., 2022). The hypothesis 

that all skills could be accurately classified was only partially supported. Classification was 

strongly criterion-dependent: the hop was classified well (F1 0.60 to 0.80) and the gallop 

moderately (F1 0.51 to 0.59), whereas the horizontal jump performed poorly. Importantly, 

because the adult sample passed almost every criterion, the horizontal jump in particular 

yielded too few examples of poor performance for its classification metrics to be 

interpreted as evidence of discrimination. The pipeline therefore demonstrated feasibility 

for some criteria but not for all, and the shortfall was as much a property of the assessment 

criteria as of the technology. The findings provided preliminary evidence of close 

agreement between the three- and four-camera configurations for the movements and 

outcomes examined, whereas the two-camera configuration generally demonstrated 

greater deviation.Agreement between the three and four camera configurations was 

excellent (ICC(2,1)= 0.99), whereas agreement involving the two-camera configuration 

was poor (ICC(2,1) = 0.15 to 0.23). A three-camera configuration therefore offers a 

practical compromise between reconstruction quality and deployment burden. 

 

7.3 Integrated discussion 

 

Considered individually, the four studies address separate questions. Considered 

together, they advance a single argument: that motor competence is a complex, 

interdependent construct that is better interrogated with data-driven and interpretable 

methods than with the repeated group comparisons that have dominated the field, and that 

its assessment can begin to be made more objective and scalable through markerless 

technology, but only as a complement to expert observation whose value depends on how 

clearly the underlying criteria are defined. Two threads run across the thesis and together 

constitute its principal intellectual contribution. 

 

The standing of perceived motor competence 

The first thread concerns PMC. The network analysis in Chapter 4 showed that children's 

perceptions of their own ability were not peripheral but were woven into the structure of 
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the MC network, and in some subgroups, such as twelve-year-old females, were among 

the variables most closely associated with skill proficiency. This finding gives empirical 

weight to the position, advanced conceptually by Stodden et al. (2008), that PMC is an 

active participant in motor development rather than a downstream correlate of it. For 

measurement, the implication is that efforts to streamline or automate MC assessment 

should not treat PMC as an optional extra; the analytical chapters suggest that a fuller 

account of a child's motor development requires both what they can do and what they 

believe they can do. 

 

The operationalisation of assessment criteria 
 

The second thread, which emerges most clearly from Chapters 5 and 6 but is consistent 

with the analytical work, is that the binding constraint on automated assessment may lie 

not in the capture technology but in the assessment criteria themselves. In Chapter 6, 

performance criteria tied to discrete, well-defined kinematic events, such as a foot leaving 

the surface or a limb passing behind another, were operationalised successfully, whereas 

criteria requiring interpretation of coordinated upper-limb action or overall movement 

quality were not, regardless of camera configuration. This mirrors the argument set out in 

Chapter 5 and the concerns raised in the wider literature (Lander et al., 2020; Ng et al., 

2025) that several TGMD criteria rely on qualitative judgement and lack explicit 

quantitative thresholds. The thesis therefore contributes a finding that is conceptual rather 

than merely technical: the progress of automated MC assessment will depend on refining 

the assessment frameworks, not only the instruments that read them. 

 

Augmentation rather than replacement 
 

These threads converge on the stance adopted throughout the measurement chapters, 

namely that computational methods should augment rather than replace established 

assessment. The TGMD and similar batteries are valid, reliable, and have underpinned 

much of what is known about children's motor development, including component-level 

diagnostic work. What the methods examined here add is efficiency, objectivity, scalability 

and interpretability, and they do so most effectively where the construct being measured is 

already well defined. Returning to the developmental model that frames the thesis, the 

contribution to the Stodden et al. (2008) account is therefore methodological: it offers tools 

for measuring and modelling the MC and PMC constructs, and the relationships among 

them, with greater nuance than the inferential methods on which the field has traditionally 
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relied, while making clear that the quality of those measurements remains bounded by the 

quality of the underlying criteria. 

 

7.4 Theoretical and methodological contributions 
 

The thesis makes several contributions that can be separated into methodological and 

substantive categories. Methodologically, it applied ML classification, and subsequently 

model interpretability and graph analytics, to a combined MC and PMC dataset in order 

to characterise skill interdependencies and their variation by age and gender, an 

analytical approach that moves beyond the group-level comparisons that dominate the 

literature. It also produced practical, open-source guidance on camera configuration for 

markerless MC capture, demonstrating that three cameras reproduce four-camera 

reconstructions while two do not, and it presented one of the first fully open-source, 

transparent and reproducible proof-of-concept frameworks for automated TGMD-3 short-

form assessment. 

Substantively, the thesis provides evidence that existing assessment batteries contain 

elements of redundancy that vary by gender, that PMC is more deeply embedded in the 

structure of motor competence than its conventional treatment suggests, and that the 

principal obstacle to automated assessment is the ambiguity of qualitative performance 

criteria. Each of these findings has a direct bearing on how the field designs, delivers and 

interprets MC assessment. 

 

7.5 Implications for research and practice 

For researchers, the analytical chapters suggest that assessment batteries can be 

examined empirically for redundancy and streamlined in a data-driven rather than purely 

pragmatic manner, and that a network perspective offers a richer account of motor 

development than the analysis of skills in isolation. The measurement chapters indicate 

that the most valuable near-term research investment may be in operationalising existing 

criteria into objective kinematic definitions, since this would benefit every automated 

approach regardless of its underlying technology. 

For teachers, coaches and others delivering assessment in schools and community 

settings, the thesis points towards a future in which lower-burden, more scalable 

screening is feasible, while cautioning that the markerless tools examined here are not 

yet validated for use with children and should at present be regarded as promising but 
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preliminary. The three-camera finding offers concrete guidance for anyone seeking to 

balance data quality against practicality in a field deployment. For clinicians, the strongest 

current application is the tracking of within-child change in already-diagnosed conditions 

rather than diagnosis itself, and any clinical use would require diagnostic-accuracy 

evidence in the relevant age range that does not yet exist. 

 

7.6 Strengths and limitations 

The programme of work has several strengths. The analytical studies drew on a large, 

and geographically broad sample of Irish children recruited from 44 schools across 12 

counties and all four provinces lending weight to their conclusions. The methods applied 

were novel to the field and, in the case of the markerless work, were deliberately open-

source and reproducible. Throughout, the thesis maintained a critical and balanced 

stance, benchmarking new approaches against established methods and reporting where 

they performed poorly as well as where they performed well.  

Several limitations should, however, be acknowledged at the level of the programme 

rather than the individual study. First, schools and participants from the original dataset 

were not selected using a national probability-sampling frame and thus the sample should 

not be considered nationally representative. Furthermore, the analytical chapters drew on 

cross-sectional data , which precludes causal or temporal inference and means that the 

direction of the relationship between MC and PMC cannot be established from this work. 

Second, the empirical evaluation of markerless capture in Chapter 6 was a proof-of-

concept conducted with a small sample of adults rather than the paediatric population for 

which the TGMD-3 was designed; because adults pass most criteria, the sample 

contained few examples of poor performance, which limits what can be concluded about 

the system's ability to detect non-proficiency.  

Third, the thesis relied throughout on a single assessment framework, the TGMD, which, 

despite its strengths, does not assess balance and carries the criterion-definition 

limitations discussed above. Fourth, the work was quantitative throughout; it did not 

incorporate the perspectives of the teachers, coaches and clinicians who would ultimately 

use these tools, which would be a valuable addition to future feasibility work. Finally, the 

use of an open-source pipeline, documented camera configuration and explicitly defined 

heuristic rules supports transparency and may facilitate future reproduction of the 

analytical workflow.  Reproducibility was, however, not directly assessed through study 

replication by other researchers or by numerous data collections in different settings 

across separate sessions. Consequently, the findings of chapter 6 demonstrated that 
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feasibility and transparency of the workflow rather than establishing its reproducibility 

across settings. 

 

Future directions 

The research agenda set out in Chapter 5 identified four priorities for advancing 

markerless MC assessment, namely rigorous paediatric validation, standardised 

assessment protocols, robust ethics and data governance, and clear criteria for what 

constitutes sufficient validation before deployment. The empirical work in Chapter 6 began 

to address the protocol element through its camera-configuration analysis, and the 

present thesis allows that agenda to be made more specific. 

The most pressing next step is to evaluate the markerless pipeline in a paediatric sample 

containing genuine variation in proficiency, so that the system's ability to discriminate 

proficient from non-proficient movement can actually be tested. Such work should 

describe and report the human ground-truth scoring in full, including inter-rater reliability, 

document the heuristic rules and thresholds a priori to avoid circularity, and where 

possible benchmark the system against a criterion-standard motion-capture system. In 

parallel, and arguably of equal importance, future research should seek to redefine 

selected TGMD performance criteria as objective, measurable kinematic benchmarks 

while preserving their construct validity, since the thesis suggests this is where the 

greatest gains are available. Standardisation efforts should extend to version control of 

the algorithms, models and software used, so that data captured now remain comparable 

as the technology evolves, a concern that does not arise for stable observational batteries. 

Finally, the analytical findings invite longitudinal designs capable of testing the 

developmental pathways proposed by Stodden et al. (2008), and in particular the 

mediating role of PMC that the network analysis in Chapter 4 brought into focus. 

 

7.7 Reflexive note 

Consistent with the pragmatist position set out in Chapter 1, the methodological choices 

throughout this thesis were governed less by allegiance to a particular tradition than by 

the usefulness of a given method for the problem at hand. That orientation, together with 

a personal enthusiasm for emerging technologies, carries a risk of over-optimism, and I 

have sought to guard against it by benchmarking new approaches against established 

methods, by reporting limitations alongside strengths, and by framing the contributions of 

this thesis as provisional steps that require further validation rather than as finished 

solutions. The conclusions above should be read in that spirit: as evidence-informed 
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contributions to an evolving body of work rather than as settled answers. 

 

 

7.8 Conclusion 

 

The overarching aim of this thesis was to explore how emerging computational 

approaches could be leveraged to improve the assessment and understanding of motor 

competence in children. Collectively, the four studies demonstrate that machine learning, 

post-hoc model interpretability, graph analytics and markerless motion capture each offer 

distinct contributions to longstanding challenges in MC assessment. The analytical 

chapters revealed that MC and PMC exist within a complex, interdependent network in 

which certain assessments carry redundant information and in which perceived 

competence is more influential than its 

conventional treatment implies.  

 

The measurement chapters demonstrated, conceptually and then empirically, that low-

cost, open-source markerless systems can begin to support objective and scalable 

assessment, while showing that their success depends on the operationalisation of 

assessment criteria as much as on the capture technology itself. Taken together, the 

thesis argues that the future of MC assessment lies not in replacing established batteries 

such as the TGMD-3 but in augmenting them through computational methods that 

improve efficiency, objectivity, scalability and interpretability.  

 

Substantial work remains in validation, standardisation and implementation, but the 

evidence presented here indicates that such a future is achievable, and that by combining 

domain expertise in motor development with advances in data science and motion 

capture, researchers and practitioners may be better positioned to identify, monitor and 

support children's motor development at a scale not previously attainable. 
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Appendix B TGMD-3 Criterion Operationalisation, Features and Heuristic 
Rules 

Gallop      

Criterion Metric What's 

Compared 

Pass Condition Configurable 
Variable 

Default 

lift_window Stepping foot 

heel rise 

`body_[lead]
_ 

heel_z` vs 

baseline 

Heel rises above 

baseline 

within 2-

second 

window 

`FPS` 30 fps 
(window 

= fps × 2 

frames) 

arm_bent_level 

— angle 

Mean elbow 

flexion angle 

`left/right_ 

elbow_ 

extension_ 

flexion` vs 

90° 

Both elbows 
within 

±30° of 90° (i.e. 
60°– 

120°) 

`ELBOW_ANGLE_  

TOLERANCE` 

30.0° 

arm_bent_level 

— height 

Elbow height 

vs hip 

`body_[lr]_el

b ow_z` vs 

`body_[lr]_hi
p 

_z` ± span 

Both elbows 

within 40% of 

hip-to-shoulder 

span from 

hip 

`ELBOW_HEIGHT_ 

TOLE RANCE` 

0.4 (fraction 

of span) 

arm_bent_level 

— window 

Analysis 

window 

— ±5 frames 

around step 

peak 

`PEAK_THRESHOLD
_WINDOW` 

5 frames 

trail_foot_behid Heel x-

position 

`mean(bod

y_ 

trail_heel_x

)` vs 

`mean(body
_ 

lead_heel_x)
` 

Trail heel 

mean x < lead 

heel mean x 

(any 

separation) 

— 0 m 

both_feet_off_ 

surface — lift 

Heel rise 

above floor 

`body_[lr]_

he el_z` vs 

within- 

window floor 

Both heels > 0.02 

m above within-

window minimum 

`FLIGHT_LIFT_ 

THRESHOLD` 

0.02 m 

both_feet_off_ 

surface — 

duration 

Consecutive 

airborne 

frames 

— ≥ 2 consecutive 

frames both heels 

are off surface 

`FLIGHT_MIN_ 

FRAMES` 

2 frames 

 

 
Hop 

     

Criterion Metric What's 

Compared 

Pass Condition Configurable 
Variable 

Default 

detect_lift_      

window 

Dominant 

foot heel rise 

`body_[dom] 

_heel_z` vs 

baseline 

Heel rises 

within 2-

second 

window of 

`FPS` 30 fps 
(window 

= fps × 2 

frames) 
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hop start 

non_dominant 

_leg_movement 

Non-dom 

heel peak 

timing 

`argmax(bod 

y_[non_dom] 

_heel_z)` vs 

`peak_frame
` 

Non-dominant 

heel_z peak 

within 

±10 frames of 

dominant foot 
apex 

`NON_DOM_ 

PEAK_TOLERANCE` 

10 frames 

non_dominant 

_foot_behind 

Heel x- 

position 

`mean(body
_ 

[non_dom]_h 

Non-dominant 
heel 

mean x < 
dominant 

— 0 m 

 

  eel_x)` vs 

`mean(body_ 

[dom]_heel_x 

)` 

heel mean x (any 

separation) 

  

elbow_bends Mean elbow 

flexion 

`left/right_elb 

ow_extensio 

n_flexion` vs 

threshold 

Both elbows > 22.5° 

flexion within ±5 

frames of hop apex 

`ELBOW_BE 

ND_THRES 

HOLD` 

22.5° 

arm_swing — 

window 

Analysis 

window 

— ±5 frames around 

hop peak 

`PEAK_THR 

ESHOLD_WI 

NDOW` 

5 frames 

arm_swing Wrist peak 

timing 

`argmax(bod 

y_[lr]_wrist_z 

)` vs 

`peak_frame` 

Both wrist_z peaks 

within ±10 frames of 

dominant foot apex 

`NON_DOM_ 

PEAK_TOLE 

RANCE` 

10 frames 

Horizontal 

Jump 

     

Criterion Metric What's 

Compared 

Pass Condition Configurabl 

e Variable 

Default 

knees_flexed_ 

arms_behind 

— knee 

Knee flexion 

angle 

`left/right_kne 

e_extension_ 

flexion` vs 

threshold 

Both knees > 20.0° 

flexion in windup 

phase (start → 

peak) 

`KNEE_FLE 

X_THRESH 

OLD` 

20.0° 

knees_flexed_ 

arms_behind 

— arms 

Wrist x vs hip 

x 

`mean(body_ 

[lr]_wrist_x)` 

vs 

`mean(body_ 

[lr]_hip_x)` 

Mean wrist x < mean 

hip x in windup 

phase (any 

separation) 

— 0 m 

arms_forward_ 

upward — 

height 

Wrist z vs 

shoulder z 

`body_[lr]_wri 

st_z` vs 

`body_[lr]_sh 

oulder_z` 

Both wrists above 

shoulder height at 

takeoff (any 

separation) 

— 0 m 
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arms_forward_ 

upward — 

forward 

Wrist x vs 

shoulder x 

`body_[lr]_wri 

st_x` vs 

`body_[lr]_sh 

oulder_x` 

Both wrists in front 

of shoulder x at 

takeoff (any 

separation) 

— 0 m 

arms_forward_ 

upward — 

window 

Analysis 

window 

— ±5 frames around 

jump peak 

`PEAK_THR 

ESHOLD_WI 

NDOW` 

5 frames 

feet_together 

— rise 

Left/right 

takeoff sync 

`left_heel_ris 

e_frame` vs 

`right_heel_ri 

se_frame` 

Left and right heel 

rise within ±5 frames 

of each other 

`FEET_TOG 

ETHER_TOL 

ERANCE` 

5 frames 

feet_together 

— land 

Left/right 

landing sync 

`left_heel_lan 

d_frame` vs 

`right_heel_la 

nd_frame` 

Left and right heel 

land within ±5 

frames of each other 

`FEET_TOG 

ETHER_TOL 

ERANCE` 

5 frames 

arms_downwa 

rd 

Wrist z vs hip 

z 

`mean(body_ 

[lr]_wrist_z)` 

vs 

`mean(body_ 

[lr]_hip_z)` 

Both wrists below 

hip height in landing 

phase (any 

separation) 

— 0 m 

 

Wrist z vs hip z `mean(body_ 

[lr]_wrist_z)` 

vs 

`mean(body_ 
[lr]_hip_z)` 

Both wrists below 

hip height in landing 

phase (any 

separation) 

— 0 m 
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Appendix C Descriptive Statistics Across Camera Configurations 

 

Skill Variable Camera Mean Median SD Min Max 

Hop Left Elbow 

Y 

2 734 685 218 324 1264 

Hop Left Elbow 

Y 

3 709 710 208 356 1222 

Hop Left Elbow 

Y 

4 716 730 215 368 1222 

Hop Right Elbow 

Y 

2 191 84.8 274 -99.2 728 

Hop Right Elbow 

Y 

3 158 141 204 -115 693 

Hop Right Elbow 

Y 

4 169 170 206 -118 687 

Hop Left Ankle 

Y 

2 512 429 237 94.5 1004 

Hop Left Ankle 

Y 

3 486 471 206 97.3 957 

Hop Left Ankle 

Y 

4 494 494 209 117 954 

Hop Right Ankle 

Y 

2 373 272 256 -20.1 901 

Hop Right Ankle 

Y 

3 346 335 211 -29.4 860 

Hop Right Ankle 

Y 

4 355 354 213 -4.82 857 

Gallop Left Elbow 

Y 

2 723 687 210 389 1208 

Gallop Left Elbow 

Y 

3 705 747 201 293 1165 

Gallop Left Elbow 

Y 

4 716 776 214 264 1164 

Gallop Right Elbow 

Y 

2 203 73.2 298 -92.0 734 
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Gallop Right Elbow 

Y 

3 198 190 198 -210 697 

Gallop Right Elbow 

Y 

4 212 216 206 -230 693 

Gallop Left Ankle 

Y 

2 523 447 234 248 1033 

Gallop Left Ankle 

Y 

3 513 530 189 151 984 

Gallop Left Ankle 

Y 

4 526 558 198 127 980 

Gallop Right Ankle 

Y 

2 403 270 269 103 948 

Gallop Right Ankle 

Y 

3 394 395 201 5.35 898 

Gallop Right Ankle 

Y 

4 408 427 209 -18.5 893 

Horizontal 

Jump 

Left Elbow 

Y 

2 679 694 51.4 570 739 

Horizontal 

Jump 

Left Elbow 

Y 

3 665 684 77.0 500 765 

Horizontal 

Jump 

Left Elbow 

Y 

4 670 693 82.6 494 777 

Horizontal 

Jump 

Right Elbow 

Y 

2 193 161 91.2 86.9 367 

Horizontal 

Jump 

Right Elbow 

Y 

3 176 201 71.7 13.6 241 

Horizontal 

Jump 

Right Elbow 

Y 

4 179 206 76.1 6.81 251 

Horizontal 

Jump 

Left Ankle 

Y 

2 595 608 55.8 493 690 

Horizontal 

Jump 

Left Ankle 

Y 

3 582 611 73.4 443 674 

Horizontal 

Jump 

Left Ankle 

Y 

4 587 614 79.5 435 676 

Horizontal 

Jump 

Right Ankle 

Y 

2 294 250 94.5 174 469 

Horizontal 

Jump 

Right Ankle 

Y 

3 278 288 74.0 108 395 

Horizontal 

Jump 

Right Ankle 

Y 

4 283 297 77.7 99.3 386 

Mean = arithmetic mean; SD = standard deviation; Min = minimum; Max = maximum. 
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Appendix D Intraclass Correlation Coefficient Absolute Agreement Results 

Across Skills and Camera Configurations 
 

Skill Variable Comparison ICC(2,1) 95% CI Interpretation 

Hop Left Ankle 

(Y) 

3 vs 4 0.995 [0.99, 1.00] Excellent 

Hop Left Ankle 

(Y) 

2 vs 4 0.513 [0.09, 0.78] Moderate 

Hop Left Ankle 

(Y) 

2 vs 3 0.584 [0.20, 0.81] Moderate 

Hop Right Ankle 

(Y) 

3 vs 4 0.995 [0.99, 1.00] Excellent 

Hop Right Ankle 

(Y) 

2 vs 4 0.436 [-0.01, 

0.73] 

Poor 

Hop Right Ankle 

(Y) 

2 vs 3 0.511 [0.09, 0.77] Moderate 

Hop Left Elbow 

(Y) 

3 vs 4 0.995 [0.99, 1.00] Excellent 

Hop Left Elbow 

(Y) 

2 vs 4 0.632 [0.27, 0.84] Moderate 

Hop Left Elbow 

(Y) 

2 vs 3 0.689 [0.37, 0.86] Moderate 

Hop Right Elbow 

(Y) 

3 vs 4 0.994 [0.98, 1.00] Excellent 

Hop Right Elbow 

(Y) 

2 vs 4 0.274 [-0.20, 

0.64] 

Poor 

Hop Right Elbow 

(Y) 

2 vs 3 0.356 [-0.10, 

0.69] 

Poor 

Gallop Left Ankle 

(Y) 

3 vs 4 0.989 [0.97, 1.00] Excellent 

Gallop Left Ankle 

(Y) 

2 vs 4 0.204 [-0.28, 

0.59] 

Poor 

Gallop Left Ankle 

(Y) 

2 vs 3 0.316 [-0.16, 

0.66] 

Poor 

Gallop Left Elbow 

(Y) 

3 vs 4 0.991 [0.98, 1.00] Excellent 

Gallop Left Elbow 

(Y) 

2 vs 4 0.369 [-0.09, 

0.70] 

Poor 

Gallop Left Elbow 

(Y) 

2 vs 3 0.461 [0.02, 0.75] Poor 
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Gallop Right Ankle 

(Y) 

3 vs 4 0.989 [0.97, 1.00] Excellent 

Gallop Right Ankle 

(Y) 

2 vs 4 0.123 [-0.36, 

0.54] 

Poor 

Gallop Right Ankle 

(Y) 

2 vs 3 0.237 [-0.24, 

0.61] 

Poor 

Gallop Right Elbow 

(Y) 

3 vs 4 0.988 [0.96, 1.00] Excellent 

Gallop Right Elbow 

(Y) 

2 vs 4 -0.019 [-0.48, 

0.43] 

Poor 

Gallop Right Elbow 

(Y) 

2 vs 3 0.095 [-0.38, 

0.52] 

Poor 

Horizontal 

Jump 

Left Ankle 

(Y) 

3 vs 4 0.993 [0.98, 1.00] Excellent 

Horizontal 

Jump 

Left Ankle 

(Y) 

2 vs 4 -0.331 [-0.71, 

0.15] 

Poor 

Horizontal 

Jump 

Left Ankle 

(Y) 

2 vs 3 -0.287 [-0.67, 

0.19] 

Poor 

Horizontal 

Jump 

Left Elbow 

(Y) 

3 vs 4 0.993 [0.97, 1.00] Excellent 

Horizontal 

Jump 

Left Elbow 

(Y) 

2 vs 4 -0.114 [-0.55, 

0.35] 

Poor 

Horizontal 

Jump 

Left Elbow 

(Y) 

2 vs 3 -0.082 [-0.52, 

0.37] 

Poor 

Horizontal 

Jump 

Right Ankle 

(Y) 

3 vs 4 0.992 [0.98, 1.00] Excellent 

Horizontal 

Jump 

Right Ankle 

(Y) 

2 vs 4 -0.501 [-0.81, - 

0.05] 

Poor 

Horizontal 

Jump 

Right Ankle 

(Y) 

2 vs 3 -0.412 [-0.76, 

0.06] 

Poor 

Horizontal 

Jump 

Right Elbow 

(Y) 

3 vs 4 0.994 [0.98, 1.00] Excellent 

Horizontal 

Jump 

Right Elbow 

(Y) 

2 vs 4 -0.809 [-0.98, - 

0.49] 

Poor 

Horizontal 

Jump 

Right Elbow 

(Y) 

2 vs 3 -0.762 [-0.95, - 

0.41] 

Poor 
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Appendix E Rules Engine Performance by Skill, Camera Configuration and 
Feature 

 
 
  

 
 
 
 
 
 
 

 
 

Skill Feature Camera 

Configuration 

Support 

True 

Support 

False 

Accuracy Precision Recall F1- 

Score 

Hop Lift 

Window 

2 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Lift 

Window 

3 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Lift 

Window 

4 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Non-

Dominant 

Leg 

Movement 

2 Cameras 3 0 0.33 1.00 0.33 0.50 

Hop Non-

Dominant 

Leg 

Movement 

3 Cameras 3 0 0.00 0.00 0.00 0.00 

Hop Non-

Dominant 

Leg 

Movement 

4 Cameras 3 0 0.00 0.00 0.00 0.00 

Hop Non-

Dominant 

Foot 

Behind 

2 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Non-

Dominant 

Foot 

Behind 

3 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Non-

Dominant 

Foot 

Behind 

4 Cameras 3 0 1.00 1.00 1.00 1.00 

Hop Elbow 

Bends 

2 Cameras 2 1 1.00 1.00 1.00 1.00 

Hop Elbow 

Bends 

3 Cameras 2 1 1.00 1.00 1.00 1.00 

Hop Elbow 

Bends 

4 Cameras 2 1 1.00 1.00 1.00 1.00 

Hop Arm 

Swing 

2 Cameras 3 0 0.33 1.00 0.33 0.50 

Hop Arm 

Swing 

3 Cameras 3 0 0.00 0.00 0.00 0.00 

Hop Arm 
Swing 

4 Cameras 3 0 0.00 0.00 0.00 0.00 
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Gallop Lift 

Window 

2 Cameras 8 0 1.00 1.00 1.00 1.00 

Gallop Lift 

Window 

3 Cameras 6 0 1.00 1.00 1.00 1.00 

Gallop Lift 

Window 

4 Cameras 7 0 1.00 1.00 1.00 1.00 

Gallop Arm Bent 

Level 

2 Cameras 8 0 0.00 0.00 0.00 0.00 

Gallop Arm Bent 

Level 

3 Cameras 6 0 0.00 0.00 0.00 0.00 

Gallop Arm Bent 

Level 

4 Cameras 7 0 0.00 0.00 0.00 0.00 

Gallop Trail Foot 

Behind 

2 Cameras 6 2 0.38 1.00 0.17 0.29 

Gallop Trail Foot 

Behind 

3 Cameras 5 1 0.50 1.00 0.40 0.57 

Gallop Trail Foot 

Behind 

4 Cameras 6 1 0.43 1.00 0.33 0.50 

Gallop Both Feet 

Off 

Surface 

2 Cameras 5 3 0.63 0.63 1.00 0.77 

Gallop Both Feet 

Off 

Surface 

3 Cameras 4 2 0.67 0.67 1.00 0.80 

Gallop Both Feet 

Off 

Surface 

4 Cameras 4 3 0.57 0.57 1.00 0.73 

Horizont

al Jump 

Knees 

Flexed, 

Arms 

Behind 

2 Cameras 3 0 0.00 0.00 0.00 0.00 

Horizont

al Jump 

Knees 

Flexed, 

Arms 

Behind 

3 Cameras 23 0 0.09 1.00 0.09 0.16 

Horizont

al Jump 

Knees 

Flexed, 

Arms 

Behind 

4 Cameras 23 0 0.09 1.00 0.09 0.16 

Horizont

al Jump 

Arms 

Forward 

Upward 

2 Cameras 3 0 0.33 1.00 0.33 0.50 

Horizont

al Jump 

Arms 

Forward 

Upward 

3 Cameras 23 0 0.43 1.00 0.43 0.61 
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Horizontal 

Jump 

Arms 

Forward 

Upward 

4 Cameras 23 0 0.43 1.00 0.43 0.61 

Horizontal 

Jump 

Feet 

Together 

2 Cameras 3 0 0.33 1.00 0.33 0.50 

Horizontal 

Jump 

Feet 

Together 

3 Cameras 23 0 0.35 1.00 0.35 0.52 

Horizontal 

Jump 

Feet 

Together 

4 Cameras 23 0 0.43 1.00 0.43 0.61 

Horizontal 

Jump 

Arms 

Downward 

2 Cameras 3 0 0.33 1.00 0.33 0.50 

Horizontal 

Jump 

Arms 

Downward 

3 Cameras 18 0 0.11 1.00 0.11 0.20 

Horizontal 

Jump 

Arms 

Downward 

4 Cameras 18 0 0.11 1.00 0.11 0.20 

 


