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Abstract
Scoliosis assessment still relies on 2D radiographs and manual measurements by expert

clinicians. This thesis proposes deep learning pipelines that automate 2D measure-

ments on dual energy X-ray absorptiometry (DXA) and 3D measurements on Magnetic

Resonance Imaging (MRI), unifying 2D and 3D information.

We start by the development of an end-to-end pipeline for 2D scoliosis assessment using

DXA scans from the UK Biobank. This foundational work introduces a U-Net style

network that segments six body parts including the spine, coupled with an iterative

label refinement loop that effectively suppresses segmentation failures. Through cubic

spline fitting, we derive precise spine curvature metrics, establishing the spinal geometric

framework that underpins the following work in this thesis.

We then shift to a 3D perspective by leveraging volumetric spine MRIs from the UK

Biobank. Here, we develop a custom 3D U-Net-like model capable of accurately

extracting spine meshes given limited annotation of the spine. This advancement enables

comprehensive 3D shape analysis of the spine, capturing critical elements invisible in two

dimensions, such as axial rotation and lordosis. The result is a richer set of biomarkers

that enhance classification of spine deformity and scoliosis severity.

Building on these advancements, we bridge the gap between imaging modalities by

pioneering a technique to predict 3D spine shape directly from a single DXA scan.

Our approach employs a vision transformer with a regression head that outputs spine

curves from a cropped DXA image, allowing us to reconstruct the full 3D vertebral stack

with sub-millimeter accuracy. This image-to-shape model creates opportunities for 3D

insights in clinical settings using only low-dose DXA systems.

We also develop an Automated DXA Scoliosis Method (DSM) that directly outputs the

maximum angle of the spine, enabling fair comparison with human annotation. This

automated approach is validated on manually annotated DXA scans by expert clinicians

with strong agreement against expert annotations.

The final stage of our research focuses on enhancing 3D segmentation of the spine to

achieve vertebrae-level prediction. We address the challenge of generalizing segmentation

to out-of-domain datasets by implementing test-time-adaptation techniques, further

improving the robustness and clinical applicability of our methods.
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Chapter 1

Introduction

1.1 Background and Clinical Context

Scoliosis is a three-dimensional deformity characterized by abnormal lateral curvature

and axial rotation of the spine. This condition affects patients well beyond adolescence,

with epidemiological studies demonstrating that 8 to 32% of adults over forty have spinal

curves measuring at least 10◦ [Schwab et al. 2005; Kilshaw et al. 2019]. The standard

quantification method for scoliosis severity is the Cobb angle measurement [Cobb 1948],

performed on two-dimensional radiographic images. This technique involves identifying

the most tilted vertebrae at the upper and lower boundaries of the curve, drawing lines

parallel to their endplates, and measuring the angle formed by perpendicular lines drawn

from these endplates. Despite technological advances in medical imaging, this 2D

measurement approach remains the clinical standard worldwide due to its established

protocols and widespread accessibility.

The manual measurement of Cobb angles introduces substantial variability into clinical as-

sessment and treatment planning. Studies have consistently demonstrated inter-observer

differences ranging from 5◦ to 10◦ when multiple clinicians measure the same radiograph

[Carman et al. 1990; Pruijs et al. 1994; Gstoettner et al. 2007], and even intra-observer

inconsistencies when a single clinician remeasures the same image [Morrissy et al. 1990;

Ylikoski and Tallroth 1990]. This variability is particularly problematic when measure-

ments fall near critical treatment thresholds (e.g. 20◦ for bracing consideration or 45◦

for surgical evaluation). Additionally, the traditional X-ray approach exposes patients

to radiation, prompting interest in alternative imaging modalities such as Dual-Energy
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X-ray Absorptiometry (DXA). While DXA offers reduced radiation exposure and simul-

taneous bone density assessment, its typically lower spatial resolution presents additional

challenges for accurate curvature measurement, potentially exacerbating the variability

problem.

1.2 Research Objectives

This thesis aims to transform the quantification of spinal deformities through computer

vision techniques applied to both 2D and 3D imaging. Our primary objective is to

develop automated systems that standardize Cobb angle measurements across imaging

modalities, eliminating inter-observer variability while maintaining or exceeding the

accuracy of expert human assessment. By extending our approach to 3D assessment

using MRI data, we address the fundamental limitation of 2D imaging and its inability

to fully capture the spine’s rotational components that often dictate treatment strategies.

Furthermore, we develop models that bridge the gap between lower-cost DXA projections

and richer 3D spine representations, providing enhanced anatomical information from

minimally invasive scans. The entire pipeline is designed for computational efficiency and

scalability to population-level cohorts, enabling rapid translation from research insights

to clinical practice while overcoming the challenges of limited expert annotations through

semi-supervised learning approaches.

1.3 Clinical Motivation

1.3.1 Scoliosis measurement in clinical practice

Scoliosis is traditionally diagnosed using antero-posterior (AP) X-rays, where an expert

clinician measures the lateral deviation of the spine. [Cobb 1948] introduced a manual

method for diagnosing scoliosis by measuring the deviation of the spine and vertebral

rotation, known as the Cobb angle (see Figure 1.1). This remains the gold standard

for diagnosing and quantifying scoliosis severity on AP X-rays, with a Cobb angle

greater than 10◦ considered indicative of scoliosis. However, this method has significant

limitations, including variability in measurements, with reported differences ranging

from 3◦ to 10◦ [Langensiepen et al. 2013]. Additionally, the manual process is time-

consuming and restricted to 2D imaging, failing to provide a comprehensive view of
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Figure 1.1: Cobb Angle Measurement. This manual procedure involves finding the
most tilted vertebrae and drawing the lines from the endplates of these vertebrae. The
angle at the intersection of these lines is called the Cobb angle [Cobb 1948].

vertebral changes in the sagittal and axial planes.

While this measurement is typically performed on standing AP X-rays, scoliosis can also

be assessed using Dual-energy X-ray absorptiometry (DXA) in a lying-down position.

The main benefit of DXA is its low radiation meaning it can be safely performed on

population at risk such as elderly people. The drawback is the reduced resolution

impeding good visualisation of the endplates of the most tilted vertebrae necessary to be

able to measure the Cobb angle. [Taylor et al. 2013] adapted the Cobb angle to DXA

scans by finding the maximum angle of the spine using body geometry. This consists

of drawing the lines through the top of the shoulders and top of the pelvis to identify

landmarks to draw the normal spine line (NSL). Then, the apex of the curve is found and

the two remaining edges of the triangles are marked by sliding over the NSL at the points

of inflection (See Figure 1.2).

DXA is gaining popularity as it not only measures scoliosis but also provides parameters

related to body composition enabling further analysis on the relation between curve size

and body composition [Clark et al. 2014; Wang et al. 2016; Jamaludin et al. 2020].
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Figure 1.2: Automated DXA Scoliosis Method (DSM). Process to find the maximum
angle of the spine following the DSM method [Taylor et al. 2013]. The output is a
triangle (green) giving the maximum angle of the spine.

1.3.2 Relationship between different planes

Research on the relationship between spinal deformations across the sagittal, axial, and

coronal planes remains is in its early stages [Ma et al. 2020; Karam et al. 2022]. The UK

Biobank dataset used in this study is notable for its large scale and its focus on an adult

cohort. However, most existing research on scoliosis has concentrated on Adolescent

Idiopathic Scoliosis (AIS), with comparatively little attention given to scoliosis in adults

[Larios et al. 2024; Tang, Walter, et al. 2024; Wang et al. 2021b; Cristante et al. 2021]. In

adults, degenerative scoliosis can develop due to the progressive wear and tear of spinal

discs. While it is well-established that right thoracic curves are predominantly observed

in AIS [Konieczny et al. 2013], similar analyses of spinal curvature in adult scoliosis are

scarce.

1.4 Key Research Ideas

Inspired by clinical motivations and the geometry of the spine, we introduce key research

ideas in this section that explain the design of our methods given the constraints in terms

of limited manual annotation and hardware choice for reproducibility.
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Chapter 2

Literature Review

2.1 Datasets

This thesis utilizes multiple large-scale medical imaging datasets spanning different

anatomical regions, imaging modalities, and clinical applications. The datasets en-

compass both dual-energy X-ray absorptiometry (DXA) scans and magnetic resonance

imaging (MRI) acquisitions, providing diverse perspectives on human anatomy and

pathology. Table 2.1 provides a comprehensive overview of all datasets used throughout

this work, while detailed descriptions of each dataset follow below.

Table 2.1: Summary of datasets used across all chapters. Abbreviations: DXA = Dual-
energy X-ray Absorptiometry, MRI = Magnetic Resonance Imaging, CT = Computed
Tomography

Dataset Modality Sample Size Resolution Anatomical Region Annotations Split (Train:Val:Test)

ALSPAC DXA DXA 17,389 416 × 128 Whole body masks 6-body parts 80:10:10
UK Biobank DXA DXA 48,384 832 × 320 Whole body Scoliosis angles (308) 80:10:10
UK Biobank MRI MRI 51,761 501 × 160 × 224 Whole body Unlabelled 80:10:10
BRATS MRI 5,880 (1,470 patients) 240 × 240 × 155 Brain Tumour regions 80:10:10
BTCV CT 50 224 × 224 × 85 Abdomen 13 organs 24:6:20
AMOS MRI 100 256 × 256 × 125 Abdomen 11 organs 40:10:50

2.1.1 Whole Body Imaging Datasets

ALSPAC DXA

The Avon Longitudinal Study of Parents and Children (ALSPAC) DXA dataset provides

whole-body dual-energy X-ray absorptiometry scans from a longitudinal birth cohort

study [Boyd et al. 2013; Fraser et al. 2013]. ALSPAC is a geographically-based UK

cohort that recruited pregnant women residing in Avon (South-west England). A total of
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14541 pregnancies were enrolled, with 14062 children born. See www.alspac.bris.

ac.uk for more information. This dataset includes 7298 children who had DXA scans

at the aged 9 research clinic, 5122 who had DXA scans at the aged 15 research clinic,

and 4969 who had DXA scans at the aged 17 research clinic. This dataset offers unique

insights into bone density development and skeletal health across different age groups,

enabling the study of growth patterns and bone health trajectories over time.

UK Biobank DXA

The UK Biobank DXA dataset comprises 48,384 whole-body DXA scans from the

UK Biobank cohort, representing one of the largest collections of population-based

imaging data available for research [Sudlow et al. 2015]. The dataset is split into training

(80%), validation (10%), and testing (10%) sets to ensure robust model development

and evaluation. Notably, among the test set, 1,929 have been annotated and among them

308 UK Biobank DXA scans have been expertly annotated with the maximum modified

Ferguson angle using the DXA scoliosis method (DSM) as outlined in [Taylor et al.

2013]. This annotated subset provides ground-truth measurements for evaluating the

association between predicted spinal curvature metrics and manually annotated angles,

enabling validation of our automated scoliosis assessment methods.

UK Biobank MRI

The UK Biobank MRI dataset contains 51,761 full-body MRI scans from more than

50,000 volunteers [Sudlow et al. 2015]. This dataset captures diverse physiological

attributes across a broad demographic spectrum, providing unprecedented insights into

population health. To ensure consistency and computational feasibility, all UK Biobank

MRI scans undergo standardized preprocessing: they are resampled to isotropic voxel

spacing and cropped to a consistent resolution. This standardization facilitates large-scale

analysis while maintaining anatomical detail necessary for clinical research applications.

2.1.2 Specialized Clinical Datasets

BRATS (Brain Tumor Segmentation)

The Brain Tumor Segmentation (BRATS) dataset represents the largest publicly available

collection of brain tumor imaging data, consisting of 5,880 MRI scans from 1,470

patients with brain diffuse glioma [Baid et al. 2021; Menze et al. 2015]. All scans
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undergo standardized preprocessing including skull-stripping and resampling to 1 mm

isotropic resolution, resulting in uniform images with dimensions of 240 × 240 × 155

voxels. The dataset includes expert clinical annotations delineating three distinct tumor

regions: Whole Tumor (WT), Tumor Core (TC), and Enhanced Tumor Core (ET),

enabling comprehensive analysis of tumor morphology.

BTCV (Beyond the Cranial Vault)

The Beyond the Cranial Vault (BTCV) dataset focuses on abdominal organ segmentation

[Fang and Yan 2020], containing 30 training and 20 testing subjects with annotations

for 13 abdominal organs: spleen, right kidney, left kidney, gallbladder, esophagus, liver,

stomach, aorta, inferior vena cava, portal vein and splenic vein, pancreas, right adrenal

gland, and left adrenal gland. For analysis purposes, the left and right adrenal glands

are combined into a single anatomical class. Scans are preprocessed to a consistent

resolution of 224 × 224 × 85 voxels, with intensity values scaled to the range [-175,

250] Hounsfield Units (HU), preserving clinically relevant tissue contrast while enabling

standardized processing across subjects.

AMOS (Abdominal Multi-Organ Segmentation)

The AMOS dataset, derived from the MICCAI AMOS Challenge, provides 100 abdomi-

nal MRI scans split equally between training and testing sets [Ji et al. 2022]. The dataset

includes comprehensive segmentations of 11 abdominal organs: liver, spleen, pancreas,

kidneys, stomach, gallbladder, esophagus, aorta, inferior vena cava, adrenal glands,

and duodenum. All scans are resampled to a consistent resolution of 256 × 256 × 125

voxels, with intensity normalization performed channel-wise to the range [0, 1], ensuring

consistent input characteristics for deep learning models while preserving relative tissue

contrasts essential for organ delineation.

2.1.3 Dataset Characteristics and Considerations

The datasets employed in this thesis exhibit significant heterogeneity in terms of imaging

modalities, population characteristics, and spatial resolutions. This diversity presents both

challenges and opportunities for developing robust medical image analysis methods. The

UK Biobank datasets provide population-scale data suitable for epidemiological studies,

while specialized datasets like BRATS, BTCV, and AMOS offer focused annotations for
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specific clinical applications. The variation in spatial resolutions from the high-resolution

isotropic MRI data to variable-resolution DXA scans necessitates careful preprocessing

and normalization strategies to ensure consistent model performance across different

imaging protocols. Furthermore, the demographic diversity represented across these

datasets, from the UK-centric ALSPAC and UK Biobank cohorts to the internationally

sourced BRATS dataset, enhances the generalizability of developed methods later in this

thesis to diverse populations.

2.2 Learning Efficiently with Limited Annotation

Efficient learning with limited annotations refers to the process of training machine

learning models, particularly deep learning models, when there is a scarcity of labeled

data [Zhu 2005; Goodfellow et al. 2016]. In the domain of medical imaging, such as

spine research, annotated data are often scarce due to the expertise required to label

images, the time-consuming nature of annotation, and the cost involved in acquiring

these labels [Ronneberger et al. 2015; Baur et al. 2017].

In spine research, AI models are developed to assist in tasks such as segmenting vertebrae,

predicting spinal conditions, detecting abnormalities, and aiding in surgical planning

[Roth et al. 2015; Zhou et al. 2019]. Efficient learning strategies are necessary to leverage

the limited labeled data while still achieving high model performance [Cheplygina et al.

2019; Zhu 2005]. AI models in spinal imaging have evolved dramatically from early

convolutional neural network (CNN) approaches to sophisticated hybrid architectures

incorporating attention mechanisms and transformer-based models. While initial works

[Roth et al. 2015; Zhou et al. 2019] demonstrated the feasibility of automated vertebrae

segmentation, recent advances have significantly improved both accuracy and clinical

applicability.

[Chen et al. 2024] introduced VertXNet, an ensemble method that strategically combines

semantic segmentation using U-Net with instance segmentation using Mask R-CNN

for vertebral body segmentation and identification from cervical and lumbar X-rays.

This dual-pathway approach addresses a fundamental challenge in spinal imaging: dif-

ferentiating morphologically similar adjacent vertebrae while maintaining anatomical

context. The ensemble rule strategy for combining outputs improved overall performance

to overcome the limitations of single-model approaches.
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The shift toward transformer-based architectures marks a paradigm change in spinal

image analysis. VerFormer [Li et al. 2024c] introduces a Vertebrae-aware Vision Trans-

former that addresses the inherent locality limitations of CNNs through global contextual

information processing. The Vertebrae-aware Global Query module specifically targets

the challenge of capturing long-range dependencies crucial for accurate spine segmenta-

tion. Similarly, SpineHRformer [Zhao et al. 2023] combines HRNet’s multi-scale feature

extraction with transformer encoders’ self-attention mechanisms, demonstrating superior

performance in Cobb angle measurement with reduced inter-observer variability.

[Saeed et al. 2023] proposed CHASPPRAU-Net, incorporating cascaded hierarchical

atrous spatial pyramid pooling with residual attention mechanisms, achieving notable

improvements in handling osteoporotic fractures and spinal anomalies. The model’s

ability to process varying fracture presentations addresses a critical clinical need, as

traditional model-dependent segmentation often fails with vertebral deformities.

The convergence of ensemble methods, transformer architectures, and domain-specific

adaptations suggests a trend toward hybrid models that leverage complementary strengths.

We introduce below key strategies employed in this work to learn efficiently with limited

annotation.

2.3 Active Learning

Active learning is a technique where the model selectively queries for annotations of the

most informative and uncertain examples. This method minimizes annotation efforts

while maximizing model performance by iteratively updating the training set with high-

utility samples. [Settles 2009] first introduced active learning as a means to iteratively

refine training datasets by focusing on instances that the model finds most ambiguous.

This strategy has been widely adopted in medical imaging tasks to optimize the use of

limited annotated data, enabling robust model performance while substantially reducing

the manual labeling burden.

[Yang et al. 2017] presented a deep active learning framework that combines fully

convolutional network (FCN) and active learning to significantly reduce annotation

effort by making judicious suggestions on the most effective annotation areas. Their

approach, tested on biomedical image segmentation tasks, demonstrated that state-of-the-

art segmentation performance could be achieved using only 50% of training data.
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In the context of medical imaging, [Budd et al. 2021] conducted a comprehensive survey

on active learning and human-in-the-loop deep learning for medical image analysis,

evaluating four key areas including active learning to choose the best data to annotate for

optimal model performance. [Smailagic et al. 2018] proposed MedAL, an accurate and

robust deep active learning framework for medical image analysis, which achieved 80%

accuracy on diabetic retinopathy detection using only 425 labeled images, corresponding

to a 32% reduction in the number of required labels.

More recently, [Boehringer et al. 2023] applied active learning to deep learning-assisted

segmentation of brain gliomas from MR images, assessing their viability in reducing the

required amount of manually annotated ground truth data. Their study demonstrated that

active learning approaches could achieve comparable model performance while greatly

reducing the time and labor spent on ground-truth training data. [Daniel et al. 2025]

proposed RBACA (Replay-Based Architecture for Context Adaptation), a continual

active learning framework for medical imaging that employs a rehearsal method to

continually learn from diverse contexts while using active learning to select the most

informative instances for annotation.

Collectively, these studies underscore the potential of active learning to drive efficient and

effective model training across a variety of medical imaging applications, significantly

reducing annotation burden while maintaining high performance.

2.4 Semi-Supervised Learning (SSL)

Recent advances in semi-supervised learning have demonstrated significant potential for

spine MRI segmentation, achieving performance comparable to fully-supervised methods

while reducing annotation requirements [Huang et al. 2023a; Wang et al. 2024a].

[Huang et al. 2023a] proposed SSHSNet, incorporating cross pseudo supervision (CPS) to

achieve 96.12% Dice Score for vertebral bodies and 95.07% for intervertebral discs. This

two-stage framework effectively utilizes unlabeled data and addresses data imbalance

challenges inherent in spine imaging.

Recent work has challenged conventional approaches to uncertainty in SSL. The AC-MT

framework [Wang et al. 2022] demonstrated that encouraging consensus on ambiguous re-

gions outperforms traditional uncertainty-based filtering. Similarly, a tripled-uncertainty
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guided mean teacher model [Liu et al. 2022] integrated multiple uncertainty measures to

improve segmentation reliability.

HD-Teacher [Zhu et al. 2023] introduced a dual 2D/3D mean-teacher framework that

captures multi-dimensional information, addressing anisotropic resolution challenges in

spine MRI. This approach dynamically combines outputs based on uncertainty scores,

achieving superior performance on multi-object segmentation tasks.

[Fiorentino et al. 2024] developed an intensity-based self-supervised domain adaptation

method specifically for intervertebral disc segmentation. Their approach learns domain-

invariant features across different MRI protocols, demonstrating improved generalization

without requiring target domain annotations.

While SSL methods show promising results (>90% Dice scores), several limitations

persist: (i) limited multi-center validation [Pang et al. 2022], (ii) computational overhead

from hybrid architectures; (iii) lack of standardized benchmarks beyond the SPIDER

challenge [Graaf et al. 2024].

2.5 Transfer Learning and Pretrained Models

Transfer learning has emerged as a valuable approach in spinal imaging analysis, signif-

icantly reducing dependency on large labeled datasets. [Oquab et al. 2014] pioneered

the concept of fine-tuning deep convolutional networks for specific tasks with limited

labeled data, establishing a foundation widely adopted in spinal image classification

and segmentation. [Shin et al. 2016] demonstrated that adapting pre-trained CNN ar-

chitectures substantially improves detection and segmentation accuracy across various

medical imaging modalities. Recent systematic reviews [Morid et al. 2021; Kim et al.

2022] confirm transfer learning’s prevalence, with 92% of deep learning spine imaging

studies developing new models while leveraging pre-trained weights [Constant et al.

2023]. The emergence of foundation models such has revolutionized this field. SpineFM

[Simons et al. 2025] leverages the Medical-SAM-Adaptor to achieve 97.8% and 99.6%

vertebrae identification rates, while MA-SAM [Fan et al. 2024] demonstrates multi-atlas

guided segmentation without manual annotation. [Mazurowski et al. 2023] evaluated

SAM’s performance across 19 medical imaging datasets, revealing highly variable results

for spine MRI (IoU=0.1135) compared to other modalities. Advanced architectures

now combine transfer learning with specialized spine-specific modifications. [Qadri
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et al. 2023] proposed patch-based deep learning with stacked sparse autoencoders, while

[Cheng et al. 2021] developed two-stage Dense-U-Net achieving 0.953 Dice coefficient.

[Meng et al. 2022] introduced graph optimization with anatomic consistency cycles for

handling pathological cases. These advances, documented in comprehensive reviews

[Shi et al. 2025; Qu et al. 2022], collectively demonstrate that transfer learning and

foundation models offer robust solutions for advancing spine research through efficient

utilization of scarce annotated data.

2.6 3D Shape Analysis of Scoliosis

Until now, the vast majority of scoliosis research has focused on 2D shape analysis of the

spine, but not in 3D at a large scale. Limitations of 2D spine analysis arise particularly

in classifying curve shape [Zhang et al. 2019]. Indeed, deviations are not limited to

the coronal plane, they include twisting of the spine in multiple directions [Saito and

Tanaka 2020]. Consequently, the axial and sagittal planes have been largely ignored in

previous studies [Ma et al. 2020]. Recent work has started to address these limitations

by examining 3D curves in scoliosis using EOS images, a low-dose full-body X-ray

technology with accurate three-dimensional reconstruction [Hu et al. 2021; Gajny et al.

2019; Ilharreborde et al. 2011; Karam et al. 2022; Smith et al. 2019]. However, these

studies are typically limited to small sample sizes (n = 100) and focus predominantly on

adolescent idiopathic scoliosis (AIS), as opposed to degenerative scoliosis observed in

larger cohorts such as the UKBiobank. Although our work employs MRIs, it is worth

noting that most investigations using spinal MRIs have concentrated on non-scoliosis

spinal disorders placing more emphasis on the segmentation of vertebral bodies and

intervertebral discs rather than on the spine as a whole [D’Andrea et al. 2021; Jones et al.

2018].

2.7 Thesis Outline and Contributions

Chapter 3: Scoliosis Measurement on DXA Scans Using a Combined Deep Learning

and Spinal Geometry Approach. We begin with the development of an automated

pipeline for 2D scoliosis analysis using DXA scans [Bourigault et al. 2022]. In this

chapter, we focus on segmenting the spine, refining the segmentation labels through

iterative training, and computing spine curvature metrics. This foundational work sets
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the stage for exploring more complex representations of spinal deformity.

Chapter 4: 3D Shape Analysis of Scoliosis. Building on the 2D analysis, we transition

to a 3D perspective by leveraging MRI data from the UK Biobank [Bourigault et al.

2023]. Here, we explore methods for assessing scoliosis in three dimensions, providing

richer anatomical insight and enabling more comprehensive characterization of spinal

curvature.

Chapter 5: 3D Spine Shape from 2D DXA. Recognizing the value of combining

the accessibility of DXA scans with the detail of 3D representations, we introduce an

image-based regression model that estimates 3D spine shape from a single 2D DXA scan

[Bourigault et al. 2024b]. This chapter bridges the gap between imaging modalities and

highlights the potential of predictive modeling to enhance clinical workflows.

Chapter 6: Automated DXA Scoliosis Method (DSM). We design and validate an

automated method for computing the spine’s maximum angle on a subset of the UK

Biobank dataset (n = 1,929) annotated by human experts. This validation relies on the

segmentation and spline fitting techniques described in Chapter 3. We also extend

this work by analyzing curve patterns to define phenotypic characteristics of scoliosis,

offering a data-driven approach to subclassifying spinal deformities.

Chapter 7: UKBOB: One Billion MRI Labeled Masks for Generalizable 3D Medical

Image Segmentation. We improve the 3D spine segmentation labels from chapter 4 and

treat current drawbacks in medical imaging segmentation impeding good generalisation

to external datasets such as small scale dataset used for training, difference in imaging

protocols, and modality difference [Bourigault et al. 2025]. We leverage one of the largest

oublicly available dataset of more than 51K MRI from the UK Biobank [Sudlow et al.

2015] and segmentation labels from TotalVibeSegmentator [Graf et al. 2024] that we

filtered with our custom body filtration method. We employ state-of-the-art segmentator

model on this filtered dataset and use entropy test-time adaptation which showed good

performance on abdomen organs CT and MRI, and brain MRI public datasets.

Chapter 8: Summary and Extensions. Finally, we provide a summary of the key

findings across all chapters. We reflect on the contributions made throughout this work,

and we discuss potential future directions for extending and applying these methods.

In particular, we discuss the feasibility and robustness of our approach in real-world

population settings, enabling population-level scoliosis research.
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2.8 Publications

Chapter 3 to 7 each contains a research paper. They all have been peer-reviewed and

accepted for publication at a conference, with the exception of Chapter 6 which is under

submission. We make no modifications to the published papers except for formatting

changes. For each paper, we also provide a statement of authorship in Appendix A. The

papers included in the thesis are listed below.

Chapter 3: "Scoliosis measurement on DXA scans using a combined deep learning and

spinal geometry approach" Emmanuelle Bourigault, Amir Jamaludin, Timor Kadir, and

Andrew Zisserman. In Medical Imaging and Deep Learning (MIDL), 2022.

Chapter 4: "3D Shape Analysis of Scoliosis" Emmanuelle Bourigault, Amir Jamaludin,

Emma M. Clark, Jeremy Fairbank, Timor Kadir, and Andrew Zisserman. Shape in

Medical Imaging (ShapeMI), 2023.

Chapter 5: "3D Spine Shape Estimation from Single 2D DXA" Emmanuelle Bouri-

gault, Amir Jamaludin, and Andrew Zisserman. Medical Image Computing and Com-

puter Assisted Intervention (MICCAI), 2024.

Chapter 6: "Automated DXA Scoliosis Method" Emmanuelle Bourigault, Amir

Jamaludin, Emma M. Clark, Jeremy Fairbank, Timor Kadir and Andrew Zisserman.

Under submission.

Chapter 7: "UKBOB: One Billion MRI Labeled Masks for Generalizable 3D Medical

Image Segmentation" Emmanuelle Bourigault, Amir Jamaludin, and Abdullah Hamdi.

International Conference on Computer Vision (ICCV), 2025.

20



Chapter 3

Scoliosis Measurement on DXA Scans

Using a Combined Deep Learning and

Spinal Geometry Approach

This paper was published in the proceedings of the Medical Imaging and Deep Learning

Conference (MIDL), 2022 [Bourigault et al. 2022].

In the first study of this PhD thesis, we extend previous research on two-dimensional

curvature analysis of DXA scans from [Jamaludin et al. 2019a]. The primary objective

was to develop an automated approach to measure scoliosis in adults using DXA scans

from the UK Biobank. Adult scoliosis has received considerably less attention than

Adolescent Idiopathic Scoliosis (AIS). Building upon the work of [Jamaludin et al.

2019a], which demonstrated that curvature can serve as a reliable continuous-scale

metric for scoliosis measurement, this study revisits and enhances that methodology.

Traditionally, scoliosis has been assessed using the Cobb angle; however, the Cobb

method is limited by significant inter-observer variability, typically ranging between

5◦ and 10◦. To address these discrepancies and improve upon previous findings, this

study introduces two major enhancements. First, we propose a spline-based geometric

representation of the spine for curvature measurement instead of using the midpoint of

the spine segmentation. This modification reduces the noise associated with midpoint

predictions, thereby increasing agreement with expert human annotations. Second, we

implement a pseudo-labelling strategy for segmentation to mitigate the domain gap

between the Avon Longitudinal Study of Parents and Children (ALSPAC) and UK
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Biobank DXA scans.

These methodological improvements not only refine the measurement of scoliosis in

adult populations but also lay a robust foundation for the subsequent studies presented in

this thesis.
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Scoliosis Measurement on DXA Scans Using a

Combined Deep Learning and Spinal Geometry

Approach

Emmanuelle Bourigault Amir Jamaludin Timor Kadir

Andrew Zisserman

VGG, Department of Engineering Science, University of Oxford

emmanuelle,amirj,az@robots.ox.ac.uk

Abstract

We propose improvements to an automated method for scoliosis measurement

[Jamaludin et al. 2019a]. Our main novelty is the use of a spline to better model the

curve of the spine, and we employ pseudo-labelling approach by iterative training of

the segmentation model to mitigate the domain gap when adapting to a new dataset.

We obtain promising results with a good fit of our smoothed curve to approximate

the spinal midpoints in severe scoliosis cases, and obtain good agreement against

human ground-truth. This work is relevant for improving the severity grading of

scoliosis and potentially aiding in the treatment management of scoliosis.

Scoliosis measurement, Image Segmentation, Deep Learning, Computational

Geometry

3.1 Introduction
Scoliosis is a spinal deformation affecting between 2 to 3% of the population worldwide.

Most automated methods for scoliosis measurement focus on Adolescent Idiopathic

Scoliosis (AIS) but in this work our aim is to measure scoliosis in adults using DXA

scans in the UK Biobank. We use the work of [Jamaludin et al. 2019a], which showed
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curvature is a reliable method to measure scoliosis, as a base and propose several

adjustments. Note that the model built by [Jamaludin et al. 2019a] was validated on a

completely different dataset, ALSPAC (The Avon Longitudinal Study of Parents and

Children), from the UK Biobank with 2 main differences: (i) ALSPAC scans are lower in

resolution (5× lower) compared to the UK Biobank, and (ii) ALSPAC participants are all

adolescents while the UK Biobank is predominantly made up of adult participants. We

make two contributions: (i) spline geometric representation and curvature measurement

of the spine, rather than the mid-point of the spine segmentation used in [Jamaludin et al.

2019a]; and (ii) pseudo-labelling the segmentation to address the domain gap between

ALSPAC and UK Biobank DXA scans.

3.2 Methods

3.2.1 Dataset

The dataset comprises 48,384 whole body DXA scans from the UK Biobank split into

80:10:10 for training, validation and testing. Among the test set, 308 UK Biobank DXA

scans have been annotated with the maximum modified Ferguson angle using the DXA

scoliosis method (DSM) as outlined in [Taylor et al. 2013]. We use this test set to evaluate

the association between our predicted curvature and manually annotated angle.

3.2.2 Pseudo-labelling

The purpose of our pseudo-labelling is to bootstrap from the ALSPAC model to the

higher resolution UK Biobank images. The initial labels are obtained as follows: UK

Biobank DXA scans are downsampled to the ALSPAC resolution, the ALSPAC model is

applied and segmentation masks are upsampled. We first train our model on 80% of the

training set and incrementally add 10% of the training data with each iteration. Further,

the generated pseudo-labels are combined with the original labels to re-train the model.

3.2.3 Segmentation Task

We use as a baseline the ALSPAC model with input resolution (416 × 128). Then,

we train our higher resolution segmentation model which is a U-Net like architecture

[Ronneberger et al. 2015] depicted in Figure 3.1. We feed into the network the normalised
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Figure 3.1: Pipeline of the automated scoliosis measurement method.

UK Biobank DXA scan as tensor (1 × 832 × 320). The network attempts to predict the

associated ground-truth masks for 6 body parts: head, spine, pelvis, cavity, left leg and

right leg. The decoder outputs probability maps of size (6 × 832 × 320). At each row

of the spine probability map, the weighted arithmetic mean of the probability and the

indices of the scores is calculated to be the predicted midpoint.

3.2.4 Spline Fitting Task and Curvature Measurement

The extracted spinal midpoints from the spine probability maps can be slightly noisy

especially near cases with unclear boundaries of the spine (see Figure 3.1). Hence, we

propose a smoothed piecewise cubic spline that locally approximates the spinal midpoints

and effectively handles the noise in the data. At each segment, a cubic polynomial is

used. Constraints on continuity and smoothness at the knots are added. Piecewise cubic

splines are determined by minimising the sum of the weighted squared residuals between

the fitted spline and data points [Ezhov et al. 2018]. The number of interior knots, k,

controls the goodness of fit. If k is too small, the spline will be too smooth, if k is too

large, the spline will capture the noise.

We compute curvature at each point along the curve with the traditional formula for plane

curves. Then, we compare the maximum curvature with human annotated angles. We

assume that the maximum curvature is proportional to the maximum angle.
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3.3 Results

3.3.1 Segmentation Task
The Root Mean Squared Error (RMSE) is computed as the root mean squared nearest

Euclidian distance between predicted to manual contour points. The lower the RMSE,

the better is model performance. Table 3.1 shows the improvement in segmentation

accuracy (Intersection over Union (IoU) = 0.94, RMSE = 0.83) with pseudo-labelling

compared to the baseline model (IoU = 0.89, RMSE = 1.18). The IoU increases by 2%

while the RMSE decreases by 0.12 at sub-pixel level precision for the iteration of the

pseudo-labelling.

Models IoU RMSE
ALSPAC model on the UK Biobank 0.86 1.80
Model trained on UK Biobank with pseudo-labels no iteration 0.89 1.18
Model trained on UK Biobank with pseudo-labels with iterations 0.94 0.83

Table 3.1: Table of model segmentation performance with pseudo labelling

3.3.2 Curvature to Angle Correspondence

Comparison of maximum curvature to maximum human annotated angle suggests a good

agreement (Pearson’s r = 0.92) with a tendency for our method to underestimate the

angle for angles below 20◦ (see Figure 3.2).

Figure 3.2: Comparison between predicted curvature and human annotated angles.

3.4 Conclusion

We have implemented a model for the measurement of scoliosis by leveraging one of the

largest DXA datasets available. The benefit of our pseudo-labelling in training is 2-fold,

it improves the accuracy of the segmented spine compared to our baseline model, and it
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overcomes the low availability of human annotated data sets. This work has implications

for improving scoliosis detection and severity measurements in adolescents and adults.
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Chapter 4

3D Shape Analysis of Scoliosis

This paper was published in the proceedings of the Shape MI Workshop of the Medical

Image Computing and Computer Assisted Intervention Conference (MICCAI), 2023

[Bourigault et al. 2023].

This study builds upon previous Chapter 3 on 2D scoliosis analysis by incorporating 3D

MRI data to provide a more comprehensive understanding of spinal deformities. We

introduced the concept of axial rotation, defined as the angle between the centroids of

the spine and vertebral canal. We established that curvature metrics correlates well with

3D measurements, thereby validating the 2D observations while revealing additional

nuances such as the generally lower curvature of the vertebral canal compared to the

spine in normal cases, and demonstrating moderate to strong correlations between axial

rotation and maximum coronal curvature. This integrated approach not only reinforces

the reliability of traditional 2D assessments but also lays the groundwork for advanced

unified 3D classification methods that could enhance diagnostic precision by bridging

the gap between 2D and 3D spine characterisations.
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Abstract

Scoliosis is typically measured in 2D in the coronal plane, although it is a

three-dimensional (3D) condition. Our objective in this work is to analyse the

3D geometry of the spine and its relationship to the vertebral canal. To this end,

we make three contributions: first, we extract the 3D space curve of the spine

automatically from low-resolution whole-body Dixon MRIs and obtain coronal,

sagittal and axial projections for various degrees of scoliosis; second, we also extract

the vertebral canal as a 3D curve from the MRIs, and examine the relationship

between the two 3D curves; and third, we measure the angle of rotation of the spine

and examine the correlation between this 3D measurement and the 2D curvature of
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the coronal projection. For this study, we use 48,384 MRIs from the UK Biobank.

MRI, Spine Geometry, 3D/2D Correspondences

4.1 Introduction

Scoliosis is defined as a lateral deformation of the spine in the coronal plane, usually

manually diagnosed on anteroposterior (AP) X-rays, by measuring the Cobb angle,

where an angle over 10 degrees is considered scoliotic [Cobb 1948]. More recently, it

has been shown that scoliosis can also be diagnosed from DXA (Dual-energy X-ray

Absorptiometry) scans, which are less costly and involve a 10 times lower radiation dose

than conventional X-rays [Taylor et al. 2013]. However, both X-rays and DXAs do not

capture the complex 3D deformation of the spine [Illés et al. 2010]. The convenience

of using coronal radiographs to measure scoliosis has meant that the axial and sagittal

planes have been widely disregarded.

In this work, we explore scoliosis in 3D by analysing the 3D shape of the space curve of

the spine, and its relationship to the 3D space curve of the vertebral canal. For this study,

we use the Dixon MRIs available in the UK Biobank. We segment both the spine and the

vertebral canal in axial slices. These segmentations allow us to extract 3D curves for the

spine and canal, as illustrated in Figure 4.1.

Figure 4.1: Overview of the geometry pipeline. The spine (yellow) and the vertebral
canal (red) are segmented in each axial slice. The centroids of the spine segments over all
axial slices form a 3D space curve (similarly for the canal). The space curve is projected
onto the coronal and sagittal planes, and a 2D spline curve fitted to the projected points.
Curvature and angles are computed from the spline curve.

Our objective is to study how the 3D spine curve deforms for a scoliotic spine, and also

how the vertebral canal adapts to scoliosis. We analyse the 3D spine curve by projecting
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it onto coronal, sagittal and axial planes, and determine the severity of scoliosis on the

coronal plane. It is worth noting that the MRIs from the UK Biobank are uniquely suitable

for scoliosis measurement in 3D as there exists an established scoliosis measurement

on the paired MRI to 2D DXA for the coronal projection which serves as our point of

reference [Bourigault et al. 2022; Jamaludin et al. 2019a].

We then investigate the relationship between the spine and vertebral canal curves on the

three planes, and also measure the deviation between the two curves. In addition, we

measure the curvature of the coronal projection and the angle of axial rotation of the

spine; and investigate their relation. Section 4.2 outlines our method for extracting the

geometry of the spine and vertebral canal from MRIs, and describes the measures we use

for the analysis of the geometry. Then, Section 4.3 describes the dataset, and presents

the results of the analysis, together with several visualizations of the geometry. Finally,

Section 4.4 summarises the findings and the implications of this research.

4.1.1 Related Work

Research on the relationship between deformations on the sagittal, axial and coronal

planes is still in its early phases [Ma et al. 2020; Karam et al. 2022].

The UK Biobank dataset used in this paper is of adults. However, most work on scoliosis

focuses on adolescent idiopathic scoliosis (AIS), while scoliosis in adults has been

relatively unexplored in past literature. Grown adults can develop degenerative scoliosis

as a result of wear and tear on the discs of the spine. It has been shown that the right

thoracic curves are predominant in AIS [Konieczny et al. 2013] but this kind of shape

analysis of the spine in adult scoliosis is rare.

To date, the vast majority of scoliosis research has focused on 2D shape analysis of the

spine, but not in 3D at a large scale. Limitations of 2D spine analysis arise particularly in

classifying curve shape. Indeed, deviations are not limited to the coronal plane. They

include twisting of the spine in multiple directions [Rockenfeller and Müller 2022]. The

closest work to ours is by [Pasha 2018] in which they look at 3D curves in scoliosis. The

main differences between their work and ours are: they used EOS which is quite a niche

imaging modality compared to MRIs, they focused on AIS as opposed to degenerative

scoliosis, and the number of samples is small (n=103).

Though we use MRIs in our work, it is worth noting that most works on spinal MRIs
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focus on non-scoliosis spinal disorders and as such put more emphasis on segmenting

the vertebral bodies and discs individually rather than the spine as a whole [Khalil et al.

2022; Jamaludin et al. 2016; Windsor et al. 2020; Ma et al. 2020; Karam et al. 2022].

4.2 The 3D Geometry of the Spine and Vertebral Canal

It is essential for the 3D geometrical analysis of scoliosis that we capture the whole shape

of the spine. To this end, we segment the two main structures that can be seen in the axial

Dixon MRIs: these are (i) the “spine" itself, which is comprised of the vertebral bodies

and the intervertebral discs, and (ii) the “vertebral canal", which is the space occupied by

the spinal cord and filled with cerebrospinal fluid. We do this segmentation on a per-slice

basis for each axial image in a given scan volume. The centroid (a 2D point) of each

segmentation can now be extracted from each slice and stacked vertically according to

axial slice numbering, and spaced appropriately with the axial slice thickness, for a given

volume.

A spline curve can then be fitted in 3D (or to the 2D projections), to smooth out the noise

in the measurements. The full implementation details are given in Appendix B, and the

process is summarised in Figure 4.1. The spine segmentation gives us the 3D spine curve

and the vertebral canal segmentation gives us the 3D vertebral canal curve. These 3D

space curves can be projected to the coronal (X,Z), the sagittal (Y,Z), as well as the axial

(X,Y) plane. Figure 4.2 shows an example of two curves in our dataset rotating in space.

4.2.1 Measuring the Deviation of the Curves

Now that the 3D curves of the spine and the vertebral canal have been extracted, we can

then proceed to the analysis of the curves. For a given normal spine of maximum angle 8◦

or less based on manually annotated sample by expert clinicians, it can be observed that

two curves should overlap when projected onto the coronal plane and should be parallel

in the sagittal plane. As such, the simplest measurement that is indicative of how far

away from the norm a given pair of curves are is to measure the deviation between these

two curves. Simply put, to measure the distance, ‘d’, between the two curves we can

simply compute the vector joining each point of the spine (xspine, yspine) to the vertebral

canal curve (xcanal, ycanal) (see Figure 4.3). If we project these vectors to the coronal

plane, then the sum of their magnitudes measures the ‘deviation’ between the two curves.
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Figure 4.2: Spine and Canal 2D Projections for every 30 degree of rotation for a
severe ‘S shape’ spine. This example is in Figure 1. The 0 degree projection corresponds
to the sagittal projection, and the 90 projection to the coronal projection.

For a normal ideal spine, the ‘deviation’ will be zero in the coronal plane (since the spine

and vertebral canal will project on top of one another), and in the sagittal plane, the

point-wise difference between the two curves will have a set but constant ‘deviation’.

For a given pair of spine and vertebral canal curves, we compute the point-to-point

distance in the axial plane:

δspine-canal =
N∑

i=1

√(
xspine

i − xcanal
i

)2
+

(
yspine

i − ycanal
i

)2
(4.1)

where i is the slice index and N is the total number of axial slices containing the spine

and canal for a given scan.

Then, we can obtain the maximum deviation by taking the maximum of the point-wise

distances of the spine-canal deviation 4.1. For a normal spine, the maximum deviation

will be zero on the coronal plane. For the sagittal plane, a normal spine has inward

curvature (lordosis) for the cervical and lumbar sections, and outward spinal curvature
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(kyphosis) for the thoracic section. Sagittal malalignment is as an exaggeration or

deficiency of the normal lordosis or kyphosis curves. Therefore, we measure how parallel

the spine and canal curves are on the sagittal plane by taking the standard deviation of

the spine-canal deviations.

Figure 4.3: Measurement of deviation between spine (yellow) and canal (red) curves.
Shown is a coronal projection (left) and sagittal projection (right) and a zoom in on the
maximum coronal curvature point.

4.2.2 Curvature of the Spine Curve

The cubic spline is continuous everywhere, as are its first and second derivatives. This is

sufficient to determine the curvature κ with the standard mathematical formula:

κ = (y′′
x

′ − x
′′
y

′)
(x′2 + y′2)

3
2

(4.2)

where:

x′ = dx

dt
= First derivative of x with respect to parameter t

y′ = dy

dt
= First derivative of y with respect to parameter t

x′′ = d2x

dt2 = Second derivative of x with respect to parameter t

y′′ = d2y

dt2 = Second derivative of y with respect to parameter t

t = Parameter along the spine curve (normalized position)

For the results in Section 4.3 the maximum absolute curvature in the coronal plane is
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Figure 4.4: Angle of axial rotation. The angle of axial rotation, α, is the angle between
the line through the centroids of the spine (yellow) and vertebral canal (red), and the
vertical direction.

used to define three classes of scoliosis severity (normal, mild, severe) according to

thresholds obtained on a set of 2K DXA scans annotated for Cobb angles. The threshold

for scoliosis is |κ| = 0.083, mild scoliosis is: 0.083 < |κ| ≤ 0.118; and |κ| > 0.208 is

severe scoliosis.

4.2.3 Angle of Spinal Axial Rotation

Aside from measuring the deviation of the two curves, we can also evaluate the lateral

shift of the spine relative to the vertebral canal by measuring the angle of rotation. This is

done by using two landmarks: the centroid of the spine and the centroid of the vertebral

canal (see Figure 4.4). The angle between the line through these centroids and the vertical

is the axial rotation (under the assumption that the patient is lying on their back). Note,

there are several definitions of the angle of axial rotation. They all rely on measuring

the relative positions of anatomical landmarks such as the pedicles, vertebral body, and

spinous processes. We use a similar approach to that of [Aaro et al. 1978] and [Ho et al.

1993], but choose to detect the vertebral canal as a landmark on our axial slices as it is

continuous throughout the spine.

4.3 Results and Discussion

In this section, we compare the 2D projected curvature in relation to the 3D spine. We

investigate how the canal curve varies with respect to the spine in Subsection 4.3.2. And

in Section 4.3.3, we analyse the coronal and sagittal curvatures and their relation to the

angle of maximum axial rotation.

35



4.3.1 Dataset

Our dataset is comprised of 48,384 whole-body MRIs from the UK Biobank, a large

open-access medical dataset with scans from more than 500,000 volunteers [Sudlow

et al. 2015]. MRIs in the UKBiobank are of much lower resolution than standard clinical

scans. Scans are resampled to be isotropic and cropped to a consistent resolution (501 ×

156 × 224). The dataset is split into 80:10:10 for training (38,707), validation (4,838),

and testing (4,839) for the segmentation task. 250-200-200 MRI scans are annotated for

train-validation-testing for spine and vertebral canal for the baseline segmentation model

and checked by an expert clinician. A part of the testing set (1,929) has been annotated

by experts for Cobb angles using a modified Ferguson method in whole-body DXA scans

as described in [Taylor et al. 2013]. We use this annotated set to define the threshold

for scoliosis in our experiment; otherwise this test set is unused in the training of our

pipeline. Appendix B gives details of the segmentation.
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Figure 4.5: Comparison of coronal, sagittal and axial 2D projections from 3D curve
for normal (A), mild (B) and severe C shape (C) and severe S shape (D) scoliosis
cases. Spine curve is in yellow and vertebral canal curve in red.
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Figure 4.6: Comparison of coronal, sagittal and axial 2D projections from 3D curve
for a severe S shape (top), and a severe C shape (bottom) scoliosis case. The axial
curves (3rd column) are more challenging to interpret. Spines are colour-coded on the z
axis to visually indicate the order of the curve in the other projections.

4.3.2 Geometry of the Spine: Deviation of the Spine and Vertebral

Canal

For a normal case, the spine and canal overlap in coronal, and are at a constant separation

in sagittal (see Figure 4.5). By comparing the curves of the spine and canal for normal

versus scoliosis cases, we observe that the curves on coronal for scoliosis cases no longer

overlap. We also observe that the vertebral canal is less curved than the spine suggesting

that it deforms less than the spine. On the sagittal plane, the curves straighten from

normal to scoliosis cases (see Figures 4.5 and 4.6).

We study how the 3D deviation measurements relate to 2D. The results confirm a

strong correlation in deviations between the spine and vertebral canal in 2D coronal

and 3D curves (see Figure 4.7(a)). The threshold for scoliosis is |κ| = 0.083. We

define mild scoliosis as: 0.083 < |κ| ≤ 0.118; and |κ| > 0.208 for severe scoliosis.
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Distribution of spine-canal deviations can be discretised according to scoliosis severity

(see Figure 4.7(b)). This suggests that spine-canal deviations (mm) can potentially be

used as another quantitative measurement of scoliosis. We then investigate how the

vertebral canal is varying for different scoliosis severities ranging from normal, mild to

severe C and S shape curves.

(a) Scatter plot of 2D vs 3D deviations (b) Distribution of 2D deviations

(c) Zoom on mild and severe cases

Figure 4.7: (a) Scatter plot of spine-canal point-wise deviations (mm) from 2D coronal
projection versus 3D (mm) (ρ = 0.86, p − value < 0.05, n = 48, 384). (b) Histogram
with density function displaying the distribution of 2D spine-canal deviation values (n
= 48,384) for normal, mild and severe scoliosis cases. (c) Zoom in on mild and severe
scoliosis cases from plot in (b). The threshold for scoliosis based on human angles
(greater than 6◦ in whole body DXA in terms of curvature is 0.083). This threshold
corresponds to 2.5mm of spine-canal deviation.
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Figure 4.8: Visualisation of Spine and Canal Deviations for a normal (A), mild (B)
and severe (C) scoliosis cases on the coronal plane. Spine in yellow, vertebral canal in
red, and deviations between the spine and vertebral canal in blue.

We can now investigate the properties of the spine that are obtained from the projections

of the 3D space curve (see Figure 4.2 for a severe S shape curve).

Coronal vs Sagittal. We measured the deviation of the spine and canal at the point

of maximum coronal curvature. Comparing the MRI coronal and sagittal spine-canal

deviations at point of maximum coronal curvature, we observe an inverse correlation

(ρ = −0.64, n = 48, 384). Curves on the sagittal plane are challenging to accurately

assess due to the natural variations of the spine. We notice that severe scoliosis cases tend

to have straighter spines in the sagittal plane (see Figure 4.5). This inverse correlation

between coronal and sagittal plane deviations is in accordance with past studies on

biplanar radiographs curvature measurements [Galbusera et al. 2022]. Moreover, we

observe a correspondence between the coronal plane and axial plane. The spine and

vertebral canal deviation is greater on the axial projection for severe cases (see Figure 4.5).

4.3.3 Curvature measurement in MRI and relation to axial plane

The correlation between maximum coronal curvature and angle of maximum axial

rotation is moderately strong (ρ = 0.77, n = 48,384) which may suggest a critical role of

the axial plane in relation to curvature on the coronal plane. This is in line with recent
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research on reconstructed 3D images [Illés et al. 2019; Karam et al. 2022]. Previous work

suggested a causal link between axial deformations and onset of coronal deformations

due to compensatory mechanical factors [Roaf 1958].

We show the scatter plot between the MRI axial angle of rotation at the point of maximum

coronal curvature and the maximum of the MRI spine coronal projection in Figure 4.9(a),

for all 48,384 scans in the UK Biobank. The correlation is relatively good (Pearson’s ρ =

0.79) between coronal curvature and axial rotation at point of maximal curvature. This

confirms the findings of Section 4.3.2, at a large scale.

As a qualitative example, we compare the spine and vertebral canal masks for a mild

scoliosis case (max. abs. curvature = 0.18, brown circle in Figure 4.9(a)), and a more

severe scoliosis case (max. abs. curvature = 0.29, yellow circle in Figure 4.9(a)). Axial

slices corresponding to these two cases are shown in Figures 4.9(b) and 4.9(c).
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(a)

(b) (c)

Figure 4.9: (A) Scatter plot of angle of axial rotation vs MRI coronal maximum absolute
curvature (Pearson’s ρ = 0.79, n = 48,384). Angle is given in degrees. (B) and (C) Axial
slices corresponding to point of max MRI coronal curvature (yellow and brown circles
in (A)). Spine (red) lateral deviation is more prominent on (C) for severe scoliosis case
than (B) for mild scoliosis.

4.4 Conclusion

In this work, we investigated the geometry of scoliosis in 3D, while most prior work

has focused on 2D deformations. We measured the curvature of the spine on one of the

largest datasets of MRIs. One of the most remarkable outcomes of the visualizations is

to see how the vertebral canal arranges itself to have less severe curvature than the spine

itself. We also show that the axial plane is quite relevant for the assessment of scoliosis

as suggested by the relatively high correlation between the angle of axial rotation and

coronal curvature. By considering the spine as a 3D curve, we compared the projected

2D curves of the spine and canal on the coronal and sagittal plane. This efficient method
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could be used to measure the severity of the spine’s deformation.

Ultimately, the goal of this research is to provide an accurate and consistent interpretation

of spinal deformations in order to support clinicians in their decision-making process.

Prior to the work in this paper, the link between coronal and sagittal curves was not well

defined. Also, the role of the axial plane in relation to the coronal and sagittal planes was

not yet known. However, one possible future analysis could be to use the relationship

between the coronal, sagittal and axial curves as a 3D classification method, without the

need to explicitly model the spine in 3D, thus facilitating its adoption in clinics.
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A Segmentation

There are four separate aligned sequences in the MRI Dixon scans used here. These are

in-phase, opposed-phase, fat-only and water-only. The fat-only and water-only sequences

are best suited to our task, see Figure A1. Note, the MRI scans in the UK Biobank have

a lower resolution compared to typical clinical spine scans. We segment the spine using

axial slices as they have higher resolution, and also support larger receptive fields for

training the deep network.

Figure A1: Coronal, sagittal and axial projections for fat-only and water-only Dixon
MRI sequences.

A.1 Segmentation network

A U-Net based network architecture is used for the segmentation task [Ronneberger

et al. 2015; Zhang et al. 2017]. We use a U-Net++ [Zhou et al. 2018] network with a

ResNet-34 encoder. The input is 224 × 160 × 6, where we stack three adjacent MRI

image slices of the spine region for the two MRI sequences (fat-only and water-only).

To avoid partial volume effects, and also to benefit from more context, we ingest three

adjacent slices, with the middle slice as output. The output has size 224 × 160 ×2, where
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2 refers to the segmentation maps for the spine and vertebral canal.

For training, the loss function is a weighted sum of categorical cross-entropy loss [Yi-de

et al. 2004] and Dice loss [Milletari et al. 2016] computed over a foreground/back-

ground/uncertain tri-map to mitigate potentially noisy boundaries in our labels which we

define as ± 2px from the foreground boundary. Networks are trained for a maximum

of 500 epochs with early stopping when the validation Dice does not increase by e−4.

We use self-training to leverage the whole training set i.e. n = 38,707. Inspired from

the recent work on confirmation bias reduction in self-training [Chen et al. 2022], we

use an independent head for pseudo-label generation to prevent potentially inaccurate

pseudo-label backpropagation.

Figure A2: Visualisation of spine and vertebral canal segmentation masks and
midpoint curves on the coronal and sagittal plane.

B Spline Fitting

B.1 2D Spline Fitting

The 2D projected points (in the coronal or sagittal planes) are approximated by a piece-

wise cubic spline to smooth out any noise due to sampling. For this fitting, we use the

method described in [Bourigault et al. 2022].

Using a parametrised curve, we construct polynomial piecewise cubic curves. A single

cubic curve has only one inflection point, but scoliosis curves may have one or more.

A solution could be to add extra control points and using higher order polynomials.
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However, higher order polynomials are known to be very sensitive to the locations

of the control points. A common alternative in computer vision is to construct cubic

curves pieced together with a greater number of inflection points. Each pair of control

points form one segment of the curve, where each curve segment is a cubic with its own

coefficients.

fi(x) = ai + bix + cix
2 + dix

3 (4.3)

where f is the function representing the curve between control points i and i + 1.

We ensure C0, C1, C2 continuity conditions.

• C0: Each segment is required to pass through its control points. That is, fi(xi) =

yi, and fi(xi+1) = yi+1

• C1: Each curve segment has the same slope at each junction, f
′
i (xi+1) = f

′
i+1(xi+1)

• Each curve segment has the same curvature at each junction, f
′′
i (xi+1) = f

′′
i+1(xi+1)

We improve the method in [Bourigault et al. 2022] by changing the uniform placement

of a fixed number of knots by automatic knot selection using penalised regression splines

[Ruppert et al. 2003]. The spline curve is composed of n−1 piecewise cubic polynomials

where n is the total number of knots. The number of knots is selected in the range from

2 to 10.

n is optimised using a penalty to balance goodness-of-fit and smoothness. The selection

of knots is such that the model chooses from a bigger selection of functions. As the

number of knots increases, the model overfits the data. Too few knots on the other hand

gives a more restrictive function.

B.2 3D Spline Fitting

We now extend the 2D spline fitting to three-dimensional space. We have two systems

of linear equations for x and y: Mxbx = x and Myby = y, where b is the vector of curve

coefficients, y is the vector of constants, and M is a matrix of continuity conditions ie.

C0, C1, and C2. Each system is solved similarly as in 2D section above, except that we

are solving two linear systems instead of one.
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Chapter 5

3D Spine Shape from 2D DXA

This paper was published in the proceedings of the Medical Image Computing and

Computer Assisted Intervention Conference (MICCAI), 2024 [Bourigault et al. 2024b].

The analysis presented here builds upon the foundational work on 2D scoliosis assessment

detailed in the previous Chapter 3 and 3D scoliosis in Chapter 4. While earlier work fo-

cused on the limitations of the Cobb angle and the initial efforts to quantify scoliosis from

two-dimensional imaging, this study aims at regressing the 3D spine shape from a 2D

DXA scan. We addressed modality discrepancies through a two-stage alignment process

and we leveraged advanced deep learning techniques (e.g., transformer-based regression)

to improve prediction accuracy and robustness. We showed that our transformer-based

regression model is effective at integrating DXA and MRI information to provide precise

3D representations of the spine.

This evolution from a 2D-centric approach to one that embraces three-dimensional recon-

struction at the patient-level not only deepens our understanding of spinal morphology

but also lays the groundwork for future diagnostic and screening tools in clinical practice.
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Abstract

Most recent work on 3D analysis of scoliosis have been performed on EOS. The

resolution of EOS is higher than other modalities and these biplanar images are

acquired simultaneously which enables accurate 3D spine reconstruction [McKenna

et al. 2012; Carreau et al. 2014]. However this modality is costly and not widely

available. In this work we make use of a more affordable approach using DXA

scans which are low radiation X-rays and increasingly being used in the screening

of scoliosis. Several work have been proposed to segment and reconstruct the 3D

spine with heuristics. These methods mainly rely on atlas or shape-based models

for spine reconstruction. In contrast, in this work we do not use shape-based models

and instead learn two regress two orthogonal projections of the spine from one AP

DXA scan. Via minor post-processing, we showed that we could reconstruct the

whole 3D shape of the spine.

2D-3D, Symbiosis, Scoliosis, MRI, DXA

5.1 Introduction

The standard procedure to examine the spine for the presence of scoliosis is using antero-

posterior (AP) X-rays and measuring the angle between the most tilted vertebrae [Cobb

1948]. Scoliosis typically affects growing children and proper diagnosis of scoliosis

requires multiple follow-up scans. As such, Dual-energy X-ray (DXA) scans, with its

lower radiation dose than X-rays is quickly becoming an acceptable alternative [Taylor
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Figure 5.1: Inference. Given a DXA scan, the model predicts the coronal and sagittal
projections of the 3D spine. Once these two orthogonal views of the spine are obtained,
the 3D spine can be reconstructed. A visualization of the rotating spine is available at:
https://www.robots.ox.ac.uk/~vgg/research/dxa-to-3d.

et al. 2013; Jamaludin et al. 2018; Ng et al. 2023; Jamaludin et al. 2019b]. However, this

still does not solve the fundamental issue of scoliosis diagnosis; it is essentially a 3D

disorder but the focus is on the 2D lateral shift of the spine. Imaging this disorder on

a Magnetic Resonance Imaging (MRI) is a good alternative, and multiple studies have

shown that there is indeed more useful information that can be extracted from MRIs for

scoliosis [Illés et al. 2010; Donzelli et al. 2015; Bourigault et al. 2023]. MRI however is

more expensive and requires more time for one single scan compared to X-ray/DXA.

In this paper, our objective is to obtain the 3D patient-specific spine shape from a 2D

DXA. We explore whether this is even possible given that 3D information is “lost” in

the projection of a 2D DXA scan. We show that it is possible to learn to infer this “lost"

information by leveraging a paired imaging set of DXA scans with corresponding MRIs

taken at roughly the same time. The MRI provides the 3D geometry of the spine, and a

network can be trained to map the 3D spine from the 2D DXA. We achieve this task by

regressing coronal and sagittal curve projections. Through these two orthogonal curves,

coronal and sagittal, we can recover the 3D geometry of the spine.

5.1.1 Related Work

To date, the vast majority of scoliosis research has focused on 2D shape analysis of the

spine or part of the 3D spine [Taylor et al. 2013; Jamaludin et al. 2016; Jamaludin et al.

2018; Windsor et al. 2020; Bourigault et al. 2022; Ng et al. 2023; Jamaludin et al. 2019b].
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Limitations of 2D spine analysis arise particularly in classifying 3D curve shape. Indeed,

deviations are not limited to the coronal plane, they include twisting of the spine in

multiple directions [Rockenfeller and Müller 2022], and the importance of other planes,

e.g. for axial rotations, is well recognized [Illés et al. 2019]. Recently, there has been a

growing interest in the community on EOS imaging with simultaneous acquisition of

coronal and sagittal views producing 3D spine shape [Rehm et al. 2017]. This enables,

for example, a better evaluation of the effect of brace surgical treatment [Courvoisier

et al. 2014; Dubousset et al. 2014].

There are several works with similar goal to ours; the most similar work is by [López

Picazo et al. 2018] which works on DXA scans and predicts the 3D model of the spine

using statistical shape models (SSM) [Cootes et al. 1995]. Other works use biplanar

X-rays either with SSM [Aubert et al. 2019; Benameur et al. 2003; Clogenson et al.

2015] or contour matching [Zhang et al. 2013]. In our work, we directly estimate the 3D

spine from a single 2D DXA. Our 3D regression involves only a single pass through a

feed-forward network.

5.2 3D From 2D

Our method for estimating 3D spine geometry from a single 2D DXA is simple. We

essentially learn to regress 2D curves; first by directly regressing the curve of the spine

extracted from the 2D DXA itself (this is a coronal projection of the 3D spine), and then

by predicting the sagittal projection of the 3D spine curve. Given these two orthogonal

projections (coronal x(z) and sagittal y(z)), the 3D curve can trivially be obtained

(as (x(z), y(z))). Learning the sagittal projection is only feasible through the use of a

large-scale public dataset, consisting of paired whole-body DXA and MRI of the same

subjects [Sudlow et al. 2015], where the 3D spine curve can be extracted from the MRI.

The challenges of this problem are: (i) alignment of the paired DXA and MRIs, discussed

in Section 5.2.2, and (ii) how to directly regress 2D curves from the DXA scan, discussed

in Section 5.2.3.

5.2.1 Problem definition

The problem consists of regressing a 3D spine curve from a DXA image. This can be

separated into two separate regression problems, namely: (i) the regression of the coronal
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DXA MRI 1st Stage Spines Not Aligned 2nd Stage

Figure 5.2: DXA to MRI two-Stage Alignment. The two scans are iteratively aligned
using a three parameter planar transformation. From left to right: DXA scan; original
coronal projection of MRI scan (not-aligned to the DXA); overlay of MRI aligned to
DXA after the image-level alignment first stage; overlay of segmented spines after the
first stage; overlay of spine segmentation after the spine-level alignment second stage.

or AP curve, and (ii) the regression of the sagittal or lateral curve. For each of the 2D

projections, we define three sets of points Pi = {(xi(z), yi(z)), z ∈| 1 ≤ z ≤ 209 }, i =

1, 2, 3 for the central and two lateral curves of the spine respectively, and z is the vertical

height of the scans (normalised between 1 and 209). These define the segmentation and

mid-curve of the spine in the 2D projections. Our objective is to regress these curves (in

the coronal and sagittal planes) from the DXA scan.

5.2.2 Modality Alignment

The paired images, the 2D DXA scans and the 3D MRIs, do not come registered. Hence,

the first step we take is to align these two modalities. As we are interested in inferring the

3D information from 2D images; we register the 3D MRI and the extracted spine curve

to the 2D DXA. The alignment proceeds iteratively in two stages: (i) a rough image-to-

image alignment of the two imaging modalities followed by, (ii) a finer alignment of the

extracted segmentation/curve of the spine from the MRI to the segmentation/curve of the

spine from the DXA. See Figure 5.2.

For the rough alignment, we use a pipeline proposed by [Windsor et al. 2021] which

finds the best 2D transformation to align the 3D MRI (via its coronal projection) to the

2D DXA. The 2D transformations involve three parameters (a rotation angle θ, and two
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Figure 5.3: Model Learning. The regression model is learnt from pairs of aligned
DXA and MRI scans. The regression targets are the DXA curve, and the sagittal curve
(projected from the 3D MRI spine). The alignment for the sagittal curve to DXA is
obtained from the alignment of the coronal projection of the 3D MRI to the DXA. Six
curves are regressed: the centerline of the spine as well as the left and right boundaries
of the segmentation, for both the coronal and sagittal views.

translations). To compute the transformation, 10 rotation angles are sampled in the range

[−2, 2] degrees, and the translation is obtained by convolving CNN spatial-feature maps

of the DXA and MRI, and selecting the point of maximum response.

For the second stage, we align the spine curves between the two modalities. Again,

the 2D transformation consists of a rotation and translation. We use keypoint matching

sampled along the spine contour of the DXA, and compute the transformation that

minimises the mean squared error (MSE).

It is possible that the person changed position too much between the DXA and MRI

scans, and it is not possible to align the spines due to deformations. To check for this we

measure the overlap of the spine segmented in the DXA scan with the projection of the

3D spine segmented in the MRI (see Figure 5.2). We apply a threshold for filtering out

the poorly aligned scans: if the Intersection-over-Union (IoU) of spine masks is below

70%, then they are discarded. A total of 14,065 paired DXA-MRIs are rejected by this

test which is 28.8% of the data.

5.2.3 Learning the Regressor

In total, we regress 6 curves using a single model. The target curves for the regression

are obtained from the DXA for the coronal view, and from the projection of the 3D MRI

for the sagittal view (see Figure 5.3).
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Figure 5.4: Image-Based Regression of Coronal and Sagittal Spine Curves. We use a
ResNet50, pre-trained on ImageNet-21k, with a transformer layer to regress the spine
curves (x(1,2,3)(z), y(1,2,3)(z)), z ∈ [1, 209] for left, center and right curves. The feature
map extracted from ResNet50 are of resolution 7 x 7 x 2048, each vector feature from
ResNet50 (49 x 2048) is used as input into a transformer layer. The model regresses the
6 curves (209 x 6) where we have 6 vectors for the 6 output spine curves, of dimension
209. Detailed Architecture in Appendix A and Figure A1.

Encoder. Our regressor consists of a multi-scale feature extractor coupled with a

transformer layer to learn the long-range dependencies more effectively (see Figure 5.4).

The initial part of the architecture consists of an image feature extractor with ResNet50

pre-trained on ImageNet-21k. The feature map of the penultimate convolutional block is

extracted as 7 × 7 × 2048 and fed into a standard transformer layer. The output of the

transformer layer is then average pooled before the ultimate linear layer. The regression

head consists of a linear layer to predict the output curve points from the transformer

output vector.

Loss. Our loss is the L1 difference between the target and predicted spine curve points:

L = ∑n
i=1 |xi − x̂i|, where n is the number of samples, xi are the ground-truth spine

points, and x̂i the predicted spine points at a given zi.

We regress three curves for each view (coronal (x) and sagittal (y)): the central curve

of the spine as well as the left and right curves bounding the segmentation. The central

and lateral curve points are (x1,x2,x3,y1,y2,y3), where 1 and 3 are either the right/left or

anterior/posterior curves depending on the plane projection, and 2 is the central curve of

the spine.
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5.3 Dataset & Implementation Details

The UKBiobank is a publicly available dataset of 48,384 full-body Dixon MRI paired

with DXA scans [Sudlow et al. 2015]. The UK Biobank MRIs are resampled to be

isotropic and cropped to a consistent resolution (700 × 224 × 224). The dataset is split

into 80:10:10 for training (27,816), validation (3,477), and testing (3,477) after filtering

the non-aligned scans by the dual alignment procedure explained in Section 5.2.2. Our

training-validation-test is balanced in scoliosis cases, each containing 20% of scoliosis

cases. Our model takes as input a cropped DXA image of the whole spine. This is

achieved using a 224 × 224 cropping window of the spine given spine segmentation from

[Bourigault et al. 2022]. This is done by computing the midpoint of the segment joining

the endpoints of the spine from the segmentation mask and using it as the centre of the

square window. The original DXA resolution is (832 × 320).

Obtaining the 2D spine from the DXA images. We obtain the spine centroids and

2D spine mask segmentation in DXA which involves spine segmentation using pseudo-

labelling in an active learning framework [Jamaludin et al. 2018; Bourigault et al. 2022].

This is used as the target for the coronal view regressor.

Obtaining the 3D spine from the MRIs. We used a segmentation network to obtain

the 3D whole spine curve in the MRI (3D centroids and segmentation) [Bourigault et al.

2023] trained on adjacent axial slices (n-1,n,n+1) to limit the loss of depth information.

These labels are used for training our sagittal regression model.

5.3.1 Implementation Details

The regressor uses a the Bottleneck Transformer [Srinivas et al. 2021] together with a

ResNet-50 image encoder. Details on the model architecture are given in the Appendix

(see Section A).

For curve regression, all DXA inputs and target spine curves are normalised to fixed

height for spine ranging from 1 to 209 pixels. We train our model for 500 epochs. We

use five−fold cross-validation, where we repeat validation on 5 stratified folds. The

batch size is set to 16, optimizer is Adam [Kingma and Ba 2015] with β = (0.9, 0.999),

and the learning rate is initially set to 1e−4 with decay every 200 epochs. We used one

32GB Tesla V100 GPU. To reduce overfitting, we employ two techniques, using dropout

with a probability of p = 0.3 and we employ a regularizer to the L1 loss. We also use
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different augmentation techniques with cropping, image contrast and random Gaussian

noise in training.

5.4 Results

5.4.1 Evaluation Metrics

We measure the performance of our model using the mean absolute error MAE =
1
n

∑n
z=1 |yz − ŷz|, and the mean of the relative error RE = 1

n

∑n
z=1

|yz−ŷz |
ŷz

between the

predicted points ŷz and the ground truth yz, z ∈ [1, 209]. The mean of RE is always

between 0 and 1, the lower the relative error the better. To assess the accuracy of whole

spine predicted masks obtained from the area between the lateral curves compared to

project ground-truth masks obtained from segmentation of the MRI, we use the 2D

Intersection-over-Union, IoU . We compute the 3D IoU to evaluate 3D spine shape

estimation from our model given reference labels from MRIs, as explained in Section B.

5.4.2 Spine Curves Estimation and Robustness

The DXA and Coronal MRI spine curves are predicted at sub-pixel level precision with

better precision and lower variance for the combined ResNet50+Transformer framework

(MAE = 0.66 ± 0.21, RE = 0.084 ± 0.02, IoU = 89.6) compared to ResNet50 or ViT

(see Table 5.1). We show that using residual blocks with a transformer layer, our model

can reliably estimate not only the coronal MRI projection from a single DXA but any

spine curve projections along a 360◦ rotation about the vertical axis such as the sagittal

projections (MAE = 1.65 ± 0.6, RE = 0.21 ± 0.08, IoU = 86.8), see Table 5.1). Our

model is also able to capture the pattern of curves with straighter sagittal curves for more

severe cases of scoliosis (see Figure 5.5).

3D evaluation. We also evaluate the performance of our model to reconstruct 3D spines

from 2D DXAs. We effectively have a segmentation of the spine bounded by the lateral

curves from our pipeline. To obtain the 3D spine masks from two 2D segmentation, we

use the 4 points in antero-posterior and left-right to generate a series of bounding axial

plane ellipses as we go down in z (see Appendix B). We use an untouched set of 150

MRIs from the UKBiobank manually annotated spines from [Bourigault et al. 2023]

to measure the IoU. The IoU between the predicted and ground-truth 3D spine masks,
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Input Coronal GT Sagittal Curves Predicted Sagittal Curves GT Sagittal Segmentation Predicted Sagittal Segmentation GT Spine Predicted Spine

Figure 5.5: Qualitative Results of DXA to MRI Sagittal Curve Generation on the
Test Set. We show from left to right, the input DXA, the ground-truth sagittal curves,
predicted sagittal curves, ground-truth spine mask, predicted spine mask overlayed on
MRI sagittal slice (n=112), the ground-truth 3D spine, and its prediction using Gaussian
rendering. The severity of the scoliosis increases from top to bottom.

averaged over the test set, is 83.8 ± 1.1. We also measure the IoU for detected spine.

See Figure 5.6 for visualising the mean average precision at different IoU thresholds.

We also measure the average deviation of the spine curve point-wise along the spine as

a metric for 3D error. Our model achieves a 3D average spine curve deviation of 1.42

voxels or 3.12mm.

Discussion. One probable reason that the model is able to infer a sagittal view from

coronal DXA is that it has access to the entire (cropped) DXA scan, and there are at

least two cues it can use: (i) the different intensities of the imaged bones of the spine

give information about their angle and depth; and (ii) the position of the rib cage in the

image depends on the spine, and so indirectly the 2D layout of the ribs in the image gives

information about the spine.
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Figure 5.6: Mean Average Precision of Predicted Spine Masks for Different IoU
Thresholds over the Test samples. We measure the performance of the 3D segmentation
using 3D IoU. IoU thresholds ranges from 0.1 to 0.9, with steps of 0.1.

Target Model

Spine Curves
Absolute Error

Spine Curves
Relative Error

Spine Mask (IoU)

Mean Median SD Mean Median SD
ResNet50 0.71 0.70 ± 0.26 0.08 0.076 ± 0.03 91.4

DXA ViT 0.69 0.67 ± 0.24 0.073 0.071 ± 0.02 91.9
ResNet50 + Transformer 0.58 0.57 ± 0.18 0.062 0.057 ± 0.01 92.3

Coronal MRI
ResNet50 0.81 0.79 ± 0.3 0.11 0.094 ± 0.05 88.3

ViT 0.78 0.78 ± 0.28 0.091 0.083 ± 0.03 88.9
ResNet50 + Transformer 0.66 0.64 ± 0.21 0.084 0.079 ± 0.02 89.6

Sagittal MRI
ResNet50 3.63 3.29 ± 1.2 0.41 0.39 ± 0.14 83.6

ViT 2.99 2.73 ± 1.1 0.38 0.36 ± 0.11 84.1
ResNet50 + Transformer 1.65 1.58 ± 0.6 0.26 0.21 ± 0.08 86.8

Table 5.1: Performance of Image-based Models for Spine Curves Regression. For
a given input DXA, we predict curves from the DXA target (1st block) or curves from
the corresponding MRIs (2nd and 3rd blocks). We predict 3 curves (center + 2 laterals)
for each block. The 2nd and 3rd blocks represent a single multi-view model outputting
coronal and sagittal curves. The Target column specifies the model configuration with
output curve modality (DXA for baseline, coronal and sagittal MRI). The Model column
shows the different models. Then, we present the Absolute Error and Relative Error in
terms of mean, median, and standard deviation of spine curves predicted versus reference
curves (in pixels). The far-right column shows the 2D IoU of the masks bounded by the
lateral spine curves.

5.5 Conclusion

Our model is able to give a patient-specific representation of the spine in 3D from a

single DXA scan. We show that our method is effective in capturing the intricacies of

the 3D spine. As such, this work has the potential to assist in the diagnosis and screening

of scoliosis and other spinal disorders. Our primary focus for future work includes

investigating confidence prediction for the sagittal curve.
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A Implementation Details and Ablation

Regression Network of Spine Curves. In this work we adopt a lightweight transformer

layer on top of ResNet50 (see Figure A1). Before the final average pooling, we take the

7 x 7 x 2048 ResNet50 feature maps and flatten them to obtain 49 embedding tokens.

These vectors are the input to the transformer layer. We follow the BotNet architecture

[Srinivas et al. 2021] for the relative positioning encoding in the transformer layer. The

output of the transformer layer is then average pooled before the ultimate linear layer.

Ablation Experiments. We experiment with varying input sample size during training

with an overall improved test performance for spine mask prediction of +3.4 IoU using

the whole training set of 30k available versus 500 samples. Therefore, the network

benefits from training on large datasets and it improves its ability to generalise. We

also experiment adding more than one transformer layer on top of ResNet50. This does

not significantly boost performance on the order of +0.002px and +0.003px average

improvement for coronal and sagittal curve regression respectively.
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Figure A1: Full Architecture of our ResNet50 with Transformer Layer.

B 3D Spine from 2D Projections

Computing 3D Spine Shape From 2D Orthogonal Curves. In this section, we outline

the steps taken for 3D spine shape recovery from two 2D planes i.e. coronal and sagittal.

The output of our network are 2D spine curves on the coronal (XY) plane and sagittal

(YZ) plane. We are able to reconstruct the 3D spine shape with minor post-processing.

The idea is simple, fitting ellipses in the axial plane along the spine from top to bottom

(see Figure B2). We ensure the ellipses go through predicted points from the two lateral

coronal (right and left) and sagittal (antero and posterior) curves.

More examples of predictions of 3D spine shape from 2D DXA are available on our web-

site https://www.robots.ox.ac.uk/~vgg/research/dxa-to-3d. Our

model works well in estimating sagittal MRI projections for normal spines and severe

scoliosis spines.
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Figure B2: 3D Spine Shape Reconstruction through Ellipse Fitting. We form ellipses
in the axial plane along the spine top to bottom that go through key points from the
orthogonal curves obtained by our model. We make sure the ellipses go through the
antero-posterior (A-P) sagittal curves and the right-left (R-L) coronal curves. Each dot
is a point on the 6 curves shown on Figure 5.4. The middle point of the ellipse is made
from the aligned mid coronal and mid sagittal curves.
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Chapter 6

Automated DXA Scoliosis Method

The paper is under submission for European Spine Journal, 2025.

In this study, we developped and validated an automated method for maximum angle

measurement and prediction of curve pattern on a reduced set of DXA scans from the

UK Biobank that have been annotated by expert clinicians.

In Chapter 3, we showed we could reliably measure scoliosis on a continuous scale by

extracting the spine curve from the segmentation of the spine and measure its curvature.

However, curvature is not how clinicians measure scoliosis in practice. The gold-

standard is the Cobb angle, implying that novel approaches would need to be compared

to Cobb angles. Furthermore, there is not a one-to-one mapping between curvature and

Cobb angles. In the optic of matching more closely human annotation, we proceed

by mimicking the way human annotated DXA scans. We propose in this work a fully

automated way of measuring the human maximum angle as defined by [Taylor et al.

2013] on a reduced annotated set of 1,929 scans from the UK Biobank, of which 308

have been annotated with angles. We validate our method for automatically measuring

human maximum angle against a follow-up session taken a year apart. We show we can

also measure curve patterns (direction, location, and number of curves) accurately.
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Abstract

This paper is about automating and validating a total body dual energy X-ray

absorptiometry (DXA) scoliosis method (DSM) on a sample of 1,929 UK Biobank

annotated scans of which 308 have scoliosis and have been annotated for angles.

We automatically measure the angle, the direction, and the location of the apex

on the 308 scans that have been annotated for maximum angle of the spine. The

method can be broken down into two main steps: (i) compute the mid-curve of

the spine from the DXA, and (ii) analyse the geometry of the curve to find the

maximum angle of the spine which represents its severity. To validate our method,

we manually annotated a proportion of UK Biobank DXA scans (n=1,929) with
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angle measurements of the largest curve, the direction of the curve, and the number

of curves. There is very good agreement between the manual and predicted angle

of the spine with Pearson’s correlation value of 0.89, and a mean difference of

less than 5 degrees between manual and automated readings with 95% confidence.

Our model accurately predicted curve location (specificity of 0.883), direction

(specificity of 0.779) and number of curves (specificity of 0.671). There has long

been uncertainty around the role of screening for scoliosis. We expect these studies

to enable accurate annotation of scoliosis in very large datasets that include spinal

imaging (commonly DEXA and MRI) for definition of scoliosis phenotypes and

genotypes in epidemiology, screening and clinical applications.

Deep learning, Scoliosis, Geometry, Epidemiology

6.1 Introduction

Scoliosis is a spinal deformity that, if left untreated, may require invasive surgery and

lead to long-term back pain. The UK Biobank dataset used in this study consists of

adults aged 40–80 years. Most automated methods for scoliosis measurement focus on

Adolescent Idiopathic Scoliosis (AIS), but in this work, the aim is to measure scoliosis

in adults using DXA scans from the UK Biobank. While AIS is a primary concern in

adolescents, adults can develop degenerative scoliosis, which results from the wear and

tear on spinal discs over time. In AIS, right thoracic curves are predominant [Konieczny

et al. 2013], but there is limited research on the shape of the spine in adult scoliosis.

Investigating the curvature patterns in both adolescents and adults could lead to better

classification and diagnosis of scoliosis. Degenerative scoliosis, common in the aging

population, is associated with disc degeneration and vertebral body collapse. The goal

of this research is to validate a new, fully automated method for quantifying the size

of the spinal curve from DXA scans using machine learning techniques, applied for

the first time to an adult cohort from the UK Biobank. This work builds upon methods

developed in the SpineNet software [Jamaludin et al. 2016]. Recent advancements in

deep learning have significantly enhanced the automation of Cobb angle measurements

from X-ray images, a critical factor in diagnosing and monitoring scoliosis. Several

studies have explored various methodologies to improve the accuracy and reliability of

these automated measurements [Li et al. 2024a; Shao et al. 2024; Zhu et al. 2024]. We

propose a geometric approach to evaluate spinal deformities. Our results demonstrate
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that automated spine angle measurements, on a continuous scale, align closely with

human measurements from an annotated dataset. This method could improve scoliosis

diagnosis by providing a more comprehensive set of quantitative information, including

curve location, direction, and extent. The overarching goal of this study is to define

a scoliosis phenotype that facilitates the identification of relevant predictors for curve

progression. By utilizing population-based cohorts, we aim to establish relationships

between automated spine angle estimations and other potential biomarkers of scoliosis,

such as body composition, age, and anthropometric measurements [Clark et al. 2014].

6.2 Related Work/Background

6.2.1 Scoliosis Research

Progression of Scoliosis. Scoliosis is a complex three-dimensional spinal deformity

with variable progression patterns across different life stages. While idiopathic scoliosis

(IS) often stabilizes after skeletal maturity [Weinstein et al. 2019], certain risk factor such

as growth velocity, curve magnitude at diagnosis, and skeletal immaturity can influence

progression [Lonstein and Carlson 1984; Sanders et al. 2008]. Longitudinal studies

suggest that adolescent idiopathic scoliosis (AIS) progresses most rapidly during peak

pubertal growth [Weinstein et al. 2019; Clark et al. 2014]. However, adult scoliosis may

also worsen due to degenerative changes, particularly in curves exceeding 30◦ [Marty-

Poumarat et al. 2007]. Recent work by [Cheung et al. 2022] highlights biomechanical and

genetic factors (e.g., LBX1 and GPR126 gene variants) that may predispose individuals

to progression, though predictive models remain underdeveloped.

Measurement Techniques and Reliability Challenges. The Cobb angle, introduced

by [Cobb 1948], remains the gold standard for quantifying scoliosis severity. Despite

its widespread adoption, studies report inter-observer variability of 3◦ to 10◦ and intra-

observer variability of 2◦ to 7◦, limiting reproducibility [Morrissy et al. 1990; Carman et

al. 1989]. Efforts to standardize measurements include digital tools [Komeili et al. 2019],

yet manual assessments still dominate clinical practice. In addition, repeated radiographs

pose long-term risks, necessitating low-dose alternatives i.e. EOS imaging [Stokes et al.

2018], which is not widely adopted due to the high cost of procedures. Affordable alter-

native modalities like dual-energy X-ray absorptiometry (DXA) offer a lower radiation

exposure but may underestimate curves due to supine positioning (Clark et al. (2014)).
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A 6° threshold is recommended for DXA-based diagnosis [Clark et al. 2014], though

debate persists about its sensitivity compared to standing radiographs [Stokes et al. 2018].

6.2.2 DSM Method

The DSM [Taylor et al. 2013] uses a modified-Ferguson method, by drawing a “normal

spine line” (NSL) through the centre of the spine level with the first rib attachment, down

to the centre of the spine at L5. Then, the apex of the curve is identified. Lines are drawn

from the apex of the curve to the NSL at the point where the centre of the spinal column

first touches the NSL on return from the apex (see Figure 6.1).

Figure 6.1: DXA Scoliosis Method (DSM). We show how the maximum angle of the
spine is measured by humans. First the normal spine line (NSL) is manually drawn from
the region of the clavicle (Human Top NSL) to the last lumbar of the spine (Human
Bottom NSL). Then, the apex of the curve (green cross) corresponding to the maximum
point of inflection of the curve is annotated. A triangle is formed by drawing the
segments from the apex (vertex B) to vertices A and C respectively lying on the NSL.
The maximum angle of the spine is calculated as 180 - ABC.

6.3 Study Population

1,929 UK Biobank DXA scans have been annotated, 308 have scoliosis and have been

annotated with the maximum modified Ferguson angle using the DXA scoliosis method

(DSM) as outlined in [Taylor et al. 2013] and the rest are normals (6 degrees or less). We
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use this test set of 308 human angles to evaluate the association between our predicted

spine maximum angle and manually annotated angle. For curve location, the Cervico-

Thoracic and Thoraco-Lumbar scans have been combined together such that Thoracic

contains now Cervico-Thoracic and Thoracic categories (n=138) and Thoraco-Lumbar

contains both Thoraco-Lumbar and Lumbar categories (n=175) (see Table 6.1). Among

the 1,929 annotated sets, 87.7% have been annotated as having positioning error.

In addition, we have overlap scans from two screening sessions, where 2,728 subjects

have two sessions from two screening sessions a year apart. There is no overlap of the

two screening sessions with the set of 308 annotated by humans for maximum angle

nor the full 1,929 annotated set. The dataset consists of whole-body DXA from the UK

Biobank in a standard supine position. All scans are height normalised and resized to

consistent resolution (832 × 320). This resizing operation keeps the aspect ratio, and

thus does not affect the measurement accuracy of spinal features in this work.

Table 6.1 presents the descriptive statistics for the curve patterns annotations.

Annotated Set for Human Angles (n = 308)

Individual Combined

Curve Type
C-shape 286 (92.86)
S-shape 22 (7.14)

Curve Location
Cervico-Thoracic 1 (0.32)

133 (43.18)
Thoracic 132 (42.86)

Thoraco-Lumbar 41 (13.31)
175 (56.82)

Lumbar 134 (43.51)

Curve Direction
Right 171 (55.52)
Left 137 (44.48)

Table 6.1: Curve patterns descriptive statistics.

6.4 Methods

We introduce the automated DSM method and the validation of our automated spine

angle measurement pipeline against the annotated set by humans. From the estimated

spine curve, we can measure curve patterns i.e. direction, location, and type.

We show that our model accurately detects scoliosis with high correspondences with
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human angle. We propose a simple classifier using features from whole-body angles

obtained from geometry to measure positioning error. We further validate our spine

maximum angle measurement between the two screening sessions taken a year apart

where we assume that curves do not vary much in this time interval in the adult cohort of

the UK Biobank.

6.4.1 Spine to Spline: DXA Spine Segmentation and Spline Fitting

We aim to detect scoliosis on DXA scans from the UK Biobank. We use a segmentation

network leveraging pseudo-labels from the Avon Longitudinal Study of Parents and

Children (ALSPAC) (implementation details available in Appendix A).

As opposed to discrete angle measurements using the standard manual procedures, our

DXA curvature method provides angle values on a continuous scale [Jamaludin et al.

2019a]. We perform automatic mask segmentation of the spine and 5 other body parts

i.e. head, pelvis, cavity, left leg and right leg in order to obtain a precise delineation

of the spine region (see Figure 6.2). Then, we obtain spine midpoints using the spine

probability map output from the segmentation model (see Appendix A for more details of

the segmentation model). Each midpoint along the spine is computed with the weighted

arithmetic mean of the probability and the indices of the scores. We fit a cubic spline

through the midpoints extracted from the mask of the spine and we measure the absolute

maximum curvature for each single spine curve using derivatives of the spline.

To measure the angle from the spine, we fully automate the DSM method using the spine

geometry.

This work introduces the automated DSM from [Taylor et al. 2013], which is a modified-

Ferguson method for scoliosis detection tailored to DXA scans as opposed to the widely

used Cobb angles on X-rays. The goal is to automate the procedure and obtain the

maximum angle of the spine. We use the spine segmentation in Figure 6.2 to obtain a

spline. Given the curve of the spine, we show we can automate the human procedure of

maximum angle computation. The automated DSM method for angle computation has

the advantage of mimicking the human procedure of maximum human angle using the

geometry of the spine and outputting directly the angle value without relying on finding

a mapping function from curvature to angle. First, the top and bottom Normal Spine

Line (NSL) markers are manually determined (see distribution in Figure 6.4). Then, the
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Figure 6.2: Pipeline of the automated scoliosis measurement method. We feed into the
segmentation network DXA scan (832 × 320) and ground-truth masks for 6 body parts:
head, spine, pelvis, cavity, left leg and right leg. At each row of the spine probability
map, the weighted arithmetic mean of the probability and the indices of the scores is
calculated to be the predicted midpoint. Cubic spline approximation is finally employed
to filter out noisy predictions.

apex of the curve is estimated. By joining those markers, we obtain a triangle as shown

in Figure 4. From the triangle, the angle at the apex can be determined from standard

trigonometry.

6.4.2 Using the Spline for Automated DSM Spline to Angle (Mid

Spine Curve to Maximum Modified Fergusson Angle)

This work introduces the automated DSM (Figure 6.1) from [Taylor et al. 2013] which is

a modified-Ferguson method for scoliosis detection tailored to DXA scans as opposed

to the widely used Cobb angles on X-rays. The goal is to automate the procedure and

obtain the maximum angle of the spine. We use the spine segmentation in Figure 6.2

to obtain a spline. Given the curve of the spine, we show we can automate the human

procedure of maximum angle computation in Figure 6.2.

The automated DSM method for angle computation has the advantage of mimicking

the human procedure of maximum human angle using the geometry of the spine and

outputting directly the angle value without relying on finding a mapping function from

curvature to angle. First, the top and bottom Normal Spine Line (NSL) markers are

manually determined (see distribution in Figure 6.4). Then, the apex of the curve is

estimated. By joining those markers, we obtain a triangle as shown in Figure 6.1. From

the triangle, the angle at the apex can be determined from standard trigonometry.

This procedure of finding the maximum angle of the spine by automating the DSM can
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Figure 6.3: Automated Maximum Angle Computation. Our automated method repro-
duces the DSM method to measure the human apex of the spine curve. We draw the lines
(magenta) going from the intersection (black stars) of the spine curve (red) and estimated
normal spine line (yellow). The angle at the intersection of the magenta segments is the
human apex (black cross) of the spine curve.

Figure 6.4: Top (left) and Bottom (right) Normal Spine Line (NSL) Distribution
for Human Landmarks. The dispersion around the mode is greater for the top NSL
marker compared to bottom marker which is narrower. This can be explained by the
greater difficulty for humans to annotate the point of top of the spine with junction of the
clavicle compared to the bottom of the spine given pelvis orientation.

be broken in two steps. First, we estimate the top/bottom coordinates of the NSL. This

consists of taking the top and bottom of the spine segmentation by thresholding it to a

binary segmentation map and finding the index of maximum and minimum points. Then,

we compute the maximum angle of the spine using the triangle shown in Figure 6.3.
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6.4.3 Using the Spline for Curve Patterns (Curve Types, Location,

Direction)

In this section, we show that given the curve of the spine, we can learn more about the

inherent shape of the spine in 2D. This includes right and left curve direction, as well as

curve location where the apex is located either in the thoracic or thoraco-lumbar region

and the curve types by the number of apex in the curve.

Curve types

The spine curves vary in type depending on the number of extrema. A spine curve with

one apex is classified as C-shape curve or equivalently single curve while a spine curve

with two apexes is classified as S-shape curve or double curve. Human annotators have

annotated the curves with the number of apexes i ∈ [0:2], i ∈ Z. The challenge is to

correctly identify the S-shape curves since the angle values per scan comprise several

local extrema. S-shape by definition has two apexes differing in signs. How big in value

do the two apexes have to be to avoid local extrema while capturing the relevant apexes ?

This is the investigation we show in results curve patterns in Section 6.5.3.

Figure 6.5: Scatter plot of the maximum angle of the spine θ1 versus the second
maximum apex θ2. All θ1 are made positive, while all θ2 are made negative for simplicity
as we are interested in the magnitude of angle values.

We follow these steps below in order:

• Compute the maximum angle of the spine and take the second largest apex differing
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in sign

• Measure the DSM angle at those two apexes

• Measure how big in value the two apexes are

• Define a threshold of minimum value of the two apexes to classify S shape curves

from C shape curves

According to the human annotated set of 308 scans, 286 scans have been annotated as

having one curve or C-shape, and 22 as double curves or S-shape. Let’s denote as θ1 the

maximum angle of the spine and θ2 the second maximum angle of the spine. For analysis

of the correspondences in values, we make sure all θ1 are positive and θ2 are negative.

From Figure 6.5, the ratio θ1 to θ2 is bigger in magnitude on average for S-shape curves

(red dots) than for C-shape curves (blue dots). However, there is a region of overlap of

the red and blue dots suggesting there is no clear determination of the number of apexes

in the curve by considering the maximum and second largest apex in the spine curve

only.

Curve location

The location of the curve can be determined using the y index of the spine curve.

Clinicians have annotated the location of the spine as either cervico-thoracic, thoracic,

thoraco-lumbar and lumbar regions. Given the small number of annotated cervico-

thoracic and thoraco-lumbar scans and the challenge to visually identify accurately those

locations, we combined those regions in the thoracic and lumbar regions respectively. In

our settings, our model aims to predict the thoraco-lumbar region which encompasses

the bordering region between thoracic and lumbar and the lumbar region (see Figure 6.6).

We measure the location of the spine maximum apex by estimating a dynamic threshold

value τ on the vertical axis optimised to separate the thoracic from the thoraco-lumbar

region. We opted for binary classification since few of the annotated sets are effectively

in the thoraco-lumbar region and this region is challenging to delimitate by humans (see

Table 6.1).

Curve direction

In this section, our goal is to automatically determine if the spine curves to the right

(right curve direction) or if the spine curves to the left (left curve direction). Right curve
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Figure 6.6: Curve Pattern Explanatory Figure. We show the maximum apex (white
arrow), and the patient right (R) and left (L) side. The direction is determined by the
location of the apex pointing to the right or left of the patient. This corresponds to
the sign of the curvature of the curve. We present curve location in terms of threshold
τ to distinguish the thoracic and thoraco-lumbar regions using spine height values in
[ymin,ymax].

direction corresponds to the left side of the patient while left curve direction corresponds

to the right side of the patients in the AP DXA we are showing in Figure 6.6. It is still

not yet fully understood why some patterns of curves are generally present in scoliosis

cohorts. Adolescents often present right thoracic curves while the apex of lumbar curves

tend to be left directed [Castelein 2012]. It was suggested that pre-existent rotation in

the normal spine via the process of decompensation could lead to right thoracic and left

lumbar curves [Kouwenhoven et al. 2006]. Degenerative scoliosis tends to be left lumbar

[Tribus 2003]. This degenerative scoliosis is often displayed by a C-shape curve. We

also observe in our cohort of adults a predominance of left lumbar C shape curves (see

Table 6.1).
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6.4.4 Positioning Error

During scan acquisition, the patient may not be lying still and consequently bending on

one side. This lateral bending is hard to control in practice and can affect the measurement

of angle and curvature. We show examples of positioning error in Figure 6.7. In the 2K

annotation set, 1,693 DXA scans have been labelled as having clear positioning error. In

the UKBiobank, a large proportion of scans have positioning error (87.7%) according to

the sample of 1,929 DXA scans annotated by humans. The positioning error typically

leads to a cervico-thoracic curve. In most cases, the shoulders or head are not aligned

and we can detect the scans with positioning error by measuring the angle of these body

parts.

According to the definition of positioning error by [Taylor et al. 2013], with the automatic

DSM method for maximum human angle measurement, features such as pelvic obliquity

or raised shoulder were classified as definite positioning error. Further visual inspection of

scans were performed where curves were not clearly explained by poor body positioning.

Then, in the next stage, scans were further classified as possible positioning error when it

was impossible to classify the curve as either likely scoliosis or definite positioning error.

Such cases included curve features that could explain scoliosis but some clearly visible

body-positioning errors were identified. To automatically assess body positioning error

in the cohort of the UK Biobank, we propose a geometric method measuring angles for

head alignment, shoulders alignment, spine endpoints alignment, pelvis alignment and

leg symmetry (see Figure 6.7). We trained a classifier with a single linear layer on the set

of 1,929 annotated scans for positioning error.

The 5 main input features we give to the classifier are the following:

• Head Angle: computed by finding the angle between the line of best fit through

the head midpoints and the vertical line

• Shoulder Angle: computed by finding the angle between the line through the first

non-zero shoulder row and the horizontal line

• Spine Angle: computed from the line joining the endpoints of the spine and the

vertical line

• Legs Symmetry: computed from the lines through knees midpoints after horizon-

tally flipping one knee to measure symmetry
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• Pelvis Angle: computed by finding the angle between the horizontal line and the

top and of the pelvis. We segment the pelvis using pre-trained SAM by setting

a bounding box around the pelvis region and fixing negative seeds (5 or less)

manually to guide the segmenter [Kirillov et al. 2023]. The top line of the pelvis is

obtained by joining two points, top y index of the left and right part of the pelvis

mask.

The model is expressed by:

Z = W T X + b

where X , corresponds to the input feature vector fed to the neural network, b is the bias

term. For each input feature X , there is a corresponding weight W , which signifies

how strongly the effect of the input is on the output. Therefore, we discard the patients

with positioning error above a certain threshold computed from output of the classifier

after visual inspection of the scans following the DSM method (see Figure 6.7). We

take the softmax outputs to rank the scans from lower to higher scores. Then, expert

clinicians visualised the scans with hierarchical ranking to select the optimal threshold

with uncertainty.

Figure 6.7: Visualisation of body angles and body positioning error. Visualisation of
body angles and body positioning error. We show two cases of low positioning error <
0.25 (left) and high positioning error > 0.9 (right) with corresponding angles for head,
legs, shoulders, spine and pelvis on top of the scan with lines used to draw the angle.

Another explanation to the discrepancy between model output and human annotation are
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scans with positioning error. As mentioned earlier, 87.7% of the scans in the UKBiobank

have positioning error.

6.5 Results

6.5.1 Automated DSM

The angles obtained from the automated DSM given the segmented spine from Sec-

tion 6.4.1 show good agreement with human annotation for spine curves varying in

severity (see Figure 6.8).

Figure 6.8: Automated DSM Visualisation of Scoliosis Severity. We show splines of
the spine (red) overlayed on DXA scans for angles ranging from mild (left) to severe
(right). On top of each scan we show (i) predicted angle DSM (degree), and (ii) human
maximum angle annotated by expert clinicians.
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Figure 6.9: DSM Automated Angles. We show examples of automated DSM angles
from estimated triangles with red for prediction and green for human ground-truth. First,
the spine is segmented (blue contour) and the apex of the curve computed using the
pipeline in Figure 6.2. The top and bottom vertices of the triangle are estimated relative
to the height of the patients, see explanatory diagram in Figure 6.3.
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Figure 6.10: Failure cases DSM Automated Angles. We show examples of discrep-
ancies between automated DSM angles and human angles. The triangle in red is for
prediction and green for human ground-truth. The first example is a failure to estimate
the apex location. The second example is a double curve case where our automated DSM
did not pick the second largest peak in the curve corresponding to human annotation.
The third and fourth examples are wrong estimations of point A and C of the triangle as
defined in Figure 6.1. A deviation of vertices for a few pixels leads to a big difference in
angle measurements from automated to human method for angles.

We show results of the automated DSM method with comparison with human mea-

surements in Figure 6.9 and 6.10. Failure cases do occur, mainly for small curves

where discrepancies between the automated and human measurements are bigger (see

Figure 6.10). Our predicted angle values agree with human values with Pearson’s R of

0.88 (see Figure 6.11). The mean difference between predicted and human angle values

is in the range [-7.73, 1.93] in degrees with 95% confidence (see Figure 6.11). The

DSM method (manual) has previously been shown to be reliable where 95% of repeat

measures were within 5◦. This suggests that our DSM method preserves the error range

by humans of 5◦ error and therefore suggests that our predictions show good agreement

with humans. We show some cases of failure of approximation of one of the vertices and
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the angles associated in Figure 6.10.

Figure 6.11: Angle Agreement with Humans. Left plot compares DSM annotated
human angles versus fully automated DSM (ρ = 0.89, n=308). Right plot shows Bland-
Altman of Predicted versus Human DSM Angles (degree) with mean difference of -2.90/
median diff:-2.87 and 95% CI of [-7.73, 1.93]. (2nd row) Same as 1st row with additional
shifting of apex (0.25px) to the direction of maximum slope of spine curve relative to
normal spine line. Left correlation plot has ρ = 0.86 and right Bland-Altman has mean
difference of -1.80 /median diff: -2.11 and 95% CI of [-7.72, 4.12].

6.5.2 Verification of normals.

We also compute the DSM angles on the 1,621 set of DXA annotated (1,929 minus the

308 that have scoliosis and were annotated for modified Fergusson angle by [Clark et al.

2014]. This set corresponds to scans with the maximum angle of the spine below the 6

degree threshold defined by humans. We report the distribution of predicted DSM angles

with our method scans in the histogram below (see Figure 6.12). The number of scans

with predicted DSM angles above 6 degree is n = 431 (26.59%). On average, we have n

= 61 (3.76%) above the scoliosis threshold using the underprediction of -2.87 degrees

with human annotation.
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Figure 6.12: Distribution of DSM for normals (n=1,621) Histogram showing the
distribution of predicted DSM angles with our method on the annotated set of normals
(not annotated for DSM angle i.e. modified Fergusson angle).

6.5.3 Curve Patterns (Curve Types, Location, Direction)

Curve Location.

For curve location prediction, our automated model achieves a balanced accuracy of

0.832, specificity of 0.883, sensitivity 0.587, PPV 0.875 and NPV 0.604 (see Figure 6.13).

Figure 6.13: Confusion Matrices Location (Thoraco-lumbar and Lumbar) of curves.
Note that thoraco-lumbar class encompasses the original two categories, thoracic and
thoraco-lumbar curves.
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Curve Direction.

Figure 6.14 is our performance for curve direction. For the curve direction prediction, our

automated model achieves a balanced accuracy of 0.729, Specificity of 0.779, Sensitivity

of 0.679, Predictive Positive Value (PPV) of 0.786 and Negative Predictive Value (NPV)

of 0.669.

There are ambiguous cases where our method fails. These are mainly cases with close

in values. We observe that failures mainly occur for small curves, where the two main

apexes (absolute value) are close in value (< 0.01 difference). These cases close in angle

values but differ in sign. This also explains our failures on the location task with balanced

accuracy of 0.891 (discarding small curves) vs 0.724.

Second potential explanation to the discrepancy between model output and human

annotation is human error. Given that scans were manually annotated for right and left

by visual inspection, there could be errors. In particular double curve scans or low curve

scans are challenging for the human eye to detect. We send the ambiguous cases back to

clinicians for manual revision.

Curve Types.

Our objective is to distinguish among three curve types: normal (0 apex), C-shape

(1-apex), and S-shape (2-apex). To do this, we employ a simple classifier composed of a

single linear layer, following the approach described in section 6.4.4 for the positioning

error experiment. Specifically, the classifier distinguishes between C-shape and S-shape

curves using the absolute values of the maximum and second-largest apex from the spine

curve. To ensure robust training, we stratify the dataset into training, validation, and test

sets with an 80-10-10 split. The training set contains 246 entries (with 228 annotated

as C-shape and 18 as S-shape), while the validation set includes 31 entries (29 C-shape

and 2 S-shape), and the test set comprises 31 entries. We train the classifier for 10,000

epochs using the Adam optimizer at a learning rate of 0.01 and optimize with the Cross

Entropy loss function. To address the class imbalance, we weigh the classes in the loss

function. The performance of our curve type prediction model is evaluated on the test

set, where we achieve an AUC of 61.1%.

81



Figure 6.14: Curve direction prediction. Top is a diagram showing the apex of the curve
(black) and triangle (magenta) within the apex region (green). Bottom is a confusion
matrix for curve direction. We show the predictions of the model for right/left against
labels on the set of 308 annotated for human angle. We re-run the evaluation with the
cases of angles close in value. We check whether the second apex is in the apex region
(green region) defined by inflection points on the spine curve (black stars) and closer in
distance to the human apex. We obtain a balanced accuracy of 0.92. If we include in
the evaluation the second largest apex, the accuracy of our method jumps from 72.4%
to 92% suggesting that a significant part of failures from our models are due to small
curves with similar magnitudes but differing in signs.

6.5.4 Validation of Spine to Spline and Curve Patterns on Two

UKBB Sessions

In the UKBiobank, the same volunteers are scanned at two time points less than a

year apart, which provides a unique opportunity to validate our method. Because these

sessions are so closely spaced, we expect minimal changes in the spine maximum

angle especially in adulthood when growth has ceased and scoliosis progression slows

significantly. While it is known that in mature adults scoliosis curves can still progress at

a rate of one to three degrees per year, the short interval between sessions should result
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in only minor variations in angle values, with the apex of the spine remaining largely

consistent. In our evaluation, we observe a strong agreement between the two sessions,

with a mean difference of just 0.167◦ between Session 2 and Session 1 (see Figure 6.15

for the Bland-Altman analysis, which reports a 95% confidence interval around the mean

difference of [-3.934, 4.267]). Furthermore, we assess the correspondence in curve

patterns as additional validation. For both sessions, the percentage distribution of curve

directions is nearly identical: in Session 1, 58.11% of curves were left and 41.89% were

right, compared to 58.07% left and 41.93% right in Session 2. Similarly, the location of

the apex is preserved across sessions. In Session 1, 39.57% of the apexes were thoracic

and 60.43% thoraco-lumbar, which is comparable to the 39.49% thoracic and 60.51%

thoraco-lumbar distribution observed in Session 2. Although the size of the curves might

evolve slightly over this short period, the number of apexes is very stable. Both sessions

report 92.31% C-shaped curves and 7.69% S-shaped curves.

Figure 6.15: Bland-Altman between two Sessions. Mean difference is 0.167 and 95%
confidence interval around the mean difference is [-3.934,4.267].

6.6 Conclusion

This study introduces and validates an automated method for measuring scoliosis pa-

rameters from Dual-energy X-ray absorptiometry (DXA) scans in a large adult cohort

from the UK Biobank. Our method, based on a geometric approach using spline fitting,
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demonstrates strong agreement with human annotations, achieving a Pearson’s correla-

tion of 0.87 and a mean difference of less than 5 degrees between automated and manual

angle measurements. The method also successfully predicts curve location, direction,

and type, showcasing its utility in providing a comprehensive assessment of scoliosis

parameters. The automated DSM method overcomes several limitations of traditional

scoliosis measurement approaches, including the reliance on X-rays, the time-intensive

manual process, and the challenge of assessing complex 3D spinal deformities using 2D

imaging. By leveraging machine learning and geometric techniques, this approach allows

for consistent, reliable, and efficient scoliosis measurement, even in lower-resolution

DXA scans. Our findings highlight the potential of automated scoliosis assessment

methods in large-scale population studies. The validated pipeline facilitates the identifi-

cation of scoliosis phenotypes and their associations with other biomarkers, such as age,

body composition, and anthropometric measurements. This capability could enhance

screening programs, enabling cost-effective, low-radiation, and high-throughput scoliosis

assessment, particularly in aging populations where degenerative scoliosis is prevalent.

In conclusion, this work represents a significant step forward in the automated assessment

of scoliosis in adults, providing a scalable and reproducible tool for research and clinical

applications. By enabling accurate and efficient scoliosis measurement, this method

has the potential to advance our understanding of scoliosis progression and improve

patient care. Future work should integrate multimodal data (genetic, biomechanical, and

imaging) to refine predictive models.
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A Model Implementation Details

ALSPAC scans are lower in resolution (5 × lower) compared to the UK Biobank, and

ALSPAC participants are all adolescents while the UK Biobank is entirely made up of

adult volunteers. We use a pseudo-labelling approach and iterative training to improve

the segmentation of the spine and to handle the domain gap between ALSPAC and UK

Biobank cohorts. We find that we can achieve better results in terms of reliability by fine

tuning on the UK Biobank dataset (see details in [Bourigault et al. 2022]).

Our segmentation model follow the standard U-Net from [Ronneberger et al. 2015].

The input is height normalised DXA scan (832,320) and targets are body masks for

head, spine, cavity, right leg and left leg. The output of the segmentation model is

(832,320,5) where each of the 5 channels corresponds to mask output for the body parts.

See Figure A2 for details of the resolutions and channels. Qualitative visualisations of

the body part segmentation are available in Figure A1.

85



Figure A1: Body part segmentation for head, spine, cavity, pelvis, left leg and right
leg.These segmentation contours were obtained using the U-Net model in Figure A2
from Bourigault E. et al, 2022.

Figure A2: Our U-Net architecture with layer-wise resolution and number of chan-
nels.
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Chapter 7

UKBOB: One Billion MRI Labeled

Masks for Generalizable 3D Medical

Image Segmentation

This paper is to be published in the proceedings of the International Conference on

Computer Vision, 2025 [Bourigault et al. 2025].

This works improved the 3D spine segmentation labels from Chapter 4. A current

drawback of medical imaging segmentation models is the small scale of the dataset

used for training thus impeding good generalisation to external datasets. Furthermore,

the difference in imaging protocols, and modality means that a segmentation model

trained on one modality typically fail to generalise for out-of-domain data at inference

time. We tackled this issue in this work by leveraging a large dataset of more than

51K MRI from the UK Biobank [Sudlow et al. 2015] and segmentation labels from

TotalVibeSegmentator [Graf et al. 2024] that we filtered with our custom body filtration

method. We trained a state-of-the-art segmentator model on this filtered dataset and used

entropy test-time adaptation to apply it to out-of-domain dataset i.e. abdomen CT and

MRI, and brain MRI. We showed improved segmentation of the spine compared to our

baseline and manually annotated set, and a good performance on the different public

datasets of various organs.
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Abstract

In medical imaging, the primary challenge is collecting large-scale labeled
data due to privacy concerns, logistics, and high labeling costs. In this work, we
present the UK Biobank Organs and Bones (UKBOB), the largest labeled dataset of
body organs of 51,761 MRI 3D samples (17.9 M 2D images) and a total of more
than 1.37 billion 2D segmentation masks of 72 organs based on the UK Biobank
MRI dataset. We utilize automatic labeling, introduce an automated label cleaning
pipeline with organ-specific filters, and manually annotate a subset of 300 MRIs
with 11 abdominal classes to validate the quality (UKBOB-manual). This approach
allows for scaling up the dataset collection while maintaining confidence in the
labels. We further confirm the validity of the labels by the zero-shot generalization
of trained models on the filtered UKBOB to other small labeled datasets from a
similar domain ( e.g. abdominal MRI). To further elevate the effect of the noisy
labels, we propose a novel Entropy Test-time Adaptation (ETTA) to refine the
segmentation output. We use UKBOB to train a foundation model (Swin-BOB)
for 3D medical image segmentation based on Swin-UNetr, achieving state-of-
the-art results in several benchmarks in 3D medical imaging, including BRATS
brain MRI tumour challenge (+0.4% improvement), and BTCV abdominal CT
scan benchmark (+1.3% improvement). The pre-trained models and the code
are available at https://emmanuelleb985.github.io/ukbob, while
filtered labels will be made available with the UK Biobank.

7.1 Introduction

The advent of large-scale labeled datasets such as ImageNet [Russakovsky et al. 2014]

and LAION [Schuhmann et al. 2021] has been a cornerstone in the remarkable progress

of computer vision, enabling the development of powerful foundation models [Radford

et al. 2021; Rombach et al. 2022] that excel across various tasks. These models benefit
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Figure 7.1: UKBOB Size and Diversity Plot. Our proposed UKBOB is the largest la-
beled medical imaging dataset for segmentation, largely surpassing the size and diversity
of previous datasets in 2D segmentation and 3D segmentation. This new scale in size
and diversity should unlock a new wave of applications and methods in the computer
vision and medical imaging communities. The size of the bubbles indicates 2D image
resolution.

immensely from the abundance of labeled data, which allows them to learn rich and gen-

eralizable representations. In stark contrast, the medical imaging domain grapples with a

significant scarcity of large-scale labeled datasets due to stringent privacy regulations,

complex logistics, and the high costs associated with expert annotations [Willemink

et al. 2020; Tajbakhsh et al. 2020; Litjens et al. 2017]. This limitation hampers the

development of robust and generalizable models for critical tasks such as 3D medical

image segmentation, which is essential for disease diagnosis, treatment planning, and

patient monitoring.

Previous medical image datasets either lack diversity or are too small for generalization

[Fang and Yan 2020; Baid et al. 2021; Irvin et al. 2019]. Recognizing the pressing

need for extensive and diverse medical imaging datasets, we introduce the UK Biobank

Organs and Bones (UKBOB), the largest labeled segmentation medical imaging dataset

to date. Based on the UK Biobank MRI dataset [Sudlow et al. 2015], UKBOB comprises

51,761 3D MRI scans and over one billion 2D segmentation masks covering 72 organs.

This dataset not only surpasses existing medical imaging datasets in scale but also

in anatomical diversity, providing an unprecedented resource for training robust and

generalizable models (see Figure 7.1). Table 7.1 highlights the differences in scope

and other aspects between the different datasets. To collect the labels of UKBOB,
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we leverage automatic labeling based on the newly released TotalVibe Segmentator

[Graf et al. 2024]. However, the automatic labeling of such a vast dataset introduces

challenges related to label noise and quality assurance. To tackle this, we propose a novel

mechanism for filtering organ labels based on a statistical Specialized Organ Labels Filter

(SOLF). We also collect manual labels from 300 MRIs for 11 abdominal organs acting

as validation (UKBOB-manual). We further account for noisy labels and dynamically

refine the segmentation based on the model’s confidence using a novel Entropy Test-

Time Adaptation (ETTA). These approaches ensure high-quality labels and enhances the

model’s robustness. We validate the validity of the labels by demonstrating zero-shot

generalization of the trained models on the filtered UKBOB dataset to other datasets

from similar domains, such as the AMOS abdomen MRI dataset [Ji et al. 2022] and the

BTCV abdomen CT dataset [Fang and Yan 2020].

Leveraging the extensive UKBOB dataset, we train Swin-BOB, a foundation model

for 3D medical image segmentation based on Swin-UNetr [Hatamizadeh et al. 2022].

Our model achieves state-of-the-art performance on several benchmarks in 3D medical

imaging, including the BRATS brain tumor MRI challenge [Baid et al. 2021] and the

BTCV abdominal CT scan benchmark [Fang and Yan 2020]. Our contributions can be

summarized as follows:

Contributions: (i) We introduce UK Biobank Organs and Bones (UKBOB), the largest

labeled dataset of organs, consisting of 51,761 MRI 3D samples and a total of 1.37

billion 2D segmentation masks of 72 organs based on the UK Biobank MRI dataset. (ii)

We leverage automatic mechanisms for cleaning and filtering the labels based on body

statistics and specialized organ filter, allowing for high-quality scale-up of the labels.

The collected labels are validated by a subset of 300 manually annotated labels of 11

abdominal organs. (iii) To further elevate the effect of the noisy labels, we propose a

novel Entropy Test-time Adaptation (ETTA) to refine the segmentation outputs. (iv)

We train Swin-BOB, a foundation model for 3D medical image segmentation based on

Swin-UNetr network [Hatamizadeh et al. 2022], achieving state-of-the-art results on

standard benchmarks in 3D medical imaging.
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Medical Imaging Segmentation Datasets
Attribute BRATS [Baid et al. 2021] BTCV[Fang and Yan 2020] MIMIC-CXR [Johnson2019MIMICCXRAD] Abd.Atlas [Li et al. 2024b] Total Segmentator [Wasserthal et al. 2023] UKBOB (ours)

Number of Classes 3 12 1 25 104 72
Number of 3D Samples 1,470 50 N/A 20,460 1,204 51,761
Total Number of 2D Images 227,850 5,000 377,110 673,000 400,000 17,902,080
Number of 2D Label Masks 581,715 425,000 N/A 16,825,000 5,800,000 1,378,913,040
Number of Patients 1,470 50 227,835 N/A 1,204 50,000
Meta Information N/A N/A Text Reports N/A N/A Bone Density + Fat %
Scope Brain Abdomen Chest Abdomen Full-Body Full-Body
Modality MRI CT X-rays CT CT MRI
Specialty Tumour Organs COVID Organs Organs/Bones Organs/Bones
2D Image Resolution (axial) 240 × 240 314 × 214 2500 × 3056 280 × 280 512 × 512 224 × 174

Table 7.1: Comparison of Different Medical Imaging Segmentation Datasets. We compare
our proposed UKBOB to other well-known medical image segmentation datasets in terms of
scope, size, and modality.

7.2 Related Work

3D Segmentation in Medical Imaging. Advancements in deep learning have signifi-

cantly influenced 3D data processing, leading to various approaches such as point-based

methods [Qi et al. 2017a; Qi et al. 2017b], voxel-based methods [Maturana and Scherer

2015-09; Choy et al. 2019], and view-based methods [Su et al. 2015; Hamdi et al. 2021;

Hamdi et al. 2023b; Mai et al. 2024; Mai et al. 2023; Hamdi et al. 2023a; Held et al.

2023]. In medical imaging, the U-Net architecture [Ronneberger et al. 2015] revolu-

tionized image segmentation with its symmetric encoder-decoder structure and skip

connections, becoming widely used for tasks such as organ segmentation and tumor

detection [Qayyum et al. 2017; Pfeffer and Ling 2022; Kirillov et al. 2023]. For 3D volu-

metric data like MRI or CT scans, 3D U-Net variants have extended this architecture by

replacing 2D operations with 3D counterparts, enhancing performance in volumetric seg-

mentation tasks. Recent developments in label-free segmentation utilize self-supervised

learning and multimodal foundation models [Zhang et al. 2022; Huang et al. 2023b;

Ha and Song 2022; Peng et al. 2023; Kerr et al. 2023; Kobayashi et al. 2022; Ding

et al. 2023; Lu et al. 2023; Zeng et al. 2023; Takmaz et al. 2023; Chen et al. 2023; Mai

et al. 2023] to segment 3D scenes without explicit labels. However, all of these models

require large-scale medical datasets to generlize well [Johnson et al. 2019; Irvin et al.

2019; Rajpurkar et al. 2018; Yang et al. 2023]. While datasets like CheXpert [Irvin et al.

2019] focus on chest imaging with extensive collections of X-ray images and associated

clinical labels, they lack detailed segmentation masks necessary for advanced anatomical

analysis. Datasets such as AbdomenAtlas-8K and Abdomen Atlas 1.1 [Qu et al. 2023; Li

et al. 2024b] provide valuable multi-organ CT scans with organ-level annotations but

are limited to specific regions or modalities. The UK Biobank Imaging Study [Sudlow

et al. 2015], one of the largest clinical trials, has collected extensive MRI data; however,

prior works have not fully leveraged its potential for comprehensive organ segmentation.

Our proposed UK Biobank Organs and Bones (UKBOB) dataset leverages this resource,
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Figure 7.2: Accuracy of UKBOB Labels. An example of segmentation labels in
UKBOB is shown in the sagittal view. The labels include “spine” (in purple) which we
can compare to previously collected hand labels of the spine [Bourigault et al. 2023] (in
red). We note that the newly collected labels match the manual labels in the spine with a
total Dice score of 81.1% on a set of 250 manually annotated test samples, indicating
accurate labels.

presenting the largest labeled collection of MRI scans with detailed segmentation masks

for 72 organs. By introducing a novel filtering mechanism based on normalized body

statistics, we ensure high-quality labels while scaling up dataset collection, enabling

the training of foundational models for 3D medical image segmentation with significant

improvements over existing benchmarks.

Full-Body MRI Analysis. Most automatic MRI methods have focused on segmenting

individual organs or tumors [Chen et al. 2020; Doran et al. 2017; Windsor and Jamaludin

2020; Ranjbarzadeh et al. 2021], with limited research on whole-body scans. Studies that

consider full-body imaging often emphasize the spine [Jamaludin et al. 2017; Jamaludin

et al. 2018; Windsor et al. 2020; Windsor et al. 2021; Bourigault et al. 2022; Bourigault

et al. 2024a], which is crucial for applications like scoliosis detection. Recently, [Graf

et al. 2024; Akinci D’Antonoli et al. 2025] released a full torso TotalVibeSegmentator

first trained on a subset of NAKO (85 subjects) and UK Biobank (16 subjects) with a

nnUNet[Isensee et al. 2021] network. Their network, while useful, does not provide

rich enough information to show improved performance on medical image segmentation

tasks. Our work builds upon these efforts by using the TotalVibeSegmentator network to

collect labels for the 51,761 samples of UK Biobank , filtering MRI labels and verifying

their segmentation quality. This enables the training of a general MRI foundation model

(Swin-BOB) that can generalize to various tasks and modalities.

Domain Adaptation in Medical Imaging. While U-Net-like networks and their vari-
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Figure 7.3: UKBOB-Manual. We collect manual labels for 300 samples of UKBOB for
11 abdominal organs totaling 3,000 images. UKBOB-manual acts as manual validation
for the large UKBOB. Examples of axial slices are shown here.

ants perform well in supervised medical image segmentation, significant performance

degradation occurs when the test data differs from training data due to variations in

protocols, scanners, or modalities [Ma et al. 2024]. Test-time adaptation (TTA) ad-

dresses this by fine-tuning model parameters at test time using only test data without

ground-truth [Karani et al. 2021]. Methods like TENT [Wang et al. 2021a] minimize

prediction entropy at test time to improve robustness and segmentation performance.

Augmentation-based Test-Time Adaptation is proposed [Zhang et al. 2020] to improve

on the domain gap issue. However, these approaches rely on well-calibrated models and

may be sensitive to augmentation procedures. Recent work [Dong et al. 2024] integrates

different predictions using various target domain statistics to enhance performance. Our

work tries to address the issue of domain gap when the training domain has noisy labels

making the adaptation even more challenging. Our model utilizes the confidence in

predictions to adapt based on the entropy map on the test samples. This increases the

model’s robustness across a wider domain gap.

7.3 Methodology
7.3.1 UKBOB Dataset Labels Collection

UKBiobank is a comprehensive dataset of 51,761 full-body MRIs from more than 50,000

volunteers[Sudlow et al. 2015], capturing diverse physiological attributes across a broad

demographic spectrum. This dataset is unlabeled, which limits the potential applications

for medical image understanding. We construct the UKBOB dataset by leveraging the

UK Biobank MRI Study [Sudlow et al. 2015], which consists of 51,761? neck-to-knee

3D MRI scans. Each scan includes four sequences: fat-only, water-only, in-phase, and

out-of-phase images. To obtain segmentation labels for C = 72 organs, we employ the

TotalVibeSegmentator [Graf et al. 2024], an automatic segmentation tool trained on a

subset of UK Biobank data. This approach allows us to generate over 1.37 billion 2D
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Figure 7.4: Specialized Organ Label Filter (SOLF). SOLF integrates sphericity, eccen-
tricity, and normalized volume to statistically filter out inaccurate organ labels. From left
to right, the panels display examples of low sphericity (0.21), high sphericity (0.95), low
eccentricity (0.14), and high eccentricity (0.87).

segmentation masks. Automatic labeling at this scale is crucial due to the impracticality

of manual annotation. While it is not feasible to confirm the quality of 17.9M annotated

images manually, we describe next a robust quality control mechanism on the collected

labels to insure accurate labels.

7.3.2 Organ Labels Quality Control

Manual Labels for Verification. We design a mechanism to validate these collected

labels by humans. To do so we collect manual labels from 3000 2D image from 300

MRI samples for 10 abdominal organs (UKBOB-manual). These manual labels (see

examples in Figure 7.3) act as a validation for the large UKBOB dataset. On these labels,

the UKBOB automatic labels obtain an average Dice Score of 0.891 (see Table 7.3).

Furthermore, we verify the spine labels of UKBOB using previously collected manual

labels of 200 3D spine labels [Bourigault et al. 2023]. We show an example in Figure 7.2

and we see how the new collected labels match the manual labels in the spine with a

total Dice score of 0.811, indicating accurate labels. We discuss in Section 7.5.1 another

mechanism for verifying the labels by zero-shot generalization of trained models to other

similar datasets that has manual labels.

Specialized Organ Label Filter (SOLF). While automatic labeling enables creating

large datasets, it introduces the possibility of noisy or erroneous labels. To mitigate this,

we propose a filtration mechanism that removes outliers from segmentation. A question

arises on how to distinguish segmentation failures from common patient abnormalities,

e.g. enlarged liver. It’s important to note that human organs follow typical geometric

properties that arise from the body’s need to optimize function while minimizing energy

expenditure and structural stress. They reflect the underlying biological "blueprint" that
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has been honed by evolution [Shetty et al. 2023]. inspired by the evolutionary regularity

of human organs [Shetty et al. 2023], we propose the Specialized Organ Label Filter

(SOLF), using three features jointly: normalized volume, eccentricity, and sphericity

(illustrated in Figure 7.4).

For each organ class c, the normalized volume for some 3D sample is computed as

vc = Vc

Vbody
, where Vc is the voxel count for the organ c ∈ {1, 2, . . . , C} and Vbody is the

total body voxel count. We define acceptable bounds for each feature by excluding the

extreme ϵ percentiles. For example, the bounds for volume are set as

vmin
c = Pϵ/2

(
{vc}N

n=1

)
, vmax

c = P100−ϵ/2
(
{vc}N

n=1

)
(7.1)

, where Pp(·) denotes the p-th percentile function. Sphericity is defined as Φc =

π1/3(6Vc)2/3/Ac, with Vc computed from voxel counts and Ac as the surface area mea-

sured by counting the exposed voxel faces of the organ. Finally, eccentricity is defined

as Ec =
√

1 − λmin/λmax, where λmin and λmax are the smallest and largest eigen-

values of the covariance matrix of organ c voxel coordinates. A sample is flagged as

inaccurate if at least two of the three features (normalized volume, eccentricity, and

sphericity) fall outside their respective acceptable ranges. Setting ϵ for SOLF effectively

discards samples with anomalous organ characteristics while retaining valid labels. A

single patient with abnormal organs is extremely unlikely to have more than a single

independent aspect of deviation at the same time, hence indicating inaccurate labels.

We filter collected organ labels using the patient’s full-body statistics, a novel approach

compared to previous methods that rely on flat label statistics (IQR) [Cheng et al. 2025;

Kuş and Aydin 2024] rather than patient meta-information and organ-specific features .

7.3.3 Entropy Test-Time Adaptation (ETTA)

A common practice in medical imaging to addresses the labels distribution-shift is

to employ Test-Time Adaptation (TTA) by fine-tuning model parameters at test time

using only test data without ground-truth [Karani et al. 2021]. To mitigate the impact

of any residual label noise at UKBOB, we introduce Entropy Test-Time Adaptation

(ETTA). ETTA refines the model’s predictions on test samples by fine-tuning the batch

normalization parameters using the test data itself, guided by minimizing the prediction

entropy. Given a test sample x, we first obtain the network’s initial prediction p = fθ(x),

where p ∈ [0, 1]N×C is the softmax probability over C classes at each of the N voxels in
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Figure 7.5: Entropy Test-Time Adaptation for Image Segmentation. We use a test-
time entropy map to refine the batch norm layer of the network for robust segmentation
output. This module is agnostic to the architecture of the deep neural network. Therefore,
It can be used with any segmentation network to increase consistency and robustness,
especially when trained with noisy labels.

the sample. Here, fθ represents the segmentation network parameterized by θ. We define

the entropy loss Lent over the predicted probabilities:

Lent = − 1
N

N∑
i=1

C∑
c=1

pi,c log pi,c (7.2)

where pi,c is the probability of class c at voxel i.

We update only the batch normalization parameters θBN while keeping the other network

parameters θfixed frozen (see pipeline in Figure 7.5). The adaptation process involves

minimizing the entropy loss with respect to θBN:

θ∗
BN = arg min

θBN
Lent (fθfixed, θBN(x)) (7.3)

This process adapts the model to the test sample by encouraging confident (low-entropy)

predictions, thereby refining the segmentation output. The adaptation is efficient as

it involves updating a small subset of parameters and can be performed online during

inference. ETTA leverages the entropy of the network’s predictions (Figure 7.6) to guide
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Input Prediction Entropy Map

Figure 7.6: Entropy Map Visualization. We show from left to right an example of input,
prediction and entropy map used in the Entropy Test-Time Adaptation on BTCV dataset
[Fang and Yan 2020] that can be leveraged to refine the output. Brighter regions indicate
higher entropy.

the adaptation, improving robustness to domain shifts and label noise.
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7.4 Experiments
7.4.1 Evaluation Datasets and Metrics

Evaluation Datasets. We evaluate our model on multi-modal publicly available datasets

i.e. AMOS [Ji et al. 2022] of 13 abdominal organs from 100 MRI scans split equally into

train and test sets, BTCV (Beyond the Cranial Vault) abdomen CT dataset [Fang and Yan

2020] of 30 training and 20 testing subjects and 13 labelled organs, and BRATS [Baid

et al. 2021; Menze et al. 2015; Bakas et al. 2017], the largest publicly available dataset

for brain tumors 5,880 MRI scans and corresponding annotations.

Evaluation Metrics. We evaluate our model using the Dice Score and the Hausdorff

Distance Metric, which are widely used in medical image segmentation [Ma et al. 2024;

Karimi and Salcudean 2019]. The Dice Score measures the overlap between predicted

and ground truth masks, while the Hausdorff Distance assesses the boundary discrepancy,

providing a comprehensive evaluation of segmentation performance.

7.4.2 Baselines.

To evaluate our model, we compared it with a variety of established baselines across

the BTCV, BRATS, and UKBOB benchmarks. For the BTCV dataset, baseline models

included UNet [Ronneberger et al. 2015], SegResNet [Myronenko 2018], TransUNet

[Chen et al. 2021], UNetr [Hatamizadeh et al. 2021], Swin-UNetr [Hatamizadeh et

al. 2022], nn-UNet [Isensee et al. 2021], and AttentionUNet [Oktay et al. 2018]. We

also evaluate the base TotalVibeSegmentator (TVS) [Graf et al. 2024] in zero-shot and

finetuning settings. These models represent widely adopted architectures in medical

image segmentation, offering a range of network designs from classic CNN-based

approaches to transformer-based architectures. For the BTCV dataset, diffusion-based

segmentation methods were also considered, including MedSegDiff [Wu et al. 2022] and

MedSegDiff-V2 [Wu et al. 2024]. Together, these baselines provide a comprehensive

foundation for evaluating our model’s performance in 3D medical segmentation. On the

BRATS2023 benchmark, additional baselines incorporated V-Net [Milletari et al. 2016],

ResUNet++ [Jha et al. 2019], and nnFormer [Zhou et al. 2023], along with UNETR

[Hatamizadeh et al. 2021] and Swin-UNetr [Hatamizadeh et al. 2022]. These models

were selected to encompass a spectrum of segmentation methods specifically suited to

brain tumor segmentation tasks.
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Model Dice Score Hausdorff Distance
ResUNet++ [Jha et al. 2019] 0.876 9.431

MedFormer [Wang et al. 2024b] 0.881 8.822
nnUNet [Isensee et al. 2021] 0.915 6.442

UNetr [Hatamizadeh et al. 2021] 0.902 7.968
Swin-UNetr [Hatamizadeh et al. 2022] 0.918 5.984

Table 7.2: UKBOB 3D Segmentation Benchmark. We show results on test mean Dice
Score (%) and mean Hausdorff Distance (n = 72 classes) of our proposed benchmark
on UKBOB. Note how Swin-UNetr [Hatamizadeh et al. 2022] achieves the best results,
resulting in our Swin-BOB foundation model.

7.4.3 Implementation Details

Pre-training. For pre-training on UKBiobank, we split the dataset into 80-10-10 for

training, validation, and testing. The input is cropped to 96×96×96 voxels from the

3D MRI. In training, for data augmentation, scans are intensity scaled, with random

flipping along the 3 axes, random foreground cropping, random rotation 90 degrees with

probability 10%, and random intensity shift with an offset of 0.1. In validation, scans

are intensity-scaled. We use a batch size of 8, AdamW optimizer, β1 = 0.9, β2 = 0.999,

and cosine learning rate scheduler with a warm restart every 200 epochs. We start with

the initial learning rate of 10−4 and decay of 10−5. We train the model on 2 A6000 GPU

for 3,000 epochs. We use binary Cross-Entropy and Dice Similarity Coefficient (DSC)

as our loss function. The best model achieving the highest overall Dice score on the 72

classes is saved at validation.

Fine-tuning. The pre-trained Swin-BOB is used on BTCV, BRATS, and AMOS, keeping

the same configuration as in training while reducing the warm-up scheduler to 50 epochs

for a total of 500 epochs.

7.5 Results
7.5.1 Validating UKBOB Labels

Manual Verification. In Table 7.3 we validate the quality of the UKBOB labels and

the organ quality control against manual spine annotation from [Bourigault et al. 2023]

and our manually annotated 11 abdomen UKBOB organs (UKBOB-manual). Even

without any filtration, UKBOB labels are precise, achieving Dice score of 0.811 and

0.873 on manual spines and UKBOB-manual respectively. We Also show that our SOLF

filtering approach (when ϵ = 2) increases Dice score by 0.056 compared to no filtering
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Configuration No Filter IQR filter SOLF Filter
Spine labels [Bourigault et al. 2023] 0.811 0.849 0.867

UKBOB-manual 0.873 0.877 0.891

Table 7.3: Precision of the collected UKBOB compared to Manual labels. We show
the Dice Score of the collected UKBOB labels on subsets of manual labels on UKBOB
for 200 spines [Bourigault et al. 2023] and on 300 manual abdominal labels we collect
(UKBOB-manual). Even without any filtration, UKBOB labels are precise, improving in
precision with our designed SOLF statistical filter.

on the spine labels and by 0.018 on the labelled abdomen organs. We also show standard

inter-quartile range filtering (IQR) [Ji et al. 2022] for comparison.

Zero-Shot Evaluations. We also rely on the zero-shot segmentation performance of

a model trained solely on those collected labels to be evaluated on a similar domain,

namely the AMOS Abdomen MRI dataset [Ji et al. 2022] and on MRI on BTCV dataset

[Fang and Yan 2020] in Table 7.5. AMOS shares 12 class labels with UKBOB while

BTCV shares 11 class labels. In Table 7.5, we show 10 organs overlap between BTCV

and AMOS where we omitted small organ i.e. duodenum as it has also been omitted

in baseline papers. We combined the left and adrenal gland into one class named AG.

We train Swin-UNetr [Hatamizadeh et al. 2022] from scratch on different filtration

schemes of the UKBOB and run the evaluation on the test sets given by BTCV and

AMOS (on the shared class labels) and report the mean Dice score and mean Haussdorff

distance. We adjust the preprocessing (normalization to [0,1], and resizing) to ensure

compatibility with the model’s pretrained dataset. These results highlight the importance

of the filtration we followed ensuring better quality labels.

7.5.2 Swin-BOB: A Foundation Model for 3D Medical Image Seg-
mentation

We train Swin-UNetr [Hatamizadeh et al. 2022] on our filtered UKBOB for a foundation

model (Swin-BOB) for 3D segmentation. We evaluate test performance on multiple

downstream tasks including BRATS brain MRI benchmark [Baid et al. 2021] in Table

7.4 and BTCV Abdomen CT [Fang and Yan 2020] in Table 7.7 (examples in Figure 7.7).

In both benchmarks, our Swin-BOB achieves state-of-the-art with up to 0.02 Dice score

improvement and reduction of 2.4 in Mean Hausdorff Distance. We also establish a

UKBOB benchmark with reported Dice score and Mean Hausdorff Distance of different

networks in Table 7.2 to aid research in this direction.
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Model Dice Score Hausdorff Distance
UNet[Ronneberger et al. 2015] 0.544 39.090

V-Net[Milletari et al. 2016] 0.842 10.891
ResUNet++[Jha et al. 2019] 0.784 22.249

AttentionUNet[Oktay et al. 2018] 0.798 20.048
nnFormer[Zhou et al. 2023] 0.812 10.070

UNETR[Hatamizadeh et al. 2021] 0.871 9.924
SegResNet[Myronenko 2018] 0.890 8.650

Total Vibe Seg.[Graf et al. 2024] 0.830 8.973
Swin-UNetr[Hatamizadeh et al. 2022] 0.886 9.016

Swin-BOB (ours) 0.894 8.650

Table 7.4: BRATS 3D Segmentation Benchmark. The proposed Swin-BOB model, pre-
trained on UK Biobank organs and fine-tuned on BRATS2023 [Baid et al. 2021] archives
state-of-the-art results on test mean Dice Score (%) and mean Hausdorff Distance (n = 3
classes). Baseline results are reported from the Swin-UNetr paper [Hatamizadeh et al.
2022].

7.5.3 Entropy Test Time Adaptation Results

In Table 7.6 we show the benefit of endowing different fine-tuned models with our

proposed ETTA and show improvement on 3 different datasets’ test performance for 3D

segmentation using 3 different networks (including Swin-BOB). In all the 3 networks,

we compare the ETTA against augmentation-based test-time adaptation baseline [Zhang

et al. 2020]. This highlights the importance of ETTA in tackling the issue of domain

shift in medical imaging especially when the training includes noisy labels, as in the case

of the Swin-BOB model.

Dataset Config. Spleen R.Kid L.Kid Gall. Eso. Liver Stom. IVC AG Aorta Mean

AMOS

TVS 0.823 0.697 0.814 0.782 0.786 0.802 0.759 0.738 0.879 0.881 0.796
no filter 0.908 0.931 0.942 0.657 0.658 0.958 0.822 0.874 0.529 0.906 0.818

+ vol. filter 0.910 0.940 0.951 0.658 0.667 0.966 0.832 0.882 0.621 0.918 0.832
+ SOLF filter 0.919 0.943 0.962 0.664 0.672 0.969 0.838 0.882 0.631 0.924 0.840

BTCV

TVS 0.848 0.721 0.801 0.785 0.797 0.795 0.737 0.715 0.861 0.862 0.792
no filter 0.883 0.884 0.932 0.795 0.790 0.946 0.885 0.871 0.784 0.799 0.856

+ vol. filter 0.881 0.870 0.939 0.812 0.801 0.925 0.873 0.858 0.781 0.852 0.875
+ SOLF filter 0.891 0.890 0.949 0.823 0.881 0.897 0.899 0.891 0.824 0.871 0.882

Table 7.5: Detailed Zero-shot 3D Segmentation Performance. We show Zero-shot
Test Dice Score of Swin-BOB on AMOS external MRI data and CT (BTCV) for same
organ classes. We show 10 organs that overlap between BTCV and AMOS where we
combined left and right adrenal gland into one class named AG while inferior vena cava
is briefed as IVC. TotalVibe Segmentator model (TVS) [Graf et al. 2024] results are
shown for reference, while the Swin-BOB model is trained on complete UKBOB without
filtration, with normalized volume statistical filter, and with full SOLF filter respectively.
Note the significant benefit of filtering the collected UKBOB labels.
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Input GT Swin-BOB TransUNet UNetr Swin-UNetr nn-UNet Tot.Vibe.Seg.

Figure 7.7: Qualitative Results on BTCV. We show comparisons of 3D segmentation
on the abdomen BTCV dataset with 12 organ labels [Fang and Yan 2020]. Note the
significant improvement of our Swin-BOB especially on Stomach in the first row and
Pancreas in the second row

BTCV AMOS BRATS
Configuration Mean Dice Mean HD Mean Dice Mean HD Mean Dice Mean HD

nn-UNet [Isensee et al. 2021] 0.804 12.141 0.795 9.623 0.812 9.787
nn-UNet + TTA [Zhang et al. 2020] 0.811 10.901 0.830 8.465 0.832 8.327
nn-UNet + ETTA (ours) 0.831 8.652 0.826 7.683 0.848 7.874
Swin-UNetr [Hatamizadeh et al. 2022] 0.872 8.517 0.822 8.390 0.885 8.929
Swin-UNetr + TTA 0.870 8.280 0.839 7.726 0.880 8.654
Swin-UNetr + ETTA (ours) 0.886 7.221 0.858 5.812 0.894 7.463
Swin-BOB (ours) 0.883 8.261 0.847 8.105 0.882 8.624
Swin-BOB + TTA 0.883 7.901 0.857 5.651 0.887 7.712
Swin-BOB + ETTA(ours) 0.892 7.381 0.864 7.191 0.894 7.130

Table 7.6: Effect of Entropy Test-Time Adaptation (ETTA). We demonstrate that the
proposed ETTA enhances the performance of fine-tuned models on the BTCV [Fang
and Yan 2020], BRATS [Baid et al. 2021], and AMOS [Ji et al. 2022] datasets. The best
results are achieved by fine-tuning our baseline Swin-BOB—pre-trained on the UKBOB
dataset. Our ETTA consistently improves performance across various networks and
downstream tasks, outperforming the standard TTA baseline [Zhang et al. 2020].

7.5.4 Analysis and Insights

Filtration Ablation Study. We study the effect of the filtration threshold ϵ in the SOLF

filter (Eq (7.1) of the three features) on the zero-shot generalization of the models trained

on the filtered subsets of UKBOB. For ϵ = 0, 1, 2, 3, 4, and 5, the performance Dice

score on BTCV is 0.792, 0.884, 0.892, 0.766, and 0.745, respectively. We also ablate the

features used in the SOLF filter. In Table 7.5, when only the normalized volume is used

in the SOLF filter(no Sphericity or Eccentricity), the quality of the filtration degrades

considerabley, highlighting the importance of each aspect of the SOLF filter to clean the

labels.

Filtering Out Patients Abnormalities. One concern of automatic filtration in Sec-

tion 7.3.2 is that it might filter out some natural abnormalities or pathologies in the

patients, mistaken as wrong labels. We visualize some of these filtered-out labels in

Figure 7.9 and show that indeed lack quality labels rather than the patients have obvious

abnormalities. The combination of normalized volume, sphericity and eccentricity makes

the filtration mostly about the quality of the labels rather than filtering out patients with
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Figure 7.8: UKBOB Distribution of Labels with our Filtration. We show the distribu-
tion of mean normalized volumes of 72 labels before and after SOLF filtration. More
examples and classes details are available in Appendix.

Model Spleen R.Kid L.Kid Gall. Eso. Liver Stom. Aorta IVC Veins Panc. AG Avg.
TransUNet [Chen et al. 2021] 0.952 0.927 0.929 0.662 0.757 0.969 0.889 0.920 0.833 0.791 0.775 0.637 0.838

UNetr [Hatamizadeh et al. 2021] 0.968 0.924 0.941 0.750 0.766 0.971 0.913 0.890 0.847 0.788 0.767 0.741 0.856
Swin-UNetr [Hatamizadeh et al. 2022] 0.971 0.936 0.943 0.794 0.773 0.975 0.921 0.892 0.853 0.812 0.794 0.765 0.869

nnUNet [Isensee et al. 2021] 0.942 0.894 0.910 0.704 0.723 0.948 0.824 0.877 0.782 0.720 0.680 0.616 0.802
Total Vibe Seg. [Graf et al. 2024] 0.948 0.914 0.917 0.736 0.741 0.954 0.859 0.881 0.794 0.752 0.718 0.699 0.826

MedSegDiff [Wu et al. 2022] 0.973 0.930 0.955 0.812 0.815 0.973 0.924 0.907 0.868 0.825 0.788 0.779 0.879
Swin-BOB (ours) 0.979 0.951 0.967 0.815 0.792 0.984 0.937 0.909 0.870 0.882 0.832 0.796 0.892

MedSegDiff-V2 (ens.)[Wu et al. 2024] 0.978 0.941 0.963 0.848 0.818 0.985 0.940 0.928 0.869 0.823 0.831 0.817 0.895
Swin-BOB (ens.) 0.981 0.958 0.971 0.817 0.796 0.988 0.942 0.912 0.874 0.886 0.836 0.799 0.897

Table 7.7: 3D Segmentation Performance on the BTCV Benchmark. We evaluate our
approach on the 3D segmentation task of the BTCV dataset using the Dice score. For a
fair comparison, we also report 10-fold ensembling results (denoted as ens.) as presented
in MedSegDiff-V2 [Wu et al. 2024].

abnormality. Figure 7.8 shows the distribution of organs normalized volumes in UKBOB

before and after filtration.

Scaling-Law of 3D Medical Segmentation. We study the impact of the scale of training

data of UKBOB on the downstream 3D segmentation performance, to justify the large

scale UKBOB. We independently trained the Swin-UNetr network on subsets of UKBOB

(i.e. 0%, 20%, 40%, 60%, and 80% and show in Figure 7.10 the Average test Dice Score

for both BTCV [Fang and Yan 2020] and BRATS [Baid et al. 2021]. We also show the

t-sne visualization of the features in Figure 7.11 illustrating the quality of the features.
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Figure 7.9: Filtration of Inaccurate Labels. top are manual labels of upper left lung
overlaid on scans for several slice indices. bottom are filtered out labels (red) of the
upper left lung overlaid on scans with corresponding slice indices. The filtered out lung
is incomplete and erroneous.

Figure 7.10: Effect of UKBOB Pre-Training Dataset Size on Downstream Segmenta-
tion Performance. We observe a consistent increase in test Dice Score for both BRATS
[Baid et al. 2021] and BTCV [Fang and Yan 2020] when doubling the size of pre-training
Swin-BOB on UKBOB, acting as a foundation model.
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Figure 7.11: Distribution of Feature Embeddings on BTCV organs and BRATS23.
Each category is represented with a unique color. We reduce features embeddings to 2D
for each class using t-sne [Van der Maaten and Hinton 2008]. The low dispersion of the
clusters between each other indicates that the features of different classes probably share
similar patterns and this explains the beneficial effect of large pre-training.
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7.6 Conclusions and Future Works

In this work, we introduced the UKBOB dataset, the largest labeled medical imaging

dataset to date, comprising 51, 761 3D MRI scans and over 1.37 billion 2D segmentation

masks covering 72 organs. Our models trained on UKBOB demonstrate strong zero-shot

generalization to other medical imaging datasets and achieve state-of-the-art performance

on several benchmarks in 3D medical image segmentation.

Limitations and Future Works. While UKBOB significantly expands the availability

of large-scale labeled data for medical imaging, it is limited to neck-to-knee MRI

scans and may not encompass the full diversity of imaging modalities and anatomical

regions. Despite our filtration process, the automatic labeling may still introduce residual

label noise that could impact model training. Future work includes extending the

dataset to cover additional imaging modalities such as CT scans and incorporating

more anatomical regions. Additionally, exploring advanced adaptation techniques and

integrating clinical metadata could enhance model robustness and applicability across

diverse clinical settings.
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A Detailed Setup

A.1 Datasets

We conducted our experiments on four primary datasets:

1. UK Biobank A more comprehensive dataset of 51,761 full-body MRIs from

more than 50,000 volunteers [Sudlow et al. 2015], capturing diverse physiological

attributes across a broad demographic spectrum. UK Biobank MRIs are resampled

to be isotropic and cropped to a consistent resolution (501 × 160 × 224).

2. BRATS The largest public dataset of brain tumours consisting of 5,880 MRI

scans from 1,470 brain diffuse glioma patients, and corresponding annotations

of tumours [Baid et al. 2021; Menze et al. 2015; Bakas et al. 2017]. All scans

were skull-stripped and resampled to 1 mm isotropic resolution. All images have

resolution 240 × 240 × 155. Tumours are annotated by expert clinicians for three

classes: Whole Tumour (WT), Tumour Core (TC), and Enhanced Tumour Core

(ET).

3. BTCV (Beyond the Cranial Vault) abdomen dataset [Fang and Yan 2020]. This

dataset involves 30 training and 20 testing subjects and 13 labelled organs: spleen,

right kidney, left kidney, gallbladder, esophagus, liver, stomach, aorta, inferior

vena cava, portal vein and splenic vein, pancreas, right adrenal gland and left

adrenal gland. We combine the left and right adrenal gland into one. Scans are

resampled to consistent resolution (224 × 224 ×85) and intensity scaled in the

range [-175,250] Hounsfield Units (HU).

4. AMOS Abdomen MRI [Ji et al. 2022] from the MICCAI AMOS Challenge, which

consists of segmentation of abdominal organs from 100 MRI scans split equally

into train and test sets. The organs include the liver, spleen, pancreas, kidneys,

stomach, gallbladder, esophagus, aorta, inferior vena cava, adrenal glands, and

duodenum. Scans are resampled to consistent resolution (256 × 256 × 125) and

scans normalised for intensity channel wise in the range [0,1].

A.2 Evaluation Metrics

• Dice Score The Dice Score, or Dice Coefficient, is a statistical measure used

to assess the similarity between two samples. It is widely utilized in medical

image analysis due to its sensitivity to variations in object size. The Dice Score is
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calculated by doubling the area of overlap between the predicted and ground truth

segmentations and dividing by the total area of both. The formula is:

Dice = 2 × Area(Spred ∩ Sgt)
Area(Spred) + Area(Sgt)

This metric ranges from 0 to 1, with a value of 1 indicating perfect agreement

between the prediction and the ground truth. The Dice Score is particularly robust

against variations in the size of the segmented objects, making it extremely useful

in medical applications where such variability is common.

Both IoU and Dice Score offer comprehensive insights into model accuracy, with

the Dice Score being especially effective in scenarios involving significant varia-

tions in object size.

• Hausdorff Distance The Hausdorff Distance is a metric used to measure the

extent of discrepancy between two sets of points, often applied to evaluate the

accuracy of object boundaries in image segmentation tasks. It is particularly useful

for quantifying the worst-case scenario of the distance between the predicted

segmentation boundary and the ground truth boundary.

The Hausdorff Distance calculates the greatest distance from a point in one set to

the closest point in the other set. In image segmentation, this involves finding the

largest distance from any point on the predicted boundary to the nearest point on

the ground truth boundary, and vice versa. The mathematical definition is:

HD = max
{

sup
p∈P

inf
q∈Q

d(p, q), sup
q∈Q

inf
p∈P

d(p, q)
}

where P and Q are the sets of boundary points of the predicted segmentation and

the ground truth segmentation, respectively, and d(p, q) represents the Euclidean

distance between points p and q.

A.3 Segmentation Details

We perform a series of experiments to determine the best segmentation model on UK-

BOB using state-of-the-art multi-resolution CNN (UNet [Ronneberger et al. 2015],

SegResNet [Myronenko 2018], nn-UNet [Isensee et al. 2021]) and transformer-based

networks (TransUNet [Chen et al. 2021], UNetr [Hatamizadeh et al. 2021], Swin-UNetr

[Hatamizadeh et al. 2022]). We report segmentation performance in Table B6 where
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Figure A1: Per-Class Performance Comparison with Specialized Segmentation
models. We compare the Dice Score performance of our Swin-BOB model and baselines
Swin-UNetr [Hatamizadeh et al. 2022] and nn-UNet [Isensee et al. 2021] on abdominal
organ segmentation (BTCV) and brain tumour segmentation (BRATS).

Swin-UNetr outperforms baselines by a margin, followed by nn-UNet. We show visual

examples of the 72 class labels in UKBOB in Figure B3 and Figure B4.

We also show detailed baseline comparison for BTCV and AMOS in Table A1 and Ta-

ble A2 respectively. We provide radar plot in Figure A1 that summarizes the performance

of our segmentation model Swin-BOB compared to baseline segmentation models on

different classes from BTCV and BRATS23 class average.

Model Mean Dice Score Mean Hausdorff Distance
UNet[Ronneberger et al. 2015] 0.782 8.374
SegResNet[Myronenko 2018] 0.794 7.912
TransUNet[Chen et al. 2021] 0.838 6.258

UNetr[Hatamizadeh et al. 2021] 0.856 4.317
Swin-Unetr[Hatamizadeh et al. 2022] 0.869 3.801

nn-UNet[Isensee et al. 2021] 0.802 6.782
AttentionUNet[Oktay et al. 2018] 0.816 5.848

Table A1: Comparison of segmentation model performance on BTCV (n = 12
classes).
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We show visual comparison on BRATS (Figure A2) of our model segmentation relative

to ground-truth.

Model Mean Dice Score

TransBTS[Wang et al. 2021c] 0.792
UNETR[Hatamizadeh et al. 2021] 0.762
nnFormer[Zhou et al. 2023] 0.790
SwinUNETR[Hatamizadeh et al. 2022] 0.880
3D UX-Net[Lee et al. 2023] 0.900

Table A2: Comparison of Segmentation Models for AMOS Segmentation (n = 14
classes).

Model Mean Dice Score Mean Hausdorff Distance

ϵ = 3 0.891 7.126
ϵ = 2 0.884 7.528
ϵ = 1 0.792 8.247
ϵ = 4 0.766 8.594
ϵ = 5 0.745 8.972

Table A3: Effect of Filtration Threshold on Segmentation Performance on manual
annotated set of abdomen organs (300) from UK Biobank. The 11 abdomen organs
and bones that have been manually annotated represent the overlap organs with BTCV
[Fang and Yan 2020] and UK Biobank [Graf et al. 2024].

Dataset Mean Dice Score Hausdorff Distance

AMOS 0.831 7.647
BTCV 0.837 5.138

Table A4: Zero-shot performance on external datasets.

Configuration Spleen R.Kid L.Kid Gall. Eso. Liver Stom. IVC AG Aorta
AMOS 0.9084 0.9311 0.9421 0.6516 0.6582 0.9581 0.8216 0.8740 0.5292 0.9062

AMOS + filtering 0.9102 0.9397 0.9508 0.6582 0.6673 0.9662 0.8315 0.8824 0.6209 0.9183
BTCV 0.883 0.884 0.932 0.795 0.790 0.946 0.885 0.871 0.784 0.799

BTCV + filtering 0.889 0.889 0.941 0.813 0.825 0.949 0.893 0.883 0.799 0.869

Table A5: Zero-shot 3D Segmentation Performance of Swin-BOB on AMOS external
MRI data and CT (BTCV) for same organ classes.

A.4 Threshold Selection

Full ablation experiments for threshold selection is available in Table A3. Results on

impact of filtration on BTCV and AMOS are reported in Table A5. We therefore ensure

high-quality labels by removing outliers adequately.
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Figure A2: Qualitative Performance on BRATS. We show the ground-truth top and
output bottom of our pre-trained Swin-BOB model for 3D segmentation on the brain
tumour BRATS dataset with 3 tumour class labels [Baid et al. 2021].

A.5 Zero-Shot Generalization

Our zero-shot evaluation on the AMOS and BTCV datasets highlights the robustness of

filtered labels. Metrics are detailed in Table A4.

A.6 Residual Label Noise

While filtration reduces label noise, some false positives persist. To further improve the

quality of the segmentation, we could incorporate human-in-the-loop approaches that

turned efficient as shown in [Graf et al. 2024; Bourigault et al. 2023].

A.7 Filtering Out Patients Abnormalities

One concern of automatic filtration is that it might filter out some natural abnormalities

or pathologies in the patients, mistaken as wrong labels. We visualize some of these

filtered-out labels in Figure 9 (main paper) and show that indeed lack quality labels rather

than the patients have obvious abnormalities. To quantify this behavior, we measure the

50-sample average LPIPS distance (the lower the more similar) between any two 3D

mid-abdominal slices from full UKBOB (0.315), between filtered/filtered-out samples

(0.329), between filtered/filtered samples (0.303), and between filtered-out/filtered-out

samples (0.339). This shows that all the distances are almost identical, indicating mostly

homogeneous organs in the dataset partitioning and hence the filtration is mostly about

the quality of the labels rather than filtering out patients with abnormality.
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Figure B3: Visualisation of UKBOB Segmentation Coronal Plane. We show an
example of 3D MRI from UKBOB for on coronal plane.

Figure B4: Visualisation of UKBOB Segmentation Sagittal Plane. We show an
example of 3D MRI from UKBOB for on sagittal plane.

B Entropy Test-Time Adaptation (ETTA)

B.1 Algorithm Details

In this section, we detail the algorithmic process for our test-time adaptation (ETTA). It

works by refining predictions minimizing entropy:

Lent = − 1
N

N∑
i=1

C∑
c=1

pi,c log pi,c.

During test time, only batch normalization parameters are fine-tuned while keeping other

parameters fixed. The method is simple, and efficient computationally since it does not

require retraining the full model.
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Figure B5: UKBOB Distribution of Labels with our Filtration. We show the distribu-
tion mean normalised volumes of 72 labels before and after filtration.
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Model ResUNet UNetr nnUNet Swin-UNetr MedFormer
spleen 0.91 0.92 0.94 0.94 0.93

kidney right 0.87 0.89 0.91 0.92 0.90
kidney left 0.88 0.90 0.92 0.93 0.91
gallbladder 0.82 0.84 0.85 0.85 0.84

liver 0.94 0.96 0.97 0.96 0.96
stomach 0.88 0.89 0.90 0.91 0.89
pancreas 0.85 0.87 0.89 0.90 0.88

adrenal gland right 0.81 0.83 0.84 0.86 0.84
adrenal gland left 0.81 0.83 0.84 0.86 0.83

lung upper lobe left 0.93 0.94 0.96 0.96 0.95
lung lower lobe left 0.94 0.95 0.96 0.96 0.94

lung upper lobe right 0.94 0.95 0.96 0.96 0.94
lung middle lobe right 0.93 0.94 0.96 0.96 0.95
lung lower lobe right 0.93 0.95 0.96 0.96 0,95

esophagus 0.86 0.88 0.9 0.91 0.89
trachea 0.87 0.89 0.92 0.92 0.91

thyroid gland 0.74 0.75 0.76 0.77 0.75
intestine 0.87 0.91 0.93 0.92 0.91

duodenum 0.81 0.84 0.86 0.87 0.85
urinary bladder 0.89 0.93 0.95 0.96 0.94

prostate 0.91 0.92 0.94 0.94 0.94
sacrum 0.91 0.92 0.96 0.95 0.04
heart 0.92 0.96 0.97 0.97 0.96
aorta 0.91 0.93 0.95 0.94 0.93

pulmonary vein 0.87 0.89 0.91 0.92 0.91
brachiocephalic trunk 0.83 0.86 0.88 0.89 0.88
subclavian artery right 0.81 0.85 0.86 0.88 0.86
subclavian artery left 0.81 0.85 0.86 0.88 0.86

common carotid artery right 0.81 0.83 0.84 0.86 0.86
common carotid artery left 0.81 0.83 0.85 0.87 0.85
brachiocephalic vein left 0.82 0.85 0.88 0.89 0.85

brachiocephalic vein right 0.83 0.85 0.87 0.88 0.85
atrial appendage left 0.79 0.82 0.84 0.84 0.83
superior vena cava 0.89 0.91 0.93 0.93 0.91
inferior vena cava 0.89 0.90 0.92 0.92 0.90

portal vein and splenic vein 0.76 0.79 0.82 0.82 0.80
iliac artery left 0.83 0.85 0.87 0.87 0.85

iliac artery right 0.82 0.84 0.86 0.86 0.84
iliac vena left 0.85 0.88 0.91 0.91 0.89

iliac vena right 0.85 0.88 0.90 0.90 0.88
humerus left 0.90 0.93 0.94 0.93 0.93

humerus right 0.90 0.93 0.94 0.94 0.93
scapula left 0.86 0.89 0.91 0.91 0.89

scapula right 0.88 0.89 0.91 0.91 0.89
clavicula left 0.86 0.88 0.90 0.90 0.88

clavicula right 0.86 0.88 0.90 0.90 0.88
femur left 0.91 0.94 0.97 0.96 0.95

femur right 0.90 0.93 0.96 0.95 0.93
hip left 0.92 0.95 0.97 0.98 0.96

hip right 0.91 0.94 0.96 0.97 0.95
spinal cord 0.85 0.87 0.88 0.90 0.88

gluteus maximus left 0.93 0.95 0.98 0.98 0.95
gluteus maximus right 0.93 0.95 0.98 0.98 0.95

gluteus medius left 0.94 0.97 0.98 0.98 0.97
gluteus medius right 0.94 0.97 0.97 0.97 0.97
gluteus minimus left 0.94 0.97 0.94 0.95 0.97

gluteus minimus right 0.94 0.97 0.94 0.95 0.97
autochthon left 0.94 0.96 0.97 0.97 0.96

autochthon right 0.94 0.96 0.97 0.97 0.96
iliopsoas left 0.92 0.94 0.96 0.96 0.95

iliopsoas right 0.91 0.93 0.96 0.96 0.95
sternum 0.86 0.88 0.92 0.92 0.89

costal cartilages 0.85 0.87 0.90 0.91 0.88
subcutaneous fat 0.89 0.92 0.95 0.96 0.93

muscle 0.91 0.93 0.96 0.97 0.94
inner fat 0.86 0.88 0.90 0.91 0.89

IVD 0.86 0.88 0.90 0.91 0.88
vertebra body 0.89 0.92 0.94 0.94 0.93

vertebra posterior elements 0.82 0.84 0.86 0.88 0.85
spinal channel 0.87 0.89 0.91 0.91 0.89

bone other 0.82 0.84 0.86 0.87 0.84

Table B6: 3D Segmentation Performance on UK Biobank dataset. We compare our
UKBOB on 3D medical segmentation task on the UK Biobank test set (n=10,353) with
5-fold cross validation compared to other methods using the average Dice score and
average Haussdorff Distance (HD) per class as metric. Standard deviations are shown
next to the mean Dice Score and HD values.
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C Dataset Access and Code for Reproducibility

The dataset and pre-trained Swin-BOB models will be made available publicly via UK

Biobank. Documentation for reproducing experiments is provided in supplementary

materials. Code is available at https://github.com/EmmanuelleB985/UK_

BOB/tree/main
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Chapter 8

Summary and Extensions

In this work, we developed automated methods for continuous measurement of scoliosis

handling two common challenges in the medical field namely domain gap and scarcity

of human labels.

8.1 2D Scoliosis Measurement on DXA

Principal findings. We showed that an end-to-end, label-efficient pipeline can recover

reliable maximum angle of the spine from low-dose DXA with limited manual anno-

tations. A model trained on ALSPAC DXA scans without finetuning gave a Pearson’s

correlation of 0.89 on the UK Biobank DXA test set. We find that we gain a performance

of 0.03 on the model trained on the UK Biobank with ALSPAC pseudo-labels. Itera-

tive self-training boosted segmentation Dice from 0.79 to 0.92, and angle error fell to

1.8◦ ± 1.3◦ versus expert measurements. These gains confirm that pseudo-labelling and

bootstrapped curation are viable when dense annotation is infeasible.

Strengths and clinical relevance. DXA machines are ubiquitous in osteoporosis

screening, so repurposing them for scoliosis monitoring offers immediate reach. Our

spline-based angle computation mimics radiologist workflow, facilitating acceptance and

easing regulatory review. Moreover, the 10s runtime on a CPU aligns with outpatient

throughput constraints.

Limitations. (1) Projection-specific bias. DXA employs fan-beam geometry, and

minor gantry tilt can distort apparent curvature. (2) Postural variability. Supine DXA
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may underestimate deformity compared with standing radiographs. (3) Domain drift. We

evaluated on GE Lunar scanners only while Hologic systems differ in energy spectrum

and noise texture. (4) Resolution heterogeneity. Variable DXA resolution across manufac-

turers (ranging from 0.6mm to 1.2mm pixel spacing) and the fundamental difference from

volumetric imaging limits cross-modal generalization, particularly when our models en-

counter older equipment with degraded detector sensitivity or newer ultra-high-resolution

systems outside our training distribution.

Literature Context and Clinical Impact. This work directly addresses the annotation

scarcity challenge identified by [Zhu 2005] and [Baur et al. 2017], surpassing existing

semi-supervised methods. While [Yang et al. 2017] achieved state-of-the-art performance

using 50% of training data, our iterative self-training requires even less initial annota-

tion. Unlike MedAL [Smailagic et al. 2018] which achieved 80% accuracy with 425

labeled images, we reached 92% Dice through progressive pseudo-label refinement. This

presents a fundamentally different approach from both active learning and traditional SSL

reviewed in the literature. Clinically, this transforms the diagnostic pathway by enabling

scoliosis screening during routine osteoporosis assessment, potentially capturing the

68% of adult scoliosis cases that are currently undiagnosed. The integration requires no

additional imaging, addressing the cost barriers highlighted by [Cheplygina et al. 2019].

Future work. Domain-adversarial fine-tuning or test-time self-recalibration as ex-

plored later in Chapter 7 could address vendor heterogeneity. A paired DXA-radiograph

study would quantify posture bias directly. Finally, incorporating vertebra-level uncer-

tainty estimates (e.g. via Monte-Carlo dropout) could flag scans needing manual review.

Critically, expanding our training cohort beyond the UK Biobank’s predominantly white

British population (94% European ancestry) to include diverse ethnic groups would

improve generalization.

8.2 3D Shape Analysis of Scoliosis

Principal findings. Extending to volumetric MRI uncovered rotational and lordotic

features invisible in 2D. The 3D spine mesh explained more variance in clinical severity

than 2D angles alone and clustered patients into axial-dominant versus sagittal-dominant

phenotypes.
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Biological insight. The observed coupling between axial rotation and compensatory

lumbar lordosis supports the spiral column hypothesis of progressive scoliosis mechanics.

Such coupling metrics could enrich risk-stratification models currently driven by Cobb

angle alone.

Limitations. MRI acquisition is resource-intensive and not part of standard scoliosis

work-ups in many centres. Supine positioning also attenuates deformity. Furthermore,

the UK Biobank MRI’s relatively coarse resolution (501×160×224 voxels) compared

to clinical protocols (typically 1mm isotropic) may obscure subtle rotational features,

particularly in mild curves where millimeter-scale asymmetries carry prognostic value.

The homogeneous demographic of our training population (ages 40–69, healthy vol-

unteer bias) limits applicability to pediatric idiopathic scoliosis or elderly osteoporotic

populations where vertebral morphology differs substantially.

Literature Context and Clinical Impact. This chapter addresses the critical gap

identified by [Zhang et al. 2019] and [Ma et al. 2020] regarding the neglect of axial and

sagittal planes in scoliosis assessment. While previous 3D studies using EOS imaging

were limited to n = 100 samples focusing on adolescent idiopathic scoliosis [Karam

et al. 2022], we conducted the first population-scale 3D analysis on adult degenerative

scoliosis. Our approach goes beyond the vertebrae-focused methods of [Chen et al.

2024] and [Li et al. 2024c] by analyzing the spine as an integrated 3D structure. This

could change treatment planning: surgeons can now identify patients requiring derotation

procedures versus simple coronal correction. The phenotypic clustering enables person-

alized treatment protocols. Axial-dominant cases may benefit from different bracing

strategies than sagittal-dominant ones, moving beyond the one-size-fits-all approach

criticized by [Smith et al. 2019].

Outlook. Ultra-fast, lower-field MRI (e.g. 0.55 T) could bridge cost gaps while pre-

serving 3D fidelity. Federated training across vendors will be essential for generalisation.

8.3 Predicting 3D Spine Shape from a Single DXA View

Principal findings. To merge the accessibility of DXA with the anatomical fidelity

of MRI, we introduce an image-based regression model that successfully maps a sin-
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gle 2D DXA image to a 3D spine shape. A vision transformer learns this 2D to 3D

correspondence, recreating the full spine shape geometry with sub-millimetre error.

Clinical implications. The model unlocks quasi-3D assessment using equipment al-

ready common in fracture-risk screening. The result is a practical bridge between modal-

ities, offering clinical applicability in that DXA are cheap and more widely accessible

unlike MRIs.

Limitations. The model inherits any DXA projection bias and assumes normal ver-

tebral morphology. Most critically, training exclusively on UK Biobank’s older adult

cohort (mean age 55.8 years) introduces age-specific anatomical priors that increase

reconstruction error when applied to younger populations, potentially compromising

surgical planning accuracy in adolescent idiopathic scoliosis. The variable resolution

of DXA inputs (0.6-1.2mm pixel spacing across different scanners) further compounds

uncertainty in the 2D-to-3D mapping.

Literature Context and Clinical Impact. This represents a novel contribution not

present in the transfer learning literature reviewed by [Morid et al. 2021] and [Constant

et al. 2023]. While existing work focused on adapting pre-trained models within single

modalities with SpineFM achieving 97.8% vertebrae identification [Simons et al. 2025]

and MA-SAM demonstrating multi-atlas segmentation [Fan et al. 2024], we directly

treated modality gap in training. Unlike the poor performance of SAM on spine MRI

(IoU=0.1135) reported by [Mazurowski et al. 2023], our cross-modal synthesis maintains

high fidelity. Diagnostically, this eliminates the binary choice between accessible but lim-

ited 2D imaging and comprehensive but expensive 3D imaging. Primary care physicians

can now obtain 3D insights from routine DXA, enabling earlier referral decisions based

on 3D deformity patterns rather than waiting for progression visible in 2D. This could

shift intervention timing by 2 to 3 years earlier in the disease course, when conservative

management is most effective.

Future work. A multi-view extension (antero-posterior + lateral) could further reduce

depth ambiguity. Conditional variational formulations might output shape ensembles to

express epistemic uncertainty when mapping from 2D to 3D.
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8.4 Automated DXA Scoliosis Method (DSM)

Principal findings. When evaluated against 1,929 expert-annotated scans, DSM achieved

an intraclass correlation coefficient of 0.89 for maximum angle and reduced reading time

from ∼90s manually to 7s for automation.

Limitations and bias. The validation cohort skewed female (62%), reflecting os-

teoporosis screening demographics. Some failures trace back to patient positioning

rather than algorithmic error. Resolution variations between clinical sites using different

DXA manufacturers may introduce systematic measurement biases that could mask or

exaggerate progression in longitudinal monitoring.

Literature Context and Clinical Impact. DSM directly addresses the inter-observer

variability problem that has plagued manual measurement since Cobb’s original 1948

method. While recent hybrid architectures like SpineHRformer [Zhao et al. 2023]

focused on technical improvements in Cobb angle measurement, and CHASPPRAU-

Net [Saeed et al. 2023] handled osteoporotic fractures, our work uniquely validates

against large-scale clinical annotations. Unlike the technology-focused approaches of

VertXNet’s ensemble methods [Chen et al. 2024], we demonstrate real-world clinical

concordance. Our automated DSM could transform diagnostic workflow a 93% time

reduction in angle measurement. This could enable radiologists to focus on complex

cases while te automated DSM handles routine screening. More critically, standardized

measurements eliminate the 5-10◦ inter-observer variability that currently confounds

progression monitoring. This standardization is essential for multi-centre clinical trials,

where measurement inconsistency has been a major limitation identified by [Graaf et al.

2024] in the SPIDER challenge.

Next steps. We plan a prospective, multi-centre trial using our automated DSM as a

triage tool, testing whether it reduces reported variations in human measurements.

8.5 Large-Scale, Generalisable 3D Spine Segmentation

Principal findings. Training on 51k MRI volumes yielded vertebra-level Dice of 0.95

and mean surface distance of 0.42mm.
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Scalability. Using a hybrid Swin-Transformer/UNet backbone halved memory versus

full-attention models, enabling full-field-of-view inputs at 1mm isotropic resolution on

24 GB GPUs. The pipeline now processes a UK Biobank MRI in 8s, fast enough for

population-scale deployment.

Cross-dataset robustness. Despite strong performance within the UK Biobank, our

segmentation model exhibits systematic degradation when applied to higher-resolution

clinical datasets. The Dice score drops from 0.95 to 0.83 when tested on 1mm isotropic

clinical MRI, primarily due to the model’s training on UK Biobank’s coarser 501×160×

224 resolution where fine anatomical boundaries are inherently blurred.

Literature Context and Clinical Impact. This chapter combines the efficiency goals

of active learning [Budd et al. 2021], the label-efficiency of SSL methods like HD-Teacher

[Zhu et al. 2023], and the architectural innovations of transformer-based models [Li et al.

2024c]. Our test-time adaptation module addresses a critical gap overlooked in prior work,

namely the domain shift between training and test data. While SSHSNet achieved 96.12%

Dice using cross pseudo supervision [Huang et al. 2023a] and HD-Teacher introduced

dual 2D/3D frameworks, our unified approach achieves comparable performance while

being deployable across heterogeneous scanners without retraining. Automated vertebra-

level segmentation enables patient-specific finite element modeling for implant selection,

potentially reducing the 3-5% implant failure rate. The 8s processing time allows real-

time intraoperative segmentation for navigation systems, addressing the registration

errors affecting spine surgeries.

Future directions. Incorporating self-supervised pre-training on unlabelled low-field

MRI could cut annotation further. Shape-aware diffusion models may regularise segmen-

tations under extreme pathology while preserving fine anomalies.

8.6 Impact of Resolution and Population Heterogeneity

on Model Performance

Resolution variability across imaging modalities. The substantial resolution hetero-

geneity across our datasets from DXA scans 832×320 to the standardized 240×240×155

voxels of BRATS and 501 × 160 × 224 of UK Biobank MRI presents fundamental chal-
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lenges for model generalization. DXA’s planar projection fundamentally differs from

the volumetric nature of MRI, with effective resolution varying across the imaging

field due to fan-beam geometry. The UK Biobank MRI’s relatively coarse resolution

(501 × 160 × 224) compared to specialized datasets like BRATS (240 × 240 × 155 at

1mm isotropic) impacts fine anatomical detail capture, particularly for small vertebral

features critical in early deformity detection. Our models must therefore learn resolution-

invariant representations, which we is achieved through multi-scale feature extraction in

the Swin-Transformer backbone (Chapter 7) and progressive upsampling in the 2D-to-3D

synthesis network (Chapter 5).

Population demographic shifts. The demographic composition varies dramatically

across our datasets, introducing systematic biases that affect model performance. The

UK Biobank cohorts (both DXA and MRI) represent a predominantly white British pop-

ulation aged 40 to 69 with healthy volunteer bias, contrasting sharply with the BRATS

dataset’s international brain tumor patients spanning all age groups. ALSPAC’s longitu-

dinal pediatric cohort introduces age-related anatomical variation absent in adult-focused

datasets. This population heterogeneity manifests in several ways: (i) Anthropometric

differences: UK Biobank’s European-centric cohort may exhibit different vertebral di-

mensions and curvature patterns compared to a more diverse population, (ii) Disease

spectrum bias: while UK Biobank captures primarily degenerative scoliosis in older

adults, clinical datasets like BRATS and AMOS include pathological cases with severe

anatomical distortion that challenge segmentation assumptions, (iii) Socioeconomic con-

founding UK Biobank’s volunteer bias toward higher socioeconomic status correlates

with better baseline spine health, potentially inflating performance metrics when models

trained on this data encounter real-world clinical populations.

Mitigation strategies employed. To address these challenges, we implemented sev-

eral domain adaptation techniques: (i) Resolution harmonization: all volumetric data

underwent standardized preprocessing including resampling to common spacing and

intensity normalization, though this risks losing high-frequency details in originally

high-resolution scans, (ii) Test-time adaptation (Chapter 7): our self-recalibration mod-

ule adjusts batch normalization statistics during inference, partially compensating for

population shifts with 6% Dice improvement on out-of-distribution data.
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Limitations of current approaches. Despite these mitigations, fundamental limita-

tions persist. Resolution harmonization through resampling cannot recover information

absent in low-resolution acquisitions. Sub-millimeter cortical features visible in BRATS

remain inaccessible in UK Biobank MRI. Population-specific anatomical variations,

particularly in understudied groups (e.g., individuals of African or South Asian ancestry,

pediatric populations with growth disorders), remain poorly captured due to dataset

composition. The healthy volunteer bias in UK Biobank means our "normal" spine

models may systematically underperform on clinical populations with comorbidities

affecting bone quality (osteoporosis, metastases, inflammatory arthropathies).

Clinical implications of heterogeneity. These resolution and population effects have

direct clinical consequences. Models trained on UK Biobank’s relatively healthy popula-

tion may miss subtle early degenerative changes when deployed in osteoporosis clinics.

The shape reconstruction error could potentially increase in younger populations and

misguide surgical planning in adolescent idiopathic scoliosis, where millimeter precision

affects fusion levels. Resolution limitations mean that while our methods excel at detect-

ing moderate-to-severe deformity (maximum spine angle > 20◦), they may miss mild

curves (10 − 20◦) that benefit most from early intervention. Geographic deployment

must therefore be carefully validated. A model performing well in UK teaching hospitals

may require recalibration for rural clinics serving different ethnic compositions or using

older, lower-resolution imaging equipment.

Future directions for robust generalization. Addressing these challenges requires

both technical and infrastructural advances: (i) Federated learning initiatives could train

models across diverse populations without centralizing sensitive data, though hetero-

geneous imaging protocols complicate implementation; (ii) Super-resolution networks

specifically designed for medical imaging could bridge resolution gaps, though hal-

lucinated details risk clinical misinterpretation; (iii) Domain-invariant learning using

adversarial training or optimal transport could learn features robust to population shifts,

at the cost of potentially reduced performance on any single domain; (iv) Prospective

multi-center validation with predefined demographic strata would quantify real-world

generalization gaps and guide targeted data collection; (v) Physics-informed architectures

that explicitly model imaging system characteristics (DXA fan-beam geometry, MRI coil

sensitivity profiles) could separate true anatomical variation from acquisition artifacts.

123



8.7 Synthesis and Future Directions

Connecting the pieces. Chapters 2 to 6 form a pipeline that (i) ingests ubiquitous

DXA, (ii) augments it to MRI-grade 3D insight, and (iii) scales to national biobank.

Together they answer why earlier work falls short in terms of: limited labels, 2D only

measurements, and modality specific models. Each chapter incrementally relaxes these

constraints.

Population-scale epidemiology. Deploying DSM over all 48,384 UK Biobank DXA

scans will, for the first time, quantify adult scoliosis prevalence with narrow confidence

intervals. Coupled with genetic data, this enables genome-wide association studies on

curvature phenotypes.

Personalised intervention. 3D shape-aware prognostic models could predict curve

progression risk on a per-patient basis, informing earlier bracing or surgical timing deci-

sions. Integrating our shape descriptors with finite-element simulations opens avenues

for patient-specific biomechanical planning.

Ethical and societal considerations. Automated triage risks overburdening secondary

care if false positives spike referrals. Continuous audit dashboards reporting sensitivity,

specificity, and demographic parity must accompany widescale roll-out. Secure, federated

analytics can respect privacy while enabling cross-centre learning.

Long-term vision. We envisage a learning health-system loop where each new scan re-

fines population statistics, uncertainty estimates prompt targeted labelling, and clinicians

receive adaptive, interpretable decision support for realising truly continuous, data-driven

scoliosis management. Crucially, this system must actively monitor and correct for

demographic and technical biases, automatically flagging when model confidence drops

due to population or resolution mismatches, and preferentially requesting annotations

from underrepresented groups to continuously improve equity in model performance

across all patient populations and imaging contexts.
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