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Abstract  

The application of machine learning and artificial intelligence within the forensic 

science discipline has increased in recent years. The rise of machine learning focused 

research has led to concerns and discourse over algorithmic opacity and transparency 

issues in governmental reports and literature. The application of new technologies in 

forensic anthropology is still relatively new, with their potential and effects still 

unexplored. This thesis seeks to explore uses of machine learning methods and 

medical images at the intersection of forensic anthropology, virtual anthropology, and 

3D forensic science. A multi-output pre-processing pipeline is presented. This pipeline 

facilitates the extraction of digitized resources from skeletal databases such as those 

created in hospitals, streamlining tasks such as dataset manipulation, thresholding, 

and noise removal. Using data generated from the pipeline, this research explores 

machine learning methods for age and sex estimation by employing a novel voxel-

feature approach with three-dimensional image files. The findings of the Decision Tree, 

Random Forest, and Convolutional Neural Network studies demonstrate the feasibility 

of using alternative data and new approaches in forensic anthropology. Furthermore, 

the machine learning studies highlight the importance of establishing fit-for-purpose 

datasets for better algorithmic performances. While the developed models are not yet 

suitable for direct applications, the research offers a step towards automating 

identification using new technologies. Moreover, the work aligns with current global 

concerns, providing insights to age estimation methods for the living. Through the 

empirical work carried out, this thesis raises questions of transparency in forensic 

science with regard to machine learning and artificial intelligence, specifically 

addressing how concepts of algorithmic interpretability and explainability intersect with 

the forensic science process. The contributions of this thesis provide timely insights 

for advancing research and practical applications using machine learning and medical 

images to forensic anthropology and its adjacent fields. 
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Impact Statement  

This doctoral thesis contributes an exploration into alternate resources for virtual 

skeletal material and innovative approaches of machine learning in forensic 

anthropology. This research establishes the feasibility of these alternatives, proving 

substantial implications towards research, training, and education in forensic 

anthropology. The pre-processing pipeline developed using open-source concepts is 

a key contribution. It not only transforms medical images into three-dimensional file 

formats for machine learning and three-dimensional modelling, but also provides 

automated thresholding and noise removal capabilities at an unprecedented scale. 

This automation facilitates and streamlines the construction of large datasets relevant 

to research in forensic and virtual anthropology. The pipeline, now published in an 

open access journal and the source code available on GitHub, may serve to address 

some of the legal, ethical, and socio-cultural challenges related to data acquisition in 

the field of forensic anthropology, thereby enabling equitable access across global 

institutions.  

The machine learning studies focusing on age and biological sex estimation 

contributes a new and alternative methodological approach ï the voxel-feature 

approach. This approach utilising three-dimensional image files, presents a 

methodology to minimize labelling bias when developing machine learning models in 

forensic anthropology. Further, the insights gained from the use of explainability tools 

in machine learning models highlights the potential for the ratification of morphological 

nonmetric traits used in biological profile estimations. Thus, providing the future 

possibility to strengthen the underlying science in forensic anthropology. This thesis 

contributes to the ongoing discourse on algorithmic opacity and transparency in 

forensic science. Through the findings of the research, this thesis underscores the 

need for a nuanced understanding of interpretability and explainability requirements in 

the context of forensic science.  

Finally, the research conducted highlights the importance of fit-for-purpose datasets in 

the development and application of machine learning and artificial intelligence 

systems, particularly in the realm of forensic science and forensic anthropology. While 

this research calls for the use of fit-for-purpose datasets, it also recommends a 

cautionary approach in its application, highlighting potential ethical concerns around 
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healthcare data collection. The impact of the research presented in this thesis extends 

to current global affairs. With the continued global movement and displacement of 

documented and undocumented individuals, methods for age estimation of the living 

is in demand. The models developed provide a research foundation for future work on 

age estimation using medical images, the alternate approach proposed contributes 

towards future developments of more robust and holistic age estimation methods. This 

research serves as a basis for developing an understanding for the ethical and 

effective development and application of machine learning and artificial intelligence for 

practitioners in the domain of forensic science, and the field of forensic anthropology. 
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CƛƎǳǊŜ рΦф /ƭŀǎǎƛŬŎŀǝƻƴ ŀŎŎǳǊŀŎȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǘƘŜ ŎŜƴǎǳǎ ŀƎŜ ōƛƴǎ /bb ƳƻŘŜƭΦ ¢ƘŜ ƳƻŘŜƭ ƛǎ ǎŜǘ ǘƻ ōŀǘŎƘ 
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CƛƎǳǊŜ рΦмл /ƭŀǎǎƛŬŎŀǝƻƴ ŀŎŎǳǊŀŎȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǘƘŜ ŎŜƴǎǳǎ ŀƎŜ ōƛƴǎ /bb ƳƻŘŜƭΦ ¢ƘŜ ƳƻŘŜƭ ƛǎ ǎŜǘ ǘƻ ƛƴƛǝŀƭ 
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CƛƎǳǊŜ рΦмс όŀύ Lƴ ǘƘŜ ǘƻǇ ƭŜƊ ŎƻǊƴŜǊΣ ŎƻƴŦǳǎƛƻƴ ƳŀǘǊƛȄ ƻŦ /bb ƳƻŘŜƭ ǿƛǘƘ нлπȅŜŀǊ ŀƎŜ ōƛƴ ƭŀōŜƭƭƛƴƎ ŀƴŘ ƴƻ 
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CƛƎǳǊŜ рΦму ! о5 ǎŀƭƛŜƴŎȅ ƳŀǇ ŎǊŜŀǘŜŘ ŦǊƻƳ ǘƘŜ ŦŜŀǘǳǊŜ ƛƳǇƻǊǘŀƴŎŜ ǾŀƭǳŜǎ ƻŦ ǘƘŜ /bb нл ƳƻŘŜƭΦ ............. мур 

CƛƎǳǊŜ сΦм /ƭŀǎǎƛŬŎŀǝƻƴ ŀŎŎǳǊŀŎȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǎŜȄ ŎƭŀǎǎƛŬŎŀǝƻƴ wC ƳƻŘŜƭ ǎŜǘ ǘƻ ƳŀȄƛƳǳƳ ŘŜǇǘƘ ƻŦ млΦ 

¢ƘŜ ǇŜǊŦƻǊƳŀƴŎŜ ŘƛũŜǊŜƴŎŜǎ ǿŜǊŜ ǘǊŀŎƪŜŘ ŀǎ ƴǳƳōŜǊ ƻŦ ŜǎǝƳŀǘƻǊǎΣ ƳƛƴƛƳǳƳ ǎŀƳǇƭŜǎ ƭŜŀŦΣ ŀƴŘ Ŏƭŀǎǎ 

ǿŜƛƎƘǘ ǿŜǊŜ ŀŘƧǳǎǘŜŘΦ ........................................................................................................................ мфс 

CƛƎǳǊŜ сΦн /ƭŀǎǎƛŬŎŀǝƻƴ ŀŎŎǳǊŀŎȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǎŜȄ ŎƭŀǎǎƛŬŎŀǝƻƴ wC ƳƻŘŜƭ ǎŜǘ ǘƻ ƳŀȄƛƳǳƳ ŘŜǇǘƘ ƻŦ нлΦ 

¢ƘŜ ǇŜǊŦƻǊƳŀƴŎŜ ŘƛũŜǊŜƴŎŜǎ ǿŜǊŜ ǘǊŀŎƪŜŘ ŀǎ ƴǳƳōŜǊ ƻŦ ŜǎǝƳŀǘƻǊǎΣ ƳƛƴƛƳǳƳ ǎŀƳǇƭŜǎ ƭŜŀŦΣ ŀƴŘ Ŏƭŀǎǎ 
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CƛƎǳǊŜ сΦо /ƭŀǎǎƛŬŎŀǝƻƴ ŀŎŎǳǊŀŎȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ǎŜȄ ŎƭŀǎǎƛŬŎŀǝƻƴ wC ƳƻŘŜƭ ǎŜǘ ǘƻ ƳŀȄƛƳǳƳ ŘŜǇǘƘ ƻŦ олΦ 

¢ƘŜ ǇŜǊŦƻǊƳŀƴŎŜ ŘƛũŜǊŜƴŎŜǎ ǿŜǊŜ ǘǊŀŎƪŜŘ ŀǎ ƴǳƳōŜǊ ƻŦ ŜǎǝƳŀǘƻǊǎΣ ƳƛƴƛƳǳƳ ǎŀƳǇƭŜǎ ƭŜŀŦΣ ŀƴŘ Ŏƭŀǎǎ 
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Chapter 1  Introduction 

The aim of this research is to explore the use of medical images and machine learning 

to address methodological issues such as method subjectivity and validation on 

modern populations/datasets that are currently faced in forensic anthropology and by 

extension forensic science. While the use of medical images and machine learning is 

not novel, even in the field of forensic anthropology, the approaches generated from 

the acquired data are novel. This thesis presents a new framework for pre-processing 

healthcare data in forensic anthropology, and an alternative approach for analysing 

the processed healthcare data in the form of three-dimensional image files using 

machine learning algorithms. 

1.1 Overview 

Forensic science is the scientific endeavour which contributes towards crime 

reconstruction, criminal investigations, and the delivery of justice (humanitarian cases, 

investigations in natural deaths). The application of this multidisciplinary field of study 

is vast and wide reaching in its application (Caddy and Cobb 2004; Mennell and Shaw 

2006). However, published literature and key governmental reports have expressed 

concerns and criticisms with regard to the lack of rigorous scientific research 

underpinning the methods, and impacting the reliability and validity of its outputs 

(National Research Council (U.S.) 2009; Law Commission 2011; Walport, Craig, 

Claire and Surkovic 2015a; Presidentôs Council of Advisors on Science and 

Technology 2016; House of Lords 2019). The scrutiny surrounding the admissibility, 

reliability and validity of evidence collected and generated from the established 

methods have been increasingly discussed in the published literature with a particular 

focus on the existing evidentiary standards (Christensen 2004; Grivas and Komar 

2008; Christensen and Crowder 2009). The methodologies used in forensic 

anthropology and other identification sciences were specifically highlighted by the 

National Academy of Science (2009) and President's Council of Advisors on Science 

and Technology (2016) reports to be reliant on user experience and subjectivity. These 

concerns have led to recommendations of increasing peer-reviewed validation 

studies, developing rigorous research and reproducible methods, and incorporating 
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emerging technologies and innovation to develop a robust evidence base for more 

transparent inferences and evaluative interpretation. 

Establishing the biological profile of the deceased is the traditional task of the forensic 

anthropologist (Ubelaker 2018). The construction of the profile is typically achieved 

through estimation methods of ancestry (more recently known as population affinity), 

sex, age-at-death, and stature. Estimation methods can be categorised into nonmetric 

and metric approaches. Morphological (nonmetric) methods rely on the visual 

assessment of specific skeletal features, which is used to assign an ordinal rating 

based on predefined classes associated with specific biological sexes, ancestries, and 

age groups (Brooks and Suchey 1990; Hefner 2009; Klales, Ousley and Vollner 2012). 

Whereas metric methods rely on measurements of linear distances of skeletal 

anatomy or between skeletal traits, which are used in statistical methods to produce 

estimations of stature, sex, or ancestry (Trotter 1970; Spradley and Jantz 2011; 

Spradley 2014). It has been shown that estimation methods, specifically nonmetric 

methods based on visual assessments of morphology, are reliant on observation, 

specialised expertise, and limited by cognitive biases in their interpretations (Dirkmaat 

et al. 2008; Nakhaeizadeh, Dror and Morgan 2014; Nakhaeizadeh and Morgan 2015). 

In response to these findings, there has been an increase in published studies focused 

on calibrating existing nonmetric estimation methods of sex and age (Kenyhercz 2012; 

Lottering et al. 2013; G·mez-Vald®s et al. 2017; Kenyhercz et al. 2017; Klales and 

Cole 2017). Traditional approaches to estimation methods in forensic anthropology 

have typically involved the physical examination of skeletal material. New approaches 

involving medical imaging are showing that it is possible to replicate óphysicalô forensic 

anthropology methods using digital data in virtual environments (Ramsthaler et al. 

2010; Slice and Algee-Hewitt 2015; Blaszkowska, Flavel and Franklin 2019; Bertsatos 

et al. 2020).  

Approaches for using digital data have been taken even further with recent increases 

in machine learning studies in forensic anthropology and virtual anthropology to 

generate classification algorithms for ancestry, sex, and age (Hefner and Ousley 2014; 

Santos, Guyomarcôh and Bruzek 2014; Nikita and Nikitas 2020; Spiros and Hefner 

2020; Toneva et al. 2021; Cao et al. 2022; Joshi and Tallman 2023). While the current 

published literature has shown that it is possible to utilise machine learning and 
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artificial intelligence approaches in age and sex estimation to produce accurate 

estimation/classification models using medical images (Chen et al. 2020; Klales 

2020a; Nikita and Nikitas 2020; Ortiz et al. 2020; Spiros and Hefner 2020; Imaizumi et 

al. 2021; Pham et al. 2021; Toneva et al. 2021), the recent expansion of research 

studies has primarily focused on using black box algorithms such as random forest, 

neural networks, and support vector machine which are unexplainable when used and 

presented in isolation. Therefore, there is a challenge to explore the potential of 

interpretable or explainable machine learning models which addresses concepts from 

forensic science, forensic anthropology, explainable artificial intelligence, and machine 

learning, using datasets rooted in medical imaging and 3D image data from a UK 

population. 

1.2 Aim and Research Questions 

The aim of this thesis is multi-faceted; the empirical work carried out explores the 

possibility of using machine learning in forensic anthropology, specifically in age and 

biological sex estimation. It seeks to explore alternative approaches to traditional 

forensic anthropological methods through medical images. The methods developed 

from the empirical work carried out explores the use of medical images, namely 

computed tomography (CT) data, in forensic anthropology. The implications of this will 

contribute to the growing trends using virtual anthropology and 3D forensic science 

alongside advancing technologies such as machine learning and artificial intelligence. 

The machine learning models developed will be used to examine whether skeletal 

features from CT data in three-dimensional file formats can achieve age and biological 

sex classifications. 

The following research questions were formed to achieve the aim set out above: 

1. Are the medical images extracted from healthcare databases suitable for 

forensic anthropology, specifically for the application of machine learning? 

2. Can the extracted CT data of the pelvis be used for age and sex classification 

in three-dimensional machine learning? 

3. Can the skeletal features in the CT data form classifiers in machine learning 

models for biological profile parameter estimation?  



21 

 

In order to address the research questions, a large-scale dataset was acquired, and 

several machine learning studies were designed and undertaken. The large-scale 

dataset was used to design, develop, and test a pre-processing pipeline which 

provided the necessary file types for machine learning in forensic anthropology 

(research question 1). Research question 2 and 3 were addressed through conducting 

artificial intelligence studies on age and biological sex classification using different 

types of machine learning algorithms. This thesis seeks to contribute to the existing 

knowledge base (morphological nonmetric based estimation methods using bones) 

and explore alternative approaches through techniques and resources found in 

medical imaging and computer science to minimize associated bias issues so that it 

can be reliably used as a valid evidence base in support of crime reconstruction. The 

methodology developed from this study could be adapted to further explore the use of 

CT data and virtual 3D models in forensic anthropology. 

1.3 Thesis Structure 

This thesis is structured as follows: 

Chapter 2 is an extensive review of the available literature across the various domains 

covered in the research. The purpose of this review is to provide the necessary context 

and knowledge to identify and justify the gaps in the existing research addressed by 

this thesis. The research presented in this thesis is multidisciplinary and 

interdisciplinary, and the main disciplines that form the intersection for this project are 

addressed. The first part of the literature review provides an overview of forensic 

science and discusses the issues and scrutiny in recent literature, the intersection 

between forensic science and law, and the concepts in crime reconstruction. The 

second part of the literature review covers concepts in forensic anthropology, 

specifically the biological profile. This is followed by a detailed insight into the various 

concepts of óageô in medicolegal contexts and how forensic age estimation is currently 

conducted. The final part of the literature review provides a broad overview of medical 

imaging, virtual anthropology, and machine learning. This section presents the current 

research at the intersection of the three fields and highlights some of the limitations 

with regard to transparency and explainability. 
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Chapter 3 discusses the materials, its relevance, limitations, and process of 

acquisition. This chapter also presents a pipeline created from the described materials 

for pre-processing healthcare data. The pipeline was designed using open-source 

resources and principles. Each section of the pipeline is described in detail to highlight 

their specific functions with regard to processing the input data. The pipeline was 

designed to generate and transform medical images into file formats relevant to 

machine learning and 3D modelling in forensic anthropology, virtual anthropology, and 

3D forensic science. In the context of the present thesis, CT data was transformed into 

a relevant file format for the planned machine learning studies, thereby contributing to 

addressing research question 1. 

Chapter 4 addresses research questions 2 and 3, and presents the first two machine 

learning studies conducted for this thesis. Decision tree and random forest algorithms 

were used to explore age classification through a novel approach ï the voxel-feature 

approach. This chapter focuses on the feasibility of using interpretable algorithms for 

3D machine learning. Both studies are presented in tandem with each other. The 

studies indicated that the algorithms chosen were feasible in the application of the 

voxel-feature approach, however, it also uncovered potential issues in the dataset. 

Chapter 5 presents the third machine learning study conducted for this thesis. This 

study focused on applying convolutional neural network, a deep learning method, to 

age estimation in forensic anthropology. The study was designed to apply the voxel-

feature approach for age classification using a convolutional neural network to assess 

the feasibility of the algorithm and any potential improvements to classification 

accuracy compared to the previous two studies in Chapter 4. The findings of this 

chapter provide further insights into the dataset issues experienced in the studies 

presented in Chapter 4. 

Chapter 6 presents the fourth machine learning study conducted for this thesis. This 

study focuses on applying the voxel-feature approach on to biological sex 

classification using the random forest algorithm. This research was designed to assess 

the feasibility of the new approach on sex estimation and develop an understanding 

of the limitations brought on by the dataset. The findings of this chapter alongside 

Chapters 4 and 5 contribute to addressing research questions 2 and 3.  
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Chapter 7 draws on the findings of the four technical chapters to present an 

overarching discussion. This chapter presents the implications of the pre-processing 

pipeline and its potential contributions to research, training, and teaching in forensic 

anthropology. The study results with regard to utilising machine learning in forensic 

anthropology, and forensic science are presented. The discussion further highlights 

the trade-offs between accuracy and algorithmic interpretability. Moreover, the 

discussion brings attention to the ambiguity in the concept of transparency in forensic 

science with regard to machine learning and artificial intelligence. To finish, limitations 

of the thesis and future directions and potential future work are discussed. 

Chapter 8 presents the findings of each chapter in relation to the research questions. 

This chapter concludes that alternate approaches to acquisition and analysis of data 

is possible in forensic anthropology. Furthermore, given the findings and results of the 

studies conducted, there are considerations regarding concepts of transparency in 

forensic science that needs to be addressed should the use of machine learning 

become routine in this domain. 

1.4 Additional Considerations 

Chapter 3 and parts of the literature review for this thesis have previously been 

published in a peer review journal (see Appendix A). In addition, Chapter 4 (age 

classification using decision trees and random forests), Chapter 5 (age classification 

using convolutional neural network), and Chapter 6 (biological sex estimation using 

random forest) are currently in preparation for publication (see Appendix A). 
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Chapter 2  Literature Review 

2.1 Forensic Science 

Forensic science is an multidisciplinary domain where a broad range of disciplines, 

stakeholders, and practitioners of varying expertise take part, contribute, and intersect 

to deliver valuable and complex information to support the justice system (Morgan 

2019; Weyermann and Roux 2021). It has been defined as a series or collection of 

scientific techniques used to support a criminal investigation (Locard 1920), while in 

its development as a scientific discipline see it as a profession bridging law and 

science (Kirk 1963). However, some later publications and literature has highlighted 

the debate on what exactly forensic science should be, sometimes referring to it as an 

applied science, a profession, or a collection of methods (Locard 1920; Kirk 1963; 

Inman and Rudin 2000, 2002; National Research Council (U.S.) 2009; Ribaux et al. 

2010). With the range of definitions in mind, forensic science is the amalgamation of 

everything that has been proffered in literature. It is the application of any science and 

their methods for the resolution of disputes pertaining to criminal or civil law (Caddy 

and Cobb 2004; Mennell and Shaw 2006). By this definition, forensic science plays an 

important and significant role involved in the detection, investigation, and reduction of 

crime (Mennell and Shaw 2006; Ribaux and Talbot Wright 2014). As an innately 

multidisciplinary field of study and application intertwined with law and policy; the 

reliability, robustness and transparency of concepts, techniques and procedures are 

of paramount importance (Morgan 2017a). Though forensic science may encompass 

a multitude of fields and disciplines, it is at its core, a science and as such applies 

scientific methodologies and techniques to matters of law. As forensic science 

operates within an uncertain and scrutinising environment where legal and political 

structures intersect, it must constantly adapt to emerging technologies and 

methodologies from the wider scientific community so it can make a contribution to the 

justice system (Walport, Craig, Claire and Surkovic 2015a). 

2.1.1 Issues and Scrutiny 

Scrutiny of forensic science is not a recent phenomenon. The call for an evidence base 

to underpin evaluative interpretation can be seen in The Ontogeny of Criminalistics 

(Kirk 1963) penned over half a century ago. The concerns posited by Kirk (1963) in 
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his monography continues to remain relevant despite the passage of time. The lack of 

probability consideration and bias mitigation when applied to evidence interpretation, 

evaluation and communication have risen to the forefront of the forensic science 

community. The calls for urgent development steadily became a constant topic of 

contention over the years and developed into scrutiny of the analysis, handling, and 

interpretation of data in forensic science (The House of Commons Science and 

Technology Committee 2005; National Research Council (U.S.) 2009; Law 

Commission 2011; Presidentôs Council of Advisors on Science and Technology 2016; 

The House of Lords Science and Technology Select Committee 2019). 

The deep scrutiny seemingly initiated by the National Academy of Science (NAS) in 

the United States (2009), has led to follow-up studies and reports by the UK Law 

Commission (2011), the Government Chief Scientific Advisor in the United Kingdom 

(Walport, Craig, Claire and Surkovic 2015a), the Presidentôs Council of Advisors on 

Science and Technology (PCAST) (2016), the House of Commons Science and 

Technology Committee (2016), and the House of Lords Science and Technology 

Committee (2019) to examine forensic science. These inquiries and their 

recommendations have identified the need to fortify forensic science by reviewing its 

standards and processes primarily through quality systems, policies and procedures 

(Kirk 1963; De Forest 1999; National Research Council (U.S.), National Research 

Council (U.S.) and National Research Council (U.S.) 2009; Margot 2010, 2011; Law 

Commission 2011; Mnookin et al. 2011; Roux, Crispino and Ribaux 2012; Ribaux and 

Talbot Wright 2014; Walport, Craig, Claire and Surkovic 2015b; Presidentôs Council of 

Advisors on Science and Technology 2016; Tully 2018; Morgan and Levin 2019; 

Pietro, Kammrath and De Forest 2019; Weyermann and Roux 2021). In addition to the 

quality systems and procedures, academic groups have also called for the 

strengthening of evidence bases for óevaluative interpretationô, through which a healthy 

research culture can be developed within the forensic science disciplines (Mnookin et 

al. 2011; Morgan 2017a, 2017b; Tully 2018). Thereby realigning forensic science as 

an multidisciplinary domain which adapts existing and emerging technologies and 

high-quality standards for the detection of evidence and providing the underpinning 

science for evidence analysis and evaluative interpretation (Roux, Crispino and 

Ribaux 2012; De Kinder and Pir®e 2020; Roux, Willis and Weyermann 2021). As it 

currently stands, the published reports have echoed concerns over the lack of 
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consistency, reliability, and scientific validation behind many of the methods, 

standards, and techniques that forensic scientists utilise in practice. These concerns 

and shortcomings were confirmed through evaluative research (Dror, Charlton and 

P®ron 2006; Koehler 2008; Chisum and Turvey 2011; Nakhaeizadeh, Dror and Morgan 

2014) and it is increasingly accepted that where expertise and experience are relied 

upon for the observation and probabilistic evaluation of evidential materials such as 

DNA profile interpretations, forensic anthropology, and fingerprint analysis, there is 

vulnerability to variance in conclusions (Christensen and Crowder 2009; Dror and Cole 

2010; Busey and Dror 2011; Nakhaeizadeh, Dror and Morgan 2014). The issue of 

methods that are inherently subjective was also highlighted in the National Academy 

of Science (2009) and PCAST (2016) reports which emphasised that some of the 

methods used in forensic identification sciences such as fingerprints, bitemark 

analysis and tool mark identification are inconsistent and unreliable across examiners 

(National Research Council (U.S.) 2009; Presidentôs Council of Advisors on Science 

and Technology 2016). 

2.1.2 Forensic Science and Law 

The concerns highlighted by published findings from inquiries and the criticisms of 

forensic science methods are not unfounded, studies reviewed by published reports 

show that there is variability in evaluative interpretation (Koehler 2017; Koehler, 

Mnookin and Saks 2023). In adversarial law systems, it is established that the role of 

the forensic expert witness is to provide reliable evidence and analysis using rigorous 

procedures so that the trier of fact is able to consider all relevant elements of the case 

to deliver and determine a verdict (Thompson 2011; Ligertwood and Edmond 2012; 

Evett 2015). In court systems where the reliability of the submitted evidence are of 

vital importance, guidelines and standards have been put in place as a result of 

landmark court cases (Poland 1997; Kang 2018). The Daubert standard was 

established following the ruling of United States Supreme Court case: Daubert v. 

Merrell Dow Pharmaceuticals, Inc (1993). The purpose of the standard is to allow the 

trial judge to assess whether the methodology used to acquire and/or analyse the 

evidence is valid through a series of admissibility criteria. The criteria set out by the 

Daubert standard examines the scientific dependability and significance of the 

techniques and theories in question, requiring the submitted evidence in court to be 
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verifiable, peer-reviewed, published with known error rates and be widely accepted by 

the relevant scientific community (Daubert v. Merrell Dow Pharmaceuticals, Inc. 1993). 

The evidentiary standard in the American court system was further bolstered by two 

additional landmark cases, General Electric Co. v. Joiner (1997) and Kumho Tire Co. 

v. Carmichael, (1999) to form the Daubert trilogy, codified in the Federal Rule of 

Evidence 702. This set of standards allows the judge to act as the gatekeeper to 

prevent evidence that are deemed inadmissible to appear in court (Grivas and Komar 

2008). While Daubert trilogy has introduced a new set of evidentiary standards and 

admissibility standards which has been advocated by proponents of strict scientific 

scrutiny (Bernstein and Jackson 2004), some have stated that the trilogy has a limiting 

effect on expert testimonies, where studies have been deemed unreliable and 

dismissed by single flaws (Heinzerling 2006; Kelly 2006; Baker and Desmond 2011). 

As a result of debate and doubt, only 27 states in the United States of America have 

adapted or partially adapted the Daubert trilogy (Mueller, Kirkpatrick and Richter 

2018). 

The aforementioned series of evidentiary guidelines found in the American legal 

system is not practised nor present in England and Wales. Instead, in the Criminal 

Procedure Rules 2014, pts 33(1-9), SI 2014/1610 present the criteria for expert 

evidence with the main objective of the various parts, ultimately stipulating that the 

findings submitted by the expert must be unbiased objective opinions based on their 

expertise and justified through the expertôs qualifications. This approach in the UK 

legal system places a heavy emphasis on the expertôs relevant experience and 

accreditation of crime laboratories instead of the reliability of the literature or theories 

which the expert utilised in reporting the findings and analysis (R. v Weller, 2010). This 

ólassez faireô judicial approach to admissibility of expert evidence in England and 

Wales has been highlighted by the Law Commission report and it has also been noted 

that too much expert evidence is admitted without sufficient scrutiny (Wheate and 

Jamieson 2009; Law Commission 2011; OôBrien, Nic Daeid and Black 2015). It can be 

seen that despite justice systemsô best efforts to implement requirements for legal 

admissibility of evidence, there are still challenges with regard to robustness of 

evaluative interpretation, standards of forensic science methods and understanding 

inherent thresholds to risk and uncertainty in probabilistic evidence. It has therefore 

been recommended by governmental reports and researchers that there should be a 
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financial investment into peer-reviewed validation studies, development of transparent 

and robust methods and techniques that have the potential to be automated 

(Presidentôs Council of Advisors on Science and Technology 2016; Morgan and Levin 

2019). The additional funding, alongside the development of a strong research culture 

would generate a competitive research environment where experimental studies will 

be able to offer valuable empirical data to validate methods, underpin evaluative 

interpretations and generate novel techniques (The House of Commons Science and 

Technology Committee 2005; National Research Council (U.S.) 2009; Silverman 2011; 

Presidentôs Council of Advisors on Science and Technology 2016; Morgan 2017a, 

2017b; House of Lords 2019). 

2.1.3 Crime Reconstruction 

In light of the significant discussion surrounding the concerns in forensic science, 

many have identified the need to shift the technique and practice driven model of 

forensic science to a more philosophical and intelligence-led approach (Roux, Crispino 

and Ribaux 2012; Morgan 2017a). Crime reconstruction is a cyclical process which 

aims to develop, discriminate, and refute hypotheses generated by the actions, objects 

(e.g. evidence), and individuals (e.g. victims and offenders) using knowledge, 

evidence and expertise from institutions and individuals until the actions and events 

surrounding the crime are determined (Chisum and Turvey 2011; Ribaux and Talbot 

Wright 2014; Morgan et al. 2020). Therefore, it is an intricate undertaking which 

requires a holistic understanding of the ecosystem in which forensic science resides 

in (Morgan et al. 2020). As forensic science sits at the intersection of science, law, 

policy and investigation (Morgan 2017a, 2017b; The House of Lords Science and 

Technology Select Committee 2019), its can play a substantial role in crime 

reconstruction. To offer effective insights for crime reconstruction, the forensic science 

ecosystem must be considered as outlined by the FoRTE model developed by Morgan 

(2017a). This conceptual framework initially developed for trace materials presents a 

holistic approach which highlights four core components: the forensic science process, 

evidence base, the interaction of different forms of evidence, and expertise and human 

decision making (Morgan, 2017a). These four components are presented as an 

integrated approach to form the forensic science contribution to crime reconstruction 

(Morgan et al. 2020). 
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The forensic science process (FSP) is a multistage process that interacts with factors 

related to crime, expertise and evidence to produce a coherent and robust 

understanding of the events that occurred from crime scene to court (Jamieson 2008; 

Margot 2011; Roux, Crispino and Ribaux 2012; Morgan 2017a). Multiple versions of 

the FSP have been iterated throughout the published literature. Inman and Rudin in 

2002 presented the six concepts they considered key to the scope and framework of 

evidence and forensic science: divisible matter, transfer, identification, 

individualization, association, and reconstruction. These concepts were further 

elaborated upon by Morgan and Bull (2007) and have since been modified to the six 

core tenets of physical trace evidence. The framework designed by Morgan and Bull 

(2007) critically challenged the concept of individualisation and association found in 

the Inman and Rudin model (2002). The 2007 framework favoured the application of 

as many relevant and independent techniques as possible to exclude samples instead 

of associating and matching collected samples to the crime (Morgan and Bull 2007). 

The core tenets of this framework initially designed for forensic geoscience can be 

extended to most if not all aspects of forensic science as the tenets are applicable 

across scientific disciplines. The tenets are: division & transfer of matter, persistence 

and tenacity, collection, analysis (identification), interpretation, and presentation 

(Morgan and Bull 2007). These tenets, much like the six concepts are interlinked and 

depend upon each other to effectively achieve accurate, reliable and robust 

interpretations of evidence in forensic investigations (Morgan et al. 2009). Finally, in 

the 2017 FoRTE model, the process is condensed and distilled into four distinct 

segments; crime scene, analysis, interpretation, intelligence/evidence (Morgan, 

2017a). These concepts, segments and tenets presented by the frameworks could be 

interpreted as the essential elements of the FSP and whilst there are minor differences 

in the frameworks of FSP in the published literature, the fundamental concept of 

analysis/identification, interpretation and evaluation is ever-present throughout each 

iteration (Inman and Rudin 2002; Morgan and Bull 2007; Morgan 2017a). The 

continued presence of these concepts across frameworks demonstrates their 

significance in the FSP as it enables the formulation of the essential questions 

pertaining to the forensic investigation and allows institutions and individuals to 

establish the meaning behind each element in question for crime reconstruction 
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(Inman and Rudin 2002; Jamieson 2008; Ribaux and Talbot Wright 2014; Morgan 

2017a). 

Crime reconstruction and expertise 

As mentioned above, the FSP is supported by three other components found in the 

FoRTE model that is the forensic contribution to crime reconstruction. The interaction 

between expertise and evidence is also a challenging point to the stages found in FSP 

(Morgan et al. 2020). Crime, no matter how similar the motives or consequences, is 

unique to each event. Therefore, the reconstruction of said event is by default also 

unique (Chisum 2006). In addition to this, evidence, especially physical, trace 

evidence is highly variable (Morgan 2017a). Evidence may not present in pristine 

conditions, adding another layer of complexity and ambiguity to the decisions that 

need to be made during the stages found in the FSP (Morgan et al. 2020). To further 

this point, studies across forensic science have shown that the nonideal conditions in 

evidence recovery and analysis along with the impact of cognitive biases can reduce 

objectivity and cause difficulties in the interpretation of evidence (Dror, Charlton and 

P®ron 2006; Dror and Cole 2010; Dror and Hampikian 2011; Thompson 2011; Kassin, 

Dror and Kukucka 2013; Nakhaeizadeh, Dror and Morgan 2014; Dror et al. 2017; 

Cooper and Meterko 2019). The effects of cognitive biases on expertise, experience, 

and evidence interpretations in the FSP along with the validity of forensic science 

techniques across disciplines such as forensic pathology (Oliver 2017), digital 

forensics (Sunde and Dror 2019), fingerprint analysis (Stevenage and Bennett 2017), 

blood pattern analysis (Taylor et al. 2016; De Forest, Pizzola and Kammrath 2021), 

toxicology (Hamnett and Dror 2020), handwriting documentations (Dror et al. 2021), 

forensic odontology (Chiam et al. 2021), DNA (Jeanguenat, Budowle and Dror 2017) 

and forensic anthropology (Nakhaeizadeh, Dror and Morgan 2014; Nakhaeizadeh et 

al. 2018) analyses have been called into question in current published literature. 

Although forensic science in terms of postconviction DNA testing has played a critical 

role in the overturn of wrongful conviction cases (Bonventre 2021) studies have also 

highlighted the misapplication of forensic science (among many other causes) to be 

of a contributing factor to wrongful conviction cases (LaPorte 2018; Innocence Project 

2024). For example, research in misleading evidence in unsafe ruling in England and 

Wales between 2010-2016 showed 218 unsafe rulings containing 235 cases of 



31 

 

misleading evidence during the 7 year time period (Smit et al. 2016), showing a need 

for improving the understanding of uncertainties involved in assessing the relevance, 

probative value, and validity of individual evidence types.  

Indeed, uncertainty is entrenched in every stage of crime reconstruction as the 

process inherently involves reconstructing events that are previously unknown for 

judicial purposes (Taroni and Biedermann 2015). Uncertainties are present in each 

step of the FSP and the interaction between different forms of evidence, and decision-

making carried out by human experts (Morgan 2017a; Smit, Morgan and Lagnado 

2018; Georgiou, Morgan and French 2020). With the calls for transparency in forensic 

science, there have been different approaches to understanding and disclosure of 

uncertainty. The six-phased approach developed by Earwaker and colleagues (2020) 

examines human decision making on a holistic level, such that uncertainty leading to 

the accrued risk at each phase can be effectively managed (Earwaker et al. 2020). 

Bayesian network approaches show significant potential in representing relationships 

between elements when uncertainty is involved (Garbolino and Taroni 2002; Fenton, 

Neil and Lagnado 2013; Smit et al. 2016; Morgan 2017a; Taylor et al. 2018). By 

understanding and clarifying its effects through probability concepts such as Bayesô 

theorem, uncertainty can be incorporated into an evaluation and the different factors 

on the inferences and scientific processes at each stage of crime reconstruction can 

be considered (Biedermann 2015; Taroni and Biedermann 2015). 

To support the two interactions with evidence and expertise in the FoRTE model/crime 

reconstruction and address the calls raised for the development of a research culture 

that can generate robust and valid methods (National Research Council (U.S.) 2009; 

Mnookin et al. 2011; Tully 2018; The House of Lords Science and Technology Select 

Committee 2019), the evidence base component of FSP must be strengthened. A 

robust evidence base is needed to support the processes by which evidence is 

recovered, analysed, interpreted, and evaluated (Morgan 2017a). Insufficient research 

in this area has been highlighted as a priority in annual forensic regulator reports to 

address (Tully 2015, 2017, 2018, 2019, 2020, 2021). The concept behind the evidence 

base is to use it to inform the interpretation of forensic evidence across forensic 

science (Morgan 2017b). It is therefore necessary to incorporate explicit and tacit 

knowledge from the parent disciplines that forensic science draws from with human 
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decision making and expertise to create a robust evidence base (Morgan 2017b). The 

establishment of an evidence base is crucial across all forensic science disciplines to 

communicate that research and experimentation were conducted with a crime specific 

context to provide a scientific underpinning to evaluative interpretation throughout 

crime reconstruction (Morgan et al. 2020). 

To do this, specific data relevant to crime reconstruction must be collected and 

analysed to produce robust variants of existing or novel methods to enhance the 

evidence base so that the holistic framework used in crime reconstruction can be 

endlessly adaptable. To date, the majority of methods used in forensic anthropology 

are developed from documented historical skeletal collections of human remains that 

may no longer be representative of the current population (Campanacho, Alves 

Cardoso and Ubelaker 2021). Despite this, historical collections are still valuable for 

the development of generalisable theories and training (Campanacho, Alves Cardoso 

and Ubelaker 2021). Therefore, there exists an opportunity to develop new 

documented physical and/or virtual collections to serve as a robust evidence base for 

new approaches in forensic anthropology with emerging technologies. 

Currently, there are initiatives to incorporate emerging technologies and fields such as 

big data, machine learning, and artificial intelligence in forensic science (Lef¯vre 2018; 

Carriquiry et al. 2019). Advanced learning algorithms could potentially transform the 

way evidence is identified and analysed through machine clustering or classification 

(Carriquiry et al. 2019). Fields such as firearms analysis, footwear analysis, blood 

pattern analysis, and DNA analysis, and forensic anthropology have shown that 

emerging and advanced technologies are currently being adapted to explore their 

utility forming forensic conclusions and informing crime reconstructions (Carriquiry et 

al. 2019; Liu 2019; Hamadeh et al. 2020; Pisantanaroj et al. 2020; Rida et al. 2020). 

In the example of forensic anthropology, learning algorithms constructed with an 

appropriate database and transparent modelling approach could potentially reduce 

some of the limitations highlighted in terms of subjectivity in methods applied and 

serve as robust evidence base for evaluative interpretation and crime reconstruction.  
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2.2 Forensic Anthropology 

Forensic anthropology is a multi-faceted field stemming from the parent discipline of 

biological anthropology (Byers 2016). It is the practical application of a diverse set of 

anthropological knowledge for the recovery, repatriation, and analysis skeletal remains 

(Stewart 1979; Frost 1990, 1990; Fondebrider 2014; Ubelaker 2018; M§rquez-Grant 

and Roberts 2021), additionally it is applied to aid the legal process in both criminal 

and civil capacities (Galloway et al. 1990; Roberts and M§rquez-Grant 2012; Black 

2018). Due to its multidisciplinary nature, the forensic anthropology can be applied to 

various contexts ranging from historical case studies involving the skeletal remains of 

historical figures such as the Incan conqueror (Maples and Browning 1995) to 

medicolegal issues (Christensen, Passalacqua and Bartelink 2019a; Passalacqua, 

Pilloud and Congram 2021; Hughes et al. 2023) and mass disaster events 

(Christensen, Passalacqua and Bartelink 2019b; de Boer et al. 2019), natural or 

otherwise (M§rquez-Grant 2018). Although the field can be and has been applied to a 

variety of contexts, one of its central roles and objectives is to uncover as much detail 

as possible from the remains such that the individual can be positively identified 

(Dirkmaat et al. 2008; Roberts and M§rquez-Grant 2012; Black 2018; Ubelaker, 

Shamlou and Kunkle 2019). Indeed, worldwide associations, such as the American 

Board of Forensic Anthropology, the British Association of Forensic Anthropology, and 

the Forensic Anthropology Society of Europe, involved in academic integration of the 

field and accreditation further elaborate that forensic anthropology is applied when 

identification and interpretation of ante-, peri-, and post-mortem modifications of 

seriously decomposed, burnt, fragmented or dispersed skeletal remains are required 

(American Board of Forensic Anthropology; Forensic Anthropology Society of Europe; 

The British Association for Forensic Anthropology). Therefore, forensic anthropology 

plays an important part in forensic science investigations in terms of the identification, 

analysis, and interpretation of unknown skeletal remains (Klepinger 2006; Dirkmaat et 

al. 2008; Reineke, Soler and Beatrice 2023; Ubelaker 2023). 

In forensic reconstructions, forensic anthropologists are primarily asked to contribute 

towards the recovery and positive identification of unknown skeletal remains 

(Klepinger 2006; Cattaneo 2007). Positive identification is mostly achieved by 

constructing a biological profile or osteobiography by applying metric and nonmetric 
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skeletal morphology methods on skeletal remains (Scheuer 2002; Steadman 2009; 

Roberts and M§rquez-Grant 2012; M§rquez-Grant 2015; Ubelaker, Shamlou and 

Kunkle 2019). The role of the forensic anthropologist has expanded beyond the 

biological profile and assessing the characteristics of deceased individuals over the 

past several decades (Wescott 2018). Initiatives in forensic anthropology over the past 

thirty years have led to a new focus for decomposition research to determine post-

mortem interval (Simmons 2017; Ciaffi et al. 2018), taphonomic processes (Nawrocki 

2016; Pokines, LôAbbe and Symes 2021), effect on burnt remains (Ellingham et al. 

2015; Calmon Silva, Cunha and Vieira Lemos 2023; Thompson 2023) and studies to 

apply existing estimation techniques to living individuals (Fondebrider 2014; 

Schmeling et al. 2016; Ubelaker 2018; Ubelaker, Shamlou and Kunkle 2019). 

2.2.1 Biological Profile and Osteobiography 

The traditional task of the forensic anthropologist is generally to conduct the 

reconstruction of the osteobiography ï a term coined by Saul and Saul (1989). This 

term in now more commonly known as the óbiological profileô; an individualôs profile 

can be reconstructed through the compilation of biological parameters: ancestry 

(population affinity), sex, age-at-death, stature, pathology, and trauma gleaned from 

the presented remains and unique identifying features (Scheuer 2002; Cunha and 

Cattaneo 2006; Dirkmaat et al. 2008; Steadman 2009; Dirkmaat 2012; Roberts and 

M§rquez-Grant 2012; Ubelaker, Shamlou and Kunkle 2019). For the scope of the 

thesis, this section will focus on sex and age-at-death. The assembly of the biological 

profile of human remains is a critical process. The process aides in criminal 

investigations of missing persons, as well as the positive identification of victims in 

mass disasters and mass grave excavations (M§rquez-Grant and Roberts 2021). As 

skeletal remains obtained are usually of unknown origin, it is essential to determine 

whether the remains in question are human or non-human (Haglund and Sorg 2001). 

The process of constructing the biological profile and selection of estimation methods 

is based on a variety of factors such as bones recovered/available, taphonomic 

process, and quality of its preservation and recovery (Stojanowski, Seidemann and 

Doran 2002; Franklin et al. 2015; Pokines and Baker 2021). The established biological 

profile can facilitate the comparison of antemortem and postmortem data to achieve 

positive identification. This identification is confirmed when the collected data aligns 
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with the antemortem information of a missing person (de Boer et al. 2020). The 

parameters of the biological profile are determined through a variety of metric and 

nonmetric methods and techniques (Stewart 1979; Ķĸcan, Loth and Wright 1984a; 

Lovejoy et al. 1985b; Meindl et al. 1985; Brooks and Suchey 1990; Buckberry and 

Chamberlain 2002; Jantz and Ousley 2005; Albanese, Eklics and Tuck 2008; Walker 

2008; Hefner 2009; Klales, Ousley and Vollner 2012; Hefner and Ousley 2014; 

Christensen, Passalacqua and Bartelink 2019c). For the last decade some of these 

methods have come under scrutiny, facing increasing critique due to the subjectivity 

involved in some of the methodological processes (Nakhaeizadeh, Dror and Morgan 

2014; Lesciotto 2015; Sauerwein 2018; Hartley, Winburn and Dror 2022; Davidson, 

Nakhaeizadeh and Rando 2023). Metric methods of biological profile estimations 

involve the direct measurements of bones (Spradley 2016). The measurements taken, 

typically linear distances between bone landmarks or bone lengths, are used in 

statistical methods such as logistic regression and discriminant function analysis for 

sex and ancestry estimation (Jantz and Ousley 2005; Spradley and Jantz 2011, 2016; 

Abdel Fatah et al. 2014; Berg and Taôala 2014a; Gulhan, Harrison and Kiris 2015; 

Liebenberg, LôAbb® and Stull 2015; Jung and Woo 2016) or stature prediction (Trotter 

1970; Raxter, Auerbach and Ruff 2006; Maijanen 2009). Whereas nonmetric methods 

are based on qualitative observations of the specific skeletal features (Klales, Ousley 

and Vollner 2012). The visual assessment of the identified traitsô morphology 

generates an ordinal rating which allows delineation between biological sexes, 

ancestry groups, or age groups (Brooks and Suchey 1990; Ubelaker and Volk 2002; 

Hefner 2009; Klales, Ousley and Vollner 2012). It has been observed that these 

methods are reliant on the experience of the user and their subjective descriptions of 

the osteological features in question (Dirkmaat et al. 2008; Nakhaeizadeh and Morgan 

2015), such that the methods become unreliable when the trait score is near the 

separating value of each method (Murail et al. 2005; Walker 2008; Gonzalez, Bernal 

and Perez 2009; Klales, Ousley and Vollner 2012). This notion in combination with 

discussions of reliability, admissibility, and error rates surrounding the methods applied 

have led to recommendations of validation studies (Nakhaeizadeh, Dror and Morgan 

2014) and professional standards to establish transparent and forensically meaningful 

methods (Cattaneo 2007; Christensen and Crowder 2009), and to mitigate the effects 

of subjectivity and bias (Nakhaeizadeh, Dror and Morgan 2020). The 
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recommendations and criticisms found in recent publications have generated a steady 

interest in validation studies, quantitative modifications of existing techniques to 

address the raised issues (Walker 2008; Lottering et al. 2013; Shirley and Ramirez 

Montes 2015; Clark et al. 2016; Langley, Dudzik and Cloutier 2018). Although there 

has been considerable criticism against nonmetric methods, it is important to 

recognise that there are limitations to metric methods as well. For example, 

measurements of distances between bone landmarks in metric methods may not be 

possible if the skeletal remains are damaged by taphonomic factors or are poorly 

preserved leading to loss of skeletal landmarks necessary for the metric method 

required (Blau 2010; Spradley and Jantz 2011; M§rquez-Grant 2015). Therefore, 

nonmetric methods have their utility and place in forensic anthropology and any type 

of methodology in biological profile estimation is usable as long as the method is built 

upon the best possible reference data and the usage of the method is validated and 

transparent. It should also be noted that while there are substantial amounts of 

methods for establishing the biological profile in adults, there are limitations in doing 

so for non-adults. While there are some methods for sexing non-adults, such as the 

Loth and Henneberg mandibular method (Loth and Henneberg 2001), the accuracy of 

this method demonstrate substantial decrease when repeated by Scheuer (2002). It 

is noted by researchers that sex estimation is much more challenging in non-adults 

when compared to adults (Biggerstaff 1977; Krishan et al. 2015, 2016), with some 

stating that non-adult skeleton cannot be sexed with any degree of reliability from 

morphological observations alone (Scheuer 2002). This is due to the bone changes 

induced by the increases in sexual hormones after puberty, thereby making sexual 

dimorphism more pronounced and apparent (Mello-Gentil and Souza-Mello 2022). 

Similar to sex estimation, features that denote ancestry are also noted to develop after 

puberty, when sex hormone levels increase to induce bone growth and sexual 

dimorphism (Lewis and Rutty 2003). There are few methods focused on non-adult 

ancestry estimation, these studies have focused on dentition variation and the skull 

(Mizoguchi 1985; Harris, Hicks and Barcroft 2001; Yong et al. 2018; Corron et al. 

2022). Contrary to sex and ancestry, age estimation is more accurate in non-adults 

than in adults (Lewis and Rutty 2003), as non-adult age estimation relies on dental 

development and eruption, bone ossification providing clear markers and observations 

from which methods can be developed upon (Pyle and Greulich 1959; Tanner 1983; 
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Scheuer and Black 2000; Rissech, M§rquez-Grant and Turb·n 2013; Shapland and 

Lewis 2014). 

Ancestry (Population Affinity) 

Ancestry or population affinity is the biological variability in population groups of 

specific geographic regions (Scientific Working Group for Forensic Anthropology 

(SWGANTH) 2013a; Taôala 2014). It is acknowledged that ancestry estimation is an 

integral part of biological profile construction (Hefner 2009), however it is one of the 

most controversial and difficult parameters of the biological profile (Ross and Williams 

2021). Despite debate around the concept of ancestry, it is considered by some to be 

a necessary precursor to estimations of other core parameters in the biological profile 

(Cunha and Ubelaker 2020), and therefore should be estimated first when constructing 

the biological profile (Garvin 2012). While ancestry estimation seemingly seeks to 

identify and categorise an individual into a single group, it is not the same as the non-

biological social construct ï óraceô, which is shaped by politics, economics, and history 

(AAPA Committee on Diversity 2019; Michael, Bengtson and Blatt 2021). Researchers 

have stated that not only does ancestry pertain to an individualôs genealogy but could 

also include the geographical or continental location from which their ancestors 

originated from (Jantz 2013; Spradley and Jantz 2021). Due to migratory trends in 

human history, specific groups of humans have been shaped by natural selection in 

response to evolutionary and other selection pressures to express specific physical 

appearances denoted by their genetic material (Spradley 2016). Some researchers 

have argued that unique morphologies are inherited through genetic transfer via 

mating practices that are limited by cultural constructs e.g. assertive mating and 

institutional racism and geographic barriers (Ousley, Jantz and Freid 2009). Unique 

genetic traits are likely to be transferred and conserved in groups that are within short 

ranges of each other, while groups that are far apart are unlikely to interact nor appear 

similar to each other, thus forming geographic patterns in human variation (Ousley, 

Jantz and Freid 2009). However, estimation of ancestry is conducted through the 

classification of skeletal features of an unknown individual into reference population 

groups using statistical analysis of skeletal feature metrics, and scoring of 

morphoscopic/nonmetric traits based on practitioner experience (Hefner 2009; 

Spradley 2016). Therefore, it has been recommended by the Scientific Working Group 
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for Forensic Anthropology (2013a) to use reference samples/groups that have been 

critically evaluated in terms of sample size and forensically relevant factors such as 

geographical location, temporal period of data collection, and other cultural aspects 

and practices. Further to this, there have been considerable effort in recent literature 

to shift the terminology from óancestryô to ópopulation affinityô (Berg and Taôala 2014a; 

Pilloud and Hefner 2016; Ross and Pilloud 2021; Winburn and Algee-Hewitt 2021). It 

has been noted that óancestryô may not be informative enough for describing specific 

population variations for forensic purposes (Spradley and Jantz 2021), and is further 

suggested that the estimate provided by forensic anthropologists in regards to this 

parameter is in fact ópopulation affinityô, as it considers the degree of similarity between 

an unknown sample against the best matching population groups built from known 

and collected reference samples (Spradley and Jantz 2021; Winburn and Algee-Hewitt 

2021). Moreover, researchers have argued that the terminology of óancestry 

estimationô descends from and furthers a past paradigm or approach that is associated 

with racism and reductionist view of human variation to finite and specific categories 

(Ross and Pilloud 2021).  

Metric ancestry estimation methods utilise the measurements of the skeleton or 

skeletal remains to classify the unidentified into population groups separated by using 

standard and well-defined measurements of reference groups (Spradley 2014, 2016). 

The measurements taken are distances between osteological features and landmarks 

on various skeletal elements, e.g. the skull, clavicle, scapula, humerus etc. (Spradley 

2014; Spradley and Jantz 2016). These interlandmark distances are collected and 

used in multivariate statistical approaches such as discriminant function analysis 

(Jantz and Ousley 2005; Spradley and Jantz 2011, 2016). As past studies have shown 

that craniofacial features are highly heritable, the skull is thought to be the best 

estimator of ancestry (Arya et al. 2002; H§jek, ĻernĨ and BrŢģek 2008; Ġeġelj, Duren 

and Sherwood 2015). In cases where the cranium is missing, not recovered, or 

deemed unusable due to taphonomic factors or trauma, the postcranial skeletal 

elements that remain and their interlandmark distances are used (Spradley 2014), and 

is reported to be a reliable alternative (Spradley 2014, 2016; Liebenberg, LôAbb® and 

Stull 2015). The interlandmarks from both cranial and postcranial measurements are 

commonly entered into the program FORDISC 3.1 for ancestry estimation (Spradley 

and Jantz 2016; Cunha and Ubelaker 2020). FORDISC is a popular computer program 
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designed to estimate ancestry of modern human skeletal elements through 

multivariate discriminant analysis, the entered unknown measurements are compared 

against modern ancestry specific reference groups that are continuously maintained 

by the program authors (Jantz and Ousley 2005).  

Nonmetric or morphoscopic traits analysis is an alternative approach to ancestry 

estimation (Hefner 2014). This is an experience-based approach to ancestry 

estimation where visual evaluations and observations of skeletal features are 

compared to a predefined description which has been associated with reference 

ancestry groups (Hefner 2009, 2014). The traits used in both cranial and postcranial 

analyses have been standardised using scores in an ordinal system supported by 

definitions and drawings of the traits in question (Hefner 2009; Spiros 2019). Although 

nonmetric ancestry estimation methods have traditionally focused on morphoscopic 

traits of the cranium, postcranial traits are also used in ancestry estimation, albeit 

sparsely (Liebenberg et al. 2019). Nonmetric postcranial traits are less used due to 

the notion that skeletal traits in the postcranial skeleton are susceptible to shape 

variation in response to environmental and secular changes (McIlvaine and Schepartz 

2015; Jantz, Jantz and Devlin 2016), however, recent studies have demonstrated that 

not only can nonmetric postcranial traits be organised into a repeatable and robust 

technique for ancestry scoring (Spiros 2019), it can be used in conjunction with cranial 

traits to improve ancestry estimations in modern forensic anthropology (Spiros and 

Hefner 2020). Despite this, it should be noted that nonmetric traits such as 

macromorphoscopic trait data are still susceptible to intraobserver errors stemming 

from the usersô forensic anthropological experience (Kamnikar, Plemons and Hefner 

2018). Further to this, while there are software and web applications for ancestry 

estimations which provide strong statistical frameworks to analyse metric and 

nonmetric trait data, these programmes rely on reference databases which may not 

have equal representations of population groups.  

Through using the appropriate reference groups, an accurate estimation of ancestry 

based on the current literature can be conducted using the multitude of metric and 

nonmetric estimation methods mentioned above. The accurate estimation of ancestry 

often narrows the possibilities of an individualôs perceived geographic origin and 

assists in the identification of population-specific estimation methods for age, sex, and 
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stature to complete the biological profile and assist in achieving positive identification 

(Berg and Taôala 2014b). Though ancestry of individuals can be estimated using 

current methods, the terminology in published forensic anthropology literature are not 

appropriately defined (Maier, Craig and Adams 2021). Research of the current 

ancestry terminology have identified that racial categorisations (e.g. óBlackô, óWhiteô) 

and continental categorisations (óAfricansô, óAsiansô, óEuropeansô) are still being used 

as ancestry categories (AAPA Committee on Diversity 2019; Maier, Craig and Adams 

2021; Ross and Pilloud 2021). These terms are not reflective of biological variation 

nor representative of biological meaning and instead reinforce racist ideologies and 

serve as inaccuracies that further inequalities (Ross and Pilloud 2021; Ross and 

Williams 2021). Consequently, there have been calls for reforming ancestry 

terminology and education (AAPA Committee on Diversity 2019; DiGangi and Bethard 

2021; Ross and Pilloud 2021; Stull et al. 2021).  

Biological Sex  

One of the essential first steps in building the biological profile of a set of unidentified 

human remains is sex estimation (Bruzek and Murail 2006; Guyomarcôh and Bruzek 

2011; Krishan et al. 2016). Accurate sex determination is crucial and significant as the 

estimation methods of the other components in the biological profile such as 

estimation of age at death, stature and ancestry are sex dependent (Stewart 1979; 

White and Folkens 2005; Klales 2013; Spradley 2016). Although there are an 

assortment of forensic anthropology methodologies, the methods are strictly binary 

(Tallman, Kincer and Plemons 2022), estimating sex as biological sex without 

consideration or little to no room for accurate identifications for gender non-conforming 

individuals (Watson 2022). The notion of sex in forensic sex estimation has seen 

notable discourse in recent years, with a recent survey showing that 42.4% of 

surveyed forensic anthropologists agreeing that sex is binary and 56.2% disagreeing 

(Tallman, Kincer and Plemons 2022). Equally there is a lack of studies on the complex 

matter of transexual identities, the term transgender being an umbrella term and 

identity that is associated with multiple gender identities, and therefore not necessarily 

a binary experience (Garofalo and Garvin 2020). Sex estimation in forensic 

anthropology pertains to the assessment of an individualôs chromosomal or biological 
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sex, which is not representative of an individualôs gender identity, expression, or sexual 

orientation (Garofalo and Garvin 2020). 

Chromosomal sex is the sexual characterization according to the sex chromosomes 

possessed by the individual, where XX is a genotypic female and XY is a genotypic 

male (Purves et al. 2018; Garofalo and Garvin 2020). Whereas phenotypic sex is 

defined by the physical attributes such as sex characteristics such as external genitalia 

and physical states of sex-specific gonads (Krishan et al. 2016; Purves et al. 2018). 

Biological sex is the representation of the sex chromosomes, there are a myriad of 

techniques such as DNA extraction and amplification for genetic sex typing that can 

be applied to produce an assessment of sex from the remains provided (Cattaneo et 

al. 1997; Sivagami, Rao and Varshney 2000; Holland et al. 2003; Gibbon et al. 2009). 

Currently in forensic anthropology, the majority of methods are typically focused 

around the pelvis and the skull as these are generally accepted as the two most 

sexually dimorphic elements of the skeletal anatomy (Scheuer 2002). However, other 

postcranial elements have also been used in developing alternate sex estimation 

methodologies (Ķĸcan 1984; Berrizbeitia 1989; Holliday and Falsetti 1999; Asala 2001; 

Purkait 2005; Klepinger 2006; Albanese, Eklics and Tuck 2008). The assortment of 

methodologies can be categorised into two groups ï metric and morphological.  

Metric Methods 

Metric sex estimation methods are based on the basic concept that there are 

dimensional differences in the skeletal anatomy between the two sexes, and the 

measurements taken from the skeleton are used to derive statistical models and 

equations that can be used for the sexing of individuals (Krishan et al. 2016). The 

metric approach is generally acknowledged by researchers to be more objective, 

repeatable, reliable, less dependent on the observerôs prior experience and more 

readily amenable to statistical analysis (Giles and Elliot 1963; MacLaughlin and Bruce 

1990; Kimmerle, Ross and Slice 2008; Klales 2021). Thus, metric methods have been 

developed to apply the size difference between the sexes to distinguish one sex from 

another. For example, Washburnôs (1948) application of an index devised by Schulz 

(1930) which takes relative proportion of the pubis relative to the length of the ischium 

is one of the earliest examples of a metric approach to sexual dimorphism. Since then, 

an innumerable number of metric methods ranging from examining overall bone sizes 
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to exploring the different angles, distances, and areas measured between specific 

osteological features found in the cranium, mandible and postcranial skeleton have 

been developed (Bainbridge and Tarazaga 1956; Steele 1976; Introna, Di Vella and 

Campobasso 1998; Ķĸcan and Steyn 1999; Asala 2001; Pretorius, Steyn and Scholtz 

2006; Franklin et al. 2008; Steyn and Ķĸcan 2008; Kanchan, Gupta and Krishan 2013; 

Mahakkanukrauh et al. 2015).  

Furthermore, statistical approaches such as discrimination function analyses was first 

applied in an anthropological context by Barnard (1935) and has since been the most 

commonly used form of analysis to metrically determine sex from the skeleton 

(Wankhede et al. 2015). The relationship between the sexes and measured 

dimensions of osteological features in the skeletal anatomy are evaluated through 

discriminant function analysis to derive a classification model for the prediction of 

group membership in future and new observations (Spradley 2016). The metric 

approach, however, is not without limitation, although a discriminant function can be 

obtained, the same function cannot be applied to other geographical areas due to 

population differences and therefore requires population specific modifications (Ķĸcan 

1988; Scheuer 2002; Ahmed, Mohammed and Hassan 2011; Byers 2016). In addition 

to this, it heavily relies on the general observation that males of a specific population 

tend to be larger and more robust than females of the same population (Stewart 1979; 

Jantz and Ousley 2020; Techataweewan et al. 2021; Cabo, Brewster and Luengo 

Azpiazu). This generalization does not account for the fact that human anatomy can 

be immensely variable, capable of producing a variety of sizes and robusticity across 

both biological sexes (Ubelaker and DeGaglia 2017). In addition to this, metric 

methods often suffer from intra and inter-observer errors when the features are 

unavailable due to ambiguity in feature definition or suffer from poor preservation and 

damage (Ahmed, Mohammed and Hassan 2011; Biwasaka et al. 2012; Krishan et al. 

2016). Other statistical approaches such as logistic regression are also used to 

analyse the measurements of linear distances between skeletal landmarks such as 

the femoral head, neck, and trochanter (Albanese, Eklics and Tuck 2008) or bones 

such as the ischium, ilia, and pubis (Murail et al. 2005).  
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Morphological methods 

Morphological methods are based upon the observed sexually dimorphic features 

located on localised regions of skeletal anatomy, specifically around the skull (cranium 

+ mandible) and the pelvic region (Garvin 2020). These differences between the 

features have enabled forensic anthropologists to devise scoring methods to assess 

the level of expression of sexually dimorphic morphological traits (Garvin 2020; Klales 

2020b). A survey conducted regarding practitioner preferences for sex estimation 

methods has shown that morphological methods are generally preferred for sex 

estimation when a mixed methods approach was not being used (Klales 2020c). 

Within this preference for morphological methods, the pelvis was the preferred skeletal 

region, followed by the skull (Klales 2020c). While it is generally accepted that the 

bones of the pelvic region is considered as the single best indicator of sex (Spradley 

2016), morphological features found on the skull and other postcranial skeleton such 

as the humerus, radius, femur, tibia, ribs, and vertebral column are also used in 

nonmetric assessments of sex (MacLaughlin and Oldale 1992; Cºloĵlu et al. 1998; 

Scheuer 2002; Spradley and Jantz 2011; Vance, Steyn and LôAbb® 2011). 

Skull 

The traits of the skull, and non-pelvic skeletal elements used in nonmetric or visual 

assessment are typically based on size and are given descriptors such as robust, 

gracile, prominent, smooth, marked, absent/reduced, distinct, indistinct, narrow and 

broad (Ferembach, Schwidetzky and Stloukal 1980; Garvin 2012; Christensen, 

Passalacqua and Bartelink 2019d). Studies over the years have presented a variety 

of methodologies with varying numbers of sexually dimorphic cranial traits, with 

Rogers (2005) presenting a method with four additional traits to the list of 13 identified 

by Krogman (1955), bringing the total to 17. Among the 17 morphological traits, the 

supraorbital ridge/glabella, supraorbital margin, mastoid process, nuchal crest, and 

mental eminence were presented alongside line drawings, written descriptions, and 

an ordinal scoring system in the Standards for Data Collection from Human Skeletal 

Remains (Buikstra and Ubelaker 1994). The ordinal scoring system utilises descriptors 

to grade the traits on a scale from very ófeminineô (1) to very ómasculineô (5) (Buikstra 

and Ubelaker 1994). Though this system enables a score to be generated, it lacks 

suggestions on whether certain traits should be given more weight or how the final 
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score should be interpreted (Garvin 2020). This ordinal scale approach has since been 

republished by Walker (2008) to incorporate frequency statistics and discriminant 

functions, these additions increased the statistical rigor and enabled a more objective 

sex estimate through the provided mathematical functions (Walker 2008). These 

methodological studies have shown a varying degree of accuracy in correct sex 

classification, ranging from 44.7% to 96% (Garvin 2012). In particular, studies have 

shown that the mental eminence from the Walker scoring method does not contribute 

significantly for sex estimation (Garvin and Ruff 2012; Lewis and Garvin 2016; Langley, 

Dudzik and Cloutier 2018), such that there are recommendations to avoid its use 

(Langley, Dudzik and Cloutier 2018). In addition to the variability in accuracy, 

morphological traits of the skeleton vary between populations (Garvin 2012; Garvin, 

Sholts and Mosca 2014; Meeusen, Christensen and Hefner 2015; KotŊrov§ et al. 

2017). To address this limitation and the evidentiary standard concerns, population-

specific modifications and validation studies have been recommended (Garvin 2012; 

Garvin, Sholts and Mosca 2014; Lewis and Garvin 2016).  

Pelvis 

The pelvis is widely documented in the literature as the single best indicator of sex, 

this is likely due to the morphological features related to parturition (Klales 2020b). 

Similar to the cranial sex traits, there are a multitude of morphological pelvic traits 

including the obturator foramen shape (Bierry, Le Minor and Schmittbuhl 2010), true 

and false pelvis shape (Rogers and Saunders 1994), sacral shape (Trotter 1926; 

Plochocki 2011; Rusk and Ousley 2016), greater sciatic notch (Buikstra and Ubelaker 

1994; Rogers and Saunders 1994), ventral arc (Phenice 1969; Klales, Ousley and 

Vollner 2012), subpubic concavity (Phenice 1969; Klales, Ousley and Vollner 2012), 

ischiopubic ramus (Phenice 1969; Klales, Ousley and Vollner 2012). Despite the long 

and non-exhaustive list of morphological traits, only some are recommended for sex 

estimation use due to the lack of validation studies for some, and the varying levels of 

accuracy and reliability (Klales 2020b). Among the list of pelvic morphological traits, 

the traits identified by Phenice (1969) (ventral arc, subpubic concavity, and medial 

aspect of the ischiopubic ramus) have remained the most utilised and accurate for sex 

estimation (Klales 2020b).  
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Though the Phenice (1969) technique was able to estimate sex with an accuracy of 

over 95% in its initial study, this level of accuracy has not been consistently replicated, 

with validation studies reporting varying levels of accuracy (Ubelaker and Volk, 2002; 

Sutherland and Suchey, 1991; Rogers and Saunders, 1994; MacLaughlin and Bruce, 

1990; McFadden and Oxenham, 2016). Furthermore, the validation literature 

consistently come with the caveat that the effectiveness and degree of accuracy is 

dependent on the user óexperienceô, thus leading to varying rates of intra- and inter-

observer error (Bruzek, 2002; Cox and Mays, 2000; Luo, 1995; Rogers and Saunders, 

1994; Scheuer, 2002; Sutherland and Suchey, 1991; Tague, 1992; Ubelaker and Volk, 

2002; White and Folkens, 2005). To address the subjectivity involved in the method 

developed by Phenice (1969), attempts have been made to create metric methods of 

sex estimation using alternative features of the pelvis or other postcranial elements 

(DeSilva et al., 2014; Hayashizaki et al., 2015; Steyn and Ķĸcan, 2008). In response to 

the critique of nonmetric methods frequently seen in published literature, the U.S. 

National Academy of Sciences report (2009) and the inability of the Phenice (1969) 

method to meet the evidentiary requirements found in the Daubert standards (Daubert 

v. Merrell Dow Pharmaceuticals, Inc., 1993), an attempt at a quantitative revision to 

Pheniceôs original method was made (Klales et al., 2012). To quantify the Phenice 

technique (1969), each trait was scored on an ordinal scale from one to five with one 

being the maximum expression of ófemalenessô and five being the maximum 

expression of ómalenessô (Klales et al., 2012). The ordinal scores were given written 

descriptions which were used by observers in tandem with basic drawings of the 

supposed character states of the three traits. Through this scoring system, the revised 

method was able to accurately achieve 98.0% classification accuracy in females and 

74.4% classification accuracy in males (Klales et al., 2012). The method has been 

widely adopted and used in both forensic and bioarchaeological contexts (Kenyhercz 

et al., 2012; Krakowka, 2017; Lesciotto and Doershuk, 2018; Tuttºs² and Cardoso, 

2015). Despite this, published external validation studies have reported varying 

accuracy results (66.0% ï 99.2% ) (Kenyhercz, 2012; Kenyhercz et al., 2017; Stull et 

al., 2013; Toon, 2014). Although this method incorporated statistical elements in the 

form of a standardized ordinal scale and logistic regression, the scoring of traits was 

ultimately dependent on the illustrations and written descriptions provided in the Klales 

et al. (2012) method. While the text provided a rough rubric of what each trait is 
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supposed to look like, the problem of subjectivity still exists and the assignment of the 

scores is reliant on the userôs interpretation of the description. Recent research has 

further shown that sexual dimorphism is not consistent on a global scale, epigenetic 

factors can cause regional disparities in skeletal expression of sexual dimorphism 

(Ubelaker and DeGaglia 2020). Therefore, sex estimation methods must be used with 

caution as accuracies achieved in region specific studies may only be achieved when 

the method is used on datasets from the same region (Ubelaker and DeGaglia 2020). 

Due to the rapid rise of virtual anthropology and the incorporation of new technologies, 

validation studies based on virtual collection have emerged in the past decade (Decker 

et al. 2011; Biwasaka et al. 2012; Colman et al. 2019b). The advancement in 

technologies have also enabled the development of computational tools quantify and 

metrically assess identified sexually dimorphic morphological features such as shape 

differences (Caple, Byrd and Stephan 2017; Nawrocki et al. 2018; Ammer, dôOliveira 

Coelho and Cunha 2019). Further, recent incorporations of machine learning in 

forensic anthropology have enabled standardised morphological sex estimation 

methods such as the Walker 2008 and the Klales, Ousley and Vollner 2012 methods 

to be consolidated into an accessible and computer program (MorphoPASSE), 

providing users with a flexible and statistically robust method of sex estimation (Klales 

2020a). 

Age-at-death 

Age estimation, much like ancestry and sex estimation forms an important feature of 

the biological profile (Ubelaker and Khosrowshahi 2019). Age estimation is possible 

through understanding of how the skeleton changes throughout life (Christensen, 

Passalacqua and Bartelink 2014). Age estimation is typically split into two 

subcategories, juvenile or non-adult and adult. The distinction between the 

subcategories is necessary as juvenile age estimation is based on indicators of growth 

and development (Scheuer 2002; Franklin 2010; Austin and King 2016). The progress 

of growth and development in bones, especially postcranial osteology, is marked by 

the sequence known as epiphyseal union (Scheuer and Black 2000). As a non-adult 

ages, the bones of the postcranial skeleton undergo endochondral ossification, a 

process where cartilage is systematically replaced into bone by specialised skeletal 

cells (Douglas 2011). This is a slow process which occurs throughout childhood, 
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adolescence and in young adults, where the endochondral ossification persists 

beyond 18 years of age with the clavicle, sacrum, and iliac crest (Scheuer and Black 

2000). Thus allowing the degree of epiphyseal union of different bones to be tracked 

from beginning to fusion and correlated with chronological age (Scheuer and Black 

2000; Gaskin et al. 2011).  

In contrast to juvenile estimation, adult age estimation is based on the degenerative 

changes to the skeletal and dental structures over an individualôs life (Cunha et al. 

2009; Cerezo-Rom§n and Hern§ndez Espinoza 2014; Christensen, Passalacqua and 

Bartelink 2014). Thus cessation of growth and development creates difficulties in adult 

age estimation and results in broader age estimates (Austin and King 2016). The 

difficulty in estimation is compounded by myriad of other factors such as health, 

nutrition, physical activity, causing degenerative changes to occur at different rates 

between individuals and different bones of the same individual (Cunha et al. 2009; 

Franklin 2010; Cerezo-Rom§n and Hern§ndez Espinoza 2014; Moraitis et al. 2014; 

Couoh 2017). Due to the data available for the purposes of this thesis, this section will 

focus on age estimation of adults.  

In the wider literature, there is a large body of research and a multitude of 

morphological age estimation methods in adults. A 2012 survey conducted on common 

practices in age estimation showed that the age estimation methods of the fourth 

sternal rib end, auricular surface of the ilium and, the pubic symphysis were preferred 

and commonly used (Garvin et al. 2012). These methods that are currently used in 

age estimation are nonmetric and rely on the interpretation and association of 

morphological changes to predetermined phases and age ranges assigned by 

descriptions provided by the method (Lovejoy et al. 1985b; Ķĸcan, Loth and Wright 

1985; Brooks and Suchey 1990).  

The fourth rib method, introduced by Ķĸcan et al. (1984a, 1985, 1985; 1988), has been 

widely accepted and used in forensic anthropology (Mu¶oz et al. 2018). The method 

uses three separate components, pit-depth, pit shape, and rim and wall configuration 

of the sternal rib end, to quantify degenerative changes. From which the patterns and 

observations noted are used to form a nine-phase system to associate the changes to 

age categories (Iĸcan and Loth 1986; Ķĸcan and Loth 1986). This method has also 

been shown to be applicable to other ribs to varying levels of accuracy, allowing some 
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degree of age estimation when the fourth rib is not preserved (Dudar 1993; Yoder, 

Ubelaker and Powell 2001; Speal 2007). However, these studies advise caution when 

using the method on alternate óstandardô ribs and recommend a composite score 

where possible (Yoder, Ubelaker and Powell 2001). Due to criticisms around the 

original methodôs sample size and composition, specifically the population 

representation, and high error rates, the method was revised by Hartnett (2010a), 

redefining definitions and descriptors for the age phases and updating the 

corresponding age ranges (Hartnett 2010a). Recent studies have further noted that 

the Ķĸcanôs method underestimates age-at-death when applied to population groups 

outside of the reference sample (Cerezo-Rom§n and Hern§ndez Espinoza 2014; 

Mu¶oz et al. 2018). More recent casework communication assessing both Ķĸcan and 

Hartnett methods have shown that neither methods are accurate enough when used 

in isolation, however, the accuracy of using the fourth rib increases when Ķĸcan et alôs 

and Hartnettôs methods were combined (Christensen 2023). 

The auricular surface method developed by Lovejoy et al. (1985b) uses the changes 

noted in the articular surface of the ilium to form eight stages, each stage 

corresponding to an age range (Lovejoy et al. 1985b). The features of the auricular 

surface (grain and density, microporosity, billowing, retroauricular area, transverse 

organization, striations, apex) used in this method are noted to develop independently 

of each other and the age of onset of these features vary between individuals 

(Buckberry and Chamberlain 2002), causing uncertainties and difficulties in applying 

this method as the stages described by Lovejoy et al. (1985b) would overlap. The 

revised method by Buckberry and Chamberlain (2002) developed upon the original 

and introduced a new scoring system for each feature (transverse organization, 

surface texture, microporosity, microporosity, apex, and retroauricular area), the 

features could be scored independently to provide a composite score which 

accommodates the overlap problem seen in the original method, though with wider 

age ranges. Overall, the auricular surface method can be used as an alternative to the 

pubic symphysis, in fact, the more durable and resistant auricular surface may be more 

likely to be recovered for age-at-death estimation (Waldron 1987). However, it is 

shown by studies that the original and revised method perform with varying levels of 

accuracy across different age ranges, with the revised method less accurate for 

individuals under age 59 and more accurate for those over age 60 years (Mulhern and 
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Jones 2005; Falys, Schutkowski and Weston 2006; Hens and Belcastro 2012; Moraitis 

et al. 2014; Michopoulou et al. 2017; Nikita, Xanthopoulou and Kranioti 2018). 

One of the most commonly used and preferred age estimation methods is the Suchey-

Brooks method (Garvin et al. 2012). This method is based on the morphological 

pattern of the pubic bone, specifically the symphyseal face of the os pubis (Brooks 

and Suchey 1990). The pubic symphysis is the surface at which the two pubic bones 

articulate, allowing the two halves of the pelvic girdle to connect anteriorly (Standring 

2008a). This articulation at the pubic symphysis can be classified as a fibrous joint, 

which provides strength and stability by limiting movement through a dense network 

of connective tissue (Standring 2008a; White, Black and Folkens 2012). Movement of 

this joint is virtually impossible except during parturition, when differences in sex 

hormones cause the softening of fibrous joints such as the pubic symphysis and the 

sacroiliac joint (Standring 2008b, 2008c).  

The pubic symphysis was identified by early researchers in the 20th century to be a 

reliable skeletal indicator of age (Todd 1920; McKern and Stewart 1957). The inward 

facing surface of the pubic symphysis and its degeneration process was described 

and sorted into ten distinct stages by Todd in 1920 for age estimation in male white 

pubis (Todd 1920). The same ten stages were later applied to the female pubis by 

Todd in 1921 to form sex-specific age ranges to account for the variability caused by 

potential parturition (Todd 1921). The observations and descriptions of the age 

associated changes made in Toddôs methods have been adapted and revised in the 

development of pubic symphysis aging methods (Meindl et al. 1985; Brooks and 

Suchey 1990; Hartnett 2010b). Using a large repository of autopsy samples, Suchey 

and colleagues revised Toddôs methods and reduced the number of phases to six 

phases by simplifying the definitions set out in Toddôs methods and providing male and 

female casts to represent what the ideal óearlyô and ólateô stages of each phase (Brooks 

and Suchey 1990). The Suchey-Brooks method was tested in a number of validation 

studies for its applicability in other population groups, achieving 94.17% accuracy 

evaluation of relevant phases in in Bosnia and Herzegovina populations, an accuracy 

of 72.0% and 89.74% in Balkan females and males respectively, and 63.9 and 69.7% 

correct age classification in the Australian females and males respectively (Djuriĺ et 

al. 2007; Sarajliĺ and Gradaġļeviĺ 2012; Lottering et al. 2013). While the validation 
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studies have shown that the Suchey-Brooks method is applicable to other populations, 

the method is shown to be prone to overestimation in younger individuals and 

underestimation in older individuals (Bednarek, Bloch-Bogusğawska and Sliwka 2002; 

Djuriĺ et al. 2007; Sarajliĺ and Gradaġļeviĺ 2012; Lottering et al. 2013), echoing the 

concerns made by Brooks and Suchey in their original manuscript (Brooks and Suchey 

1990). The Suchey-Brooks (1990) method has since been revised by Harnett (2010) 

using skeletal specimens from decedents of the 21st century to increase accuracy and 

reduce bias by including a larger proportion of older individuals in their specimen 

sample. As a result of this revision, the Harnett method introduced a seventh phase 

for the method specific for females and slightly reduced the age ranges and improved 

phase descriptors for both males and females (Hartnett 2010b).  

Age ranges in current standards of age estimation methods are wide, however, the 

age ranges are wide for the purpose of taking a large amount of human variation into 

account (Hartnett 2010b). Much like nonmetric sex estimation, the assessment of 

morphological features involves subjectivity and relies on the usersô interpretation and 

experience. To overcome the limitations of subjectivity and single trait analyses, 

multifactorial methods involving multiple age indicators has been recommended to be 

used in an attempt to reduce the potential variations caused by non-age related factors 

and biases (Scientific Working Group for Forensic Anthropology (SWGANTH) 2013b; 

Ubelaker and Khosrowshahi 2019).  

2.2.2 Forensic Age Assessment 

Forensic age assessment (FAA) of unidentified human remains has been one of the 

major components in the formation of the biological profile (Sauer and Wankmiller 

2016; Ubelaker, Shamlou and Kunkle 2019). The success of providing an accurate 

age estimation contributes significantly to criminal, mass disaster, and war crime 

investigations (Schmeling et al. 2007, 2011). Forensic age assessment, however, is 

not limited to age-at-death. The growing global trend in both legal and illegal migratory 

trends and border crossings has created a need for age estimates of living individuals 

(Schmeling et al. 2003, 2007, 2008; Hagen et al. 2020). Age assessment, also referred 

to as age determination, age diagnosis, and age estimation, is the process by which 

authorities seek to establish the chronological age or the age range of an unknown 

individual, typically those without identifying documentation (European Asylum 
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Support Office 2018; Doyle et al. 2019). Age assessment is a necessary process 

across all jurisdictions to aid identification in the dead and to resolve criminal or civil 

issues regarding age limits (Cunha et al. 2009; Lid®n 2020). Despite the relatively 

simple definition, FAA is not a simple process in both the dead and the living. This is 

due to the complexities associated to the high variability of degeneration between 

individuals brought on by age (Buckberry 2015; Navega, Costa and Cunha 2022), the 

cumulative impact of pathological, genetic, epigenetic and environmental factors 

causes chronological age to become increasingly dissociated with skeletal age in 

varying ways (Nawrocki 2010) (see Section 2.2.2 ï óAgeing and senescenceô for 

further detail). In addition to the aforementioned complexities in assessing age, there 

are a large number of skeletal and dental methods for age assessment (Pyle and 

Greulich 1959; Tanner 1983; Schmeling et al. 2004; Schulz et al. 2005; Cameriere et 

al. 2007; Harris et al. 2010; Kellinghaus et al. 2010; Cameriere and Ferrante 2011; 

Wittschieber et al. 2014; Farhadian et al. 2019), however they are limited by their 

respective specific reference samples, therefore researchers are unable to apply these 

methods across population affinity and/or sex groups (Cummaudo et al. 2021). The 

Home Office guidance for age assessment does not mandate scientific assessments 

such as those involving x-rays, magnetic resonance imaging, ultrasound or any other 

imaging modalities (Home Office 2024), however these scientific methods can be 

utilised as evidence so long the process is Merton compliant, the methods are based 

on valid and population specific reference data sets, and the evidence weight is 

carefully considered using the European Asylum Support Officeôs guidance document 

(EASO Age assessment practice in Europe) (Home Office 2024). 

The concept of the term age 

To better understand what óageô is, its legal definition(s) must first be examined. 

According to Jowittôs Dictionary of English Law, age is defined as óthe duration of the 

life of a person up to the moment in questionô (Greenberg 2019). Age is further 

elaborated on by chapter 46 of the Family Law Reform Act in 1969 to explicitly 

demonstrate that óthe time at which a person attains a particular age expressed in 

years shall be the commencement of the relevant anniversary of the date of his birthô. 

With these definitions, in the legal system for England and Wales and in systems or 

governments that use England and Wales laws, chronological age is the clear default 
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association when óageô is in question. Chronological age is therefore the sole interest 

that courts and legal systems have when the severity of consequences of a crime or 

legal matters is at hand (European Asylum Support Office 2018; Lid®n 2020). While it 

is clear that age is assumed to be associated with the chronological concept in the 

legal system, the assumption introduces issues when chronological records are 

unknown or not kept (Hjern, Brendler-Lindqvist and Norredam 2012; Sauer, Nicholson 

and Neubauer 2016). In this current climate where both legal and illegal transnational 

movement of people is common, there are often cases where the chronological record 

of an individual; living or dead, is unknown or the record itself is not in concordance 

with internationally accepted date and time standards such as the coordinated 

universal time (UTC). In these cases where chronological age cannot be determined, 

other measurements of age must be used to provide an accurate estimate. It is 

therefore acknowledged and recommended that estimations of chronological age in 

living individuals should take an approach where techniques from different forensic 

disciplines are used to inform a final estimate so that risks of misrepresentation are 

reduced (Introna and Campobasso 2006; Doyle et al. 2019; Ubelaker and 

Khosrowshahi 2019). 

Types of age 

In addition to chronological age, age can be examined on a biological, psychological, 

and sociological level (Jazwinski and Kim 2019). Chronological age is measured by 

calendar dating and standardised timekeeping; whereas psychological and social age 

are measurements which denote culturally and socially accepted behaviour for a 

specific age and social role (APA Dictionary of Psychology 2007). Biological age is a 

measurement that captures the remaining functional integrity of an individual via 

markers and evidence of both macro- and microscopic changes in the human anatomy 

(Blau and Hill 2014; Jia, Zhang and Chen 2017; Doyle et al. 2019). The distinction 

between types of age is important as an individualôs biological age is a snapshot of 

their remaining function at the time of inquiry, and depending on varying factors 

associated with biological aging (Nawrocki 2010), the individual could exhibit a 

younger or older appearance when compared to their chronological age. The focus of 

this project is biological age. 
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Aging and senescence 

Aging is not just the passage of time. It is the irreversible process that occurs as a 

result of damage on the molecular, cellular, and tissue level, ultimately impacting the 

function of an individual leading to death (Fontana, Partridge and Longo 2010; 

Meissner and Ritz-Timme 2010; Kriġtiĺ et al. 2014; Jazwinski and Kim 2019). Damage 

and stress to cells accumulated over an individualôs lifetime could result in the 

biological phenomenon known as cellular senescence, which is the cessation of a 

cellôs ability to proliferate and replace itself with healthy copies (Campisi and dôAdda 

di Fagagna 2007; Cooper and Youle 2012; Dodig, Ļepelak and Paviĺ 2019; Di Micco 

et al. 2021). The inability to proliferate causes an accumulation of senescent cells 

which promote the secretion of signalling proteins that progressively increase cellular 

stresses and/or macromolecular damage to surrounding cells (van Deursen 2014). 

This causes a manifestation of morphological changes of tissue structures thus 

compromising cells with a state of decline and dysfunction (Hayflick 1965; Campisi 

and dôAdda di Fagagna 2007; van Deursen 2014; Galluzzi et al. 2018; Dodig, Ļepelak 

and Paviĺ 2019; Di Micco et al. 2021). As compromised cells lose their ability to sustain 

fundamental processes during their cell cycles, specific signalling pathways will be 

triggered leading to cell death (Cooper and Youle 2012). 

Biological age 

Biological aging or senescence as described above can be described as an aggregate 

of multiple factors related to the development and degeneration of an individual (Baer 

1973; Introna and Campobasso 2006). From the literature around forensic age 

estimation, biological age has been delineated into multiple categories: molecular age, 

skeletal age, and dental age (Introna and Campobasso 2006; Harris et al. 2010; 

Liversidge and Marsden 2010; Meissner and Ritz-Timme 2010; Kriġtiĺ et al. 2014; 

DiLoreto and Murphy 2015; Doyle et al. 2019). Unfortunately, while each of these 

categories that represents different aspects of biological age can be used to estimate 

and track chronological age, they may not necessarily be the same in a given individual 

(Introna and Campobasso 2006; Doyle et al. 2019). Categories such as skeletal, 

dental, and molecular age cannot be assumed to equate true chronological age as the 

rate of development, maturation, and degeneration from those categories may not 

share a linear relationship with the passage of time (Introna and Campobasso 2006). 
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There are a number of guidelines and methods used in FAE which involve a variety of 

roles ranging from medical practitioners to forensic specialists in anthropology, 

odontology, and radiology (Doyle et al. 2019). As the remit of forensic anthropology 

places an emphasis on skeletal remains, the most common category of age 

associated with FA is skeletal age (Grivas and Komar 2008; Black, Aggrawal and 

Payne-James 2011; Scientific Working Group for Forensic Anthropology (SWGANTH) 

2013b; M§rquez-Grant 2015). As such, the following section will examine whether 

skeletal age can be used as a proxy to estimate biological age, and in turn provide an 

estimate for chronological age. 

Skeletal age 

Skeletal age is an aspect of biological age where the indicators of maturation and 

degeneration on an individualôs skeleton are associated with a specific individual and 

their biological age (Introna and Campobasso 2006; Black, Aggrawal and Payne-

James 2011; Rogers 2016; Doyle et al. 2019). The skeletal system, composed of bone 

and cartilage, is a key component to human anatomy. The primary functions of the 

skeleton is to protect and support internal organs, and assist in locomotion by allowing 

sites of muscle and tendon attachment (Hadjidakis and Androulakis 2006; Standring 

2008d). In addition to functions related to structure and motion, the skeleton is an 

essential reserve of calcium, hydrogen, and phosphate ions, which play critical roles 

in human metabolism (Hadjidakis and Androulakis 2006; Kenkre and Bassett 2018). 

At the cellular level, bone tissue contains water, non-collagenous proteins, inorganic 

salts, lipids, and specialised skeletal cells known as chondrocytes, osteoblasts, 

osteoclasts, and osteocytes (Standring 2008d; Kenkre and Bassett 2018). These 

specialised cells underpin the process known as the remodelling cycle (Frost 1990; 

Hadjidakis and Androulakis 2006; Harrison and Cooper 2015; Kenkre and Bassett 

2018). The interactions between these cells in the cycle allows the skeleton to regulate 

its own maintenance and repair and provides the body with essential mineral ions for 

homeostasis (Duan and Bonewald 2016; Kenkre and Bassett 2018).  

Bone remodelling is therefore a continuous cycle throughout life to remove old and 

damaged bone by bone resorption via osteoclasts and bone deposition by osteoblasts 

in response to mechanical stimuli such as exercise (Bonewald 2011; Duan and 

Bonewald 2016; Kenkre and Bassett 2018). This constant turnover of bone tissue 
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varies throughout life; as an individual progresses through life, bone remodelling is 

reduced to a negative bone balance as the specialised skeletal cell types mentioned 

above are undergo senescence, cell death and are unable to produce healthy 

replacements (Demontiero, Vidal and Duque 2012). Bone loss and bone formation 

ultimately shape the indicators and markers of skeletal maturation and degeneration 

in response to mechanical stimuli, biochemical signals, and damage sustained 

throughout life (Harrison and Cooper 2015). In short, the presence of markers that 

forensic anthropologists use as indicators of age may be related to the activity of the 

specialised cells in the bone remodelling cycle (Austin and King 2016). On a cellular 

level, the up- and down-regulation of osteoblasts, osteocytes, and osteoclasts activity 

is driven by an evolutionarily conserved pathway known as canonical or Ç-catenin/Wnt 

signalling (Bennett et al. 2005; Bonewald 2011; Duan and Bonewald 2016). The Ç-

catenin/Wnt signalling pathway is one of the most researched signalling cascades in 

metazoan animals (Komiya and Habas 2008; Hu et al. 2020). This particular pathway 

is involved in many aspects of cellular growth and development ranging from cell fate 

determination, differentiation to migration, proliferation and function (Moon et al. 2002; 

Ye et al. 2007; MacDonald, Tamai and He 2009; Duan and Bonewald 2016; Bryja, 

Ļervenka and Ļaj§nek 2017). The Wnt protein in this signalling pathway binds to a 

series of receptors in the cell to trigger a complex series of events that prevents the 

degradation of Ç-catenin, a protein which binds to target genes to either enable or 

inhibit gene transcription (Komiya and Habas 2008; MacDonald, Tamai and He 2009; 

Duan and Bonewald 2016).  

It has been shown by targeted deletion of Ç-catenin in mice models to demonstrate 

that the interactions between Wnt and Ç-catenin essential for bone maintenance by 

directly influencing the viability and function of the specialised skeletal cells (Glass and 

Karsenty 2006; Kramer et al. 2010; Duan and Bonewald 2016). The Ç-catenin/Wnt 

signalling also plays a major role cellular senescence regulations (Ye et al. 2007; Hu 

et al. 2020). Canonical Wnt signalling plays an antagonistic role to cell cycle arrest, in-

vivo experiments where Wnt protein repression in human cells demonstrate an 

increased rate of cell senescence (Ye et al. 2007). The literature therefore shows that 

canonical Wnt signalling is not only intimately related to bone homeostasis by means 

of bone loss and formation, but also intimately related with the regulation of cellular 

senescence. Consequently, it can be inferred that the processes that underpins the 



56 

 

markers used in skeletal aging are also intrinsically linked with cellular 

senescence/biological aging. By this logic, skeletal age, while being a factor of 

biological developments, can be used as an accurate estimator of biological age, and 

in turn a proxy for chronological age. 

2.2.3 Forensic Age Assessment in the Living 

The need for FAA in the living has increased not only as a result of global increases in 

both legal and illegal cross border movements resulting in individuals who are unable 

to present documentary evidence or possess unreliable documentation for their 

chronological age (Schmeling et al. 2008; European Asylum Support Office 2018; Uys 

et al. 2018; Ording M¿ller et al. 2019), but as a factor of assessing an individualôs 

criminal culpability and legal categorisation (e.g. age majority, age minority) 

(Schmeling and Black 2010). Table 2.1 lists examples of legal issues and age limits 

where age is a factor in criminal or civil proceedings in England and Wales. The 

evaluation and categorisation of age in the living is an ever-present factor in issues 

pertaining to refugees, asylum seekers, criminals, and victims. This is particularly 

important in asylum seeking contexts where age is unknown, and evidence appears 

to be contradictory (Schmeling and Black 2010; Schmeling et al. 2016; European 

Asylum Support Office 2018). An example of contradicting evidence would be a person 

who looks significantly over the age of majority but has presented documentation 

which indicates that they are below the purported threshold, or vice versa. When this 

occurs, decision makers or the representative of the asylum applicant will resort to 

medical age assessment, where age estimation techniques and procedures take place 

(Noll 2016; European Asylum Support Office 2018). This is important as the 

misestimation of age can pose grave consequences (Scientific Working Group for 

Forensic Anthropology (SWGANTH) 2013b). Most if not all countries require proof of 

being either under or over the legally defined age limits for socioeconomic privileges 

or benefits (Schmeling et al. 2016; Lewis and A. Kasper 2018), and to a lesser degree 

age is plays an important role in cultural hierarchies (Schmeling and Black 2010). 

Asylum claimants in the United Kingdom are provided with financial support for 

essential living needs, housing, access to healthcare services, and other support 

services (UK Visas and Immigration 2019). Due to the implications of the age limits, it 

has been reported by the European Asylum Support Office (2018) that individuals 
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under the age of majority limit may claim to be older to avoid protective measures of 

the authorities to gain the right to work or freedom of movement without adult 

supervision or access financial support including accommodation and essential living 

needs. Or in some cases, adults could claim to be under the age of majority to gain 

access to additional rights and benefits such as education, accommodation, and right 

to representation (European Asylum Support Office 2018). As highlighted by the issues 

above, age assessment in the living (AAL) typically involves the delineation between 

the ages that denote childhood and adulthood, however, legal issues with regard to 

age ranges beyond the age of majority exist, for example: eligibility to receive pension 

(Finance Act 2004). AAL can be further complicated in challenging situations such as 

child soldiering (Lid®n 2020). The Rome Statute of the International Criminal Court 

(1998) defines that individuals over the age of 15 years are considered soldiers and 

not child soldiers. However, this distinction becomes complex when crimes involving 

child soldiering are prosecuted years after the offence. An example of this can be seen 

in The Prosecutor v. Thomas Lubanga Dyilo (International Criminal Court 2012), where 

the evidence given by suspected child soldiers were collected in 2009, 6-7 years after 

the enlisting of soldiers potentially below the age of 15 (International Criminal Court 

2009). 
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Table 2.1 Examples of legal issues and their associated age limits in England and Wales. 

Legal Issue  Age (years)  Legislation  

Age of majority 18 Family Law Reform Act 1969 

Age of consent 16 Sexual Offences Act 2003 

Age of criminal responsibility 10 Child and Young Persons Act 1963 

Delineation between child 

soldier and soldier 

15 Rome Statute of the International 

Criminal Court 1998 

Applicability of adult criminal 

proceedings 

18 Children and Young Persons Act 

1933 

Cessation of guardianship 16 Guardianship Act 1973 

Decision making and mental 

capacity 

16 Mental Capacity Act 2005 

Minimum for jury service 18 Juries Act 1974 

Maximum for jury service 75 Juries Act 1974 

Right to education 19 Learning and Skills Act 2000 

Marriage and civil partnership 16 Marriage Act 1949, Civil 

Partnership Act 2004 

Adoption 21 Adoption and Children Act 2002 

Giving evidence for criminal 

proceedings 

17 Youth Justice and Criminal 

Evidence Act 1999 

Giving evidence for civil 

proceedings  

None Children Act 1989 

Normal minimum pension age 55 Finance Act 2004 

Minimum wage 16 National Minimum Wage Act 1998 
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FAAL in practice 

In practice, age assessment of the living is a combination of various methods (Franklin 

et al. 2015). Guidelines in academic literature and in organisations for assessing age 

in the living have established that a multidisciplinary approach that that ensures all 

necessary safeguards should be used (Black, Aggrawal and Payne-James 2010; 

Franklin et al. 2015; International Criminal Court 2016; European Asylum Support 

Office 2018; Doyle et al. 2019). The approach recommended by governmental 

organisations such as International Criminal Court, UK Home Office, and European 

Asylum Support Office places an emphasis on any written or verbal statements from 

family members, community figures, teachers; photographs or videos; any 

documented records; examination of physical appearance and demeanour 

(International Criminal Court 2016; European Asylum Support Office 2018; UK Visas 

and Immigration 2020), often leaving medico-legal methods as a last resort (European 

Asylum Support Office 2018). This is due to the perceived risks of radiation exposure 

required for medicolegal age assessment methods in the living. While skeletal age 

assessment methods for the living are generally the same as post-mortem methods 

(Beh and Payne-James 2010), there is an added layer of difficulty when assessing 

living skeletal structures as they are overlayed with soft tissue. To effectively assess 

age in the living using skeletal methods, the individual in question must be subjected 

to ionising radiation to produce radiographic images for analysis (Doyle et al. 2019). A 

common method used in juvenile age estimation is the examination of the hand-wrist 

radiographs (Pyle and Greulich 1959; European Asylum Support Office 2018). This is 

achieved by comparing the developmental pattern seen on the individualôs radiograph 

or skeletal remains that most closely resembles the patterns seen in the population 

and sex specific reference data (Dahlberg et al. 2019). These atlases that are most 

commonly used are the Greulich and Pyle atlas and the Tanner-Whitehouse method. 

The Greulich and Pyle atlas, despite being developed over 50 years ago, has been 

found to continually represent skeletal development indicators of modern populations 

(Dahlberg et al. 2019). In addition to skeletal methods, dental growth and formation is 

also used as for age assessment as the eruption and replacement of deciduous teeth 

and the eruption of the permanent third molar (Solheim 1993; Rºsing and Kvaal 1998; 

Hillson 2005; Austin and King 2016). The progress of skeletal and dental maturity in 

subadults is deemed to be predictable and can provide strong correlations to 
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chronological ages (Scheuer and Black 2000; Franklin 2010; Christensen, 

Passalacqua and Bartelink 2014; Black et al. 2022). On the other hand, the main 

skeletal methods that have been adapted for radiological AAL in adults are methods 

involving the clavicles, dentition and the pelvis (European Asylum Support Office 

2018). Although recommendations from scientific working groups and academic 

literature have indicated that methods are adapted to minimise radiation exposure 

while maintaining accuracy and other legalities such as confidentiality and consent 

(Black, Aggrawal and Payne-James 2010; Scientific Working Group for Forensic 

Anthropology (SWGANTH) 2013b), there is still an aversion to utilising ionising 

radiation for medicolegal purposes (Doyle et al. 2019). Due to the large variability in 

what is accepted as a proxy for chronological age and the FAE methods available, it 

has been found that FAE experts from different research fields and professions can 

come to different conclusions despite examining the same individual (Lid®n and Dror 

2021).  

The issue of radiation in medicolegal methods such as AAL is a matter of balancing 

risk and benefit to the outcome of the estimation (Focardi et al. 2014; Franklin et al. 

2015). The use of radiation in a medicolegal context is considered by some to be ónon-

clinicalô, as the outcome of the act is not a ótreatmentô or a diagnosis, instead the result 

of the exam is used in a legal/administrator purpose as a gatekeeper to specific 

benefits (Focardi et al. 2014). As it is not a medical act, ethical debates regarding the 

benefits of the outcome versus the risk associated with ionising radiation have taken 

place among medical professionals and global governmental committees (Senate 

Committees Parliament of Australia 2012). Other negative aspects of radiological 

examinations have been raised when discussing the ethics behind these methods. 

The psychological distress to individuals who have been rendered vulnerable by their 

circumstantial experience during an unfamiliar process such as x-ray or computed 

tomography examinations could reinforce and exacerbate the trauma of the individual 

in question (Thevissen et al. 2012; Doyle et al. 2019). Another major point often 

discussed against the use of radiological imaging are the health risks associated with 

radiation. Epidemiological studies have shown that there is a non-insignificant 

increase in risk of developing cancer after being exposed to ionising radiation (Lin 

2010; Mathews et al. 2013; Hong et al. 2019). These studies further infer from 

population-based data that excess incidences of cancer can be associated with 
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exposure to diagnostic low-dose ionising radiation such as x-ray and computed 

tomography, hence, advocate to limit radiographic procedures to clinically and 

medically relevant situations (Mathews et al. 2013; Hong et al. 2019). 

Although radiographic AE methods can be argued to cause significant health risks and 

place a negative impact on an individualôs physiological and psychological state, the 

clarity that the results of a radiological estimation of age may bring cannot be 

understated (Thevissen et al. 2012; Focardi et al. 2014). While no individual exercising 

the right of refusal can be denied or rejected of their application for international 

protection (European Asylum Support Office 2018), the potential benefits of an 

accurate estimation of age could lead to a favourable legal outcome. Despite the 

inference of cancer associated with radiation exposure, it has been shown that the 

effective radiation doses used in x-ray procedures are far below the natural radiation 

exposures in daily life (Schmeling et al. 2016). In addition, the primary radiographic 

AE method (thin-slice clavicular CT scans) has been shown to increase the lifetime 

health risk by 0.0034% upon exposure to this method (Meier et al. 2015). As 

transnational conflict and environmental increases, accurate AAL is critical to ensure 

that asylum seekers or individuals of other circumstances are not disadvantaged by 

the current system in place. To do so, risks must be minimised and reduced to an 

acceptable level. This is currently being achieved through guideline advocations of 

radiological imaging modalities that provide maximum information with the lowest 

radiation dose possible (Scientific Working Group for Forensic Anthropology 

(SWGANTH) 2013b; European Asylum Support Office 2018; Doyle et al. 2019). 

The lack of visible data, ethical issues, and complexity due to population variation 

continues to challenge the effectiveness of AAL. The call for progress on age 

estimation of the living will continue to grow as legal issues and current world affairs 

demand accurate age assessments. In addition to the issues in common with AAL, 

age-at-death estimation methods are limited by subjectivity in the interpretation of 

predetermined phases associated with population specific morphologies (Joubert, 

Briers and Meyer 2019). The answer to the call for research and the gap identified in 

forensic age estimation may very well lie in the exponential technological 

advancements in machine learning and medical imaging. Emerging technologies such 
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as machine learning could be used to adapt methods from FA to modern living 

populations.  
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2.3 Medical Imaging, Virtual Anthropology, and Machine learning in 

Forensic and Virtual Anthropology 

2.3.1 Medical Imaging 

Understanding human anatomy is fundamental to education and research related to 

medicine and forensic anthropology (Marom and Tarrasch 2015; Rissech 2021). 

Traditionally, this understanding would have been ensured through cadaveric 

prosections, dissections, or human bone collections. While this type of resource is 

arguably irreplaceable by some for anatomical teaching (Korf et al. 2008; White, Black 

and Folkens 2012), the use of physical specimens introduces limitations related to cost 

and gradual diminishing of specimen quality due to time and prolonged handling. The 

advent of medical imaging and its various modalities have provided research fields 

related to anatomy with the means to examine and visualise internal morphologies 

such as bone and soft tissues without the need for dissections or serial sections 

(Rowbotham and Blau 2020; Spoor, Jeffery and Zonneveld 2021). Medical imaging 

began with the discovery of x-rays in 1895 by Wilhelm Roentgen. X-rays are produced 

from the conversion of kinetic energy into electromagnetic radiation when highly 

accelerated electrons collides with a stable nucleus (Seibert 2004). The converted 

energies within the x-ray spectrum are controlled by the user to direct a uniform output 

beam of ionising radiation through an object or region of interest and on to an x-ray-

sensitive detector (Spoor, Jeffery and Zonneveld 2000; Seibert 2004). This 

advancement gave rise to the possibility of visualising any internal tissues or structures 

such as dentition and osseous material (Aichinger et al. 2012; Mikla and Mikla 2013). 

The visualisation afforded by this advancement is based on the attenuation effect. 

Attenuation is the overall decrease in the intensity of the emitted x-ray beam as it 

passes through the object due to processes such as absorption and scattering (Mikla 

and Mikla 2014a), resulting in brighter visualisations of denser objects, and vice versa 

(DenOtter and Schubert 2021). As the attenuated/transmitted beam exits the object, it 

is detected by the detector plate and the visualisation of the object is generated (Mikla 

and Mikla 2014b). Plain x-ray radiographs are not without limitations. As x-rays are 

absorbed and scattered as they pass through objects, three-dimensional structures 

within the object can be superimposed upon each other, producing two-dimensional 

visualisations where anatomical structures of interests overlap and obscures details 
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(Spoor, Jeffery and Zonneveld 2000; Seibert and Boone 2005; Mikla and Mikla 2014b; 

Franklin, Swift and Flavel 2016). 

Invented by Sir Godfrey Hounsfield in 1973 (Hounsfield 1973), computed tomography 

(CT) is an imaging modality that follows the same basic physics principles as x-rays 

(Rowbotham and Blau 2020). The introduction of computed tomography (CT) in the 

1970s was an important step towards reducing the superimposition issue identified 

above (Seibert and Boone 2005). This is achieved by the key difference between plain 

radiography and CT. In CT, a series of x-ray images of the object cross section are 

captured to construct three-dimensional visualisations with volumetric information 

(Brogdon 2000; Spoor, Jeffery and Zonneveld 2000; Seibert and Boone 2005; 

Rowbotham and Blau 2020). The most prevalent form of CT is multislice CT (MSCT) 

(Dedouit et al. 2010), where the object or anatomy of interest is passed through a ring-

shaped structure containing the x-ray emitter and detector plate mounted on a rotating 

frame on opposite sides of each other inside the ring (Mikla and Mikla 2014a; Kasban, 

El-Bendary and Salama 2015). X-rays are emitted through the object and the 

attenuated x-rays are detected by the detector as the object passes through the ring-

shaped structure on the sliding table. With each rotation by the emitter-detector 

apparatus, the detector takes numerous profiles of the attenuated beam which are 

saved as two-dimensional images known as slices and can be reconstructed into a 

three-dimensional visualisation of the scanned structures (Jiang et al. 2003; Kasban, 

El-Bendary and Salama 2015). MSCT is now commonly used in forensic departments 

and increasingly used in the field of virtual anthropology (Poulsen and Simonsen 2007; 

Dedouit et al. 2014; Gillet et al. 2020). Alongside the development of CT in the late 

1970s, x-ray attenuation was quantified and renamed after Sir Godfrey Hounsfield as 

the Hounsfield unit (HU). HU is the relative quantitative measurement of attenuation 

based on the radiodensity of a material or tissue (DenOtter and Schubert 2021). As 

attenuation of the x-ray beam increases linearly with materials with higher 

radiodensities, the HU can be calculated from a linear transformation of the baseline 

attenuation coefficient, where distilled water has been defined as zero HU and air (at 

standard atmosphere and temperature) as -1000 HU (Ai, Meier and Wendt III 2018; 

DenOtter and Schubert 2021). Using HU values, scanned materials can be visualised 

as grayscale images, which can be further reconstructed as a three-dimensional 

structure enabling the investigation of complex skeletal morphology (Franklin, Swift 
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and Flavel 2016). Hard tissues such as bone lend well to being visualised digitally as 

it is composed primarily of calcium and phosphorus; elements which are dense and 

therefore able to attenuate a higher proportion of the x-ray beam (Rowbotham and 

Blau 2020). This allows dense osseous materials to appear in brighter shades of 

grayscale, thus allowing macroscopic morphological changes and textures to be 

analysed on virtual reconstructions (Barrier et al. 2009; Wink 2014). Due to the linear 

relationship between attenuation and HU values, CT images are able to provide high 

contrast resolutions, allowing the slightest differences in tissues to be visualised (Mikla 

and Mikla 2014a). The features of CT have aided researchers across disciplines in the 

interpretation of medical images; its use is further identified in established and 

emerging research fields related to medicine, forensic anthropology, virtual 

anthropology, 3D forensic science (3DFS). The advances in medical imaging 

technologies alongside disciplines such as computer science has provided new ways 

of generating 3D visualisations of human anatomy for study and research (Triepels et 

al. 2020). By storing medical images in standardized monochrome image file formats, 

internal structures captured by imaging modalities can be represented in the form of 

an array of pixels in grayscale (Larobina and Murino 2014). Each shade of grey is 

used to display an HU value if the imaging modality involves attenuated x-rays or CT, 

while each shade of grey is used to represent a signal intensity value in magnetic 

resonance images (Larobina and Murino 2014). Under the strong magnetic field of the 

magnetic resonance imaging (MRI) scanner, the protons within the tissues align along 

the magnetic vector applied by the scanner at a specific magnetic field strength 

(Berger 2002). When the magnetic field is switched off, the aligned protons return to 

their normal state and a radio wave signal is emitted from the scanned tissues (Berger 

2002). This signal is received by the scanner at various intensities depending on the 

type of tissues scanned, this results in an image where tissues can be clearly 

delineated (Berger 2002). However, standard MRIs are typically noted to be 

challenging for bone imaging due to low proton density and weak signal return, 

resulting in poor image quality (Tsuchiya et al. 2023). 

Current popular medical image file formats include Digital Imaging and 

Communications in Medicine (DICOM), Neuroimaging Informatics Technology 

Initiative (NIfTI), and MINC, the file format dictates how image data are organised 

within the format and how data pertaining to pixel information should be visualised by 
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software (Larobina and Murino 2014). While the aforementioned file formats all have 

distinct characteristics that make them more suited for certain tasks, all three share 

the same file format paradigm, where the file format allows the storage of metadata, 

pixel depth, photometric interpretation, pixel data within the same file (Bidgood et al. 

1997; Data Format Working Group 2007; Larobina and Murino 2014; Vincent et al. 

2016). This paradigm is similar to general-purpose raster image file formats such as 

PNG (Portable Networks Graphics) or JPEG (Joint Photographic Experts Group), 

where digital values are assigned to each pixel for either grayscale or colour definition 

(Tan 2006). Pixel data such as their grayscale or colour values can be used to extract 

features or manipulated so that they are relevant for computer vision analysis. The 

values of each pixels within an image, medical or otherwise, can be transformed into 

rows and columns of integers which can be analysed with statistical learning methods 

and other techniques based on statistical learning such as machine learning (Szeliski 

2010). In addition to CT images, current medical imaging file formats are also able to 

store and carry information from other medical imaging modalities such as magnetic 

resonance imaging and ultrasound (Mustra, Delac and Grgic 2008; Larobina and 

Murino 2014). With the visualisation and manipulation of different types of medical 

images possible through the development of medical imaging file formats and 

software, and continual improvements to image resolutions in all types of imaging 

modalities, there has been an increase in recent years to incorporate the medical 

imaging and its associated value through computer vision into FA research (Telmon et 

al. 2005; Dedouit et al. 2014; Franklin, Swift and Flavel 2016; Rowbotham and Blau 

2020).  

2.3.2 Virtual Anthropology 

Given the steady increase in the application of medical imaging to the analysis of 

human remains and anatomy in forensic anthropology (FA) (Christensen et al. 2018), 

it is increasingly considered a standard component of the discipline, and is now 

commonly referred to as virtual anthropology (VA) (Dedouit et al. 2014; Franklin, Swift 

and Flavel 2016; Uldin 2017; Rowbotham and Blau 2020). VA is the application of 

medical imaging in the context of biological and forensic anthropology. Imaging 

modalities such as MRI, laser scanning, photogrammetry, CT are used to visualise 

and analyse bone to assist in anthropological estimations (Garvin and Stock 2016). 
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The evolution of VA has become significant for FA work. Camera technology such as 

photogrammetry and surface scanning technology involving lasers capture the 

position, orientation, shape, size, and surface detail, enabling the construction of 

three-dimensional models (Garvin and Stock 2016). Studies have shown that these 

technologies can not only produce accurate 3D models of human skulls (Morgan, Ford 

and Smith 2019; Omari et al. 2021; Lauria, Sineo and Ficarra 2022), but also utility in 

documenting crime scene investigations (Church 2019; Kottner, Thali and Gascho 

2023; Whittingham 2024). Three-dimensional reconstructions and renderings can be 

made available through CT and MRI (Garvin and Stock 2016), size and shape 

information of the scanned anatomy of interest can be accurately determined and 

differentiated based on tissue density (Franklin, Swift and Flavel 2016; Uldin 2017). 

Comparative studies have shown that agreement between dry bones and three-

dimensional models rendered from CT scanning measurements are highly 

comparable (Franklin et al. 2013; Stull et al. 2014; Lorkiewicz-MuszyŒska et al. 2015; 

Colman et al. 2017, 2019a; Carew et al. 2019). This high degree of comparability and 

precision between three-dimensional models generated from CT and gross bone 

alongside improved access to CT devices through decreasing costs have led to an 

increase in VA research involving CT (Garvin and Stock 2016; Uldin 2017). As a result 

of its accuracy and continued improvements to CT devices, CT has seen increased 

usage for post-mortem examinations and VA studies (Uldin 2017), and becoming a 

routine procedure in medico-legal investigations and autopsy procedures at 

multidisciplinary forensic institutes providing forensic medical and scientific services 

such as the Forensic Centre for Digital Scanning and 3D printing, Victorian Institute of 

Forensic Medicine, The Institute of Forensic Medicine Zurich, and Institute of Forensic 

Medicine in Denmark (Poulsen and Simonsen 2007; OôDonnell and Woodford 2008; 

Leth 2015; Ebert et al. 2016; Uldin 2017; Gillet et al. 2020). 

With its increased usage in medico-legal investigations, VA has seen increased usage 

in disaster victim identification due to the advent and practicalities of portable x-ray 

machines and mobile CT scanners (Sidler et al. 2007; de Boer et al. 2019). In addition 

to utilising CT and other imaging modalities in post-mortem examinations, CT has 

been used to develop novel methodologies and conduct validation studies for the 

various aspects of biological profile estimation (Telmon et al. 2005; Barrier et al. 2009; 

Lottering et al. 2013, 2014; Villa et al. 2013, 2015; Wink 2014; Boyd, Villa and 
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Lynnerup 2015; Uldin 2017; Colman et al. 2019a; Pattamapaspong et al. 2019; Gillet 

et al. 2020; Robles, Rando and Morgan 2020; Zhang et al. 2020; Garc²a-Donas et al. 

2021). Feasibility studies using CT have shown high reproducibility in 3D 

reconstructions of osteological tissue and have been stated to be capable of faithfully 

reproducing the anatomical structures needed (Thali et al. 2003; Telmon et al. 2005; 

Turner et al. 2005; Ramsthaler et al. 2010; Torimitsu et al. 2015). Studies which utilise 

the CT imaging modality and 3D reconstruction models have been able to replicate 

and validate many of the nonmetric sex and age estimation methods (Kellinghaus et 

al. 2010; Slice and Algee-Hewitt 2015; Johnstone-Belford, Flavel and Franklin 2018; 

Blaszkowska, Flavel and Franklin 2019; Bertsatos et al. 2020), while also being able 

to develop and innovate quantitative techniques that would have otherwise required 

the destructive sampling of specimens from existing bone collections. The increased 

utilisation of CT and VA is seen by some as a legitimate alternative to traditional 

anthropology and physical skeletal collections (Ramsthaler et al. 2010). This 

movement towards digital collections has led to the establishment of post-mortem CT 

databases such as the New Mexico Decedent Image Database (NMDID) (Edgar et al. 

2020), the utilisation of open-source data archives such as The Cancer Imaging 

Archive (TCIA) (Clark et al. 2013), and the digitisation of skeletal collections such as 

the Subadult Virtual Anthropology Database (SVAD) (Stull and Corron 2022), the 

Kirsten Skeletal Collection (Alblas, Greyling and Geldenhuys 2018), Andronowski 

Skeletal Collection (Andronowski and Taylor 2022), William M. Bass Donated Skeletal 

Collection (Shirley, Wilson and Jantz 2011). By utilising data originally intended for 

clinical diagnostic use and post-mortem examinations, an effectively limitless 

database of CT images reflective of contemporary populations could be used for digital 

preservation and non-destructive analysis of both internal and external bone structures 

(Christensen et al. 2018). VA therefore offers an avenue of research to produce 

population-specific standards with modern virtual databases, particularly in research 

or academic institutes where physical specimens are not the norm and access is 

limited (Franklin, Swift and Flavel 2016). Further, collections of high-resolution post-

mortem and clinical CT databases eliminates the need for bone preparation, the 

deterioration of physical samples over time, and allows for easy data sharing and 

distribution for rapid analysis (Telmon et al. 2005; Franklin, Swift and Flavel 2016). The 

virtual nature of CT and its associated imaging modalities allows access where 
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physical examination is impossible such as bone embedded in concrete (Dedouit et 

al. 2011; Donato et al. 2016). The virtual access also provides users with the 

opportunity to engage in transnational research and analysis, virtual reconstructions 

can be analysed between institutions in vastly different geolocations (Dedouit et al. 

2014). As events and conflicts of international scale such as the COVID-19 pandemic 

continue to affect travel logistics in many sectors, VA offers an alternative for research 

to be conducted in spite of any physical limitations. 

2.3.3 Machine Learning in Forensic and Virtual Anthropology 

Machine learning (ML) is one of the many subfields encompassed by artificial 

intelligence (AI) such as natural language processing, deep learning, neural networks, 

computer vision, and cognitive computing (Russell and Norvig 2016). AI is the general 

term used to describe a field of research which concerns the development of methods 

that enable computers to behave and analyse input data as humans would (Russell 

and Norvig 2016; Langlotz et al. 2019). ML is the process by which computer 

programs/machines process large datasets to identify patterns and associations which 

are then used to iteratively ólearnô and construct a predictive model or algorithm 

(Michalski, Carbonell and Mitchell 2013; Russell and Norvig 2016; Bzdok, Krzywinski 

and Altman 2017; Scott, Carter and Coiera 2021; G®ron 2022). The model when 

applied to new (unseen) data seeks to produce a prediction with a high degree of 

accuracy to minimise errors which may arise from cognitive bias or other factors such 

as fatigue (Scott, Carter and Coiera 2021). Additionally, the algorithms can be 

developed with (supervised) or without (unsupervised) human instruction or input. In 

supervised machine learning, labelled training datasets are utilised to develop an initial 

algorithm which seeks to classify new instances of data into the learned labels 

(classification) (Bishop 2006; Duda, Hart and Stork 2012; Pe¶a et al. 2014; Scott, 

Carter and Coiera 2021; G®ron 2022). The algorithm is then tested on test datasets 

derived from the original training data to assess its accuracy and reproducibility and 

for additional tuning. Finally, the tuned algorithm is validated on unseen datasets to 

assess its accuracy and generalisability for new data (Scott, Carter and Coiera 2021; 

G®ron 2022). With no human instruction or labelling, unsupervised ML utilise 

unlabelled data to develop an algorithm which discerns patterns from seemingly 

unstructured noise such that the data can be grouped into distinct clusters which share 
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similar attributes (clustering) (Ghahramani 2004; Scott, Carter and Coiera 2021; 

Montavon et al. 2022). In either case, the learning algorithms or model demands high 

quantities of data to avoid under- and overfitting problems (Lever, Krzywinski and 

Altman 2016). Overfitting occurs when irrelevant components (noise) or specific 

intricacies of the training data are incorporated into the learning algorithm (Jabbar and 

Khan 2014). This issue causes a drop in generalisability of the algorithm when tested 

on new and unobserved data (Jabbar and Khan 2014; Goodfellow, Bengio and 

Courville 2016). Whereas underfitting is the phenomenon which occurs when the 

learning algorithm is unable to capture the variability of the data, resulting in poor 

predictive performances across training, testing, and new datasets (Jabbar and Khan 

2014; Goodfellow, Bengio and Courville 2016). 

Current estimation methods in FA and VA are primarily based on the visual assessment 

of morphological features or metric measurements of osseous material (Buikstra 1994; 

Black, Aggrawal and Payne-James 2011; Krishan et al. 2016; Klales 2020d). These 

morphological methods involve varying degrees of human expertise which could be 

subject to experience-based biases or suffer from inconsistencies in measurements 

(Nakhaeizadeh, Dror and Morgan 2014; Smith and Boaks 2017). With the increase in 

availability of data by means of medical imaging and interest in VA and 3DFS, 

alongside successes of ML techniques in analysing nonmedical images (Langlotz et 

al. 2019), opportunities and interest have risen in recent years to adopt machine 

learning techniques to offer a potentially objective and consistent alternative to tackle 

the issues of biological profile estimations mentioned in Section 2.2. As established in 

section 2.2 the key purpose of forensic anthropology is to estimate ancestry, sex, age-

at-death/scan, and stature based on skeletal anatomy for the reconstruction of the 

biological profile. With the exception of stature, it could be argued that ancestry, sex, 

and age are estimated through classification. This is carried out by the assessment of 

skeletal morphology pertaining to each parameter of the biological profile and their 

placed in predefined categories (Nikita and Nikitas 2020). E.g. ancestry/population 

group in ancestry estimation, female/male in biological sex estimation, and method 

specific age ranges in age estimation. The goal of classification in ML is to assign 

objects into categories by finding a model or function that discerns data classes from 

each other (Dunham 2006; Han, Kamber and Pei 2012). While the underlying concept 

is simple, not all classification problems can be solved by a singular method. This is 
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known as the No-Free-Lunch theorem (Delgado 2019, Wolpert, 1996), where the best 

classification method may not be the same for all datasets or different applications of 

the same dataset. Therefore there are a myriad of classification methods that are 

currently available in ML and are applied in current ML research in FA/VA. Common 

classifying algorithms currently used in ML include binary and logistic regression, 

decision trees, random forest, naµve Bayesian classification, neural networks, and 

support vector machines (Dunham 2006; Oladipupo 2010; Han, Kamber and Pei 2012; 

Osisanwo et al. 2017; Nikita and Nikitas 2020; Cao et al. 2021, 2022; Joshi and 

Tallman 2023). ML techniques can therefore be applied to biological profile estimation 

(Nikita and Nikitas 2020). 

It has been shown by recent studies that ML classification techniques can be used to 

analyse physical cranial and postcranial morphology and metric to generate predictive 

algorithms in ancestry estimation (Hefner and Ousley 2014; Hefner, Spradley and 

Anderson 2014; Hefner et al. 2015; Maier et al. 2015; Navega et al. 2015; Nikita and 

Nikitas 2020; Spiros and Hefner 2020). Similar work have been carried out in biological 

sex estimation, exploring both morphological nonmetric based features (Santos, 

Guyomarcôh and Bruzek 2014; Bewes et al. 2019a; dôOliveira Coelho and Curate 

2019; Bertsatos et al. 2020; Ortiz et al. 2020; Toneva et al. 2021; Cao et al. 2022). 

Recent work has also seen ML approaches in both adult and non-adult age estimation 

studies by the extraction and examination of morphological features of the vertebrae 

(Cameriere et al. 2015), dentition (Cameriere and Ferrante 2011; De Micco et al. 

2021), hand (Larson et al. 2018; Mutasa et al. 2018; Van Steenkiste et al. 2018; 

Langlotz et al. 2019; Ġtern, Payer and Urschler 2019; Chen et al. 2020; Han and Wang 

2020), knee (Mauer et al. 2021), femur (Imaizumi et al. 2021), and the pelvis (Corsini, 

Schmitt and Bruzek 2005; Martins, Oliveira and Schmitt 2012; Xiong et al. 2023; Jang, 

Mariconti and Watts 2024). A particular neural network of note is DRNNAGE, created 

by Navega, Costa and Cunha (2022), a randomized artificial neural network proposed 

utilises a multi-factorial macroscopic scoring system which incorporates all age-related 

morphological nonmetric scores as input for computational analysis.  

As shown by the current ML research in FA, images, medical or otherwise, have shown 

to be able to produce successful ML classification models which contribute to 

advanced neural networks for age and sex estimation in post-mortem skeletal remains 
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and living skeletal data. These studies utilise X-ray images (De Tobel et al. 2017; 

ĠtepanovskĨ et al. 2017; Li et al. 2019; Guo et al. 2021; Vila-Blanco et al. 2021), MRI 

images (Ġtern, Payer and Urschler 2019; Armanious et al. 2021), photography (Ortega 

et al. 2021), and CT scans (Etli et al. 2019; Oner et al. 2019; Chen et al. 2021; Pham 

et al. 2021; Vila-Blanco et al. 2021; Cao et al. 2022) of bony anatomy to generate 

morphological nonmetric scoring labels as training data for the estimation of 

individualsô age and biological sex. As it is based on often subtle changes brought forth 

by degeneration of particular bones such as the ribs (Ķĸcan, Loth and Wright 1984b, 

1984a, 1985), cranial sutures (Meindl and Lovejoy 1985; Nawrocki 2010), femur 

(Pham et al. 2021), pelvis (Lovejoy et al. 1985b; Brooks and Suchey 1990), adult age 

estimation is noted to be more complicated (Buckberry 2015; Mesejo et al. 2020; 

Pham et al. 2021; Navega, Costa and Cunha 2022). Therefore despite the growing 

literature on ML related age estimation, current research ML work centres around 

subadult and early adulthood where distinct stages of vital developmental markers 

such as the hand (Ġtern et al. 2019; Ġtern, Payer and Urschler 2019), knee (Prºve et 

al. 2019), clavicle (Rudolf et al. 2019), and mandible and femur can be readily detected 

and analysed (Pham et al. 2021). This presents a gap in published literature to 

investigate the possibility of applying ML methods to CT images and in particular 3D 

image files for adult age estimation. 

With the performance of ML and AI across all fields of research demonstrating 

impressive levels of predictive capabilities and providing significant impact in complex 

tasks such as image recognition and language processing (EmmertȤStreib, YliȤHarja 

and Dehmer 2020; Kenny et al. 2021; Tjoa and Guan 2021), ML and AI have seen 

significant applications to automate, and potentially overcome the subjective bias of 

traditional FS approaches (Galante et al. 2023). ML and AI methods are not without 

risks of undesired effects. Depending on the quality of training data, algorithms may 

become biased in the same way as a human expert (Thurzo et al. 2021). It has been 

demonstrated by replication studies, that when trained with inherently biased data or 

biased labelling of training data (Bolukbasi et al. 2016; Caliskan, Bryson and 

Narayanan 2017; Obermeyer et al. 2019). Biases in ML methods could reinforce and 

exacerbate existing biases (Chouldechova and Roth 2018), leading to erroneous 

decisions and predictions that pose critical negative impact. This aspect of bias also 

exists in ML applications in FA, current studies and approaches utilise morphological 
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nonmetric scoring as input training data for algorithms in ancestry, biological sex, and 

age classification models (Li et al. 2019; Klales 2020a; Cao et al. 2022; Xiong et al. 

2023). In addition to biases, algorithms in ML and AI suffer from constraints regarding 

explainability and interpretability. In the current ML and AI landscape there is a notion 

that model or algorithm accuracy and learning performance is proportional to 

complexity and inversely proportional to interpretability (Rudin 2019). Algorithm types 

such as SVM (support vector machine), and neural networks are just some of the 

examples that are considered as complex black boxes that are too complex for 

inherent understanding and therefore requires a secondary model (post-hoc) to 

explain the decisions or predictions made (Doġiloviĺ, Brļiĺ and Hlupiĺ 2018; Rudin 

2019). This movement towards post-hoc explanation models is part of the resurgence 

of the field of explainable AI (XAI) (Xu et al. 2019; EmmertȤStreib, YliȤHarja and 

Dehmer 2020). Methods and systems in XAI seeks to provide clear, understandable 

insight into the rationale behind the output to generate trust in the AI/ML model (Doran, 

Schulz and Besold 2017; Gunning et al. 2019; Rai 2020). Although methods to 

generate explanation models in parallel to the black box (twin systems) (Keane and 

Kenny 2019; Cau 2020) or in a post-hoc manner exist (Ribeiro, Singh and Guestrin 

2016; Doġiloviĺ, Brļiĺ and Hlupiĺ 2018; Kenny et al. 2021), the complexity of black 

box models often limit the fidelity of the explanation model, thereby limiting the trust 

that users can place in the black box model that the post-hoc model is trying to explain 

(Rudin 2019). Not only do explainable models vary in explanation accuracies, the 

explanation model can only approximate how the black box model has arrived at a 

specific function, provide uninformative statistics which serve as superficial 

explanations and falsely validate the black box model (Rudin 2019), or even mislead 

model explanations and metrics (Eusebi et al. 2022). Ultimately, these black box 

models remain opaque. In light of these limitations, there have been calls to utilise 

transparent, interpretable models to provide glass box approaches and fundamentally 

improve explainability of ML and AI such that the system is human understandable 

(Gunning and Aha 2019; Gunning et al. 2019; Rudin 2019; Rudin and Radin 2019). 

ML and AI algorithms such as decision trees, additive models, linear models, Bayesian 

classifiers are some examples of inherently interpretable model types that allows direct 

inspection at the model component level e.g. features (variables), decision tree path, 
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specific rules generated (Du, Liu and Hu 2019; Rudin 2019; Rai 2020). In doing so, 

the importance of each element is explicitly stated and can be traced.  

The current landscape and issues highlighted in XAI are not dissimilar with the current 

state of forensic science covered in Section 2.1. The need for transparent and 

explainable model is akin to the call for transparency in understanding the decision 

pathways, inferences and conclusions drawn from the evidence base in crime 

reconstruction (Smit et al. 2016; Morgan et al. 2020). In achieving a transparency 

process or developing human-computer interfaces for XAI, mechanisms and the 

decision-making rationale of ML and AI models could be fully understood in the same 

manner that uncertainty can be understood in the forensic science process (Morgan 

et al. 2020). Additionally, any inherent biases of algorithm training data could be 

identified and minimised in a similar fashion that transparency processes can address 

the risk and potential of contextual effects and bias in crime reconstructions (Morgan 

et al. 2020). While XAI transparent and interpretable algorithms have gained interest 

and traction in recent years (Gunning and Aha 2019; Gunning et al. 2019; Xu et al. 

2019; Arrieta et al. 2020; Cau 2020; Tjoa and Guan 2021), published ML and AI work 

in FA and VA are primarily centred around black box ML and AI models such as SVM, 

random forest, neural net, and principal component analysis (Navega et al. 2015; 

Larson et al. 2018; Avu­lu and Baĸ­ift­i 2019; Bewes et al. 2019a; Etli et al. 2019; 

Bertsatos et al. 2020; Nikita and Nikitas 2020; Ortiz et al. 2020; Imaizumi et al. 2021; 

Ortega et al. 2021). Although current black box FA studies demonstrate high 

classifications accuracies, the lack of interpretability behind the black box modelsô 

rationale may not be appropriate when considering the calls for transparency in both 

XAI and forensic science.  

The gaps identified in this chapter serves as the basis of the research questions of the 

present thesis:  

1. Are the medical images extracted from healthcare databases suitable for 

forensic anthropology, specifically for machine learning purposes? 

2. Can the extracted CT data of the pelvis be used for age and sex classification in 

three-dimensional machine learning? 

3. Can the skeletal features in the CT data form classifiers in machine learning 

models for biological profile parameter estimation?  
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Chapter 3  Materials, Pre-processing Pipeline, and Data 

This chapter describes in detail the primary dataset acquired for the thesis, its 

relevance to the research gap identified and the software used for the development of 

the pre-processing pipeline. It also describes the application of the pre-processing 

pipeline which produces the final dataset produced for the remainder of the thesis. 

3.1 Materials  

3.1.1 Materials Description 

The data obtained for this research project consisted of existing non-contrast and 

contrast computed tomography (CT) scans of living adults between 18 and 100 years 

of age. These were obtained retrospectively from the Picture Archiving and 

Communication System (PACS) office located in the Radiology department in 

University College London Hospital (UCLH). Subadults were not included nor 

considered for the scope of the project. The CT scans were selected using a set of 

inclusion and exclusion criteria (Table 3.1) to generate a dataset that contained 5839 

sets of CT studies in a Digital Imaging and Communications in Medicine (DICOM) 

imaging format, where each individual study contained over 1500 DICOM files. The 

DICOM format allows conversion to file formats such as wavefront (OBJ) or standard 

tessellation language (STL) that are currently in vogue within the field of forensic 

anthropology and subsequent work in virtual anthropology. Additionally, it allows 

conversion to other forms of medical imaging file formats such as the Nearly Raw 

Raster Data (NRRD) or Neuroimaging Informatics Technology Initiative (NIFTI).  

The CT scans were anonymised and acquired from a single research site ï UCLH. All 

scans in the dataset were performed on the Aquilion ONE ViSION 320ïdetector row 

detector scanner (Toshiba Medical Systems, Otawara, Japan). This condition was 

introduced specifically during the data acquisition process to ensure consistency in CT 

scan quality, minimise the risk of differences between medical imaging protocols, and 

the potential differences between CT scanner manufacturers across multiple research 

sites. This rationale was justified as studies in clinical medicine have shown that there 

is noticeable drifting in image noise, uniformity, and spatial resolution in machines 

across independent manufacturers (Roa, Andersen and Martinsen 2015; Bache et al. 
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2017; Einstein et al. 2019). In addition to this, significant differences in image noise 

have been reported between scanner models from the same manufacturer (Roa, 

Andersen and Martinsen 2015; Bache et al. 2017; Einstein et al. 2019). By obtaining 

CT scans from the same scanner and research site, the scans will not be misclassified 

in subsequent machine learning classification studies in the present research due to 

differences in image quality caused by different scanning machine specifications and 

hospital protocols. The anonymised scans were further selected to only include CT 

studies that contained the full pelvis. All the scans provided were in a 512 x 512 matrix 

with slice thickness of 0.50 millimetres. Slice thickness is the distance between CT 

scans and can restrict the resolution of the overall CT study and reduce feature detail 

in later processing and visualisations of the scans (Ford and Decker 2016). An 

empirical study conducted by Carew et al. (2019) has demonstrated 0.50 millimetre 

slice thickness are sufficient to generate 3D reconstructions within an accepted range 

that can be considered accurate. In addition, 5839 studies were retrieved from the 

PACs office database in accordance with the inclusion and exclusion criteria, with 2111 

studies removed due to duplication and a further 153 studies were removed due to 

incomplete record or lack of pelvis in the studies. This collection of materials consists 

of 3575 unique patient studies which contain the pelvis. This is a highly distinctive 

collection as it presents a high quantity and quality of CT scans which could be used 

as a valuable resource in exploring alternative methods and solutions to current issues 

in forensic science, specifically in forensic anthropology. 

Software and software relevance 

In order to process and manipulate the CT scans into formats that are suitable for later 

machine learning studies, the high-level programming language Python (version 3.8.5) 

(Van Rossum and Drake 2009) was selected as the programming language of choice 

and Spyder (version 4.1.5) (Raybaut 2009) was selected, as it is an integrated 

development environment used for scientific programming. Python is a multi-paradigm 

programming language which comes with an extensive library of packages (Oliphant 

2007; Van Rossum and Drake 2009); over 339,000 packages with varying 

functionalities has been recorded and released on the official repository for Python 

software ï Python Package Index (Van Rossum and Drake 2009; DeBill 2021). The 

vast repository provides users with options to extend and optimise the language and 
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development environment to suit their specific tasks, thus able to engage in functions 

ranging from web scraping to image processing to machine learning (Oliphant 2007; 

Van Rossum and Drake 2009). The python packages available the repository allows 

for easy processing and conversion of DICOM files found in CT studies to relevant file 

formats such as STL and NIFTI. Additionally, as Python is a programmable language, 

code and sequences of code known as scripts which contain the collections of 

commands and functions required and written by the user can be automatically 

executed on datasets of any size, allowing a greater amount of data to be processed. 

As discussed in Chapter 2 Section 2.3, the majority of the current published work in 

forensic and virtual anthropology involving CT scans, 3D modelling, and machine 

learning algorithms based on DICOM files primarily use proprietary MATLAB, Mimics, 

RadiAnt, Amira, Horos, or operating system (OS) specific software such as OsiriX 

(Gillet et al. 2020; Toneva et al. 2021). Though accessibility of the aforementioned 

software is limited due high-licensing costs or OS specificity, they all contain additional 

plug-ins or modules that are either compatible or entirely based on Python. Thus, the 

output generated in the present research can be readily adapted, if not replicated in 

the commercial/proprietary environments.  

Perhaps most importantly Python, Spyder and the packages associated with Python 

and used in the present research is free-to-access, cross platform, and open source. 

The accessibility and availability, in combination with the processing capabilities 

brought forth by using Python at the absence of cost are critical aspects for the 

development and implementation of novel methodologies in a research environment 

where financial resources are limited (Morgan 2017b). Furthermore, the code and 

other output developed in the present research can be uploaded to public repositories 

such as GitHub, allowing for global collaborations with CT based datasets that 

otherwise would be impractical to acquire. Finally, by publishing the code on to public 

allows a greater degree of scrutiny, and ease-of-access for future work, thus 

addressing the need for greater levels of transparency, validity, and robusticity in 

forensic science. 
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Dataset limitations 

The dataset is not without limitations. Even though every age group is represented in 

the dataset, the CT studies provided are heavily weighted towards elderly age groups 

due to the nature of the hospital datasets. In addition, there is a bias towards females 

as shown by the Chi-squared goodness of fit tests.  

Although stature information was requested, the retrieved dataset had 1375 CT 

studies (38.46%) without either or both height and weight information. Therefore, 

despite being one of the four major components of the biological profile as highlighted 

by the literature reviewed in Chapter 2, stature information will not be considered or 

analysed for the experiments following this chapter. 

Finally, while the collection of materials was provided by a single research site and 

single detector scanner, the PACs office retrieved the scans from multiple 

departments, ranging from oncology to acute medicine and emergency care. As the 

CT studies were collected from multiple departments, the scans were examined by the 

author to ensure the region of interest (the pelvis) was fully intact and present. While 

none of the scans were omitted based on pathological effects on the pelvis, it must be 

stated that the author is not a medically trained professional, the scans would only be 

omitted if there were bone alterations to the region of interest (pelvis) that were visible 

to the naked eye. Any underlying pathology at the cellular level would be undiscernible 

to the untrained eye.  
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3.2 Ethics and Data Acquisition 

This section presents and discusses the ethical issues and data acquisition process 

that the project underwent. It also highlights the process by which the project received 

its ethics exemption from the Research Ethics Committee and approval from the 

Health Research Authority and Health Care Research Wales. 

3.2.1 Potential Concerns and Ethical Issues 

Academic research at any level and in any field of study should require good research 

practice. According to the Committee of Publication Ethics (Committee on Publication 

Ethics 2000), ógood research should be well justified, well planned, appropriately 

designed, and ethically approvedô. The importance of this set of basic standards 

cannot be understated when dealing with healthcare and related biomedical data. 

Research involving human subjects must adhere to the guidance and ethical principles 

in the Declaration of Helsinki (World Health Organization 2001). Scandals surrounding 

healthcare data, such as the NHS data-loss incident which launched the NHS Shared 

Business Services inquiry (Committee of Public Accounts 2017) in combination with 

increasing technological capabilities for digital data to be replicated, stored, analysed 

in ways that can potentially reveal or extract personal information (Aicardi et al. 2016), 

has resulted in increased vigilance over issues of participant anonymity and data 

protection. To adhere to the basic standards of research, the present project 

underwent rigorous procedures through the Joint Research Office (JRO) between 

University College London (UCL) and the UCLH Foundation Trust to establish and 

develop a research protocol that is ethically acceptable and protects participants by 

ensuring anonymity and enhancing security standards such that risks of data-loss are 

kept to a minimum. 

3.2.2 Ethics Approval and Exemption, and Data Acquisition 

To ensure that a dataset was acquired in time for empirical studies and analysis for 

the present research project, the data application process was initiated on 08 October 

2019. A series of documents was issued by the JRO were requested to be filled, and 

an application through the Integrated Research Application System (IRAS) was 

initiated. As the present research required CT studies with personal identifiers 
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removed, UCL Data Protection did not require data protection registration. The 

proposed protocol, a peer review of the protocol, and IRAS application were completed 

on 17 December 2019 and sent to the JRO for approval. 

Research protocol summary 

The research protocol included information regarding funding, sponsors, institutional 

affiliations, investigator information, scientific justification for the research, potential 

conflicts of interest, information regarding security provisions for data, inclusion and 

exclusion criteria, and the measures taken to ensure privacy and confidentiality of 

patients who underwent the CT scan. The primary inclusion and exclusion criteria 

(Table 3.1) were generated to request that the dataset retrieved by the imaging IT 

systems administrator at PACs office consisted of at least 2000 CT scan studies of the 

pelvis with slice thickness of at maximum 1.50mm, with equal numbers of studies at 

each age range and for both biological sexes. The criteria were proposed to ensure a 

large sample size and consistent quality in the CT scans retrieved. The large sample 

size allows the following studies to generate statistically meaningful results, and the 

criteria of equal numbers at each age range and sex eliminates biases that may skew 

the machine learning algorithm.  

Table 3.1 Tabulated version of the inclusion and exclusion criteria submitted to the JRO and 

participating NHS research site for request of dataset. 

Inclusion criteria  

 

Exclusion criteria  

CT studies must contain the entire pelvis 

(from lumbar spine to mid-femur) 

CT studies with slice thickness of over 

1.50mm  

CT dataset retrieved must contain at- 

least 2000 scan studies 

CT studies of patients under the age of 

18 
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Equal numbers of scans at each age 

range in years: 

18-24  

25-29  

30-34  

35-39  

40-44  

45-49  

50-54  

55-59  

60-64  

65-69  

70-74  

75-79  

80-84  

85-89  

90-94  

95-100  

CT studies that do not contain the entire 

pelvis 

Equal numbers of female and male CT 

studies 

 

CT studies must contain sex, ethnicity, 

age-at-scan, and stature (height and 

weight) information 

 

CT studies must have slice thickness of 

at maximum 1.50mm 
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In recent years, healthcare data has been increasingly integrated electronic systems 

to improve efficiency and quality of healthcare to the patients by collecting sensitive 

data pertaining to the individual (Evans 2016; Dash et al. 2019). It can therefore be 

rationalised that healthcare data are more sensitive than other data types, loss of data 

by misappropriation or by theft could lead to unacceptable risks for both the 

organisation and the individual (Seh et al. 2020). The research protocol designed for 

the data acquisition process included several steps to ensure that the dataset and the 

individuals that have contributed to the data are protected through stringent 

anonymisation processes and security measures.  

The CT dataset was anonymised by removing all patient identifiers identified by NHS 

Patient Identification Policy and official documentation on Patient Safety Alert (NHS 

Improvement 2018; NHS 2019), leaving only information that would be pertinent to the 

research: sex, age-at-scan, self-identified ethnicity, and stature (height and weight). 

To further limit the potential of unauthorised disclosure of information, it was stipulated 

that the data would be anonymised prior to handover and the anonymisation process 

conducted by the Imaging IT systems administrator at the PACs office who would also 

retrieve the data from the imaging database at UCLH. 

Data breaches can occur in several ways: cyber-attacks or hacking incidents to gain 

unauthorised access to the dataset, theft, and loss of portable devices containing the 

dataset (HIPAA 2019; Seh et al. 2020). To prevent the risk of data loss by cyber-

attacks, the retrieved dataset was kept offline at all times. The anonymised dataset 

was transferred electronically to an encrypted hard drive at the PACs office in UCLH 

and handed over to the researcher when the transfer was complete. The hard drive 

was encrypted using VeraCrypt 1.24, an open source, multi-platform encryption 

software with transparent procedures to provide immunity to brute-force attacks 

(VeraCrypt 2021), due to computational power constraints, the duration for encryption 

CT studies must be retrieved from 

existing scans, from 2015 onwards 

 

CT studies retrieved must be from the 

same scanner 
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took 61 hours. In addition to encryption, physical security measures by means of two-

factor authentication were proposed and implemented to reduce the risk of data loss 

by theft. The encrypted, anonymised hard drive containing the dataset was secured in 

an office gated by a RFID access control system and a secure digit-combination locker, 

the password to which was changed every 90 days as per recommended by NIST 

(National Institute of Standards and Technology) (Grassi et al. 2017).  

Ethics approval and exemption 

With the above inclusion and exclusion criteria, rationale for research, and appropriate 

security measures proposed, a revision of all the relevant forms demanded by the JRO 

and protocol were submitted on 30 March 2020 and approved for submission by the 

JRO on 14 October 2020 to the Health Research Authority (HRA) and Health and Care 

Research Wales (HCRW), and Research Ethics Committee (REC). The research 

protocol was approved by HRA and HCRW on 4 November 2020 and granted ethics 

exemption approved after review by the Proportionate Review Sub-committee of the 

London-Bloomsbury Health Research Authority Research Ethics Committee.  

Data acquisition 

The data was anonymised to the standards set by the research protocol and 

transferred on to an encrypted hard drive. The encrypted hard drive was collected on 

14 May 2021, 19 months after the data acquisition and ethics application process 

began. 
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3.3 Pre-processing Pipeline 

3.3.1 Pipeline Development 

With large scale CT databases such as the New Mexico Decedent database (n = 

15000+) or The Cancer Imaging Archives (n = 40000+) and the potential for 

researchers to create ad-hoc datasets from PACS offices such as those named in 

recent forensic anthropology studies (Franklin, Swift and Flavel 2016; Bewes et al. 

2019a; Doyle et al. 2019; Franchi et al. 2019; Gillet et al. 2020), it is important to form 

a systematic approach for the transformation of DICOM files retrieved into file formats 

that are ready for 2D and 3D image processing, virtual modelling, and machine 

learning work.  

Using the UCLH dataset, a pre-processing pipeline was created through iterative 

procedures in which the parameters were modified to fine tune and optimize each 

process. The present pipeline, written in Python 3.8 programming language, provides 

the necessary steps and Python scripts required to produce three distinct file formats 

that are relevant and usable for machine learning in forensic and virtual anthropology 

from a CT dataset containing DICOM files. Given the large number of CT studies (n = 

3575) of the UCLH dataset and the any potential datasets that may use the proposed 

pipeline, it is not feasible to process each DICOM file into the desired output file 

formats manually one-at-a time with ready-made software, proprietary or otherwise. In 

addition to the labour-intensive procedures, if all the DICOM files were to be manual 

processed, the functions provided by ready-made software such as thresholding and 

segmentation are often hidden beneath layers of code and on occasion graphical user 

interfaces which reduces explainability and the potential of crime reconstruction in the 

forensic science context. Therefore, a heavy emphasis was placed during script 

development on ensuring that the functions coded were automative and applicable to 

the dataset with little to no adjustment. By providing the scripts along with the pipeline 

on public repositories such as GitHub, future users could adapt the code to their needs. 

The code and additional detail regarding dependencies is available at 

https://github.com/MartinLLo/preprocessing_pipeline. 

https://github.com/MartinLLo/preprocessing_pipeline
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Figure 3.1 provides a visual representation of the pipeline developed in this empirical 

section. The pipeline consists of three distinct stages, where each stage involves 

different sets of Python scripts to produce the output desired: 

A. Data Source/Input 

1. Scripts for organising and sorting the dataset 

1.1. Data cleaning script 

1.2. Data sorting script 

1.3. Data deletion script 

B. Restructuring data 

2. Script for noise removal and segmentation 

C. Usable output 

3. Script for DICOM conversion to thresholded image 

4. Script for DICOM conversion to NIfTI format 

5. Script for DICOM conversion to stereolithography format 
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Figure 3.1 Pre-processing framework showing the steps for adapting CT (DICOM) datasets into file formats suitable for 2D and 3D image processing, virtual 

modelling, and machine learning work in forensic anthropology. 
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3.3.2 Pipeline Breakdown 

Data Source/Input 

The first set of scripts in this section are used to organise, sort, and clean the input 

data. The scripts collectively take DICOM images as input and checks for corrupted 

and non-DICOM files, if found the identified files are deleted. It then sorts them into 

folders according to the series numbers. This enables the user to automatically sort 

and extract relevant DICOM files into folders created according to the series of each 

scan.  

Each CT study consists of multiple series of DICOM files; each DICOM file is an image 

consisting of an X-Ray slice of the body and the image metadata, while each series of 

DICOM files is the collection of the images of the scanned body. Each series may differ 

depending on the presence or absence of contrast agents or the scanned regions of 

interest. The metadata contain information such as slice thickness, series number, 

series date, patient sex, patient age etc. These fields or tags are defined by a pair of 

four alphanumeric characters (Muschelli 2019), for example, (0020, 000E) denotes the 

Series Number tag of a DICOM file.  

While the DICOM files are generally extracted and provided in sequential order, each 

folder for a CT study for each patient could have multiple uncollated series of CT scans 

(Figure 3.2). This first script therefore utilises the tags stored in each DICOM filesô 

metadata with Pydicom (Mason et al. 2021), a python package capable of reading 

metadata to sort and extract DICOM files into its own óseries folderô within each CT 

study folder (Figure 3.3). Using the tags in the metadata, the final third part of this 

section enables users to further delete unwanted DICOM files using data identifiers in 

the metadata. Thus, allowing the user greater control over the quality, quantity, and 

relevancy of the dataset. 
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Figure 3.2 Uncollated DICOM files within the CT study folder. 

 

Figure 3.3 DICOM files automatically sorted and extracted into subfolders matching the 

series number in the metadata of each DICOM file. 
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Restructuring the data 

Image generation by CT scanners is based on the same principles as x-rays, however, 

instead of taking a snapshot of the patient and the region of interest, the patient is 

instead passed through a ring-shaped apparatus known as the gantry on a sliding 

table where rotating beams of x-ray traces a helical path around the patient/region of 

interest as they are passed through the gantry at a steady rate (Cogbill and Ziegelbein 

2011; Muschelli 2019). The information captured by the detector is then reconstructed 

into a series of DICOM images in a 512 by 512 pixel matrix with slice thicknesses 

specified by the user (Cogbill and Ziegelbein 2011). The two curved white lines 

highlighted by the red frame in Figure 3.4 is the sliding patient table. As the presence 

of the table would negatively impact the desired outputs at varying levels, it is important 

to remove the table from the DICOM files before entering the final stage of the pipeline 

so that the desired outputs do not contain an irrelevant structure that may affect future 

experiments. The script (S2) in this second stage removes noise or unwanted 

structures through a several steps of image thresholding and masking.  

To ensure the scriptôs adaptability for other CT scanning procedures, manufacturers, 

and protocols, the code in S2 was optimised so that the CT image is loaded as an 

image matrix where any desired selection of the patientôs tissues can be detected and 

the noisy structures outside of the selection can be removed. The selected section of 

the image matrix becomes a mask; sections outside of the selected mask is 

overwritten as ózeroô, effectively removing the unwanted structures. As S2 directly 

overwrites the original file, metadata pertaining to each file is preserved. To achieve 

the described functions of S2, a few notable Python packages were used. The DICOM 

files were first thresholded using a combination of modules within the Pydicom 

package (Mason et al. 2021). Thresholding highlights specific materials based on their 

radio density ï measured in Hounsfield units (DenOtter and Schubert 2021). The pixel 

matrix was thresholded to only display structures which had the radio density of bone 

tissue.  

First, the DICOM file is loaded as an array of pixels and labelled as óOriginal Imageô. 

This array of pixels undergoes a series of thresholding functions to only display the 

structures which has the radiodensity of bone and surrounding tissue. The 

thresholding values in S2 can be used as a fixed threshold if the tissue of interest is of 
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bone tissue only. The selected area or area of interest is returned as a óMaskô, which 

denotes the parts of the pixel array that should be kept, returning an area of interest 

labelled as óMaskô. Using the area identified by the óMaskô, the óOriginal Imageô is 

segmented to produce the óFinal Imageô, the óFinal Imageô array overwrites the original 

DICOM file while maintaining relevant metadata and the appropriate image matrix size 

(512 by 512) for future processing. The noise removal function of this script can be 

visualised in Figure 3.5. In addition to the remove noise function above, S2 can detect 

corrupted DICOM files and non-DICOM files to be filtered and flagged for the user. 

This is to ensure the scriptôs adaptability for other CT scanning procedures, 

manufacturers, protocols, and datasets from other sources. By removing incompatible 

and corrupted files, S2 enables smooth transition during the next stages of the pre-

processing pipeline. 

 

Figure 3.4 DICOM file with sliding patient table highlighted in red. 

 

Figure 3.5 DICOM file labelled óOriginal Imageô undergoes a series of thresholding and 

masking functions to return an area of interest labelled as óMaskô. The óFinal Imageô returned 

overwrites into the DICOM file, thus removing noisy structures such as the sliding patient table. 
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Usable Outputs 

With all corrupted and irrelevant files removed, and unwanted structures and tissues 

processed, the DICOM dataset is ready to move on to the final stage of the pipeline, 

óUsable Outputsô. This stage enables users to convert the DICOM images into file 

formats that are relevant to the usersô needs. 

Conversion to image files 

The third script, S3, enables users to pass DICOM files through thresholding functions 

from Pydicom and coded to produce 2D general-purpose image formats. General-

purpose image formats such as PNG (portable network graphics) and JPEG (joint 

photographic experts group) are regarded as standards and widely used as image 

storage formats and thus, commonly used in image-based machine learning 

(Brownlee 2019a). As both PNG and JPEG are capable of compressed storage of 

image data without visible reductions of image quality, this conversion from DICOM to 

PNG/JPEG reduces the strain on computational power and resources (Wallace 1992; 

Boutell 1997). Depending on the filetype requirements of the user/researcher, S3 can 

be modified in the code to produce either PNG or JPEG files.  

Conversion to NIfTI format 

The fourth set of scripts (S4), enables users to compile and convert the processed 

DICOM files to the neuroimaging informatics technology initiative (NIfTI) file format 

using dicom2nifti package (Brys et al. 2021). This package takes the collections of 

DICOM files sorted into each series folder to generate a single NIfTI file per series. By 

stacking the DICOM files, the resulting NIfTI file which contains volumetric data 

converted from the metadata and image data in the DICOM files is now fit for machine 

learning. The second part of S4 enables users to automatically move the generated 

NIfTI files into a new and separate directory for ease of transfer. 

Neuroimaging Informatics Technology Initiative (NIfTI) 

The Neuroimaging Informatics Technology Initiative (NIfTI) data format was developed 

by the Data Format Working group as an improved replacement for the proprietary 

format known as ANALYZE 7.5 (Larobina and Murino 2014; Whitcher, Schmid and 

Thornton 2017). Much like DICOM, each NIfTI file is constructed of two classes, the 
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header and the image, however, unlike DICOM, the header (metadata) information is 

kept to an essential minimum, e.g. image geometry, (Li et al. 2016). This is so that the 

image data class, when stacked, can retain as much information as possible by 

avoiding compression (Li et al. 2016). Another advantage that the NIfTI format 

presents over DICOM and other 3D file formats such as STL is that its image data 

capacity is not only limited to 3 dimensions. NIfTI files can store up to 7 dimensions 

including the 3 spatial dimensions and time as the 4th dimension (Data Format Working 

Group 2007; Li et al. 2016). Although originally created for neuroimaging, NIfTI is not 

limited to neurological tissue. Recent studies have demonstrated that NIfTI files can 

be thresholded through radiodensity thresholding to examine other soft tissues such 

as lung connective tissue and hard tissues such as bone (Sander et al. 2017; Zunair 

et al. 2020; Telfer et al. 2021; Veneziano et al. 2021). With clinical and anatomical 

research demonstrating the feasibility of using NIfTI to examine bone tissues, this 

development implicates that the NIfTI format can be explored in the field of forensic 

and virtual anthropology. Moreover, the NIfTI format has been noted as the preferred 

format to conduct 3D machine learning as it contains the equivalent information of 

hundreds or even thousands of DICOM files in a single file (Roy and Permanente 

2017). These features in combination with the additional dimension information 

storage such as time, the NIfTI format present the potential for volumetric longitudinal 

studies in machine learning. Lastly, the NIfTI format is not exclusive of existing 

software, it is compatible with many current ready-made viewers, image analysis 

software such as 3DSlicer, ImageJ, InVesalius, OsiriX, R, and Python ï through the 

Nibabel package (Rasband 1997; Rosset, Spadola and Ratib 2004; Franco de Moraes 

et al. 2011; Fedorov et al. 2012; R Core Team 2013; Larobina and Murino 2014; Brett 

et al. 2020).  

Conversion to STL format 

The fifth script (S5), enables users to pass the processed DICOM files through the 

visualization toolkit (VTK) package, which is an open-source, Python compatible toolkit 

for 3D visualization and image processing (Schroeder, Martin and Lorensen 2021), 

and contributes to the core of many open-source, multi-platform, ready-made software 

such as 3DSlicer, InVesalius, FreeSurfer (Franco de Moraes et al. 2011; Fedorov et 

al. 2012; Fischl 2012). The compiled DICOM files can be converted into stacks of array 
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and thresholded to highlight the tissues of interest. The stacks of arrays utilise 

volumetric data from the DICOM files to form vertices and triangles which can be 

tessellated into a manipulable virtual model. The model can be written and saved as 

an STL file which can be visualised in virtual 3D viewing platforms/software or printed 

as a physical 3D model. The printed models provides tactile surface information of the 

scanned object (Mitsouras et al. 2015; Jani et al. 2021). This technology has since 

been incorporated into various fields of forensic science such as forensic 

anthropology, crime scene reconstruction, ballistic reconstruction, and forensic 

medicine/pathology (Komar, Davy-Jow and Decker 2012; Hazeveld, Huddleston 

Slater and Ren 2014; Biggs and Marsden 2019; Carew and Errickson 2020; Jani et al. 

2021).  

Here, the script passes the processed DICOM files through the visualization toolkit 

(VTK) package for Python. VTK is an open-source, Python compatible toolkit for 3D 

visualization and image processing (Schroeder, Martin and Lorensen 2021), and 

contributes to the core of many open-source, multi-platform, ready-made software 

such as 3DSlicer, InVesalius, FreeSurfer (Franco de Moraes et al. 2011; Fedorov et 

al. 2012; Fischl 2012). Using specific functions and modules selected from the VTK 

package, the processed DICOM files were converted into stacks of array and 

thresholded to highlight the tissues of interest (bone). The thresholded arrays were 

compiled and written into a stereolithography file which can be visualised in virtual 3D 

viewing platforms or printed as a physical 3D model. 

STL format and Stereolithography 

STL (standard tessellation language) is a file format which is supported by many 

software and widely used for rapid prototyping/3D printing (Ciobota 2012). STL can 

only describe the surface geometry of a 3D object by using the volumetric information 

from input data such as DICOM files (Ciobota 2012). The volumetric data forms 

vertices and is structured into triangles using a 3D Cartesian coordinate system. The 

triangles are tessellated into a polyhedron which can be kept as a manipulable virtual 

model or be printed through stereolithography (SLA) into physical models that provides 

tactile surface information of the scanned object (Mitsouras et al. 2015; Jani et al. 

2021). SLA is a rapid prototyping technique to produce anatomically correct and 

accurate physical models from CT scans which have been converted into STL files for 
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the purposes of preoperative surgical planning in clinical medicine (Dolz, Cina and 

Smith 2000). Recent research involving the usage of STL files have demonstrated that 

it can be used in both virtual and physical environments to an acceptable degree of 

accuracy and validity (Robles et al. 2020; Robles, Rando and Morgan 2020; Carew, 

Morgan and Rando 2021). Through the automation potential presented by this script, 

large-scale datasets can be readily converted into STL files for either virtual 

manipulation or printed 3D structures for surface analysis or even used as 

demonstrative evidence in court (Errickson et al. 2020; Carew, Morgan and Rando 

2021).  

 

3.4 Pipeline Implementation 

The pipeline created was tested and implemented on a large-scale database of 3575 

CT scans retrieved from the PACS office at UCLH. Additionally, the pipeline was tested 

on single scans obtained from open-source public repositories: The New Mexico 

Decedent Image Database (NMDID) and The Cancer Imaging Archive (TCIA) for 

validation of applicability across CT images taken by different models of CT scanners, 

and in different contexts. The NMDID scans were acquired using 120 kVp at 0.50 mm 

slice thickness on the Philips Big Bore CT Scanner (Philips Medical Systems, 

Amsterdam, Netherlands), while the TCIA scans were acquired using 120 kVp at 0.625 

mm slice thickness on an unknown CT scanner. Figures 3.4 and 3.5 show that the 

scripts, particularly the ónoise removal and segmentationô was able to remove the 

sliding table from CT scans from alternative datasets such as the NMDID and the TCIA 

as designed. S3 ï 5 were also able to produce the discrete outputs as designed. 

Examples of the thresholded 2D image files, 3D models, and 3D image files from the 

single case files of the NMDID and TCIA databases can be found in the GitHub 

repository provided above. 

3.4.1 Discussion 

The capabilities shown by this preliminary pre-processing pipeline address both 

growing demands and problems faced by modern forensic and virtual anthropology. 

Firstly, the demand for modern population data is fully addressed by the pipeline as it 
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has shown the capacity to transform clinical CT data and post-mortem CT data 

straightforwardly. Second, the pipeline addresses the limitations due to manual 

segmentations. While it has been noted by previously published studies that noise can 

be manually deleted through the use of visualisation software programs (Robles et al. 

2020), the task is time-consuming for larger data sets. This manual cleaning of noise 

ultimately impacts the sample size that a research study can feasibly process in the 

life cycle of the research project itself. As shown by the current ML research in FA, 

medical images have been shown to produce successful ML classification models 

which contribute to advanced ML techniques such as neural networks and random 

forests for age and sex estimation in post-mortem skeletal remains and living skeletal 

data. These studies utilise X-ray images (De Tobel et al. 2017; ĠtepanovskĨ et al. 

2017; Li et al. 2019; Guo et al. 2021; Vila-Blanco et al. 2021), MRI images (Ġtern, 

Payer and Urschler 2019; Armanious et al. 2021), photography (Ortega et al. 2021), 

and CT scans (Etli et al. 2019; Oner et al. 2019; Chen et al. 2021; Pham et al. 2021; 

Vila-Blanco et al. 2021) of bony anatomy to either cluster or classify individualsô age 

and biological sex. While the growing body of literature has presented ML algorithms 

with promising results, study sample sizes are often limited to below 500 

individuals/scans (Hefner, Spradley and Anderson 2014; Bertsatos et al. 2020; Ortiz 

et al. 2020; Techataweewan et al. 2021; Toneva et al. 2021). Though small datasets 

may be sufficient for the training of machine learning algorithms, the generalisability, 

accuracy, validity, and reliability of developed ML and AI models can be greatly 

improved with larger high-quality datasets (Soffer et al. 2019).The larger sample sizes 

that the pipeline is able to produce will allow ML and AI models to decrease variability 

in predictive accuracies and increase model robusticity (Wisz et al. 2008). Additionally, 

the outputs of S2-4 are file formats are consistent with the inputs used in current ML 

research in FA. This pipeline therefore not only addresses the time-consuming 

problem removing undesirable background noise and structures but enables robust 

future ML research in FA. The outputs produced by the pipeline can be used beyond 

ML and image analysis research. For example, as the pipeline can utilise large DICOM 

datasets to produce STL models via S5, it therefore serves as a tool to create virtual 

or printed 3D models representative of the contemporary population for training, 

teaching, and development purposes. Another example of pipeline flexibility can be 

seen in the output generated by S3, while the current script thresholds for bone tissue, 



97 

 

and the thresholding value can be adjusted to highlight any tissue of interest. Thus, 

enabling the user to detect and highlight other tissues structures such as muscle. This 

flexibility allows the pipeline presented here to produce outputs that are relevant in 

fields outside of FA, e.g., medicine. Although this pipeline has shown success in 

processing different sets of CT data, it is noted that the STL models produced by S5 

could be further improved. Surface differences were observed throughout the model, 

and it is noted that current step-by-step guides developed on open-source software 

will allow users to generate models of higher quality. While the scripts in the present 

pipeline were developed using CT scans, the code developed processes DICOM files. 

DICOM image files produced by other imaging modalities such as MRI or plain 

radiography can also be feasibly processed with some modification to the scripts. 

The pipeline scripts are publicly available on GitHub for any interested stakeholders 

or researchers to download, use and validate to produce impactful work in relevant 

fields. This commitment to open science contributes to the transparency of the 

databases produced, and increases their value as tools in the evaluative 

interpretations made to assist the court (The House of Lords Science and Technology 

Select Committee 2019; Tully 2019). Moreover, as this is the first tool published for the 

aforementioned purposes, the use of platforms such as GitHub allows the modification 

and improvement of the code by any interested member of the community. Therefore, 

we welcome any computationally advanced users of the pipeline to alter and refine the 

code provided, to generate higher quality models and other outputs on a mass scale. 

It is noted that the development of such a tool to process large quantities of medical 

image data could pose an impact to data privacy (Razzak, Naz and Zaib 2017). 

Medical images contain vast amounts of personal data in the form of the image and 

metadata that can be used to re-identify scanned individuals which violates privacy. 

However, it is noted in the published literature that medical images stored as DICOM 

images can be anonymised to reduce the risk of re-identification. Metadata associated 

with DICOM images is typically removed when these images are used for research 

purposes (Willemink et al. 2020; Natu, Natu and Agrawal 2021). As the present 

pipeline uses DICOM images as the sole input format, future works that may utilise 

this pipeline would also adhere to the recommendations in the current literature to de-

identify images. The potential of data privacy violations is mitigated with anonymisation 

processes and ethical safeguards in place. 
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3.4.2 Next Steps 

The pipeline presented here is a set of novel procedures to prepare CT image data, 

specifically but not limited to clinical data, for forensic and virtual anthropology. The 

processes automated by the scripts found in the pipeline also allows a greater quantity 

of CT studies and scans to be processed. This automation removes constraints such 

as manual segmentations and labelling that have limited the sample sizes of published 

research in the current literature. With the automated processes in place, the pipeline 

grants the user with the flexibility to access and transform CT datasets from virtually 

any source and of any size. Finally, the three distinct outputs provided by the pipeline 

enables the potentially large scale and automated production of 2D and 3D image files 

for machine learning purposes and 3D models for printing and virtual manipulation at 

a minimum. In the forensic anthropology context where funding, time, and access to 

modern population data may be restricted, this pipeline creates a process to transform 

CT data from a variety of contexts such as post-mortem, living, or virtual preservations 

of historical collections into ad-hoc datasets with usable and relevant outputs.  
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3.5 Data 

With this pipeline, this collection of materials acquired from UCLH forms the final 

dataset for the remaining chapters. This section describes this final dataset. 

3.5.1 Final Dataset Population 

The CT studies in the final dataset were processed using the multi-output pre-

processing pipeline described above. Corrupted files, and CT studies with incomplete 

or absent pelves were removed from the final dataset by the pipeline (Lo et al. 2023). 

This resulted in 482 studies removed. 

The final dataset population consists of 3093 CT studies, 1698 female and 1395 male, 

scanned between April 2019 to January 2021. The minimum age represented by the 

dataset is 18 years, while maximum age is 99 years. The most represented age is 68 

and there are no data entries for ages 96 and 98. The dataset was binned into five-

year age groups used by the Office of National Statistics (ONS). The distribution of 

age groups and sex in the final dataset can be seen in Table 3.2 and further visualised 

in Figure 3.6.  

Table 3.2 Age and sex distribution of the UCLH dataset, age intervals are grouped into five-

year bins with the exception of 18-19. 

Age 
Groups  

All  Male Female 
Percentage 

Male 
Percentage 

Female 

Percentage 
Age 

Distribution  

18 to 19 4 3 1 75.00% 25.00% 0.129% 

20 to 24 38 21 17 55.26% 44.74% 1.229% 

25 to 29 62 32 30 51.61% 48.39% 2.005% 

30 to 34 93 39 54 41.94% 58.06% 3.007% 

35 to 39 102 40 62 39.22% 60.78% 3.298% 

40 to 44 143 54 89 37.76% 62.24% 4.623% 
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45 to 49 186 74 112 39.78% 60.22% 6.014% 

50 to 54 268 117 151 43.66% 56.34% 8.665% 

55 to 59 333 138 195 41.44% 58.56% 10.766% 

60 to 64 374 182 192 48.66% 51.34% 12.092% 

65 to 69 409 176 233 43.03% 56.97% 13.223% 

70 to 74 396 192 204 48.48% 51.52% 12.803% 

75 to 79 296 137 159 46.28% 53.72% 9.570% 

80 to 84 223 104 119 46.64% 53.36% 7.210% 

85+ 166 86 80 51.81% 48.19% 5.367% 

Total: 3093 1395 1698 45.10% 54.90%  

 

 

Figure 3.6 Population pyramid of the final dataset after being processed by the pre-processing 

pipeline. 
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Self-identified ethnicity was provided by the PACs office at UCLH. The dataset is 

predominantly óWhiteô (63.14%), with other population groups being óBlackô (8.98%), 

óAsianô (9.43%), óMixed/multiple ethnicô (1.96%), óOther ethnicô (7.08%), and óUnknownô 

(9.41%). Table 3.3 shows a full breakdown of the self-identified ethnicities according 

to the categories provided by the UCLH NHS Foundation Trust.  

Table 3.3 Self-identified ethnicity distribution of the final dataset. 

Self -identified Ethnicities  Counts  Male Female 

Final 

Dataset 

Percentages  

White: Total 1953 923 1030 63.14% 

White British 1420 683 737 45.91% 

White Irish 90 44 46 2.91% 

Other White Background 443 196 247 14.32% 

Mixed/Multiple Ethnic group: Total 62 20 42 1.96% 

Mixed White and Asian 17 10 7 0.55% 

Mixed White and Black 

African 
10 3 7 0.32% 

Mixed White and Black 

Caribbean 
8 3 5 0.26% 

Other Mixed Background 27 4 23 0.87% 

Asian/Asian British: Total 290 118 172 9.43% 

Asian Bangladeshi 76 32 44 2.46% 



102 

 

Asian Indian 84 31 53 2.72% 

Asian Pakistani 29 14 15 0.94% 

Chinese 23 7 16 0.74% 

Other Asian Background 78 34 44 2.52% 

Black/African/Caribbean/Black 

British: Total 
278 108 170 8.98% 

Black African 125 49 76 4.04% 

Black British 1 1 0 0.03% 

Black Caribbean 102 39 63 3.30% 

Other Black Background 50 19 31 1.62% 

Other Ethnic Group: Total 219 97 122 7.16% 

Unknown: Total 291 125 166 9.41% 

Refused to Give 28 12 16 0.91% 

Not Yet Asked 176 80 96 5.69% 

Not Stated / Unknown 87 33 54 2.81% 
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3.5.2 Dataset Relevance 

Why is it relevant? 

The CT dataset acquired is relevant to the current landscape of research in forensic 

anthropology. Growing trends in the application of biological profiling techniques in 

digital data (Decker et al. 2011) has resulted in the development of new methodologies 

in forensic anthropology where CT scanning is the primary medical imaging modality 

of choice (Fantini et al. 2008; Benazzi et al. 2010; McKnight et al. 2015; Miccich¯, 

Carotenuto and S³neo 2018; Bewes et al. 2019a; Franchi et al. 2019; Bertsatos et al. 

2020; Pe¶a-Sol·rzano et al. 2020; Robles et al. 2020; Robles, Morgan and Rando 

2020; Robles, Rando and Morgan 2020). This increase in the application of 

radiography and digital techniques such as image processing and machine learning 

has even given rise to a new interdisciplinary field known as 3D forensic science 

(3DFS) that encompasses the above and other materials pertinent to forensic science 

(Carew, French and Morgan 2021). 

This CT dataset, much like current large-scale databases such as the New Mexico 

Decedent Image Database (Edgar et al. 2020) and The Cancer Imaging Archive (Clark 

et al. 2013) contain either post-mortem CT data or clinical patient data, and metadata 

that is informative and necessary for the researcher. These types of databases and 

datasets contemporary population data that when combined with computer science-

based initiatives and methodologies, enables researchers to automate specific 

processes, achieve greater quantities of measurements, reconstruct 3D virtual 

models, and conduct exploratory research such as 2D and 3D machine learning with 

various levels of artificial neural networks. By using datasets such as the one for the 

present research or databases mentioned allows forensic anthropology to shift away 

from its dependence upon historical collections and engage in research that would 

have otherwise required the destructive sampling of valuable specimens form existing 

bone collections (Smith, Limbird and Hoffman 2002; Turner et al. 2005; Akansel et al. 

2008; Decker et al. 2011; Hayashizaki et al. 2015; Colman et al. 2019b). 

Significance testing was conducted to verify the relevancy and whether the final 

dataset processed through the developed pipeline is representative of-, or just an 

extraction of the wider London, and England and Wales population. Census data 
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collected by the ONS (Office for National Statistics) in 2021 was used to compare age, 

sex, and ethnicity distributions against the final dataset. The ONS is the executive 

office of the UK Statistics Authority, the ONS reports used were óTS022 ï Ethnic group 

(detailed)ô, and óTS009 ï Sex by year of ageô (Office for National Statistics 2023a, 

2023b).  

Statistical analysis 

The independent sample t-test was applied where normal distribution of the data could 

be assumed. The Mann-Whitney U test was applied in cases where normality of the 

data could not be assumed. Normality testing was conducted using the Shapiro-Wilk 

test. Chi-Squared goodness of fit test was used to compare the sex distribution 

between the UCLH dataset against the sex distribution in England and Wales, and in 

London. All statistical analysis was performed in Python (version 3.8.5), using the 

SciPy package (Gommers et al. 2021), and the significance level was set at p Ò 0.05. 

Results of statistical analysis 

Age distribution 

Independent samples t-test comparing the age distribution between UCLH dataset and 

London population was statistically insignificant (t (28) = 3.579E-10, p= 1.000) (Table 

3.4). Mann-Whitney U test comparing the age distribution between UCLH dataset and 

England and Wales population was statistically insignificant (U= 97.00, p= 0.491) 

(Table 3.5). 

Table 3.4 Independent samples T-test of age distribution between final dataset and London 

population. 

Independent Samples T -Test  

Age distribution between 

Final Dataset and London 

Population 

N Standard deviation T statistic 

Degrees 

of 

Freedom 

p-value 

30 4.010 3.579E-10 28 1.00 
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Table 3.5 Mann-Whitney U test of age distribution between final dataset and England and 

Wales population. 

Mann-Whitney U Test  

Age distribution between 

Final Dataset and England 

and Wales Population 

N Standard deviation U statistic p-value 

30 3.433 115.000 0.935 

 

Ethnicity distribution 

Independent samples t-test comparing the self-identified ethnicity distribution between 

final dataset and London Population was statistically insignificant (t= -0.242, p= 0.810). 

Independent samples t-test comparing the self-identified ethnicity distribution between 

UCLH dataset and England and Wales Population was statistically insignificant (t= -

0.174, p= 0.863) (Table 3.6). 

Table 3.6 Independent samples T-test of ethnicity distribution between UCLH dataset and 

London Population, and final dataset and England and Wales population. 

Independent Samples T -Test  

 
N 

Standard 

deviation 
T statistic 

Degrees of 

Freedom 
p-value 

Age distribution between Final 

Dataset and London 

Population 

37 10.660 -0.225 35 0.823 

Age distribution between Final 

Dataset and England and 

Wales Population 

37 14.997 -0.157 35 0.876 
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Sex distribution 

Chi-Squared goodness of fit test showed that there was a significant difference 

between the sex distribution of the final dataset and the London population, ɢ2(1) = 

14.322, p= 1.5E-04) (Table 3.7). Chi-Squared goodness of fit test showed that there 

was a significant difference between the sex distribution of the final dataset and the 

England and Wales population, ɢ2(1) = 18.399, p= 1.8E-05) (Table 3.6). 

Table 3.7 Chi-Square test of sex distribution between the final dataset and London 

Population, and the final dataset and England and Wales population. 

Chi-Squared Test Goodness of Fit 

 Pearson Chi-Square Value df p-value 

Sex distribution between Final Dataset 

and London population 
14.322 1 1.5E-04 

Sex distribution between Final Dataset 

and England and Wales population 
18.399 1 1.8E-05 

3.6 Next Steps 

From the analysis carried out and reported in the section above, the dataset sex 

distribution is significantly different to those found in London, and the England and 

Wales, with the UCLH dataset biased towards females. Despite the differences in sex 

distribution, the final dataset is both representative of the wider London population, 

and the England and Wales population in both age distribution and self-identified 

ethnicity. Additionally, as the pelves scanned in the dataset were taken from April 2019 

to January 2021, it represents the current living and contemporary population. Overall, 

the final dataset provides the most recent snapshot of the skeletal structures of 

individuals living in London, and the England and Wales population that historical 

collections would have otherwise misrepresented due to secular changes caused by 

the skeletal response to environmental factors limited by genetics (Duren et al. 2013; 

Klales 2016; Langley, Jantz and Ousley 2016). The final dataset is, therefore, an 

appropriate dataset for the development of age estimation ML algorithms for a 

contemporary, UK-, and London- based population.  
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Chapter 4  Trees and Forests 

In this technical chapter, Decision Trees and Random Forests were applied onto the 

final dataset produced by the pre-processing pipeline. As discussed in Chapter 2, there 

is a growing research trend in the application of machine learning algorithms and 

techniques to the estimation of aspects of the biological profile (see Section 2.3 in 

Chapter 2). While there are advances documented in the literature on biological profile 

parameters such as ethnicity and biological sex, a research gap persists in age 

estimation. Further to this, ML studies in forensic anthropology have a strong focus on 

physical samples and 2D images. With the rise of virtual anthropology and 3D forensic 

science, 3D models have been shown to be a suitable and appropriate analogue to 

physical specimens. The research presented in this chapter contributes to developing 

an understanding of utilising 3D models in Decision Trees and Random Forests, 

specifically in the under researched area of age estimation. 

4.1 Background 

Machine learning (ML) is the data driven development of statistical models and 

algorithms which enable computers to learn and improve performance of a specific 

task (G®ron 2022). While applications of ML can be on virtually anything, the core of 

ML has centred around pattern recognition and classification (G®ron 2022; Molnar 

2023a). ML systems utilise the provided data to extract and store knowledge in internal 

parameters, which are used to analyse unseen data for a variety of different 

applications (Farias, Ludermir and Bastos-Filho 2020; G®ron 2022). The extraction of 

information from training data for pattern recognition and classifications is further 

regulated by algorithms whose mathematical functions serve to reduce errors (Duda, 

Hart and Stork 2012). This process, known as learning (Duda, Hart and Stork 2012), 

can come in several different forms or paradigms (Duda, Hart and Stork 2012; Farias, 

Ludermir and Bastos-Filho 2020). These paradigms are broadly categorised by the 

level and form of supervision provided by the human users (Duda, Hart and Stork 

2012; Farias, Ludermir and Bastos-Filho 2020; G®ron 2022). Descriptions of these 

paradigms can be found in Table 4.1. 
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Table 4.1 Definitions of machine learning paradigms. 

Machine Learning 

Paradigm  
Definition  

Unsupervised 

learning 

This learning paradigm has no human supervision. The training 

data for unsupervised learning algorithms are unlabelled, this 

allows the system to form clusters based on the similarities 

between data samples (Duda, Hart and Stork 2012; Farias, 

Ludermir and Bastos-Filho 2020; Géron 2022). Although also 

known as clustering, unsupervised learning algorithms are also 

used for anomaly and density estimation (Bishop 2006; Géron 

2022; Montavon et al. 2022). 

Supervised 

learning 

In this learning paradigm, data labels are provided for each 

pattern in the training set of supervised learning algorithms to 

enable predictions based on unseen data (Duda, Hart and Stork 

2012; Géron 2022). The data labels of the input can be either 

discrete categories or continuous values depending on the 

desired task of the algorithm. If the data labels are categorical, 

then the prediction task is classification, and if the data labels 

are continuous, then the prediction task is regression (Bishop 

2006; Molnar 2023a). 

Reinforcement 

learning 

The models trained in this paradigm are not given data labels. 

Instead, the algorithm is provided with an environment 

containing input data, the tentative predicted output of the 

algorithm is approved or rejected by the criteria set by the 

human user. Based on this non-specific feedback, the algorithm 

adjusts its internal parameters through trial-and-error until the 

tentative output is accepted (Bishop 2006; Duda, Hart and Stork 

2012; Géron 2022). 
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As highlighted in Chapter 2 Section 2.3, there is substantial published literature 

addressing the application of ML in the field of forensic anthropology (FA). ML 

algorithms of varying learning paradigms have been explored in the context of 

ancestry (Hefner 2014; Hefner and Ousley 2014; Klales and Kenyhercz 2015; Navega 

et al. 2015; Spiros and Hefner 2020), sex (Savall et al. 2015; Curate et al. 2016; 

Langley, Dudzik and Cloutier 2018; Klales 2020a), and age estimation (Villar et al. 

2017; KotŊrov§ et al. 2018; Valsecchi, Irurita Olivares and Mesejo 2019; Imaizumi et 

al. 2021; Botha and Steyn 2022). Supervised learning algorithms such as Decision 

Trees and in particular, Random Forests, have been extensively explored in the 

ancestry, and sex estimation context (Navega et al. 2015; Klales 2020a; Spiros and 

Hefner 2020). The research committed to Random Forests for both ancestry and sex 

estimation has resulted in the development of published programs such as 

AncesTREES (Navega et al. 2015) and MorphoPASSE (Klales 2020a). While the 

underlying random forest models were trained on relatively large and diverse datasets 

and demonstrates remarkable classification accuracies, the models continue to base 

themselves on morphoscopic traits used in nonmetric estimation methods or 

converted metric measures from metric estimation methods. Moreover, the data used 

for training, validation, and testing of the majority random forest models continue to be 

based on scores from trait-based methods and historical skeletal collections.  

In keeping with the classification nature of biological profile estimation tasks and the 

direction of current ML research in FA, this technical chapter explores the potential of 

supervised learning algorithms, specifically, Decision Trees and Random Forests. 

However, instead of using trait scores and converted metrics, the experimental models 

were trained on fully virtual 3D files generated from DICOM images. This difference in 

input data examines the ML feasibility of using NIfTI files containing skeletal 

information for age estimation. Furthermore, as the data in this thesis is derived from 

a contemporary population, the empirical work undertaken informs whether functional 

ML models can be developed from the vast and readily available virtual healthcare 

datasets. 
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4.2 Materials 

4.2.1 Data Overview 

The final dataset, hereafter referred as the NIfTI dataset, was converted into the NIfTI 

format using S4 of the pre-processing pipeline (Lo et al. 2023). To ensure that the 

complete pelvis was present in the NIfTI dataset, each NIfTI file (n = 3093) was 

visualized in 3DSlicer and manually re-examined by the author to confirm the presence 

of the pelvis in the file. The NIfTI dataset was split into three subsets of varying sizes, 

each with a different purpose. These sets are the training set, validation set, and test 

set. The training set consists of 2165 NIfTI samples (70% of the NIfTI dataset), 

validation set consists of 618 NIfTI samples (20% of the NIfTI dataset), and the test 

set consists of 310 NIfTI samples (10% of the NIfTI dataset). 

The purpose of the training set is to provide a set of examples for the machine learning 

algorithm to learn from, and thus output a base model with adjustable 

hyperparameters (Bishop 2006; Ripley 2007; G®ron 2022). The validation set is used 

to tune the hyperparameters of the model during training, this set of data is iteratively 

passed through the trained model with slight variations of the hyperparameters until a 

satisfactory level of accuracy, determined by the researcher, is achieved (Bishop 2006; 

Ripley 2007; G®ron 2022). Finally, the test set is the set of samples used only to 

assess the performance of the fully tuned ófinalô algorithm, this is so that the results of 

the test set can assess the trained model without further biases or adjustments (Bishop 

2006; Ripley 2007; G®ron 2022). 

As noted in Chapter 3 (Materials, Pre-processing Pipeline, and Data), the dataset was 

acquired from UCLH. The NIfTI dataset shows a range of percentage distribution 

across the age ranges. To ensure that the test, validation, and training sets were 

representative of each other for the purpose of age estimation, the percentage 

distribution of age ranges needed to be preserved. This was achieved through 

stratified random sampling. In stratified random sampling, a random sample is taken 

from each predefined class or sub-group (Acharya et al. 2013). This ensures that each 

age range is represented in all three data subsets. An operational flowchart of this data 

preparation can be visualised in Figure 4.1. 
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A detailed distribution of age groups and sex in each respective dataset can be seen 

in Table 4.2. Although there are sex imbalances in throughout the age groups across 

all three subsets of data, the percentage age distribution is maintained across all three 

subsets of data. 

 

Table 4.2 Distribution of age groups and sex in training, validation, and test set. 

Training 
Set 

All  Male Female 
Percentage 

Male 
Percentage 

Female 

Percentage 
Age 

Distribution  

18 to 19 2 0 0 0.000% 0.000% 0.092% 

20 to 24 28 19 11 67.857% 39.286% 1.293% 

25 to 29 44 21 23 47.727% 52.273% 2.032% 

30 to 34 65 28 37 43.077% 56.923% 3.002% 

35 to 39 72 30 42 41.667% 58.333% 3.326% 

40 to 44 100 35 65 35.000% 65.000% 4.619% 

45 to 49 130 49 81 37.692% 62.308% 6.005% 

50 to 54 188 81 107 43.085% 56.915% 8.684% 

55 to 59 233 91 142 39.056% 60.944% 10.762% 

60 to 64 261 125 136 47.893% 52.107% 12.055% 

65 to 69 286 124 162 43.357% 56.643% 13.210% 

70 to 74 277 133 144 48.014% 51.986% 12.794% 

75 to 79 207 93 114 44.928% 55.072% 9.561% 

80 to 84 156 72 84 46.154% 53.846% 7.206% 
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85+ 116 58 58 50.000% 50.000% 5.358% 

Total: 2165 959 1206 55.704% 44.296%  

Validation 
Set 

All  Male Female  
Percentage 

Male 
Percentage 

Female  

Percentage 
Age 

Distribution  

18 to 19 2 1 1 50.000% 50.000% 0.324% 

20 to 24 6 3 3 50.000% 50.000% 0.971% 

25 to 29 12 9 3 75.000% 25.000% 1.942% 

30 to 34 19 7 12 36.842% 63.158% 3.074% 

35 to 39 20 8 12 40.000% 60.000% 3.236% 

40 to 44 29 13 16 44.828% 55.172% 4.693% 

45 to 49 37 15 22 40.541% 59.459% 5.987% 

50 to 54 53 22 31 41.509% 58.491% 8.576% 

55 to 59 67 30 37 44.776% 55.224% 10.841% 

60 to 64 75 38 37 50.667% 49.333% 12.136% 

65 to 69 82 34 48 41.463% 58.537% 13.269% 

70 to 74 79 39 40 49.367% 50.633% 12.783% 

75 to 79 59 32 27 54.237% 45.763% 9.547% 

80 to 84 45 17 28 37.778% 62.222% 7.282% 

85+ 33 22 11 66.667% 33.333% 5.340% 

Total: 618 290 328 53.074% 46.926%  
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Test Set  All  Male Female  
Percentage 

Male 
Percentage 

Female  

Percentage 
Age 

Distribution  

18 to 19 0 0 0 0.000% 0.000% 0.000% 

20 to 24 4 1 3 66.667% 33.333% 1.290% 

25 to 29 6 2 4 55.556% 44.444% 1.935% 

30 to 34 9 4 5 80.000% 20.000% 2.903% 

35 to 39 10 2 8 57.143% 42.857% 3.226% 

40 to 44 14 6 8 47.368% 52.632% 4.516% 

45 to 49 19 10 9 48.148% 51.852% 6.129% 

50 to 54 27 14 13 48.485% 51.515% 8.710% 

55 to 59 33 17 16 50.000% 50.000% 10.645% 

60 to 64 38 19 19 56.098% 43.902% 12.258% 

65 to 69 41 18 23 50.000% 50.000% 13.226% 

70 to 74 40 20 20 60.000% 40.000% 12.903% 

75 to 79 30 12 18 31.818% 68.182% 9.677% 

80 to 84 22 15 7 64.706% 35.294% 7.097% 

85+ 17 6 11 75.000% 25.000% 5.484% 

Total: 310 146 164 52.903% 47.097%  



114 

 

 

 

Figure 4.1 An operational flowchart showing how the CT dataset acquired from UCLH was 

processed into the NIfTI dataset and subsequently the training, validation, and test sets for 

algorithm development. 
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4.2.2 Experimental Setup: Hardware and Software Specifications 

To be able to train, tune, and test the algorithms for the empirical work, higher levels 

of computing resources were needed. This resulted in the use of three separate 

servers that exceed the processing power and memory limits of personal laptop 

computers. Servers are physical systems which are used for any computerized 

processes. Server 1 was equipped with a 2.30GHz Xeon CPU e5 - 2650v3 and 126GB 

of memory. Server 2 was equipped with a 2.40GHz Xeon CPU e5 - 2640v4 and 126GB 

of memory. Server 3 was equipped with an AMD EPYC 7502P processor and 251GB 

of memory. 

Following the pre-processing pipeline developed in Chapter 3, the high-level 

programming language Python (version 3.8.5) (Van Rossum and Drake 2009) and the 

integrated development environment, Spyder (Raybaut 2009), was used to carry out 

the training, tuning, and testing of the machine learning algorithms in this chapter. The 

main Python package used in this chapter is Scikit-Learn (Pedregosa et al. 2011a). 

Scikit-Learn provides a wide range of ML algorithms across all learning paradigms in 

one package, including Decision Trees and Random Forests. Further, the package 

places a focus on computational efficiency, outperforming other ML toolkits that are 

also accessible in Python (Pedregosa et al. 2011a). The Decision Trees and Random 

Forests in this chapter were implemented in Python 3.8.5 with Scikit-Learn, these 

models were experimented on using the above servers. 
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4.3 Methodology 

This section describes the methodology and the technical details of the empirical work 

undertaken.  

4.3.1 Workflow 

The structure and workflow of the empirical work is shown in Figure 4.2. It consists of 

three distinct phases: (1) dataset preprocessing, (2) ML algorithm training and 

validation, (3) model testing and evaluation.  

 

Figure 4.2 The workflow of the empirical work consists of three phases. In stage 1, the NIfTI 

dataset was pre-processed into the NPY dataset which was labelled and used in model 

training and validation. The processed training and validation sets were used to tune the 

hyperparameters of the machine learning algorithm in stage 2. Finally in stage 3, the 

processed test set was used to assess the classification accuracy of the tuned model. 
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Stage 1: Dataset pre-processing 

The empirical workflow uses the training, validation, and test sets formed by stratified 

sampling of the NIfTI dataset from as input. The goal of this phase is to prepare the 

training and validation data set for ML algorithm development, and the processed test 

set for evaluation of the tuned model. This is achieved through the pre-processing unit 

of this workflow, which consists of a two-stage Python script and a data labelling step. 

First, the NIfTI files in the data subsets were thresholded for bone tissue. As the image 

portion of NIfTI files are composed of multiple 2D arrays of pixels stacked together to 

form a 3D output (Data Format Working Group 2007), each volume pixel (voxel) 

contains vast amounts of complex numerical data to represent the material scanned. 

An adjustable thresholding range was applied to the unit to highlight bone tissue. This 

resulted in a 3D image with 512 x 512 x 256 voxels. 

Second, the thresholded NIfTI files were converted to the NPY format to reduce the 

strain and consumption of computer memory. The NPY format allows full information 

to be saved in simple arrays which can be later recalled and reconstructed correctly 

on another machine, different system architecture, or later in the workflow process 

(Harris et al. 2020). This step effectively converts the 512 x 512 x 256 voxels in the 3D 

image into a vector comprising 67,108,864 real numbers. Each of these numbers was 

converted into binary form, and vector is resized and reconstructed into a 3D array of 

a set height, width, and depth at 128 x 128 x 64. 

The conversion to NPY allows conservation of memory. For example, a single NIfTI 

file in the training subset would consume 110 megabytes of memory, whereas the NPY 

file representing the same information would only consume 4.91 megabytes of 

memory in comparison. When these numbers are scaled up to the full size of the 

datasets, the NIfTI dataset would consume over 352 gigabytes of memory, while the 

NPY dataset only consumes up to 15.2 gigabytes of memory. Finally, the processed 

training, validation, and test sets were labelled using three strategies. Each set of data 

was labelled using the labelling strategy described below. 
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Stage 2: ML algorithm training and validation 

Using the processed training set in NPY format, the ML algorithm of choice was trained 

to classify the data provided into specified age classes. The processed validation set 

was used to verify whether the trained algorithm could achieve reasonable 

classification accuracies. The hyperparameters of the algorithm were adjusted and 

modified through an iterative procedure. The training and validation accuracies were 

monitored for over- or under-fitting, the modelsô performance were further investigated 

using confusion matrices and precision scores. This phase was carried out until the 

highest validation accuracy was achieved and any further tuning showed no further 

improvement.  

Stage 3: Model testing and evaluation 

The trained models with highest classification accuracy within each algorithm type 

were selected to undergo model testing and evaluation. As the processed test set was 

previously set aside, it is considered unseen data for the trained model. This stage 

was carried out to assess the trained modelsô performance. Through the test results, 

metrics generated through Scikit-Learn, and a graphical reconstruction of importance 

scores, it was possible to understand and interpret the outcome of each model. 
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4.3.2 Labelling Strategy 

Three different labelling strategies were implemented to examine the machine learning 

classification effectiveness at different age ranges and with different algorithm types. 

20-Year age bins 

The first labelling strategy divided the population demographics into 20-year age bins. 

The 20-year age grouping was chosen to closely mimic the wide age ranges provided 

by current phase-based morphological age estimation methods that centre on the 

pubic symphysis in forensic anthropology (Todd 1921; Meindl et al. 1985; Brooks and 

Suchey 1990; Hartnett 2010b). This labelling produced four classes of age bins; the 

distribution of the classes can be visualized in Table 4.3. 

Table 4.3 Age labelling using 20-year age binning. 

Age bin  Class label  Number of Samples  Class Ratio  

18 to 39 18 ï 39 299 0.096 

40 to 59 40 ï 59 930 0.301 

60 to 79 60 ï 79 1475 0.477 

89 to 90+ 89 ï 90+ 389 0.126 

10-Year age bins 

The second labelling strategy divided the population demographics into 10-year age 

bins. This strategy was chosen as current phase-based morphological methods and 

their component-based revisions attempt to classify age in 10-year age groupings 

(Lovejoy et al. 1985a, 1985b; Buckberry and Chamberlain 2002; Dudzik and Langley 

2015; Ost 2022). While it is acknowledged that narrower age estimates may cause 

incorrect estimations, it is ultimately desirable to try to achieve this (Buckberry and 

Chamberlain 2002). This age labelling strategy produced eight classes of age bins; 

the distribution of the classes can be visualized in Table 4.4. 
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Table 4.4 Age labelling using 10-year age binning. 

Age bin  Class label  Number of Samples  Class Ratio  

18 to 29 18 ï 29 104 0.0336 

30 to 39 30 ï 39 195 0.0631 

40 to 49 40 ï 49 329 0.1060 

50 to 59 50 ï 59 601 0.1940 

60 to 69 60 ï 69 783 0.2530 

70 to 79 70 ï 79 692 0.2240 

80 to 89 80 ï 89 348 0.1130 

90+ 90+ 41 0.0133 

 

 

Census age bins 

The third labelling strategy is a modified version of the five-year age grouping used by 

the UK Office for National Statistics (ONS). This labelling strategy created 15 classes 

of age bins; the distribution of the labels can be visualized in Table 4.5. Due to the 

small number of samples in the ó18 ï 19ô age bin, this class was merged with the ó20 

ï 24ô age bin to form a new class. On the other hand, the ó85+ô age bin was split further 

into two classes, ó85 ï 89ô and ô90+ô respectively. 
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Table 4.5 Age labelling using a modified ONS census age grouping. 

Age bin  Class label  Number of Samples  Class Ratio  

18 to 24 18 ï 24 42 0.00092 

25 to 29 25 ï 29 62 0.01293 

30 to 34 30 ï 34 93 0.02032 

35 to 39 35 ï 39 102 0.03002 

40 to 44 40 ï 44 143 0.03326 

45 to 49 45 ï 49 186 0.04619 

50 to 54 50 ï 54 268 0.06005 

55 to 59 55 ï 59 333 0.08684 

60 to 64 60 ï 64 374 0.10762 

65 to 69 65 ï 69 409 0.12055 

70 to 74 70 ï 74 396 0.13211 

75 to 79 75 ï 79 296 0.12794 

80 to 84 80 ï 84 223 0.09561 

85 to 89 85 ï 89 125 0.07206 

90+ 90+ 41 0.05358 
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4.3.3 Machine Learning Algorithms 

The machine learning algorithms used in this study are the classification variants of 

Decision Tree and Random Forest. Using the processed datasets with NPY files, each 

binarized voxel is taken by the algorithm as a feature. Given the dimensions of each 

NPY file (128, 128, 64), the total number of available features for the algorithms is 

1048576. Each of these features are used by the algorithms to create criteria and 

classifiers to sort and split data into specific classes. 

Decision tree  

Decision Trees (DT) are a form of supervised learning ML algorithm used for both 

classification, regression, or multi-output tasks (Bishop 2006; Pedregosa et al. 2011a; 

G®ron 2022; Molnar 2023a). The algorithm available through Scikit-Learn is the 

Classification and Regression Tree (CART) algorithm (Breiman 1984). DT in essence, 

are a series of tests in a tree structure, as data is passed through the model; the 

features are used to classify and sort the data into increasingly specific and 

homogenous groups until each branch produces a pure output of samples (Kotsiantis 

2013). This tree-based algorithm begins at the root node, whereby the input data is 

divided into two regions using an initial random feature from the data (Bishop 2006; 

Molnar 2023a). Each region or internal node conducts further splitting using an internal 

cost function within the CART algorithm to form subsets according to the cost function 

value (Breiman 1984; Bishop 2006). The CART cost function value determines the 

acceptable purity of the subset (Bishop 2006; G®ron 2022; Molnar 2023a). Each time 

a subset undergoes a split, all the available features of the data is considered and the 

óbestô feature is selected as the splitting criteria (G®ron 2022). These subsets are also 

known as leaf nodes (Molnar 2023a). The formation of leaf nodes is a recursive 

process, generally until each node is represented by one class of data. This recursive 

splitting stops when no further nodes can be formed based on the cost function value, 

or a predefined maximum tree depth has been reached, or when a minimum number 

of samples are in a leaf node (G®ron 2022; Molnar 2023a). The final subsets produced 

by the tree are known as terminal leaf nodes (Molnar 2023a). By passing the training 

set through the decision tree, the decision rule at each node is formed, the model can 

be exposed to new inputs for classification. 
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Advantages and limitations 

The advantage of the decision tree algorithm is its inherent flexibility, transparency, 

and interpretability (Bishop 2006; G®ron 2022; Thampi 2022a). These attributes are 

indicative of models known as white-box models (Loyola-Gonzalez 2019; G®ron 

2022), which allows users to understand how decision rules were created and the 

results were achieved (Kotsiantis 2013; Loyola-Gonzalez 2019). As DT are tree-like 

predictive models, the results of which can be visualised as a graphical tree, where 

each node stemming from the root node contains the necessary information on how 

the node was split to form the homogenous final leaf node (Rudin et al. 2022; Thampi 

2022a). The information provided in each node includes the feature that was used for 

the eventual split into subsequent leaf nodes (Loyola-Gonzalez 2019; Molnar 2023a). 

Further, by presenting the user with the exact features used for all the splits in the DT 

model, the feature importance metric can be calculated (Thampi 2022a). This metric 

allows users to understand which features and how much each feature has contributed 

to a prediction or classification (Thampi 2022a; Molnar 2023a). With this information 

and the tree structure enables users to comprehend the interactions between features 

and data (Molnar 2023a). Finally DT are flexible, input features can be either 

continuous or discrete values with no need for additional mathematical transformations 

(Loyola-Gonzalez 2019; Molnar 2023a). 

DT are not without limitations (Breiman 1984; Salzberg 1994; G®ron 2022; Molnar 

2023a). Due to their single tree structure, DT are susceptible to instability brought by 

small variations to the training set (Salzberg 1994; Li and Belford 2002; Loyola-

Gonzalez 2019; G®ron 2022; Molnar 2023a). As DT form in a tree structure, each node 

forms based on the previous, therefore, slight changes in training data will introduce 

new features which would change how subsequent leaf nodes will form (Molnar 

2023a). This makes DT an unsuitable model choice for evolving datasets. DT are 

known to overfit, meaning that the model is capable of classifying the training data, but 

does not generalize well to unseen data (G®ron 2022; Rudin et al. 2022; Thampi 

2022a; Molnar 2023a), resulting in poor classification performance. While DT are 

interpretable, the visualization of deep trees can quickly become difficult to understand 

as terminal leaf nodes increase exponentially with specified depth (Molnar 2023a). 
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Random forests 

Although DT have the potential to become classifiers with high accuracy, their 

limitations of overfitting and instability can be overcome by creating an ensemble of 

DT (Kingsford and Salzberg 2008; Aria, Cuccurullo and Gnasso 2021). Ensemble 

methods which combine multiple models, often result in increased accuracy and 

robusticity (Caruana and Niculescu-Mizil 2006; Petkovic et al. 2018; Molnar 2023b). 

Random forests (RF) is one of the ensemble methods available through Scikit ï Learn 

(Pedregosa et al. 2011a). Considered one of the best ensemble methods for 

performance (Breiman 2001; Kotsiantis 2013), the RF algorithm randomly selects a 

subset of the available data for each individual decision tree to train, this step is known 

as óbootstrap aggregatingô (Breiman 1996, 2001; Kotsiantis 2013; G®ron 2022). 

Additionally, instead of searching for the óbestô feature among all available, the óbestô 

feature among a random subset of features within the random data subset is selected 

to split the node (Breiman 2001; G®ron 2022; Thampi 2022b). These two aspects of 

randomness ensure higher diversity between individual trees within the RF model 

during training. The number of trees in the RF is determined by the user, each tree is 

individually trained with their respective randomised subsets of data and subsets of 

features to produce their own decision rules and classifiers. These rules and individual 

classifiers are weighted by the RF algorithm and the final prediction or classification is 

given by a weighted majority vote (Breiman 2001; Petkovic et al. 2018; Thampi 2022b).  

Advantages and limitations 

The ensemble nature of RF lowers variance of the classifiers through calculating the 

average of the induced decision trees (Breiman 2001; Hastie, Friedman and Tibshirani 

2001; Aria, Cuccurullo and Gnasso 2021). Given that the ensemble is constructed 

entirely of DT, RF share the same flexibility regarding data types, either continuous or 

discrete values can be used as input without any need for additional mathematical 

transformations (Loyola-Gonzalez 2019).  

While RF are ensembles of DT, RF do not share the same level of explainability and 

interpretability of DT. RF are classed as black box models (Loyola-Gonzalez 2019; 

Rudin 2019; Thampi 2022a), these models are ones that contain formula or functions 

that are too complicated for humans to understand, despite their purported 
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performance (Rudin 2019; Aria, Cuccurullo and Gnasso 2021; Thampi 2022a). RF 

models inherently become more complex as the number of trees in the ensemble 

increases, thus becoming uninterpretable (Breiman 1984; Rokach and Maimon 2014; 

Loyola-Gonzalez 2019; Aria, Cuccurullo and Gnasso 2021; Thampi 2022b). Due to the 

random subsets of data and features taken for each tree, the visualization and 

understandability of how the features responsible for each node split becomes difficult 

to comprehend (Breiman 2001; Thampi 2022b).  

Though less interpretable, RF are not unexplainable. As RF functions effectively in the 

same way as DT, the features used for node splitting can be calculated and examined. 

Scikit-Learn (Pedregosa et al. 2011a) computes the score and outputs a list of features 

that were deemed useful in creating the classifications (G®ron 2022). The feature 

importance scores computed can help determine what the most important features 

were in the overall RF model. Therefore, despite lacking information on how the 

features interact, RF can provide insight and some understanding of what features 

actually mattered within the model (Petkovic et al. 2018; G®ron 2022).  

4.3.4 Tuning Hyperparameters 

Hyperparameters are constraints to the algorithm set by the user prior to model 

development and these values remain constant throughout model training (Pedregosa 

et al. 2011a; G®ron 2022). Adjustments to these constraints, also known as tuning, 

are necessary for ML models. If left unconstrainted, the resulting model may overfit as 

the algorithm will adapt itself to closely match the training data (G®ron 2022).  

The hyperparameters of each respective algorithm in this chapter were systematically 

adjusted (tuned) to attain the best possible training and validation accuracies. The 

results of which can be seen in Section 4.4. 

Decision tree 

Hyperparameters were optimized through the implementation of Scikit-Learn (Pedrosa 

2011). There are several hyperparameters that can be tuned in DT (Breiman 1984; 

Hastie, Friedman and Tibshirani 2001). The DT hyperparameters tuned in this chapter 

are maximum depth, minimum samples leaf, and class weight. By adjusting the 
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aforementioned hyperparameters, the shape and complexity of the DT can be 

finetuned (Rizqyawan et al. 2021; G®ron 2022; Thampi 2022a). 

Maximum depth (max_depth) dictates how far the tree model is allowed to grow, this 

measure limits the maximum number of splits the model is allowed to make before a 

prediction is made. Given a large enough value, the model could continue until the 

terminal nodes are as pure as possible. However, this leads to overfitting of training 

set and results in poor model generalisability when encountering unseen data 

(Pedregosa et al. 2011a; G®ron 2022).  

Minimum samples leaf (min_samples_leaf) limits the number of samples that is 

required to be at a leaf node, this means that the node cannot be split unless a 

specified minimum number of samples will be available in the nodes following the split 

(Pedregosa et al. 2011a). This hyperparameter prevents terminal leaf nodes with 

single outlying samples to form, thus to regulating the modelôs generalisability for 

unseen data (So et al. 2020). 

Class weight (class_weight) is used to provide a weight for the output classifications, 

this hyperparameter is necessary to explore the adjustments that may arise due to 

imbalances in the training data. The changes to class weight specifications forces the 

algorithm to take into account the imbalances of each class when splitting at a node. 

The class weights used in DT development were óNoneô and óbalancedô.  

Random forests 

As RF are ensembles of DT, the size of the ensemble can be adjusted using a 

hyperparameter. Number of estimators (n_est) specifies the number of trees in the RF 

ensemble. Increase in this hyperparameter can result in higher classification 

accuracies as a higher number of diverse DT are used to form the final prediction 

output. However, increases in n_est results in larger computational expenses as more 

trees and calculations are being carried out for the RF to form. 

The other hyperparameters that were tuned for each individual tree are the same as 

the previously described. However, as RF extracts a random subsample of the input 

data to train each tree, an additional class weight ï óbalanced_subsampleô was used 

in RF development alongside óNone, and óbalancedô.  
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4.4 Model Training and Validation 

ML models were trained and validated using the data labelling strategies and 

hyperparameters described in Sections 4.3.2 and 4.3.4. A DT and RF model were 

constructed for each data labelling strategy, thus resulting in six different models. The 

validation set was used to examine the classification accuracies of the trained models. 

The classification accuracy of the validation set was monitored, and the model was 

improved through systematic adjustments to the hyperparameters listed in Table 4.6 

below. As all the hyperparameters, apart from class weight, are integer values, there 

could be an infinite number of hyperparameter permutations for each ML model. 

Therefore, the values of minimum samples leaf were limited to 1, 5, and 10, while the 

maximum depth was unrestricted to examine classification performance as tree depth 

increased. The class weights used in DT tuning were óNoneô, and óbalancedô. For RF 

tuning, number of estimators was added as a hyperparameter. As it also uses integer 

values as input, the values were limited to 25, 51, 101, 501, 1001. This value dictates 

the number of individual trees in the RF model.  

Table 4.6 Machine learning algorithm, data labelling strategy and hyperparameters tuned. 

Machine Learning 

Algorithm  

Data Labelling 

Strategy  
Hyperparameters  

Decision Tree 

20-year age bins 
Maximum depth, 

Minimum samples leaf, 

Class weight 

10-year age bins 

Census age bins 

Random Forest 

 

20-year age bins Number of Estimators, 

Maximum depth, 

Minimum samples leaf, 

Class weight 

10-year age bins 

Census age bins 
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4.4.1 Decision Tree Tuning 

In this subsection, the classification performance of the DT models on the validation 

set is presented. The training and validation accuracies were monitored as maximum 

depth, minimum samples leaf, and class weight were tuned. Figures 3 ï 5 show the 

classification performance as maximum depth increases on the best combination of 

minimum samples leaf and class weight. A trend can be observed in all three figures. 

While training and validation accuracy increases with maximum depth, the 

performance increase reaches a plateau. An additional trend can be seen when the 

figures are compared against each other. Validation accuracy decreases as the age 

bins become narrower. 

20-year age bins 

The DT model for 20-year age bins reached a peak training accuracy of 0.823 and 

validation accuracy of 0.389 when maximum depth is set to 15, minimum samples leaf 

is set to 1, and class weight is set to óbalancedô (Figure 4.3). The figure shows how a 

larger maximum depth value would slow down the algorithm and increase the risks of 

overfitting without benefits to the accuracy values. 

 

Figure 4.3 Classification accuracy performance of the 20-year age bins DT model. The model 

is set to óbalancedô class weight and minimum samples leaf: 1. 
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10-year age bins 

The DT model for 10-year age bins show a peak training accuracy of 0.853 and 

validation accuracy of 0.228 when maximum depth is set to 23, minimum samples leaf 

is set to 1, and class weight is set to óNoneô. (Figure 4.4). The figure shows how a 

larger maximum depth value would slow down the algorithm and increase the risks of 

overfitting without benefits to the accuracy values. 

 

Figure 4.4 Classification accuracy performance of the 10-year age bins DT model. The model 

is set to class weight: none and minimum samples leaf: 1. 

Census age bins 

The DT model for Census age bins show a training accuracy of 0.703 and validation 

accuracy of 0.121 when maximum depth is set to 39. Training accuracy continued to 

increase to 0.778 when maximum depth is set to 43, however, this hyperparameter 

setting decreases validation accuracy to 0.097. Despite the increase in training 

accuracy, the lower maximum depth of 39 was taken as the most optimal 

hyperparameter setting alongside minimum samples leaf set to 5, and class weight 

set to óNoneô (Figure 4.5). The figure shows how a larger maximum depth value would 

slow down the algorithm and increase the risks of overfitting without benefits to the 

accuracy values. 
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Figure 4.5 Classification accuracy performance of the census year age bins DT model. The 

model is set to class weight: none and minimum samples leaf: 5. 

4.4.2 Random Forest Tuning 

Figures 4.6 ï 4.8 show the classification performance of the RF models on the 

validation set with their respective data labelling strategies. The training and validation 

accuracies were monitored as the hyperparameters: number of estimators, maximum 

depth, minimum samples leaf, and class weight were tuned. The figures show the 

classification performance of RF models with their best performing maximum depth as 

number of estimators increased, differences in accuracies can be observed when 

minimum samples leaf and class weight was adjusted. In general, the increase in 

minimum samples leaf resulted in consistent decreases to training accuracy across all 

models, resulting in underfitting of the model. The trends observed in the DT models 

can also be observed in the tuning of RF models; the narrowing of age bins resulted 

in lower validation accuracies across all hyperparameter permutations. However, the 

change from single tree classification models to ensemble-based models 

demonstrates overall improvement to training and validation accuracies. 

20-year age bins 

The RF model using 20-year age bins show an approximate 0.200 increase in training 

accuracy and 0.100 increase in validation accuracy when compared to their DT 

counterpart. The increase in number of estimators has resulted in some improvement 

to validation accuracy. These improvements are not proportionate to the increase of 
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estimators, the validation accuracies reached its peak with an ensemble of 101 ï 501 

trees as opposed to the available maximum of 1001. Whereas changes to minimum 

samples leaf and class weight showed both improvements and diminishments to 

validation accuracy at different numbers of estimators. The peak training and 

validation accuracies attained in this RF model were 0.998 and 0.539 respectively, the 

hyperparameters adjusted were set to maximum depth: 20, minimum samples leaf: 

10, class weight: óbalancedô, and number of estimators: 101 (Figure 6).  

 

Figure 4.6 Classification accuracy performance of the 20-year age bins RF model. The model 

is set to a fixed maximum depth of 20. The performance differences were tracked as number 

of estimators, minimum samples leaf, and class weight were adjusted. 

10-year age bins 

The RF model using 10-year age bins show an approximate 0.200 increase in training 

accuracy and 0.100 increase in validation accuracy when compared to their DT 

counterpart. The increase in number of estimators has resulted in improvements in 

validation accuracy. However, these improvements are different for each permutation 

of class weight. Where class weight is set to óNoneô, the increase in estimators reduced 

the variance of the validation accuracy across the minimum samples leaf 

hyperparameter. Whereas when class weight is set to óbalancedô, the increase in 

validation accuracy is proportional to increase of number of estimators. Finally, when 

class weight is set to óbalanced_subsampleô, a similar proportional increase is 

observed, however, the range of improvement is lower. The peak training and 
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validation accuracies attained in this RF model were 1.000 and 0.306 respectively, the 

hyperparameters used to achieve this were maximum depth: 30, minimum samples 

leaf: 10, class weight: óbalancedô, and number of estimators: 1001.  

 

Figure 4.7 Classification accuracy performance of the 10-year age bins RF model. The model 

is set to a fixed maximum depth of 30. The performance differences were tracked as number 

of estimators, minimum samples leaf, and class weight were adjusted. 

Census age bins 

The RF model using census age bins show a 0.200 to 0.300 increase in training 

accuracy and 0.03 increase in validation accuracy when compared to their DT 

counterpart. The increase in number of estimators has resulted in minimal 

improvements to validation accuracy across all class weights. The validation 

accuracies produced during tuning of this RF model range from 0.09 to 0.152. The 

peak training and validation accuracies attained in this RF model were 1.000 and 

0.152 respectively, the hyperparameters used to achieve this were maximum depth: 

43, minimum samples leaf: 5, class weight: óNoneô, and number of estimators: 1001. 
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Figure 4.8 Classification accuracy performance of the census year age bins RF model. The 

model is set to a fixed maximum depth of 43. The performance differences were tracked as 

number of estimators, minimum samples leaf, and class weight were adjusted. 

4.4.3 Model Performance 

To gain a further understanding of how the DT and RF models performed, ML model 

metrics such as precision scores and confusion matrices were investigated. Precision 

score is the metric which calculates how good the model is at classifying a specific 

category or class (Kulkarni, Chong and Batarseh 2020). The confusion matrix is an 

evaluation tool for classification accuracy, the matrix produced shows the counts of 

true positives, false positives, true negatives, and false negatives across all classes 

(Kulkarni, Chong and Batarseh 2020). 

Confusion matrix 

Figures 4.9 and 4.10 show the confusion matrices of the DT and RF models trained 

and tuned to their most optimal hyperparameter combinations. Regardless of ML 

algorithm type, confusion matrices show that the models were inaccurate in classifying 

the validation set. The models became less able to classify the validation into their 

correct classes as the age labels increased and their ranges were smaller. 

The DT and RF models with 20-year age bin labelling (Figure 4.9a, 4.10a) 

demonstrated a higher sensitivity towards the 60 ï 79 age range, where more samples 

were correctly and incorrectly classified into that age range. This trend of 
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misclassification could be explained by the fact that the dataset used for training is 

inherently imbalanced. The overrepresentation of classes in the 60 ï 79 age range 

could have impacted upon the decision classifiers which split and generate leaf nodes 

in the algorithms. This phenomenon can be visualised further as the age bins become 

smaller, the samples in the validation set are erroneously predicted and sorted into the 

majority classes such as ó50 ï 59ô, ó60 ï 69ô, ó70 ï79ô in 10-year age bin labelling 

(Figure 4.9b, 4.10b), and ó50 ï 54ô, ó55 ï 59ô, ó60 ï 64ô, ó65 ï 69ô, ó70 ï74ô, ó75 ï 79ô in 

census bin labelling (Figure 4.9c, 4.10c). 

 

Figure 4.9 (a) In the top left corner, confusion matrix of the best performing DT model with 

20-year age bin labelling. (b) In the top right corner, confusion matrix of the best performing 

DT model with 10-year age bin labelling. (c) In the bottom, confusion matrix of the best 

performing DT model with census age bin labelling. 
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Figure 4.10 (a) In the top left corner, confusion matrix of the best performing RF model with 

20-year age bin labelling. (b) In the top right corner, confusion matrix of the best performing 

RF model with 10-year age bin labelling. (c) In the bottom, confusion matrix of the best 

performing RF model with census age bin labelling. 
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Precision scores 

The precision tables in Figures 4.11 and 4.12 show that the trained models were 

overfitted on the majority classes and attempted to classify the validation samples into 

these overrepresented classes based on the decision criteria learnt during training. 

Thus, resulting in low precision scores when the class ratio of certain classes were 

lower, meaning that the class itself is a minority and underrepresented by the training 

data. 

 

Figure 4.11 Tabulated precision scores of the best performing DT models in their respective 

data labelling age bins. Each precision score for their respective class labels and ratios are 

presented. (a) In the top left, DT model with 20-year age bin labelling. (b) In the top right 

corner, DT model with 10-year age bin labelling (c) In the bottom centre, DT model with 

census age bin labelling.  

 

Figure 4.12 Tabulated precision scores of the best performing RF models in their respective 

data labelling age bins. Each precision score for their respective class labels and ratios are 

presented. (a) In the top left, RF model with 20-year age bin labelling. (b) In the top right 

corner, RF model with 10-year age bin labelling. (c) In the bottom centre, RF model with 

census age bin labelling.  
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The findings of the training and validation process highlight a data and class imbalance 

issue. This type of issue creates difficulties in classification tasks (Kulkarni, Chong and 

Batarseh 2020), specifically around the extracting the necessary and informative 

features that contribute to precise and accurate classification of samples (Kubat and 

Matwin 1997). To further understand whether the consistent trend in low validation 

accuracies and imbalanced precision scores was caused by class imbalances in the 

dataset, strategies to mitigate this issue was explored (see Section 4.5).  

4.5 Data Imbalance Strategies 

From the results reported, a consistent trend in validation accuracy and precision 

scores in specific class labels was observed across both ML algorithm types and all 

data labelling strategies. To further understand whether this problem was caused by 

class imbalances within the initial training set, different data imbalance strategies were 

implemented to address the imbalance. This data-level approach can be split into two 

groups: undersampling, and oversampling (Han, Wang and Mao 2005; Leevy et al. 

2018).  

In undersampling, random samples of the majority classes in the input data are 

eliminated to create uniform class sizes across the data (Leevy et al. 2018; Kulkarni, 

Chong and Batarseh 2020). One of the most common and simple methods of this 

downsizing is Random Undersampling (Han, Wang and Mao 2005; Kulkarni, Chong 

and Batarseh 2020). As this technique seeks to remove samples to form a balanced 

dataset, all the classes are downsized to the same number of samples available in the 

minority class.  

In oversampling, the minority classes in the dataset are augmented to match the 

number of samples in the majority class. Random Oversampling and Synthetic 

Minority Oversampling Technique (SMOTE) are two most commonly used approaches 

to augment imbalanced datasets (Garc²a et al. 2012; Leevy et al. 2018; Kulkarni, 

Chong and Batarseh 2020). Random Oversampling duplicates random selections of 

samples in the minority classes until a balanced dataset is achieved. While this method 

is a simple and effective strategy to address imbalance (Garc²a et al. 2012), it could 

cause overfitting issues as the decision criteria in ML models become biased due to 

the replicated minority samples (Chawla et al. 2002; Batista, Prati and Monard 2004; 
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Han, Wang and Mao 2005; Garc²a et al. 2012). SMOTE was developed to address 

concerns with overfitting, it synthesizes new minority class samples using the minority 

class information available (Chawla et al. 2002; Garc²a et al. 2012; Fern§ndez et al. 

2017). The new synthetic samples are interpolated by the k-nearest neighbours 

algorithm in SMOTE, this unsupervised clustering algorithm seeks out random clusters 

of similar data in the minority class which are used as reference points to artificially 

balance the dataset (Chawla et al. 2002; Garc²a et al. 2012; Fern§ndez et al. 2017). 

As synthetic samples are arbitrarily created by SMOTE, datasets balanced by SMOTE 

strategy may not appropriately reflect the intricacies of the original data (Leevy et al. 

2018). As strict undersampling and oversampling can cause the retrained ML models 

to underfit or overfit, an additional strategy, Custom SMOTE, was developed and 

implemented. Using the imbalanced-learn package (Lema´tre, Nogueira and Aridas 

2017), the number of samples synthesized by SMOTE can be controlled. The specified 

number of samples in custom SMOTE under-sampled the majority classes and over-

sampled the minority classes to a specified number. 

All of the methods described were implemented using the imbalanced-learn Python 

package due to its compatibility with Scikit-Learn (Lema´tre, Nogueira and Aridas 

2017). Tables 4.7, 4.8, and 4.9 show the number of samples in the classes of the 

training set with each data labelling strategy after the different data imbalance 

strategies have been applied. 
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Table 4.7 Number of samples in 20-year age bins before and after each data imbalance 

strategy. 

Age bin  
Class 

label  

Number of Samples  

None SMOTE 
Custom 

SMOTE 

Random 

Oversampling  

Random 

Undersampling  

18 to 39 18 ï 39 299 1475 600 1475 299 

40 to 59 40 ï 59 930 1475 600 1475 299 

60 to 79 60 ï 79 1475 1475 600 1475 299 

80 to 

90+ 

80 ï 

90+ 
389 1475 600 1475 299 

Table 4.8 Number of samples in 10-year age bins before and after each data imbalance 

strategy. 

Age bin  
Class 

label  

Number of Samples  

None SMOTE 
Custom 

SMOTE 

Random 

Oversampling  

Random 

Undersampling  

18 to 29 18 ï 29 104 783 600 783 41 

30 to 39 30 ï 39 195 783 600 783 41 

40 to 49 40 ï 49 329 783 600 783 41 

50 to 59 50 ï 59 601 783 600 783 41 

60 to 69 60 ï 69 783 783 600 783 41 
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70 to 79 70 ï 79 692 783 600 783 41 

80 to 89 80 ï 89 348 783 600 783 41 

90+ 90+ 41 783 600 783 41 

Table 4.9 Number of samples in census age bins before and after data imbalance strategy. 

Age bin  
Class 

label  

Number of Samples  

None SMOTE 
Custom 

SMOTE 

Random 

Oversampling  

Random 

Undersampling  

18 to 24 18 ï 24 42 409 300 409 41 

25 to 29 25 ï 29 62 409 300 409 41 

30 to 34 30 ï 34 93 409 300 409 41 

35 to 39 35 ï 39 102 409 300 409 41 

40 to 44 40 ï 44 143 409 300 409 41 

45 to 49 45 ï 49 186 409 300 409 41 

50 to 54 50 ï 54 268 409 300 409 41 

55 to 59 55 ï 59 333 409 300 409 41 

60 to 64 60 ï 64 374 409 300 409 41 

65 to 69 65 ï 69 409 409 300 409 41 

70 to 74 70 ï 74 396 409 300 409 41 
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75 to 79 75 ï 79 296 409 300 409 41 

80 to 84 80 ï 84 223 409 300 409 41 

85 to 89 85 ï 89 125 409 300 409 41 

90+ 90+ 41 409 300 409 41 
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4.6 Model Testing 

The DT and RF models were retrained using the best performing combinations of 

hyperparameters identified in Section 4.4 and data imbalance strategies described in 

Section 4.5. The test set was used to generate the empirical results to assess the 

classification accuracies of each ML model. 

4.6.1 Decision Tree Test Results 

The specific details of the DT models evaluated are tabulated in Table 4.10, each data 

imbalance strategy was applied to the data labelling strategies to investigate potential 

changes to classification accuracy of the validation and test set. 

Table 4.10 Data labelling strategy, hyperparameter permutations, and data imbalance 

strategy combinations used for DT model testing. 

Data Labelling 

Strategy  
Hyperparameters  

Data Imbalance 

Strategy  

20-year age bins 

Maximum depth: 15 

Minimum samples leaf: 1 

Class weight: óbalancedô 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 

10-year age bins 

Maximum depth: 23 

Minimum samples leaf: 1 

Class weight: óNoneô 

None 

SMOTE 

Custom SMOTE 
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Random Oversampling 

Random Undersampling 

Census age bins 

Maximum depth: 39 

Minimum samples leaf: 5 

Class weight: óNoneô 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 
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20-year age bins 

Figure 4.13 shows the classification performance differences between data imbalance 

strategies. Using the best hyperparameter combination, the DT model using 20-year 

age bins showed a 0.03 decrease in accuracy when applied to the test set. The data 

imbalance strategies applied to the model showed no improvements in validation 

accuracy. However, test accuracy showed improvements when SMOTE, custom 

SMOTE, and Random Oversampling was used. The best performing imbalance 

strategy was SMOTE which allowed the model to achieve 0.400 in test accuracy. 

 

Figure 4.13 Classification accuracy performance of the 20-year age bins DT model. The model 

is set to fixed hyperparameters. The performance differences between the validation and test 

sets were tracked as the data imbalance strategy is changed. 
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10-year age bins 

In the absence of data imbalance, the DT using 10-year age bins and its best 

hyperparameter combination, showed a 0.0228 decrease in accuracy when applied to 

the test set. The data imbalance strategies applied to the model showed no 

improvements in validation accuracy and one instance of improvement in test 

accuracy (Figure 4.14). The best performing imbalance strategy was Random 

Oversampling achieved 0.210 in test accuracy; however, this improvement was still 

lower than the classification accuracy achieved in the absence of an imbalance 

strategy in the validation set. 

 

Figure 4.14 Classification accuracy performance of the 10-year age bins DT model. The model 

is set to fixed hyperparameters. The performance differences between the validation and test 

sets were tracked as the data imbalance strategy is changed. 
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Census age bins 

The DT model using census age bins showed the largest changes to training, 

validation, and test accuracies when data imbalance strategies were applied (Figure 

4.15). While test accuracy was highest at 0.132 using Random Oversampling, the 

training accuracy fell to 0.569, the model was underfitting itself. Conversely, validation 

accuracy decreased when imbalance strategies were applied.  

 

Figure 4.15 Classification accuracy performance of the census age bins DT model. The model 

is set to fixed hyperparameters. The performance differences between the validation and test 

sets were tracked as the data imbalance strategy is changed. 
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4.6.2 Random Forest Test Results 

The specific details of the RF models evaluated are tabulated in Table 4.11, each data 

imbalance strategy was applied to the data labelling strategies to investigate potential 

changes to classification accuracy of the test set. 

Table 4.11 Data labelling strategy, hyperparameter permutations, and data imbalance 

strategy combinations used for RF model testing. 

Data Labelling 
Strategy  

Hyperparameters  
Data Imbalance 
Strategy  

20-year age bins 

Number of estimators: 101 

Maximum depth: 20 

Minimum samples leaf: 10 

Class weight: óbalancedô 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 

10-year age bins 

Number of estimators: 1001 

Maximum depth: 30 

Minimum samples leaf: 10 

Class weight: óbalancedô 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 

Census age bins 

Number of estimators: 1001 

Maximum depth: 43 

Minimum samples leaf: 5 

Class weight: óNoneô 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 



148 

 

20-year age bins 

The RF model performed with minimal improvements when the imbalance strategies 

were applied to the validation set, however, Random Oversampling and custom 

SMOTE both produced slight increases to validation accuracy (0.030) (Figure 4.16). 

The RF model using 20-year age bins when applied on to the test set produced a test 

accuracy of 0.523 where imbalance strategies were absent. Data imbalance 

strategies, again, produced no improvement to the test accuracy, each strategy 

produced worse results when the model was applied to the test set. 

 

Figure 4.16 Classification accuracy performance of the 20-year age bins RF model. The model 

is set to fixed hyperparameters. The performance differences between the validation and test 

sets were tracked as the data imbalance strategy is changed. 
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10-year age bins 

In Figure 4.17, the validation accuracy showed overall improvements when data 

imbalance strategies were applied, reaching peak accuracy of 0.319 using custom 

SMOTE. Test accuracy showed similar improvements using Random Oversampling 

and custom SMOTE, both reaching 0.294. Random Undersampling consistently 

causes either accuracy scores to decrease. 

 

Figure 4.17 Classification accuracy performance of the 10-year age bins RF model. The model 

is set to a fixed maximum depth of 30. The performance differences were tracked as number 

of estimators, minimum samples leaf, and class weight were adjusted. 
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Census age bins 

Figure 4.18 shows that none of the data imbalance strategies contribute to any 

improvement in validation accuracy. Whereas when this RF model trained with census 

age bins, showed improvements with SMOTE when applied to the test set, reaching 

an accuracy score of 0.148.  

 

Figure 4.18 Classification accuracy performance of the census year age bins RF model. The 

model is set to a fixed maximum depth of 43. The performance differences were tracked as 

number of estimators, minimum samples leaf, and class weight were adjusted. 
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4.7 Model Evaluation 

In this section, the confusion matrix and precision table of the DT and RF models with 

the highest test accuracies at each data labelling strategy are presented for evaluation. 

4.7.1 Decision Tree 

While all three DT models using different age labelling strategies showed 

improvements to their respective test accuracies when a data imbalance strategy was 

applied, the level of improvement was minimal. Following the trend during training and 

validation, the DT model using the 20-year age bin training set showed the highest 

test accuracy among the DT models at 0.400. 

The confusion matrix for each model in Figure 4.19a, b, and c show that the majority 

of test samples were misclassified into the ó40 ï 79ô age range. This suggests that 

despite addressing the data imbalances in the training set with SMOTE or Random 

Oversampling, the DT models were unable to find appropriate features in the input 

data to create decision classifiers. This is further confirmed by the precision tables in 

Figures 4.20a, b, and c. These precision scores show that the classification quality of 

each class label. Despite using the best hyperparameter combination alongside a data 

imbalance strategy, the precision of each class label remained below 0.500 except the 

ó60 ï 79ô class in DT 20 with SMOTE. 
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Figure 4.19 (a) In the top left corner, confusion matrix of DT model with 20-year age bin 

labelling and SMOTE data imbalance. (b) In the top right corner confusion matrix of DT model 

with 10-year age bin labelling and Random Oversampling. (c) In the bottom, confusion matrix 

DT model with census age bin labelling and Random Oversampling.  
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Figure 4.20 (a) In the top left corner, tabulated precision scores of DT model with 20-year age 

bin labelling and SMOTE data imbalance. (b) In the top right corner, tabulated precision scores 

of DT model with 10-year age bin labelling and Random Oversampling. (c) In the bottom, 

tabulated precision scores of DT model with census age bin labelling and Random 

Oversampling. 

4.7.2 Random Forest 

The RF models on the other hand showed varied results when the data imbalance 

strategies were applied. In the RF20 model, the data imbalance strategies showed no 

improvement over the original model, which resulted in the highest test accuracy at 

0.523. While the RF10 and RF census models achieved improvements to their 

respective test accuracies with different data imbalance strategies, and to their DT 

counterparts, the confusion matrices in Figure 4.21a, b, and c, show the same trends. 

The RF models regardless of data labelling misclassify test samples into the ó40 ï 79ô 

age ranges. The precision score tables in Figures 4.22a, b, and c reflect this finding, 

however, the precision scores for each class label in RF models show improvement 

across the board when compared to their DT counterparts. This may be due to the 

ensemble nature of the RF models, as each RF model consists of multiple tree models 

which uses a random subsample of the training data as input, the final classification 

decisions of each class label is made through majority voting. Thus, ensuring a more 

robust classification output. In the context of the present results, the features that were 

most important to the RF model were plotted in 3D to provide insight into which part 

of the NPY files, and by proxy the areas of the NIfTI scans were used in generating 

age classification criteria. This visualisation (Figure 4.23) used the feature importance 

metrics of the RF20 model as it had the highest test accuracy. The 3D plot shows 

sparse clustering of features, with no discernible pattern for further inference. 
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Figure 4.21 (a) In the top left corner, confusion matrix of RF model with 20-year age bin 

labelling and no imbalance strategy. (b) In the top right corner confusion matrix of RF model 

with 10-year age bin labelling and Random Oversampling. (c) In the bottom, confusion matrix 

RF model with census age bin labelling and SMOTE. 
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Figure 4.22 (a) In the top left corner, tabulated precision scores of RF model with 20-year age 

bin labelling and no imbalance strategy. (b) In the top right corner, tabulated precision scores 

of RF model with 10-year age bin labelling and Random Oversampling. (c) In the bottom, 

tabulated precision scores of RF model with census age bin labelling and SMOTE. 

 

 

Figure 4.23 A 3D plot of feature importance values from the RF20 model, the plot serves as a 

saliency map. 
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4.8 Discussion 

The findings presented in this chapter have shown empirically that RF perform better 

than DT models. The accuracy of RF models increases when number of classes 

decreases and become wider, such that the 20-year age bin RF model showed the 

highest classification accuracy on the test data, at 0.523. Although the classification 

accuracy results produced by the ML models are much lower than the accuracies 

reported by studies using current nonmetric age estimation scoring methods, ML or 

otherwise (Brooks and Suchey 1990; Buckberry and Chamberlain 2002; Hartnett 

2010b; Villar et al. 2017; KotŊrov§ et al. 2018; Valsecchi, Irurita Olivares and Mesejo 

2019; Imaizumi et al. 2021; Botha and Steyn 2022). It is important to note that the 

features used in the present ML models are not the same as the morphological 

nonmetric features. As the input data used to train the DT and RF models were the 

NIfTI files which were pre-processed to NPY files in óStage 1ô of Section 4.3, the 

1048576 indices in the 3D NPY arrays are representative of the voxels which contain 

the thresholded skeletal information from the NIfTI dataset. These indices were 

therefore used as features in the ML models. As features are used to form the decision 

of splitting and formation of terminal leaf nodes, it is important to understand how much 

each feature contributed to the formation of classification decisions for each class. 

This is accessible through the metrics provided by Scikit-Learn (Pedregosa et al. 

2011a). Each featureôs overall importance in the decision of splitting and forming the 

next node is computed by measuring how much the feature contributed towards 

reducing the variance in the previous node (Saarela and Jauhiainen 2021; Molnar 

2023c), and if removing or altering this feature would change the model error (Breiman 

2001; Frªmling 2023). This metric has been incorporated into explainable artificial 

intelligence techniques to allow users of explainable ML algorithms to explain the 

decision (Tjoa and Guan 2021; Frªmling 2023), thus providing insight into how the 

model is using the feature (Molnar 2023d). Individual feature importance in DT and RF 

is obtained as a value between 0 and 1 (Pedregosa et al. 2011a; Thampi 2022b). 

Since the features used in the ML models are representative of the voxels in the 3D 

NIfTI files, the feature importance values can be plotted in a 3D plot using the same 

dimensions as the resized scan, 128 x 128 x 64. In doing so, the locations of the most 

important features can be visualised in 3D. This method of visualisation can be seen 



157 

 

as a form of saliency mapping (Molnar 2023b). Saliency mapping is a technique 

commonly used to explain image classification algorithms, the locations of the 

important features or pixels can be visualised with this technique (Molnar 2023b). The 

visualisation in Figure 4.23 also provides a deeper insight into the quality of the input 

data. As further information can be formed or inferred from the 3D plot, this suggests 

that the data input that was used to develop the ML models were lacking in quality in 

addition to the class imbalance issues. 

This issue in data quality is seemingly corroborated by the inability of the data 

imbalance strategies to significantly improve the classification accuracies of the 

trained ML models. A particularly confounding finding is that the RF10 model achieved 

the exact same test accuracy (0.294) despite having two different data imbalance 

techniques applied to it. The confusion matrices and precision tables of the two 

imbalance strategies for RF10 can be visualised in figure 4.24. The differences in 

precision scores across the classes between the two imbalance strategies show that 

there may be an issue with the data itself. This is made apparent when examining the 

differences in detail. Figure 4.24a shows that the precision score for the ó18 ï 29ô class 

is 0.167 whereas the same class in figure 4.24b shows a precision score of 0.250. 

Given how SMOTE functions, where synthetic samples are created by the sampling 

strategy from existing data, it should create stronger and more distinct classes as 

minority classes are being augmented. This strategy when applied should result in 

higher precision scores across all classes, however, the expected effect did not fully 

occur. This suggests SMOTE was unable to create useful or coherent synthetic 

samples from the minority classes due to the quality of the data itself. 

 

Figure 4.24 (a) Left: The precision table of RF10 with custom SMOTE applied. (b) Right: The 

precision table of RF10 with Random Oversampling applied. 

The original DICOM dataset prior to pre-processing to NIfTI files and subsequently the 

NPY files used for model training was from a hospital setting, the scans collected 

therefore had different heights, widths, and depths. Although each NIfTI file in the 
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dataset was ensured to include the pelvis, the files were not consistent in the remaining 

regions of the body scanned. Some samples included the neck, thoracic, and pelvic 

regions, others included the thoracic and pelvic regions, while some only contained 

the pelvis. As a result of this heterogeneity in the regions scanned, the scans from 

healthcare settings may be too varied for the ML models to accurately pinpoint and 

use the features which corresponded to the pubic symphysis (Todd 1921; Brooks and 

Suchey 1990; Dudzik and Langley 2015), auricular surface (Lovejoy et al. 1985b; 

Buckberry and Chamberlain 2002), or even the acetabulum (San-Mill§n, Rissech and 

Turb·n 2017) for age estimation without additional pre-processing or labelling. On the 

other hand, with over 1 million features per sample, the input data could simply be too 

complex for DT and RF models.  

4.9 Next Steps 

To conclude, this study explored the potential of supervised ML algorithms, specifically 

Decision Tree and Random Forest for multi-class age classification. Neither attempts 

in DT or RF were able to produce models with classification accuracies at a 

comparable level to current non-ML and ML age estimation methods using nonmetric 

traits. However, this study is the first (to our knowledge) to train ML algorithms using 

the voxel values as features in the decision trees and random forests. Through this 

experimentation, several issues which could have caused the low accuracy scores 

were identified. It remains unclear whether the class imbalances within the data or the 

inherent complexity of using 3D file types as input was the issue.  

Current trends in research addressing age estimation using ML systems in forensic 

anthropology and medicine have seen the successful incorporation of deep learning 

methods to 2D pelvic radiographs (Li et al. 2019), 2D knee MRI scans (Mauer et al. 

2021), 2D hand radiographs (Kim et al. 2017; Lee et al. 2017; Spampinato et al. 2017; 

Larson et al. 2018). As deep learning is an effective image classification technique 

capable of handling complex datasets (LeCun, Bengio and Hinton 2015), the next 

steps of the present thesis would be to examine the feasibility of using a deep learning 

algorithm on the available data. Although the data available are in a 3D format and 

there are currently no deep learning studies in forensic anthropology which utilise 

these NIfTI files. Studies in medicine have shown that NIfTI files can be used in 3D 
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image classification through deep learning algorithms, specifically convolutional neural 

networks (Motoki et al. 2020; Zunair et al. 2020; Barsiya et al. 2021).  

Chapter 5 explores whether the complexity of 3D data files was the limiting factor to 

building an age classification model by using it as the input data to a convolutional 

neural network. 
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Chapter 5  Convolutional Neural Networks 

Following the conclusions of Chapter 4, this technical chapter explores the seemingly 

complex dataset with a deep learning method ï the convolutional neural network. As 

highlighted in Section 4.9 in Chapter 4 and Section 2.3 in Chapter 2, deep learning 

methods have been successfully applied and implemented in both forensic 

anthropology and the medical sciences (Cao et al. 2021; Navega, Costa and Cunha 

2022; Wang et al. 2022; Joshi and Tallman 2023; Oura et al. 2023). While current 

published deep learning models in forensic anthropology have shown success with 

macroscopic traits and 2D images as input (Cao et al. 2021; Mauer et al. 2021; 

Navega, Costa and Cunha 2022; Malatong et al. 2023), there is currently limited 

literature on deep learning models which utilise 3D image files. Given the steady 

popularity of virtual anthropology, medical imaging, and 3D work, there is a research 

gap in understanding how 3D image files can be utilised with deep learning methods 

in biological profile estimations. The research presented in this chapter therefore 

builds upon the empirical work from Chapter 4 to explore the available dataset in 

convolutional neural networks through age estimation and seek to understand whether 

its limitations lie in the class imbalances or inherent complexity of 3D file types. 

5.1 Background 

Deep learning (DL) is a class of machine learning that uses multiple layers of learning 

to extract features to form combinations of patterns for classification and prediction 

tasks (LeCun, Bengio and Hinton 2015). This layered approach to learning stems from 

mimicking how biological neurons may function in the animal brain to perform complex 

decision-making and calculations (Mcculloch and Pitts 1943; G®ron 2022). This idea 

has led to the formation of neural networks which forms the core of DL (G®ron 2022), 

which is a network of artificially modelled neurons structured in layers, where neurons 

are weighted mathematical functions calculated from the structure and intricacies of 

the input data (Jain, Mao and Mohiuddin 1996; Han et al. 2018). With each layer 

forming connections between its adjacent layers, this hierarchy of layers can be 

deepened by increasing the number of hidden layers between the input and output 

layers (Schulz and Behnke 2012). With more hidden layers, more neurons can be 

formed and connections can be made for accurate predictions (G®ron 2022). The 
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hierarchical and layering aspect of DL and artificial neural networks enable the 

machine to be fed raw data to automatically discover and learn the complex 

combinations of features in the input can be extracted without human processing 

(Schulz and Behnke 2012; LeCun, Bengio and Hinton 2015). Whereas in conventional 

machine learning, these feature combinations which formulate complexities such as 

shape, edges, and textures are manually extracted and labelled (LeCun, Bengio and 

Hinton 2015). At present, DL has contributed to solving a variety of complex pattern 

recognition and classification tasks (Krizhevsky, Sutskever and Hinton 2012; Farabet 

et al. 2013; Szegedy et al. 2014).  

Convolutional neural networks (CNN) are a form of artificial neural networks that has 

shown success with image classification tasks (Ciresan et al. 2011; Guo et al. 2017; 

Kayalibay, Jensen and van der Smagt 2017; Ker et al. 2018; Azam et al. 2023) and 

has since been widely adopted in computer-vision research (LeCun, Bengio and 

Hinton 2015) CNN mimic the structure of the animal visual cortex, neurons extract 

features and information from a small localised regions of the visual stimulus which is 

compiled to form the whole visual field (Hubel and Wiesel 1968). The CNN structure 

or architecture mimics this through its convolution and pooling layers, small arrays 

known as kernels are used to extract feature information from small patches of the 

input data (LeCun, Bengio and Hinton 2015; Yamashita et al. 2018; G®ron 2022). As 

the kernels convolve through the input data, a map of extracted features is produced 

and passed onto the next layer for further feature extraction, until an output layer is 

reached (LeCun, Bengio and Hinton 2015; Yamashita et al. 2018; G®ron 2022). 

These layers enable CNNs to be highly efficient at processing data that can be 

represented in arrays or matrices (LeCun, Bengio and Hinton 2015; Yamashita et al. 

2018; Cao et al. 2021). As 2D and 3D image data are effectively arrays and matrices 

of varying sizes organised in different dimensions often with highly correlated and 

localised groups of pixel values which form distinctive patterns, CNNs are well suited 

for classification tasks with 3D inputs (Kamnitsas et al. 2017; Kayalibay, Jensen and 

van der Smagt 2017; Yamashita et al. 2018). Alongside the rapid advancement of 

technologies and hardware capabilities, fields in forensic science have sought to adapt 

and incorporate the use of DL methods (Karie, Kebande and Venter 2019; Kim et al. 

2021; Wen, Curran and Wevers 2023). However there is still a gap in the interpretation 



162 

 

and understanding on the inner workings of DL methods such as neural networks 

(Hicks et al. 2018). This lack of transparency to has led to hesitancy and caution in the 

application of such technologies in critical and sensitive domains such as medicine or 

forensics (Hicks et al. 2018; Cao et al. 2022). Despite their óblack boxô nature, neural 

networks, specifically convolutional neural networks continue to be widely used due to 

its notable performance in computer vision work (Azam et al. 2023). To gain further 

insight and understanding into the core mechanisms of DL methods, visualisation 

methods are now being developed and employed by researchers (Ribeiro, Singh and 

Guestrin 2016; Azam et al. 2023). By using feature maps visualisation approaches, 

the decisions and outputs produced by black box algorithms can potentially be 

explained and understood, thereby addressing the algorithmic opacity associated with 

DL complexities (Azam et al. 2023). 

There has been a recent increase in published literature on the application of DL and 

neural networks in forensic anthropology. The research has been centred around 

neural networks and the estimation of ancestry (Hefner and Ousley 2014; Spiros and 

Hefner 2020; Wen et al. 2020; Pengyue et al. 2021), sex (Afrianty et al. 2014; Bewes 

et al. 2019a; Oner et al. 2019; Cao et al. 2021), and age (Li et al. 2019; Navega, Costa 

and Cunha 2022; Wang et al. 2022; Joshi and Tallman 2023). While these DL models 

achieve high classification accuracies, the majority of these studies continue to train 

and base their DL models on 2D image inputs or features derived from morphological 

nonmetric scores (Cao et al. 2021; Malatong et al. 2023). To address this research 

gap, this technical chapter follows from the previous in exploring the feasibility of 

applying a supervised ML algorithm, specifically a CNN from DL to age estimation from 

3D images containing the pelvis. The data in this thesis is derived from a contemporary 

sample representative of both the UK- and London- populations. By using CNN with 

3D files, a 3D kernel can convolve through all three dimensions of the file to extract 

skeletal features with spatial information to form stronger classifying functions. 
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5.2 Materials 

5.2.1 Data Overview 

The data used for the empirical work carried out was identical to the NIfTI dataset (n 

= 3093) used in the Decision Tree (DT) and Random Forest (RF) experiments in 

Chapter 4. The NIfTI dataset was split into using the same 70/20/10 ratio and stratified 

sampling strategy to form the training, validation, and test data subsets. 

5.2.2 Experimental Setup: Hardware and Software Specifications 

To be able to train, tune, and test the DL algorithm for the empirical work, higher levels 

of computing resources were needed. This required the use of computational servers 

with high memory capacity and processing power. Among the three available servers 

described in Chapter 4 Section 4.2, only Server 3 was capable of carrying out the 

experiments. Server 3 was equipped with an AMD EPYC 7502P computer processing 

unit (CPU) and 251GB of random-access memory (RAM), which is three-times more 

powerful than Server 1 and 2 with twice the memory capacity. 

In keeping with the previous chapters, the high-level programming language Python 

(version 3.8.5) (Van Rossum and Drake 2009) and the integrated development 

environment, Spyder (Raybaut 2009), was used to carry out the training, tuning, and 

testing of the machine learning algorithms. The main Python packages used in this 

chapter are TensorFlow 2.0 (Abadi et al. 2015), and Keras (Chollet 2015). Keras is an 

open-source library which contains fixed data structures to build and execute varying 

types of neural networks (Chollet 2015). The main data structure in Keras are layers 

which process input data and provide output for further use; a series of layers form a 

neural network model (Chollet 2015; G®ron 2022). TensorFlow 2.0 is an open-source 

platform and interface optimised for machine learning (Abadi et al. 2015). The 

TensorFlow interface is a flexible system which utilises computational devices and 

resources to perform the mathematical calculations and handle large datasets 

required for training and executing complex and deep machine learning algorithms 

(Abadi et al. 2015; G®ron 2022). The Convolutional Neural Networks in this chapter 

were implemented in Python 3.8.5 with Keras and TensorFlow 2.0, these models were 

experimented on using the above server. 
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5.3 Methodology 

This section describes the methodology and the technical details of the empirical work 

undertaken.  

5.3.1 Workflow 

Using the workflow described in Chapter 4 Section 4.3 (Figure 4.2), the NIfTI dataset 

was pre-processed to form the NPY dataset which was used in the training and 

validation of deep learning models. Finally, the trained models with the highest 

classification accuracy were selected to undergo model testing and evaluation. 

5.3.2 Labelling Strategy 

The labelling strategies in this chapter are identical to the strategy used in Chapter 

Section 4.3. The purpose of the labelling was to examine the classification 

effectiveness at different age ranges with the specified algorithm, the age ranges used 

were 20-year, 10-year, and 5-year (census) age bins. 

5.3.3 Convolutional Neural Network 

A 3D convolutional neural network was used as the main machine learning algorithm 

for the empirical work carried out. The CNN takes 3D arrays as input data, the arrays 

were converted from NIfTI files which contain the thresholded skeletal information of 

CT scans, while the output was class classification. The model architecture used in 

this chapter is shown in Figure 5.1. This overall architecture contains a total of 

1,562,760 parameters, of which 1,561,608 are trainable. This neural network 

architecture is based on a 3D CNN study used to conduct binary class prediction of 

tuberculosis from 3D images of lung computed tomography (CT) scans by Zunair et al 

(2020). The 17-layer 3D CNN is split into five distinct modules with an input and output 

layer (Figure 5.1) and adapted for multiclass classification based on the data labelling 

strategy. Each module in the CNN architecture is formed by a series of layers, the first 

four modules consists of a 3D convolutional (CONV) layer, followed by a max pooling 

layer, followed by a batch normalisation layer. The CONV layer is considered an 

integral part to a CNN as it allows the extraction of features from the input data (OôShea 

and Nash 2015; Albawi, Mohammed and Al-Zawi 2017; G®ron 2022). The neurons in 
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the CONV layer forms small receptive fields known as óconvolutional kernelsô or ófiltersô, 

these are matrices of a user-defined size which passes over the input data and 

extracts the most important feature within the receptive field (OôShea and Nash 2015; 

Albawi, Mohammed and Al-Zawi 2017; G®ron 2022). As the input is passed through 

the CONV layer, the neurons create a feature map which is passed to the next layer 

(LeCun, Bengio and Hinton 2015). Each CONV layer can be set to specific filter values 

to extract different features from the same input, in doing so, the most amount of 

information can be extracted and ólearnedô by the neural network.  

Another integral part of the CNN is the pooling layer, this layer functions to reduce the 

dimensionality and computational complexity of the model (OôShea and Nash 2015; 

Albawi, Mohammed and Al-Zawi 2017; G®ron 2022). The max pooling layer 

summarises the feature map from the layers before and passes the down sampled 

map on to the next layer. This is a necessary step to reduce computational load, 

memory usage and reduce potential model overfitting (G®ron 2022). The reduced 

feature map is passed into the batch normalisation layer this technique normalises the 

input and feature maps produced between the layer, in doing so, this layer stabilises 

the CNN and improves training efficiency (Ioffe and Szegedy 2015; G®ron 2022). 

These three layers of feature extraction, dimension reduction, and stabilisation are 

repeated four times as part of feature extraction before passing into the fifth module. 

In the fifth module, the output from feature extraction is passed to a global average 

pooling layer, where the feature map is averaged for each class instance (Lin, Chen 

and Yan 2014). The output is then passed to a fully connected layer (Dense) which 

consists of all the calculated weights and biases from all the features in the previous 

CONV layers (OôShea and Nash 2015; Albawi, Mohammed and Al-Zawi 2017). A drop-

out layer which intentionally and randomly drops neurons from the trained neural 

network was implemented to reduce the CNN from overfitting on too many features 

from the CONV layers (Srivastava et al. 2014). Finally, the fifth module passes the 

output into the last layer for multi-class classification. The number of classes in the 

final layer for each CNN changes depending on the data labelling strategy, the 20- 

year age bin produces 4 discrete classes; the 10-year age bin produces 8 discrete 

classes; and the Census age bin produces 15 discrete classes. 
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Figure 5.1 A 17-layer 3D convolutional neural network architecture used for age-at-death 

estimation. Block A, which serves as the feature extraction portion consists of 4 modules of 

3D Conv, max pooling, and batch normalisation layers. While block B consists of global 

average pooling, dense, dropout, and output layer for the multiclass classification. 

5.3.4 Tuning Hyperparameters 

Hyperparameters are constraints to the algorithm set by the user, while these values 

remain constant during model training, they are subject to change during model 

development and tuning (Pedregosa et al. 2011a; G®ron 2022). CNNs have many 

hyperparameters that could be adjusted which influence the modelôs network 

architecture and behaviour during training (Yang and Shami 2020). As the driving 
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research question of the present thesis centres around the feasibility of applying 

machine learning methods to forensic age estimation in the current pixel-based 

context, hyperparameters which would significantly change the layer structure were 

left constant. Instead, only three CNN hyperparameters were systematically tuned to 

attain the best possible training and validation accuracies. This reduced 

hyperparameter tuning was also carried out with memory and computational resource 

constraints in mind. 

The optimization of the hyperparameters was implemented through Keras and 

TensorFlow packages (Abadi et al. 2015; Chollet 2015). The CNN hyperparameters 

tuned in this chapter are epochs, initial learning rate, and batch size. 

Epoch is the number of times the entire training dataset is passed through the neural 

network model; it directly relates to how well a neural network is learning from the input 

data (Ketkar and Moolayil 2021). While the optimal number of epochs is difficult to 

determine; too many passes leads to overfitting of training data and results in poor 

model generalisability, and too few epochs leads to underfitting and results in poor 

model performance (Brownlee 2018; Afaq and Rao 2020). 

Initial learning rate is an important hyperparameter in deep learning, it determines how 

quickly the model adapts or produces a solution (Bengio 2012; Ozaki, Yano and Onishi 

2017; G®ron 2022). It determines the size of the changes that the model will make to 

the model weights at each epoch (Konar, Khandelwal and Tripathi 2020). A learning 

rate that is too large can cause the model to never reach the optimal outcome, and a 

learning rate that is too small would take too long to reach the optimal outcome or 

demand higher levels of computational resource (Brownlee 2019b; Konar, Khandelwal 

and Tripathi 2020; Yang and Shami 2020; G®ron 2022). It is stated that 0.01 is a 

default value for the initial learning rate, and the value can be tuned by factors of 10 

(Bengio 2012). 

Batch Size is the number of samples used to train a model before the model weights 

are updated (Yang and Shami 2020). Batch Size affects the speed at which a model 

is trained and its accuracy (Kandel and Castelli 2020). While small batch sizes lead to 

faster model training, it results in a less robust model, where the model is unable to 

produce the optimal output/classification (Kandel and Castelli 2020; G®ron 2022). 
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Whereas large batch sizes can lead to models with high and robust classification 

accuracies but at the expense of model training speed and computational resources 

(Radiuk 2017; Kandel and Castelli 2020).  

The results of each adjustment to the hyperparameters can be seen in Section 5.4 

below. 

5.4 Model Training and Validation 

The models were trained and validated using the data labelling strategies and 

hyperparameters described in Sections 4.3.2 and 5.3.4. A CNN model was constructed 

for each data labelling strategy, resulting in three separate models. The classification 

accuracy of the validation set was monitored, and the model was improved through 

systematic adjustments to the hyperparameters listed in Table 5.1 below. As the 

hyperparameters are numerical values, there could be an infinite number of 

hyperparameter configurations for each model constructed. Therefore, the values of 

the number of epochs were limited to 10, 20, 30, and 40, and the initial learning rate 

was limited to 0.0001, 0.001, and 0.01, while the batch size was limited to 2, 4, and 8. 

The server did not have sufficient memory capacity for batch sizes beyond 8. 

Table 5.1 Machine learning algorithm, data labelling strategy and hyperparameters tuned. 

Machine Learning Algorithm Data Labelling Strategy Hyperparameters 

Convolutional Neural Network 

20-year age bins 
Epochs, 

Initial Learning Rate, 

Batch Size 

10-year age bins 

Census age bins 

5.4.1 Convolutional Neural Network Tuning 

In this subsection, the classification performance of the CNN models on the validation 

set is presented. The training and validation accuracies were monitored as epochs, 

initial learning rate, and batch size were tuned. Due to limitations with computational 

power and resources, each hyperparameter could not be tuned separately. Instead, 
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the number of epochs were first tuned against a fixed batch size and initial learning 

rate. Upon finding the highest training and validation accuracies with the number of 

epochs, the initial learning rate was then tuned against the fixed batch size and 

optimum number of epochs. Finally, the batch size was adjusted against the optimum 

number of epochs and initial learning rate value.  

In general, the increase in batch size and epochs resulted in higher training and 

validation accuracies. While the changes to initial learning rate returned mixed results. 

The trends from the previous chapters where DT and RF models were implemented 

on the same dataset were observed in the tuning of the CNN models; the widening of 

age bins resulted in higher training and validation accuracies.  

20-year age bins 

The CNN model for 20-year age bins reached an initial peak training and validation 

accuracy of 0.656 and 0.571 respectively when the number of epochs was set to 40 

(Figure 5.2). The increase in the number of epochs has resulted in improvement to 

validation accuracy. These improvements are not proportionate to the increase in 

epochs, the validation accuracy for Epoch: 20 was higher than Epoch: 30, this is 

visualised in Figure 5.2. With the optimum number of epochs attained, Figure 5.3 show 

that increases and decreases to the base initial learning rate showed both 

improvements and diminishments to validation accuracy, with initial learning rate: 

0.001 producing the highest validation accuracy. The increase in batch size using the 

optimum number of epochs and initial learning rate has resulted improvements in 

validation accuracy (Figure 5.4). Overall, the peak training and validation accuracies 

attained in this CNN model were 0.655 and 0.608 respectively, the hyperparameters 

adjusted were set to epoch: 40, initial learning rate: 0.001, and batch size: 8 (Figure 

5.4). 
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Figure 5.2 Classification accuracy performance of the 20-year age bins CNN model. The 

model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were 

adjusted. 

 

Figure 5.3 Classification accuracy performance of the 20-year age bins CNN model. The 

model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted. 
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Figure 5.4 Classification accuracy performance of the 20-year age bins CNN model. The 

model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was 

adjusted. 

10-year age bins 

The CNN model for 10-year age bins reached an initial peak training and validation 

accuracy of 0.494 and 0.375 respectively when the number of epochs was set to 40 

(Figure 5.5). The increase in the number of epochs has resulted in improvement to 

validation accuracy. These improvements are not proportionate to the increase in 

epochs, the validation accuracy between Epoch: 30 and 40 was a 0.00162 percentage 

difference, this is visualised in Figure 5.5. With the optimum number of epochs 

attained, Figure 5.6 show that increases and decreases to the base initial learning rate 

showed both improvements and diminishments to validation accuracy, with initial 

learning rate: 0.001 producing the highest validation accuracy. The increase in batch 

size using the optimum number of epochs and initial learning rate has resulted 

improvements in validation accuracy (Figure 5.7). The improvement are not 

proportionate to the increase in batch size, the validation accuracies reached its peak 

with batch size: 8, however batch size: 2 outperformed batch size: 4. Overall, the peak 

training and validation accuracies attained in this CNN model were 0.637 and 0.389 

respectively, the hyperparameters adjusted were set to epoch: 40, initial learning rate: 

0.001, and batch size: 8 (Figure 5.7).  
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Figure 5.5 Classification accuracy performance of the 10-year age bins CNN model. The 

model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were 

adjusted. 

 

Figure 5.6 Classification accuracy performance of the 10-year age bins CNN model. The 

model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was 

adjusted. 
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Figure 5.7 Classification accuracy performance of the 10-year age bins CNN model. The 

model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted. 

Census age bins 

The CNN model for census age bins reached an initial peak training and validation 

accuracy of 0.226 and 0.184 respectively when the number of epochs was set to 40 

(Figure 5.8). The increase in the number of epochs has resulted in improvement to 

validation accuracy. With the optimum number of epochs attained, Figure 5.9 show 

that increases and decreases to the base initial learning rate showed both 

improvements and diminishments to validation accuracy, with initial learning rate: 

0.001 producing the highest validation accuracy. The increase in batch size using the 

optimum number of epochs and initial learning rate has resulted improvements in 

validation accuracy (Figure 5.10). The increase in batch size show marginal 

improvements to the training and validation accuracies, peaking at batch size: 8. 

Overall, the peak training and validation accuracies attained in this CNN model were 

0.558 and 0.201 respectively, the hyperparameters adjusted were set to epoch: 40, 

initial learning rate: 0.001, and batch size: 8 (Figure 5.10).  
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Figure 5.8 Classification accuracy performance of the census age bins CNN model. The 

model is set to batch size: 2 and initial learning rate: 0.001, while the number of epochs were 

adjusted. 

 

Figure 5.9 Classification accuracy performance of the census age bins CNN model. The 

model is set to batch size: 2 and epoch: 40, while the initial learning rate value was adjusted. 
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Figure 5.10 Classification accuracy performance of the census age bins CNN model. The 

model is set to initial learning rate: 0.001 and epoch: 40, while the batch size number was 

adjusted. 

5.4.2 Model Performance 

To gain a further understanding of how the CNN models performed, the precision 

scores and confusion matrices were calculated. Precision score is the metric which 

calculates how good the model is at classifying a specific category or class (Kulkarni, 

Chong and Batarseh 2020). The confusion matrix is an evaluation tool for classification 

accuracy, the matrix produced shows the counts of true positives, false positives, true 

negatives, and false negatives across all classes (Kulkarni, Chong and Batarseh 

2020). 

Confusion matrix 

Figure 5.11 show the confusion matrices of the CNN models trained and tuned to their 

most optimal hyperparameter combinations. The confusion matrices show that the 

models were inaccurate in classifying the validation set to varying levels, however, the 

overall trend from the previous chapter persists ï the smaller the age ranges, the less 

accurate the model. 

Much like the DT and RF model counterparts from the previous chapter, the CNN 

model with 20-year age bin labelling (Figure 5.11a) demonstrated a higher sensitivity 
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towards the 60 ï 79 age range, where more samples were being correctly and 

incorrectly classified into that specific age range. The overrepresentation of classes in 

the 60 ï 79 age range could have impacted upon the weights and connections 

between the neurons across the different layers of the network. This phenomenon is 

further visualised as the age bins become smaller, the samples of the validation set 

are erroneously classed and sorted into the majority classes such as ó50 ï 59ô, ó60 ï 

69ô, and ó70 ï 79ô in 10-year age bin labelling (Figure 5.11b), and ó50 ï 54ô, ó55 ï 59ô, 

ó60 ï 64ô, ó65 ï 69ô, ó70 ï 74ô, ó75 ï 79ô in census bin labelling (Figure 5.11c). Despite 

the misclassifications, the CNN models across all three data labelling strategy show 

that misclassified samples were being erroneously labelled near the true label, this is 

particularly evident in Figure 5.11c. 
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Figure 5.11 (a) In the top left corner, confusion matrix of the best performing CNN model 

with 20-year age bin labelling. (b) In the top right corner, confusion matrix of the best 

performing CNN model with 10-year age bin labelling. (c) In the bottom, confusion matrix of 

the best performing CNN model with census age bin labelling. 

Precision score 

The precision tables in Figure 5.12 show a different finding to the confusion matrices, 

the precision scores of each individual class across all three models were consistent 

with each other regardless of class ratio differences. This shows that the trained CNNs 

may not be overfitted on the majority classes as suggested by the confusion matrices. 

To understand the seemingly opposite findings between the confusion matrices and 

precision score, the data imbalance strategies described in Section 4.5 were 

implemented to over- and under-sample the training set. By augmenting the minority 

classes with over- and undersampling, the CNN models can be retrained to explore 

any improvements to classification accuracy. 

 

Figure 5.12 Tabulated precision scores of the best performing CNN models in their 

respective data labelling age bins. Each precision score for their respective class labels and 

ratios are presented. (a) In the top left, CNN model with 20-year age bin labelling. (b) In the 

top right, CNN model with 10-year age bin labelling (c) in the bottom centre, CNN model with 

census age bin labelling. 
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5.5 Model Testing 

The CNN models were retrained using the best performing combinations of 

hyperparameters identified in Section 5.4 and the data imbalance strategies described 

in Section 4.5. The test set was used to generate the empirical results to assess the 

classification accuracies of each neural network. 

5.5.1 Test Results 

The specific details of the DT models evaluated are tabulated in Table 5.2, each data 

imbalance strategy was applied to the data labelling strategies to investigate potential 

changes to classification accuracy of the validation and test set. 

Table 5.2 Data labelling strategy, hyperparameter permutations, and data imbalance 

strategy combinations used for CNN model testing. 

Data Labelling Strategy Hyperparameters 
Data Imbalance 

Strategy 

20-year age bins 

Number of Epochs: 40 

Initial Learning Rate: 0.001 

Batch Size: 8 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 

10-year age bins 

Number of Epochs: 40 

Initial Learning Rate: 0.001 

Batch Size: 8 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 
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Census age bins 

Number of Epochs: 40 

Initial Learning Rate: 0.001 

Batch Size: 8 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 
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20-year age bins 

Figure 5.13 shows the classification performance differences between data imbalance 

strategies. Using just the best hyperparameter combination from Section 5.4.1, the 

CNN model with 20-year age bins showed a 0.002 decrease in accuracy when applied 

to the test set when compared to the validation set. The data imbalance strategies 

applied to the CNN model showed improvements in validation accuracy when SMOTE 

and custom SMOTE were applied. However, test accuracy showed no improvements 

when any of the data imbalance strategies were used. The best performing model 

hyperparameter and imbalance strategy permutation was óNoneô with batch size: 8, 

initial learning rate: 0.001, and epoch: 40, which allowed the model to achieve 0.606 

in test accuracy. 

 

Figure 5.13 Classification accuracy performance of the 20-year age bins CNN model. The 

model is set to fixed hyperparameters. The performance differences between the validation 

and test sets were tracked as the data imbalance strategy is changed. 
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10-year age bins 

Without data imbalance strategies, the CNN using 10-year age bins and its best 

hyperparameter combination showed a 0.0270 decrease in classification accuracy 

when applied to the test set. The data imbalance strategies applied to the model 

showed small improvements to the validation accuracy only when SMOTE and custom 

SMOTE were applied, while the test accuracy showed improvements when ROS and 

SMOTE were applied (Figure 5.14). The best performing imbalance strategy was 

Random Oversampling, which achieved 0.371 in test accuracy with the CNN 

hyperparameters set to batch size: 8, initial learning rate: 0.001, and epoch: 40.  

 

Figure 5.14 Classification accuracy performance of the 10-year age bins CNN model. The 

model is set to fixed hyperparameters. The performance differences between the validation 

and test sets were tracked as the data imbalance strategy is changed. 
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Census age bins 

The CNN model with census age bins showed no improvements to validation accuracy 

when the data imbalance strategies were implemented, while the test accuracies 

increased with all the oversampling strategies (Figure 5.15). The validation accuracy 

was 0.01 higher than the test accuracy when no data imbalance strategy was applied. 

Conversely, the test accuracies outperformed the validation accuracies when 

oversampling strategies were implemented. The highest test accuracy was 0.200 with 

custom SMOTE and CNN hyperparameters set to batch size: 8, initial learning rate: 

0.001, and epoch: 40. 

 

Figure 5.15 Classification accuracy performance of the census age bins CNN model. The 

model is set to fixed hyperparameters. The performance differences between the validation 

and test sets were tracked as the data imbalance strategy is changed. 
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5.6 Model Evaluation 

In this section, the confusion matrix and precision table of the CNN models with the 

highest test accuracies at each data labelling strategy are presented for evaluation. 

Following the trend from the previous chapter and the CNN model training and 

validation stage, the CNN trained on the 20-year age bin training set with no data 

labelling strategy showed the highest test accuracy among the other CNNs at 0.606. 

The CNN 10 and CNN census models showed minimal improvements to their 

respective test accuracies with different data imbalance strategies, while the CNN 20 

model showed decreases in test accuracies (Figure 5.13 ï 5.15). The confusion 

matrices in Figure 5.16 show that the majority of test samples are classified and 

misclassified into the ô40 ï 79ô range of classes. The precision score tables for the test 

CNN models in Figures 5.17b and 5.17c continue to show similar levels of precision 

across the age classes in the CNN 10 and CNN census test models despite the 

implementation of custom SMOTE and random oversampling to augment the training 

dataset. 

While all three CNN models using different age labelling strategies showed 

improvements to their DT and RF counterparts. To examine this improvement at a 

deeper level, a 3D saliency map was produced for the CNN 20 model, as it had the 

highest classification accuracy (Figure 5.18). This saliency map was calculated 

through an adapted version of the óImage Specific Class Saliencyô method, one of the 

first pixel attribution/saliency mapping methods (Simonyan, Vedaldi and Zisserman 

2014). This method functions by passing the image or input of interest through the 

CNN, as the input is passed through the layers, the gradients of each pixel associated 

with the input are recorded and saved (Molnar 2023b). In doing so, the relevance of 

each pixel or point in the input which either positively or negatively influenced the 

classification outcome can be interpreted (Molnar 2023b). While alternative 

techniques such as Gradient-weighted Class Activation (Grad-CAM) exists, the 

saliency map produced by óImage-Specific Class Saliencyô produces a much more 

detailed map as the Grad-CAM only backpropagates the gradients to the last directed 

convolutional layer to produce a map which only highlights the general regions of 

importance (Selvaraju et al. 2020; Molnar 2023b). The plotted 3D saliency map shows 
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a clustering of features on the corner edges of the input model visualised in 3D; 

however, these clusters do not form any distinct pattern for further inference. 

 

 

Figure 5.16 (a) In the top left corner, confusion matrix of CNN model with 20-year age bin 

labelling and no data imbalance strategy. (b) In the top right corner confusion matrix of CNN 

model with 10-year age bin labelling and Random Oversampling. (c) In the bottom, 

confusion matrix CNN model with census age bin labelling and custom SMOTE. 
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Figure 5.17 (a) In the top left corner, tabulated precision scores of CNN model with 20-year 

age bin labelling and no data imbalance strategy. (b) In the top right corner, tabulated 

precision scores of CNN model with 10-year age bin labelling and Random Oversampling. 

(c) In the bottom, tabulated precision scores of CNN model with census age bin labelling and 

custom SMOTE. 

 

 

Figure 5.18 A 3D saliency map created from the feature importance values of the CNN 20 

model. 
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5.7 Discussion 

The purpose of this chapter was twofold ï to examine the feasibility of applying a CNN 

to the available NIfTI dataset and investigate whether the low accuracy scores from 

Chapter 4 were due to class imbalances or data complexity. The results of this chapter 

has empirically shown that CNNs can be applied and perform better than both RF and 

DT models to the NIfTI dataset. In keeping with the previous trends, the CNN 

classification performance increases when the number of classes decreases, with the 

20-year age bin CNN model achieving 0.606 accuracy on the test data. The saliency 

map constructed through backpropagation of the CNN gradients (Figure 5.18) show 

that features were successfully extracted in the feature extraction block through the 

convolution and pooling layers during training. Further, the confusion matrices of the 

test results in Figure 5.16 showed the same trend from model training and validation. 

Despite being false positives, the misclassified samples were classified into classes 

neighbouring the true label across the board for all three data labelling strategies 

(Figure 5.16). This suggests that the CNN models were not overfitting on majority 

classes. This can also be confirmed by examining the precision score tables; in spite 

of low precision scores, almost every single class regardless of class ratio was given 

a score (Figure 5.17). This implies that that the CNN models were able to extract the 

necessary features to differentiate at least some of the data into their respective 

classes. This finding in addition to the fact that the data imbalance strategies had no 

significant positive or negative impact on CNN performance suggests, that the class 

imbalance issues identified in Chapter 4 is not the main cause of the poor classification 

performance of the models tested in the empirical work thus far.  

Through backpropagation, the CNN gradients and weights of the neurons were 

calculated, and the feature importance of each feature were recorded. In doing so, the 

influence of each voxel of the input 3D file towards the classifying decision can be 

visualised (Molnar 2023b). This technique of saliency mapping allows the features 

provides the user with visual context. As the gradient values were replotted using the 

same dimensions of the resized NIfTI file, 128 x 128 x 64, the clustering of the most 

important and influential voxels should correspond to the approximate locations of the 

skeletal features associated with age estimation (Todd 1921; Brooks and Suchey 

1990; Buckberry and Chamberlain 2002; San-Mill§n, Rissech and Turb·n 2017). As 



187 

 

mentioned in Section 4.8, the original DICOM dataset used to create the training, 

validation, and test data was from a hospital setting. While each NIfTI file in the dataset 

contains the pelvis, the position and size of the pelvis varied greatly. As the saliency 

map is plotted using the gradients calculated from the learned features and voxels, the 

plotted saliency map shows little to no discernible pattern for any inference (Figure 

5.18). Saliency mapping has shown that the input 3D files are too varied for the CONV 

layers to extract consistent localisations of features for accurate classification due to 

this heterogeneity in the dataset.  

While the saliency mapping has shown that the limitations to the CNNsô classification 

performance are seemingly tied to the quality of the dataset, this could not have been 

achieved without creating the saliency map in the first place. Thus, highlighting the 

importance of saliency maps and the associated movement towards explainable 

artificial intelligence. As CNNs are considered black box models (Yamashita et al. 

2018; Loyola-Gonzalez 2019; Rudin 2019), it does not provide an explanation for the 

decision made (Haar, Elvira and Ochoa 2023). Although saliency mapping is a good 

technique to provide visual context as to which pixel or voxel was relevant for 

classification, it does not provide any explanation towards how the importance of the 

specific voxel was calculated. Furthermore, the impact and behaviours of the neuronal 

interactions between the hidden layers of the neural network are not understandable 

to the user. 

Interpretability and explainability constraints aside, implementation of CNNs face 

óoperationalô limitations. Training and execution of CNNs, especially 3D CNNs, 

demand a large amount of data, this is a known physical and legal problem for 

researchers (Thurzo et al. 2021). While some researchers in forensic anthropology 

and machine learning research believe that this issue of big training data can be solved 

through the convergence of available DICOM datasets such as hospital and post-

mortem CT scans (Thurzo et al. 2021; Joshi and Tallman 2023), the findings in this 

chapter (in addition to the findings from Chapter 4) show that the scan quality from 

hospital/healthcare settings may not be suitable for CNN or even ML purpose. Another 

óoperationalô limitation in CNN implementation is time. The training runtime of each DT 

and RF from the previous chapter was around 40 ï 60 minutes, CNNs on the other 

hand took over 3600 minutes (60 hours) to train. This, along with the fact that two of 
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the three available servers did not have the necessary computational power to load 

and train the CNNs, significantly impacted the number of hyperparameters 

configurations that could have been tested. This operational limitation was particularly 

impactful during batch size tuning. Figures 5.4, 5.7, 5.10, show a positive and upward 

trend for classification accuracy when batch size was increased, however, due to the 

limitations, there was no feasible way to train the models beyond batch size: 8.  

Through empirical work presented in this chapter, it is suggested that the quality of the 

original DICOM scans in the dataset is the cause of the lacklustre classification 

accuracy results. However, a general observation regarding number of classes and 

model accuracy can be made. The classification accuracy across all three algorithms 

(DT, RF, and CNN) increases when the number of classes decrease. This could also 

suggest that the multi-class nature of age estimation may not be a suitable research 

question. It is acknowledged that adult age estimation in forensic anthropology is a 

difficult task (Mesejo et al. 2020; Pham et al. 2021; Navega, Costa and Cunha 2022), 

particularly due to the high variability of degeneration between individuals brought on 

by age (see Section 2.2 for greater detail on age and senescence) (Nawrocki 2010; 

Buckberry 2015; Navega, Costa and Cunha 2022). This in addition to poor data quality, 

confounds the ML algorithmsô ability to effectively and accurately extract skeletal 

features and markers present in the scans to create robust classifiers.  

5.8 Next Steps 

To conclude, this study explored the potential application of a supervised DL algorithm, 

the convolutional neural networks for multi-class age classification. While the best 

performing CNN model cannot compete with current non-ML, ML, and DL age 

estimation methods using nonmetric traits, this study is the first (to our knowledge) to 

utilise 3D CNN for age estimation from the pelvis. Through this experimentation, the 

quality of the dataset placed a considerable impact on the age classification 

accuracies, the results also show that the individual voxels of the NIfTI files were used 

to construct classifiers in the CNN models. Therefore, the next steps would be to 

examine whether a simpler research question such as a binary classification problem 

would be better suited for the available data. Within the context of establishing the 

biological profile using skeletal information, biological sex estimation is a binary 

classification problem. Although ML studies have been conducted on sex estimation 
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to great success, these studies focus on using morphological nonmetric scoring and/or 

2D images as input to the algorithm (Abdel Fatah et al. 2014; Villar et al. 2017; 

KotŊrov§ et al. 2018; Bewes et al. 2019a; Oner et al. 2019; Valsecchi, Irurita Olivares 

and Mesejo 2019; Cao et al. 2021; Imaizumi et al. 2021; Botha and Steyn 2022; Oura 

et al. 2023). Chapter 6 explores whether the voxel features of the NIfTI dataset can be 

used in sex estimation through ML methods. 
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Chapter 6  Random Forests for Biological Sex Estimation 

Chapters 4 and 5 have established that the data imbalance issues may not have been 

the primary cause of the poor classification performance of the various machine 

learning (ML) models. With classification and precision accuracy increasing as the 

number of classes decrease in the age estimation studies, these preliminary findings 

seem to suggest that ML models utilising 3D image files may perform best when the 

number of classes to differentiate against is at a minimum, e.g. two. Biological sex 

estimation in forensic anthropology is a binary classification decision. The current 

literature shows that there is currently published work, and open-source and 

proprietary software focusing on applying ML to sex estimation using forensic 

anthropological techniques (Santos, Guyomarcôh and Bruzek 2014; Bewes et al. 

2019a, 2019a; dôOliveira Coelho and Curate 2019; Oner et al. 2019; Bertsatos et al. 

2020; Fukuta et al. 2020; Klales 2020a; Ortiz et al. 2020; Cao et al. 2021, 2022; 

Toneva et al. 2021; Malatong et al. 2023; Oura et al. 2023; Valsecchi et al. 2023). The 

approach used in the current thesis however aims to take a novel approach by training 

ML algorithms using the voxel values as features for sex estimation. The research 

presented in this chapter therefore contributes to the literature by exploring the 

feasibility of this voxel-feature approach, in addition to developing an understanding 

of whether 3D file types such as the NIfTI format is too complex for the ML approach 

in forensic anthropology sex estimations on the pelvis. 

6.1 Background 

Age-at-death estimation is an important parameter of the biological profile (Sauer and 

Wankmiller 2016; Ubelaker, Shamlou and Kunkle 2019), despite this, it is 

methodologically challenging owing to human variation and the sheer number of 

classes that age can be divided into (Joshi and Tallman 2023). As discussed, the high 

number of age bins could have contributed to the issues faced in ML development in 

Chapters 4 and 5 and created confounding variables for the ML and deep learning 

(DL) algorithms chosen. Therefore, to explore whether 3D image data such as NIfTI is 

suitable for ML classification tasks in the forensic anthropology context, the multi-class 

requirement from the initial research question is removed. Instead, the classification 
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requirement is simplified to a binary problem, this is achieved through applying the 

present ML approach to biological sex estimation.  

Biological sex estimation is considered one of the essential first steps in building the 

biological profile of unidentified human remains (Bruzek and Murail 2006; Guyomarcôh 

and Bruzek 2011; Krishan et al. 2016). It is the fundamental aspect upon which the 

other parameters of the biological profile: ancestry, age, and stature are based 

(Christensen and Passalacqua 2018; Harrison 2018; Klales 2020c). The accurate 

identification of human remains is therefore critical in establishing the biological profile, 

and misclassification of biological sex may mislead or hinder humanitarian forensic 

interventions and criminal investigations (Messer and Getz 2020). As outlined 

previously (Chapter 2 Section 2.2), the estimation of biological sex in forensic 

anthropology is based on sexual dimorphism in bony anatomy, with the skull and the 

pelvis accepted as the two most dimorphic skeletal elements (Scheuer 2002). With 

secular changes now acknowledged to have a profound effect on human skeletal 

features (Jantz, Jantz and Devlin 2016; Klales 2016) and skeletal expression of sexual 

dimorphism can be inconsistent between regions (Ubelaker and DeGaglia 2020), 

methods based on historical samples or specific populations has been acknowledge 

to not be applicable to modern contexts. Efforts in validation and calibration studies 

have made existing traditional nonmetric methods useable for sex estimation in 

modern populations (McFadden and Oxenham 2016; G·mez-Vald®s et al. 2017; 

Kenyhercz et al. 2017; Klales and Cole 2017). However, given the rapid developments 

in machine learning and artificial intelligence there has also been a rise in new 

published research which provide models trained on various nonmetric traits extracted 

from the contemporary population through medical imaging and modern skeletal 

collections (Bewes et al. 2019a; Fukuta et al. 2020; Klales 2020a; Cao et al. 2021, 

2022; Malatong et al. 2023). MorphoPASSE is one such ML model of note, the work 

conducted by Klales and Cole (2017) utilises nonmetric trait scores of the skull and 

pelvis to train and develop a random forest model. The deep learning study conducted 

by Cao et al (2022) is another ML study which utilises nonmetric traits for ML model 

training, instead of entering the associated nonmetric trait score, the input data are 2D 

images of specific regions of nonmetric traits associated with pelvic sex estimation, 

e.g. ventral pubis, dorsal pubis, etc.  
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This technical chapter seeks to develop a machine learning model for biological sex 

estimation using an alternative approach to those found in existing literature. Using CT 

data derived from a contemporary sample representative of both the UK- and London- 

populations, a 3D image file dataset is used as input to train, validate, and test a 

random forest model. The approach utilises all voxels that have been thresholded as 

skeletal tissue in relation to each other as potential features for the ML model to 

generate decision classifiers. Through this ósimplificationô of the classification problem 

to a binary classification, the empirical work in this chapter also serves to explore the 

feasibility of utilising 3D image files in a forensic anthropology context, thus confirming 

whether the data quality or the multi-class research question was the cause of the low 

accuracy scores of the previous age classification ML and DL models. 

6.2 Materials 

6.2.1 Data Overview 

The data used was identical to the NIfTI dataset (n = 3093) used in the age estimation 

work carried out in the Decision Tree (DT) and Random Forest (RF) work in Chapter 

4 and Convolutional Neural Network (CNN) experiments in Chapter 5. However, as 

this chapter focuses on sex estimation, a new stratified sampling strategy was created 

using the sex distribution of the NIfTI dataset. The NIfTI dataset was then split into 

training (70), validation (20), and test data (10) subsets using the same ratio. 

6.2.2 Experimental Setup: Hardware and Software Specifications 

To be able to train, tune, and test the algorithms for the empirical work in this chapter, 

higher levels of computing resources were needed. As the algorithm used in this 

chapter was the Random Forest, the three separate computational servers described 

in Chapter 4 Section 4.2 were used. Following the previous three chapters (Chapters 

3, 4, 5), the high-level programming language Python (version 3.8.5) (Van Rossum 

and Drake 2009) and the integrated development environment, Spyder (Raybaut 

2009), was used to carry out the training, tuning, and testing of the machine learning 

algorithms in this chapter. Scikit-Learn was used to carry out the generation and 

experimentation on the Random Forests. The Random Forests in this chapter were 
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implemented in Python 3.8.5 with Scikit-Learn and experimented on the above 

servers. 

6.3 Methodology 

This section describes the methodology and the technical details of the empirical work 

undertaken.  

6.3.1 Workflow 

Using the workflow described in Chapter 4 Section 4.3 (Figure 4.2), the NIfTI dataset 

was pre-processed to form the NPY dataset which was used in the training and 

validation of DL models. Finally, the trained models with the highest classification 

accuracy were selected to undergo model testing and evaluation. 

6.3.2 Labelling Strategy 

One labelling strategy was implemented for the NPY dataset. Since biological sex 

classification is a binary classification in forensic anthropology, only two class labels 

ó0ô and ó1ô were created for the ófemaleô and ómaleô respectively (Table 6.1). 

Table 6.1 Class distribution after the labelling strategy for sex estimation was implemented. 

Biological Sex  Class label  Number of Samples  Class Ratio  

Female 0 1698 0.549 

Male 1 1395 0.451 

 

6.3.3 Machine Learning Algorithm 

The machine learning algorithm used in this study is Random Forest, this algorithm 

type is fully detailed in Chapter 4 Section 4.3. The NPY files in the processed datasets 

were used as input, where all 1048576 binarized voxels of each file were used as a 

feature to generate classifiers to split data into their specific classes. While the CNNs 

from Chapter 5 demonstrated a higher classification performance when using NPY 
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files as input, with an overall improvement of 0.100 over their respective RF 

counterparts for age classification, the CNNs are black box algorithms. Furthermore, 

the operational restraints and computational limitations highlighted in Section 5.7 in 

Chapter 5 would result in a lengthy model development process and training runtime. 

The Random Forest algorithm was therefore selected as the decision classifiers within 

the model can be fully explained and the training runtime for each iteration of RF when 

hyperparameters are adjusted would be less than 100 minutes, as opposed to 60 

hours. 

6.3.4 Tuning Hyperparameters 

To develop the RF with the highest classification accuracy, the constraints to the 

algorithm (hyperparameters) were systematically tuned. The hyperparameter tuning 

was implemented through the Scikit-Learn package (Pedregosa et al. 2011a). The RF 

hyperparameters tuned in this chapter were maximum depth, minimum samples leaf, 

class weight, and number of estimators. The detailed descriptions of the 

aforementioned hyperparameters can be found in Chapter 4 Section 4.3. The tuning 

results can be seen in Section 6.4 below. 

6.4 Model Training and Validation 

A RF model for sex classification was trained and validated using the hyperparameters 

described in Chapter 4 Section 4.3. The validation set was used to examine the 

classification accuracies of the trained models. The classification accuracy of the 

validation set was monitored, and the model was improved through systematic 

adjustments to the hyperparameters listed in Table 6.2 below. As all the 

hyperparameters, apart from class weight, are integer values, there could be infinite 

number of hyperparameter permutations for each ML model. Therefore, the values of 

minimum samples leaf were limited to 1, 5, and 10, number of estimators were limited 

to 25, 51, 101, 501, 1001, while the maximum depth was unrestricted to examine 

classification performance as tree depth increased. The class weights used in RF 

tuning were óNoneô, óbalancedô, and óbalanced subsampleô. 
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Table 6.2 Machine learning algorithm, data labelling strategy, and hyperparameters tuned. 

Machine Learning 

Algorithm  

Data Labelling 

Strategy  
Hyperparameters  

Random Forest Biological Sex 

Number of Estimators, 

Maximum depth, 

Minimum samples leaf, 

Class weight 

 

6.4.1 Random Forest Tuning 

Figures 6.1 ï 6.4 show the sex classification performance of the RF models on the 

validation set. The training and validation accuracies were monitored as the 

hyperparameters: number of estimators, maximum depth, minimum samples leaf, and 

class weight were tuned. With maximum depth left unrestricted, the maximum value 

achieved by the RF model was 37. As detailed in Chapter 4 Section 4.3, maximum 

depth dictates how far a tree model is allowed to grow. The larger the hyperparameter 

value, the deeper the tree is able to grow. In doing so, the tree can form more decision 

splits and capture more information about the training data and vice versa when the 

value is low. However, this leads to poor model generalisability when encountering 

unseen data if the maximum depth is too large (overfitting) or small (underfitting) 

(Pedregosa et al. 2011a; G®ron 2022).  

Each figure in this subsection show the different classification performances at 

maximum depth values of 10, 20, 30, 37 as number of estimators increased at each 

value. Some differences in accuracies can be observed when minimum samples leaf 

and class weight was adjusted. In general, the increase in minimum samples leaf 

resulted in consistent decreases to training and validation accuracy across most 

models, while changes to class weight showed that the óbalancedô permutation 

outperform its class weight counterparts. Further, the increase in number of estimators 

resulted in small increases validation accuracies regardless of minimum samples leaf 

and class weight. 
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Maximum Depth: 10 

The RF model with maximum depth of 10 showed the least amount of validation 

accuracy variation when the hyperparameters were adjusted at 0.05338. Changes to 

number of estimators produced an increase in validation accuracy. Whereas increases 

to the minimum samples leaf value resulted in decreases to training accuracy, while 

improving validation accuracy. Further, the changes to class weight showed both 

improvements and diminishments to validation accuracy across at different number of 

estimators. The lowest validation accuracy attained by this model was 0.80582 when 

the hyperparameters were set to minimum samples leaf: 5, class weight: ónoneô, and 

number of estimators: 25. While the highest validation accuracy attained by this model 

was 0.8592 when the hyperparameters were set to minimum samples leaf: 5, class 

weight: ónoneô, and number of estimators: 1001 (Figure 6.1).  

 

Figure 6.1 Classification accuracy performance of sex classification RF model set to maximum 

depth of 10. The performance differences were tracked as number of estimators, minimum 

samples leaf, and class weight were adjusted. 

Maximum Depth: 20 

The RF model with maximum depth of 20 showed the second highest amount of 

validation accuracy variation when the hyperparameters were adjusted at 0.06311. 

The increase in number of estimators resulted in some improvement to validation 
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accuracy, however, these improvements are not proportionate to the increase of 

estimators. The validation accuracy in this model reached its peak with an ensemble 

of 501 trees as opposed to the available maximum of 1001. Increases to the minimum 

samples leaf and changes to class weight produced both increases and decreases to 

validation accuracy. Whereas the increases to minimum samples leaf lowered training 

accuracy, underfitting the model slightly. The lowest validation accuracy attained by 

this model was 0.79773 when the hyperparameters were set to minimum samples leaf: 

1, class weight: ónoneô, and number of estimators: 25. While the highest validation 

accuracy attained by this model was 0.86084 when the hyperparameters were set to 

minimum samples leaf: 1, class weight: óbalancedô, and number of estimators: 501 

(Figure 6.2). This hyperparameter combination at maximum depth: 20, resulted in the 

highest validation accuracy across all RF models in the tuning phase. 

 

Figure 6.2 Classification accuracy performance of sex classification RF model set to maximum 

depth of 20. The performance differences were tracked as number of estimators, minimum 

samples leaf, and class weight were adjusted. 

Maximum Depth: 30 

The RF model with maximum depth of 30 showed the greatest amount of validation 

accuracy variation when the hyperparameters were adjusted at 0.06806. Changes to 

number of estimators produced an increase in validation accuracy, with the validation 

accuracy reaching its peak at an ensemble of 501 trees. Further, increases to the 
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minimum samples leaf at high number of estimator values produced decreases to both 

training and validation accuracies. Whereas increases to the minimum samples leaf 

at low number of estimator values demonstrate a varying effect. Changes to class 

weight showed both improvements and diminishments to validation accuracy across 

at different number of estimators. The lowest validation accuracy attained by this 

model was 0.79612 when the hyperparameters were set to minimum samples leaf: 1, 

class weight: ónoneô, and number of estimators: 25. This hyperparameter combination 

at maximum depth: 30, resulted in the lowest validation accuracy across all RF models 

in the tuning phase. While the highest validation accuracy attained by this model was 

0.8592 when the hyperparameters were set to minimum samples leaf: 1, class weight: 

óbalancedô, and number of estimators: 1001 (Figure 6.3).  

 

Figure 6.3 Classification accuracy performance of sex classification RF model set to maximum 

depth of 30. The performance differences were tracked as number of estimators, minimum 

samples leaf, and class weight were adjusted. 

Maximum Depth: 37 

The RF model with maximum depth of 37 showed the same amount of validation 

accuracy variation at as maximum depth of 20 when the hyperparameters were 

adjusted at 0.06311. This model shows a similar trend to the RF model with maximum 

depth of 30, where the changes to number of estimators produced an increase in 

validation accuracy. However, this peak is reached when the number of estimators 
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was set to 501, no further improvement was made beyond ensemble value. Increases 

to minimum samples leaf increases validation accuracy at low number of estimators, 

while the opposite effect occurs at high number of estimators. Further, the changes to 

class weight showed both improvements and diminishments to validation accuracy 

across at different number of estimators. The lowest validation accuracy attained by 

this model was 0.7961 when the hyperparameters were set to minimum samples leaf: 

1, class weight: ónoneô, and number of estimators: 25. While the highest validation 

accuracy attained by this model was 0.8592 when the hyperparameters were set to 

minimum samples leaf: 1, class weight: ónoneô, and number of estimators: 501 (Figure 

6.4).  

 

Figure 6.4 Classification accuracy performance of sex classification RF model set to maximum 

depth of 37. The performance differences were tracked as number of estimators, minimum 

samples leaf, and class weight were adjusted. 

 

6.4.2 Model Performance 

To gain a further understanding of how the RF models performed, ML model metrics 

such as precision scores and confusion matrices were investigated. Precision score is 

the metric which calculates how good the model is at classifying a specific category or 

class (Kulkarni, Chong and Batarseh 2020). The confusion matrix is an evaluation tool 

for classification accuracy, the matrix produced shows the counts of true positives, 
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false positives, true negatives, and false negatives across all classes (Kulkarni, Chong 

and Batarseh 2020). The figures below show the confusion matrix and precision table 

of the best performing RF model, where its hyperparameters were tuned to maximum 

depth: 20, minimum samples leaf: 1, class weight: óbalancedô, and number of 

estimators: 501. 

Figure 6.5 show the confusion matrix of the RF model trained and tuned to its most 

optimal hyperparameter combination. The model demonstrate high accuracy and 

precision scores at 0.861 and 0.864 respectively. The recall and F1 score are also 

high at 0.821 and 0.842 respectively. These scores show that the model performs well 

in classifying biological sex using the binarized voxel as classifying features, with a 

slight inability to find all the true positive samples.  

 

Figure 6.5 Confusion matrix of the best performing RF model for sex classification, the 

accuracy of this model was 0.861, the precision score of this model was 0.864, the recall 

score of this model was 0.821, and the F1 score was 0.842. 
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A closer examination of the precision scores in the precision table (Figure 6.6), show 

that the female class is more precisely classified by the model at 0.864. This higher 

score is presented alongside a higher class ratio in the ófemaleô class.  

 

Figure 6.6 Precision score table of the best performing RF model for biological sex 

classification. The precision scores were 0.85836 and 0.86415 respectively for the ómaleô 

and ófemaleô classes. 

6.5 Model Testing 

The RF model was retrained using the best performing permutation of 

hyperparameters identified in Section 6.4. While difference between precision scores 

of the classes may be slight, the findings presented in Section 6.4.2 show a potential 

data imbalance issue, leading to the model performing better when classifying female 

samples than male. The data imbalance strategies described in Section 4.5 were 

therefore also implemented to examine whether potential class imbalances affected 

model classification performance. Table 6.3 show the number of samples in the 

classes of the training set after the different data imbalance strategies have been 

applied. The test set was used to generate the empirical results. 

Figure 6.7 shows the classification performance differences between data imbalance 

strategies. Using the best hyperparameter combination, the RF model showed a 

0.00360 increase in accuracy when applied to the test set. The data imbalance 

strategies applied to the model showed no improvements in validation accuracies. This 

trend is repeated in the test accuracy, except for Random Oversampling. This data 

imbalance strategy showed a 0.0032 increase in accuracy when applied, thus allowing 

the model to achieve 0.868 in test accuracy. 

 



202 

 

Table 6.3 Number of samples in each biological sex class before and after each data 

imbalance strategy. 

Biological 

Sex 

Class 

label  

Number of Samples  

None  SMOTE 
Custom 

SMOTE 

Random 

Oversampling  

Random 

Undersampling  

Female 0 1698 1698 1800 1698 1395 

Male 1 1395 1698 1800 1698 1395 

 

The specific details of the RF model evaluated are tabulated in Table 6.4, each data 

imbalance strategy was applied to investigate potential changes to classification 

accuracy of the validation and test set. 

Table 6.4 Data labelling strategy, hyperparameter permutations, and data imbalance 

strategy combinations used for RF model testing. 

Data Labelling Strategy  Hyperparameters  Data Imbalance Strategy  

Biological Sex 

Maximum depth: 20 

Minimum samples leaf: 1 

Class weight: óbalancedô 

Number of Estimators: 501 

None 

SMOTE 

Custom SMOTE 

Random Oversampling 

Random Undersampling 
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Figure 6.7 Classification accuracy performance of the sex classification RF model. The model 

is set to fixed hyperparameters. The performance differences between the validation and test 

sets were tracked as the data imbalance strategy is changed. 

6.6 Model Evaluation 

In this section, the confusion matrix and precision table of RF model with Random 

Oversampling strategy applied are presented for evaluation. Figure 6.8 show the 

confusion matrix of the RF model trained and tuned to its most optimal hyperparameter 

combination.  

The model demonstrate high accuracy and precision scores of 0.868 and 0.861 

respectively. The recall and F1 score are also high at 0.843 and 0.852 respectively. 

These scores in Figure 6.8 show that the model again performs well in classifying 

biological sex using the binarized voxel as classifying features with a slight inability to 

find all the true positive samples. This is consistent with the validation results from the 

tuning stage of model development. While it is consistent, the test results show an 

increase across all four metrics when the Random Oversampling strategy was applied. 

Despite the application of the data imbalance strategy, the model continued to show 

better performance when classifying female samples. Figure 6.9 shows a 0.01152 

difference in precision scores between female and male classification performance. 

This suggests that the ófemaleô class has stronger and more distinct features within the 
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1048576 binarized voxels in the 3D NPY arrays, which contribute to the higher 

precision score when classifying female samples. 

To examine this, a 3D feature map was plotted using the feature importance values 

from this model (Figure 6.10). This visualisation shows multiple dense clusters of 

features that were considered important by the RF model for biological sex 

classification. However, despite this, these clusters do not form any discernible pattern 

for further inference.  

 

Figure 6.8 Confusion matrix of the RF model for sex classification with Random 

Oversampling, the accuracy of this model was 0.868, the precision score of this model was 

0.861, the recall score of this model was 0.843, and the F1 score was 0.852. 
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Figure 6.9 Precision score table of RF model for biological sex classification with Random 

Oversampling. The precision scores were 0.86131 and 0.87283 respectively for the ómaleô 

and ófemaleô classes. 

 

Figure 6.10 A 3D plot of feature importance values from the biological sex classification RF 

model with Random Oversampling applied, the plot serves as a saliency map. 

  








































































































































































