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ABSTRACT 

Placental insufficiency syndromes, including fetal growth restriction (FGR) and pre-eclampsia (PE), are 

leading causes of perinatal and maternal morbidity and mortality. Early identification of at-risk 

pregnancies remains challenging due to limitations in current screening and the complexity of 

placental biology. This thesis evaluates three-dimensional power Doppler ultrasound, processed using 

machine learning, for quantifying first trimester placental volume and uterine vasculature with the 

goal of improving prediction of adverse perinatal outcomes. 

Data from the FirstPLUS study were used as a reference population and for model development. The 

OxPLUS cohort was prospectively established to develop and externally validate novel placental 

imaging biomarkers and predictive models for placental insufficiency. The OxNNet deep learning 

framework enabled rapid, reproducible segmentation of the placenta and automated calculation of 

single vessel fractional moving blood volume (svFMBV).  

Prescriptive centile charts for placental volume and svFMBV were constructed, and derived z-scores 

were significantly associated with FGR and PE. Multivariable models incorporating OxNNet-derived 

metrics, maternal history, and established biomarkers demonstrated good discrimination for both 

conditions, which was attenuated but preserved when the models were assessed in the independent 

OxPLUS cohort. The centile charts themselves have not yet been assessed in an independent 

population. 

This thesis also introduces new quantitative markers of placental and vascular morphology, several of 

which showed significant associations with adverse outcomes. The feasibility of training sonographers 

in advanced placental ultrasound was demonstrated, alongside the implementation of structured 

quality assurance tools, resulting in good reproducibility for most OxNNet-derived metrics. 

These findings establish proof of concept for automated placental assessment in early pregnancy and 

provide a foundation for further research into placental insufficiency. This work advances the 

quantitative assessment of placental function, but further validation in independent populations, 

together with assessment of calibration and of clinical impact, would be required before it could inform 

obstetric practice. 



 

 8 

ACKNOWLEDGEMENTS 

I am deeply grateful to my supervisors, Prof. Sally Collins and Prof. Antoniya Georgieva. Special thanks 

to Prof. Collins, whose life’s work I have been privileged to build upon. As my main supervisor, mentor, 

and friend, she has been a constant source of support and inspiration. She created the opportunity for 

this project and secured the funding that made it possible. I thank the Sir Jules Thorn Trust, whose 

grant to Prof. Collins enabled OxPLUS and my doctoral work. 

To the OxPLUS team, our research midwives and assistants — thank you for helping us reach our 

ambitious recruitment target. I am indebted to Eleni Fotaki, Ezryah Rzewski, Shanice Akinyombo, and 

especially Katja Shipp, whose focus and hard work were crucial. I also wish to remember Jess Farmer, 

missed and held in great fondness. My sincere thanks go to the sonographers at the John Radcliffe 

Hospital who contributed to the study: Tess Norris, Helen Crichton, Charlotte Drewett, Sian Evans, 

Shila Sadeghi Kaji, Helen Price, Karolina Edwards, Ali Chevassut, Jayne Lander, Caroline Dillon, Sarah 

Bendor-Samuel, Roddy Deans, Jane Castle, Joanna Gregg, Ali Fitzpatrick, Beth Leake, Harriet Josephy, 

Salli Mitchell, Melanie Fenn, Honor Stobart, and Grace Agbo. I am especially grateful to Theo Adu-

Bredu, an extraordinary sonographer, prolific researcher, and remarkable colleague. Thanks also to 

Sam Defreitas, Sandra Helm, Cathrin Shepherd, Donna Morris, and Tayla McMahon, whose 

contributions kept the study running smoothly. 

I would like to acknowledge Charlotte Cose, a gifted poet, for her company, entertainment, Cha-Cha 

Slide, and endless stickers. My heartfelt thanks also go to Debbie Hedgecott, friend and office 

companion, and an outstanding study manager whose expertise got the project off the ground and 

kept things steady through difficult times. And to Mohammadreza Soltaninejad whose software 

engineering wizardry and machine learning skills made much of this possible. Massive thanks to Prof. 

Dave Wright and Stephen Gerry for the stimulating statistical discussions, for their advice and for their 

patience! 

Finally, to my wife Riva, and my sons Bodhan and Kashi — thank you for your encouragement, for 

taking on so much so I could pursue this work, and for believing in me and in us. I know I have been 

absent during much of this project, and I am profoundly grateful for your patience, love, and 

unwavering support. 



 

 9 

LIST OF FIGURES 

Figure 1: The vascular anatomy of the myometrial vascular plexus in the pregnant uterus ............... 26 

Figure 2: The position of the five OxNNet-derived 3D-svFMBV locations with respect to the placenta 

and myometrium .................................................................................................................................. 36 

Figure 3: FirstPLUS study summary of exclusions and definition of final cohort ................................. 52 

Figure 4: OxPLUS study summary of exclusions and definition of final cohort .................................... 53 

Figure 5: Comparison of representation of ethnic categories in the FirstPLUS and OxPLUS cohorts .. 54 

Figure 6: Summary of exclusions for centile chart development ......................................................... 68 

Figure 7: Paired histograms and quantile-quantile plots for each OxNNet-derived parameter .......... 71 

Figure 8: Faceted boxplots for each OxNNet-derived parameter stratified by gestational age in days

 .............................................................................................................................................................. 72 

Figure 9: Final centile charts for placental volume and svFMBV1–5. ................................................... 76 

Figure 10: Paired histograms and quantile-quantile plots for z-scores of each OxNNet-derived 

parameter ............................................................................................................................................. 79 

Figure 11: Forest plots, odds ratios and C-statistics for the prediction of adverse perinatal outcomes in 

the complete FirstPLUS cohort using z-scores for each OxNNet parameter ........................................ 81 

Figure 12: Example of a diagnostic plot self-assessment tool for nuchal translucency measurements.

 .............................................................................................................................................................. 88 

Figure 13: Summary of sonographers included in training and quality control analyses ................... 100 

Figure 14: Training events required to achieve competence in A) primary training in first trimester 3D 

placental ultrasound with power Doppler, and B) further training required in response to the OxNNet 

feedback toolkit .................................................................................................................................. 101 

Figure 15: Examples of the self-assessment feedback tool for placental volume (A, B) and svFMBV2 (C, 

D) showing both positive and negative feedback ............................................................................... 102 

Figure 16: Derivation of OxPLUS subgroup cohorts 1–3 .................................................................... 105 

Figure 17: Cumulative sum (CUSUM) learning curve analyses for each sonographer performance with 

respect to subgroup cohort 3 for the entire duration of the OxPLUS study ...................................... 108 

Figure 18: Correlation plot showing associations between candidate variables ............................... 124 



 

 10 

Figure 19: Plots of placental volume z-score against log relative hazard (with 95% confidence intervals) 

for each outcome variable, exploring linear modelling and restricted cubic splines with 2 or 3 degrees 

of freedom. ......................................................................................................................................... 126 

Figure 20: Receiver operating characteristic (ROC) curves including all models for prediction of A) fetal 

growth restriction and B) pre-eclampsia ............................................................................................ 132 

Figure 21: Calibration plots for A) the full FGR prediction model (FGR1) and B) the full PE prediction 

model (PE1) ........................................................................................................................................ 137 

Figure 22: A two-dimensional B-mode ultrasound image of a first trimester pregnancy with three-

dimensional OxNNet-derived multiclass segmentation masks overlaid, showing A) the plain two-

dimensional ultrasound, B) fetal segmentation, C) placental segmentation, D) amniotic fluid 

segmentation, and E) complete multiclass segmentation .................................................................. 149 

Figure 23: Schematic representation of spiral artery jet morphology resulting in A) a low dispersion 

index and B) a high dispersion index. The solid red line represents the centreline of the vessel jet. 154 

Figure 24: Faceted boxplots for novel placental markers plotted against gestational age for A) UPI 

surface area, B) surface volume ratio, and C) functional spiral artery jet count ................................ 160 

Figure 25: Histograms evaluating the distribution of novel placental markers ................................. 161 

Figure 26: Histograms demonstrating the results of log10 transformation on distribution of novel 

markers for A) arcuate artery count, B) radial artery count, and C) FSA jet mean dispersion index .. 162 

Figure 27: Histograms to evaluate the distribution of z-scores derived from LMS modelling for A) 

functional spiral artery jet count, B) uteroplacental interface surface area, and C) surface volume ratio

 ............................................................................................................................................................ 163 

Figure 28: Forest plots showing odds ratios for A) fetal growth restriction and B) pre-eclampsia 

associated with an incremental increase of one for each novel marker ............................................ 164 

Figure 29: Bland-Altman plots for five OxNNet-derived first trimester placental markers demonstrating 

intra-operator reproducibility (left column) and inter-operator reproducibility (right column) ........ 179 

 



 

 11 

LIST OF EQUATIONS 

Equation 1: Formula to calculate precision in estimation of extreme centiles .................................... 64 

Equation 2: Bernoulli log-likelihood increment .................................................................................... 99 

Equation 3: Cumulative CUSUM statistic ............................................................................................. 99 

Equation 4: SVR .................................................................................................................................. 154 

Equation 5: UPI index ......................................................................................................................... 154 

Equation 6: Dispersion index .............................................................................................................. 154 

 



 

 12 

LIST OF TABLES 

Table 1: Delphi consensus diagnostic criteria for fetal growth restriction ........................................... 20 

Table 2: Comparison of three key diagnostic frameworks for pre-eclampsia ...................................... 22 

Table 3: Description of the OxNNet-derived 3D-svFMBV locations ..................................................... 36 

Table 4: The major and moderate risk factors for pre-eclampsia as specified in the NICE guideline 

Hypertension in pregnancy: diagnosis and management (2019) ......................................................... 46 

Table 5: Ultrasound machine settings for 3D first trimester placental scan acquisition ...................... 48 

Table 6: Comparison of cohort characteristics and outcomes between FirstPLUS and OxPLUS cohorts, 

including all cases with evaluable 3D placental scan data .................................................................... 55 

Table 7: Subgroup analysis of OxPLUS cases comparing cohort characteristics and outcomes between 

the evaluable cohort and cases of automated quality control failure .................................................. 56 

Table 8: Characteristics of FirstPLUS subgroup for centile chart construction .................................... 69 

Table 9: Akaike information criterion assessment of quantile regression models for prediction of each 

OxNNet-derived parameter from gestational age in days .................................................................... 74 

Table 10: Akaike information criterion and GAMLSS family for each Lambda-Mu-Sigma derived model

 .............................................................................................................................................................. 75 

Table 11: Percentage of cases at various centiles observed in study cohort (Obs) vs predicted by final 

model (Pred) for A) placental volume, svFMBV1 and svFMBV2; and B) svFMBV3, svFMBV4, and 

svFMBV5 ............................................................................................................................................... 78 

Table 12: Westgard multi-control rules ................................................................................................ 89 

Table 13: Conditional logic and resulting textual outputs for self-assessment feedback tool for 

placental volume and svFMBV2 ........................................................................................................... 94 

Table 14: Multi-rule approach to quality control ................................................................................. 97 

Table 15: Values of 𝑝0 and ℎ used for CUSUM analysis ....................................................................... 98 

Table 16: Summary of learning events required to achieve competence in first trimester 3D placental 

ultrasound with power Doppler. ........................................................................................................ 101 

Table 17: Sonographer performance as rated using the OxNNet feedback toolkit before and after 

receiving feedback .............................................................................................................................. 104 



 

 13 

Table 18: Summary of the incidence of multi-rule quality control failures across subgroup cohorts 1–3

 ............................................................................................................................................................ 106 

Table 19: Decisions regarding degrees of freedom applied using restricted cubic splines to each 

continuous candidate variable ........................................................................................................... 125 

Table 20: Recommendations for variables to include in predictive models based on ANOVA and 

backwards selection ........................................................................................................................... 127 

Table 21: Final components of multivariable models for the prediction of fetal growth restriction and 

pre-eclampsia ..................................................................................................................................... 128 

Table 22: Area under the ROC curve for each model including apparent and optimism corrected AUC 

from the training dataset, and AUC derived from external validation ............................................... 130 

Table 23: Sensitivity, specificity, negative predictive value (NPV) and positive predictive value (PPV) for 

each model on external validation calculated for false positive rates (FPR) of 10%, 30%, and 50% .. 131 

Table 24: Pairwise comparison of AUC between models for prediction of fetal growth restriction and 

pre-eclampsia ..................................................................................................................................... 133 

Table 25: Performance of each model in subgroups for external validation ..................................... 135 

Table 26: Summary of key characteristics and outcomes for the combined OxPLUS and FirstPLUS cohort 

(n = 6246) ............................................................................................................................................ 157 

Table 27: Summary of missing data for each novel marker (n = 6246) .............................................. 158 

Table 28: Summary of demographic characteristics for intra-operator and inter-operator 

reproducibility analysis cohorts .......................................................................................................... 176 

Table 29: Intra-operator agreement analysis ..................................................................................... 178 

Table 30: Inter-operator agreement analysis ..................................................................................... 178 

 



 

 14 

LIST OF ABBREVIATIONS 

2 

2D: Two-dimensional 

3 

3D: Three-dimensional 

A 

ACOG: American College of Obstetricians and Gynecologists 

AIC: Akaike information criterion 

ANOVA: Analysis of variance 

APS: Antiphospholipid syndrome 

AUC: Area under the curve 

B 

BCCGo: Box-Cox Cole and Green distribution (ordinary) 

BCE: Before common era 

BCPEo: Box-Cox power exponential (ordinary) 

BMI: Body mass index 

BP: Blood pressure 

BW: Birthweight 

C 

CI: Confidence interval 

CPU: Central processing unit 

CUSUM: Cumulative sum 

D 

DI: Dispersion index 

DIC: Disseminated intravascular coagulation 

E 

EFW: Estimated fetal weight 

 



 

 15 

F 

FGR: Fetal growth restriction 

FI: Flow index 

FirstPLUS: First-trimester Placental UltraSound study 

FMBV: Fractional moving blood volume 

FMF: Fetal Medicine Foundation 

FSA: Functional spiral arteries 

FTPV: First trimester placental volume 

G 

GAMLSS: Generalised additive models for location, scale and shape 

GDM: Gestational diabetes mellitus 

GT: Generalised t distribution 

I 

IQR: Interquartile range 

IRAS: Integrated research application system 

ISSHP: International Society for the Study of Hypertension in Pregnancy 

ISUOG: International Society of Ultrasound in Obstetrics and Gynecology 

IVS: Intervillous space 

J 

JSU: Johnson's SU distribution 

L 

LDA: Low dose aspirin 

LGA: Large for gestational age 

LMS: Lambda-Mu-Sigma 

LOGNO: Log normal distribution 

M 

MoMs: Multiples of the median 

MVP: Myometrial vascular plexus 

 



 

 16 

N 

NHS: National Health Service 

NICE: National Institute for Health and Care Excellence 

NIfTI: Neuroimaging informatics technology initiative 

NT: Nuchal translucency 

O 

OR: Odds ratio 

OxNNet: Oxford Neural Network 

OxPLUS: Oxford Placental UltraSound study 

P 

PAPP-A: Pregnancy associated plasma protein A 

PE: Pre-eclampsia 

PI: Pulsatility index 

Q 

QC: Quality control 

QR: Quantile regression 

R 

RR: Relative risk 

S 

SEP: Skew exponential power 

SGA: Small for gestational age 

SHASH: Sinh-arcsinh 

SHASHo: Sinh-arcsinh (ordinary) 

SLE: Systemic lupus erythematosus 

SMFM: Society for Maternal-Fetal Medicine 

SNG: Sub-noise gain 

STROBE: Strengthening the reporting of observational studies in epidemiology 

svFMBV: Single vessel fractional moving blood volume 

SVR: Surface-to-volume ratio 

 



 

 17 

U 

UPI: Uteroplacental interface 

UtA: Uterine artery/arteries 

V 

VFI: Vascularisation flow index 

VI: Vascularisation index 

VOCAL™: Virtual Organ Computer-aided AnaLysis 

W 

WHO: World Health Organization 



 

 18 

[1] INTRODUCTION 

The importance of the placenta for fetal nourishment, development and survival has been understood 

since at least the 5th century BCE, the time of the Ancient Greeks.1 More than two thousand years later, 

we now understand that dysfunction of the placenta, and of maternal-placental interaction, 

contributes to a spectrum of interrelated syndromes including fetal growth restriction (FGR) and pre-

eclampsia (PE).2,3 The global impact of these ‘placental insufficiency’ syndromes on maternal and 

perinatal morbidity and mortality is substantial.4-7  

While there is considerable scientific research on how the human placenta works and what can go 

wrong, important questions remain — especially about the basic vascular causes of FGR and PE.  

Furthermore, our capacity to accurately identify individuals at risk of placental insufficiency remains 

limited, which poses a significant challenge to the development and implementation of effective risk 

mitigation strategies. Novel placental biomarkers, particularly those that reflect the behaviour of the 

uteroplacental vasculature, are consequently of considerable interest.  

The high-level aim of this work is therefore to better understand uteroplacental vascular changes 

linked to FGR and PE, and to improve clinical prediction of these conditions. 
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1.1 Clinical motivation 

1.1.1 Fetal growth restriction 

It is proposed that all fetuses have an inherent ‘growth potential’ — the size to which they will grow 

under optimal conditions. FGR is the failure of a fetus to achieve its growth potential, frequently 

presenting as diminished growth velocity or an estimated fetal weight (EFW) or birthweight (BW) that 

is lower than expected for the given gestational age. Criteria for the antenatal diagnosis of FGR have 

been agreed by Delphi consensus (summarised in Table 1, page 20), but there is a lack of agreement 

on how to ascertain growth potential itself.8 Consequently, small for gestational age (SGA), generally 

defined as an EFW or BW <10th centile, is frequently used as a proxy for FGR in medical research and 

in clinical practice. This is troubling because some babies that are SGA are merely constitutionally small 

(that is, they are achieving their growth potential) without other evidence of FGR. Similarly, a fetus or 

neonate whose growth has faltered may not fall below the 10th centile but may well be failing to 

achieve their growth potential and could therefore be at risk of adverse outcomes. This matters 

because failure to recognise and appropriately manage a growth restricted fetus risks significant 

harm.9 But conversely, obstetric intervention in cases of SGA without FGR also has the potential to 

harm, particularly if this results in iatrogenic preterm birth. Indeed, national guidance in the UK 

highlights the importance of avoiding preterm or early term birth, except where there is sufficient 

expectation that doing so will reduce the risk of serious adverse events.10  

How we define FGR in both clinical practice and research settings is therefore extremely important, 

and definitions that rely solely on absolute thresholds of EFW or BW may not be applicable to all cases 

of FGR. We cannot ignore the wealth of literature that exists in relation to SGA, which remains an 

important (albeit limited) marker for FGR, but cautious interpretation is required with respect to the 

implications for true FGR. 

Furthermore, uteroplacental insufficiency is not the sole cause of FGR. Associations can also be 

observed with FGR and maternal medical conditions11-13, drugs (both prescribed and recreational)14,15, 

poor nutrition16, infection,17 chromosomal abnormalities18-20, fetal cardiac anomalies21,22, 

gastroschisis23, and neural tube defects.24 However, uteroplacental insufficiency is the most common 

cause of FGR and is the primary focus of this thesis.25 
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Table 1: Delphi consensus diagnostic criteria for fetal growth restriction 
 

  

 

 Early FGR Late FGR  

 Gestational age <32 weeks  Gestational age ≥32 weeks  

 
Any one of: 
• Abdominal circumference <3rd centile 
• Estimated fetal weight <3rd centile 
• Umbilical artery absent end diastolic flow 

Any one of: 
• Abdominal circumference <3rd centile 
• Estimated fetal weight <3rd centile 
 

 

 Or: 
• Abdominal circumference or EFW <10th 

centile combined with…  
• Uterine artery pulsatility index >95th 

centile and/or umbilical artery pulsatility 
index >95th centile  

Or at least two out of three of the following: 
• Abdominal circumference or EFW <10th 

centile  
• Abdominal circumference or EFW 

crossing >2 quartiles on non-customised 
growth charts 

• Cerebro-placental ratio <5th centile or 
umbilical artery pulsatility index >95th 
centile 
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1.1.2 Pre-eclampsia 

PE complicates approximately 2–5% of pregnancies26,27, although there are also populations where the 

incidence is much higher.28 The classical diagnostic criteria for PE are new onset hypertension in 

pregnancy (generally ≥140/90 mmHg at ≥20 weeks’ gestation) with proteinuria (typically 

≥30 mg/mmol if formally assessed) representing renal dysfunction. However, pre-eclampsia is a highly 

heterogeneous condition, and more recent diagnostic frameworks account for evidence of other 

systemic dysfunction as an alternative to proteinuria. There are several key diagnostic guidelines which 

overlap significantly and a comparison between three of the most commonly used is presented in 

Table 2 (page 22).29-31 Most of the differences in recommendations are subtle, but one critical 

distinction is the exclusion of uteroplacental dysfunction from the American College of Obstetricians 

and Gynecologists (ACOG) recommendation29, whereas it is included in those of the International 

Society for the Study of Hypertension in Pregnancy (ISSHP)30 and the National Institute for Health and 

Care Excellence (NICE).31 This difference is important in medical research, because including FGR as 

part of the diagnostic criteria for PE makes it virtually impossible to distinguish between these two 

phenotypes of placental insufficiency based on diagnostic codes alone.  

 



 

 22 

 

Table 2: Comparison of three key diagnostic frameworks for pre-eclampsia 

 

   

 
Diagnostic 
parameter 

Diagnostic framework  

 ACOG (2020)29 ISSHP (2021)30 NICE (2019)31  

 
General qualifier 

 
≥20/40 gestation with hypertension plus at least one other feature. 

 

 Hypertension  ≥140/90 ≥140/90 ≥140/90  

 
Hypertension 
qualifier 

Measured on two 
occasions at least 4 
hours apart. 

At least 2 readings 
should be averaged to 
reflect BP for the visit. 

Not specified 

 

 

Proteinuria 

≥300 mg per 24-hours, 
protein/creatinine 
ratio ≥0.3 mg/mg, or 
dipstick reading of ≥2+  

Protein/creatinine 
ratio ≥0.3 mg/mg 

Protein/creatinine 
ratio ≥30 mg/mmol, 
albumin/creatinine 
ratio of ≥8 mg/mmol, 
or dipstick reading 
≥1+  

 

 

Haematological 
complications 

Platelet count <100 x 
109/L 

Platelet count <150 x 
109/L, DIC, or 
haemolysis 

Platelet count <150 x 
109/L, DIC, or 
haemolysis 

 

 

Renal impairment 

Serum creatinine ≥1.1 
mg/dL or doubling 
in the absence of other 
renal disease 

Serum creatinine ≥ 90 
μmol/L or 1 mg/dL 

 

Serum creatinine ≥ 90 
μmol/L or 1.02 mg/dL 

 

 

 Hepatic 
impairment 

Transaminases twice 
normal concentration 

Transaminases >40 
IU/L 

Transaminases >40 
IU/L 

 

 Pulmonary 
oedema Included Not included Not included 

 

 

Neurological 
complications Severe headache Not included 

Eclampsia, altered 
mental state, 
blindness, stroke, 
severe headache, 
persistent visual 
scotomata 

 

 

Uteroplacental 
dysfunction Not included 

Placental abruption, 
angiogenic imbalance, 
FGR, abnormal 
umbilical artery 
Doppler waveform 
analysis, or 
intrauterine fetal death 

FGR, abnormal 
umbilical artery 
waveform, stillbirth 
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1.1.3 Clinical outcomes 

Both FGR and PE are worthy of attention as they are associated with a significantly increased risk of 

adverse pregnancy outcomes.  

PE is a major contributor to global maternal mortality, with hypertensive complications accounting for 

16% of maternal deaths worldwide (equating to approximately 46,000 deaths a year).7 For survivors 

of pre-eclampsia, there is an association with adverse health outcomes in the longer term.32 Several 

studies have reported increased risk of cardiovascular disease and stroke in women with pregnancies 

complicated by PE33-35, greater risk of chronic hypertension33,35,36, and a greater probability of late-

onset diabetes.36 PE also represents a disease burden for the fetus and neonate — globally, pre-

eclampsia accounts for approximately 26% of perinatal mortality37 and is an important cause of 

iatrogenic preterm birth.38 
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1.2 Pathophysiology 

The myometrial vascular plexus (MVP) of the placental bed comprises an intricate network of vessels. 

Originating from the uterine arteries (UtA), the arcuate arteries branch into radial arteries, which give 

rise to basal arteries and spiral arteries (Figure 1). 

During early pregnancy, endovascular trophoblasts invade the uterine spiral arteries and, in a process 

known as placentation, the spiral arteries undergo structural remodelling (probably between 8–18 

weeks’ gestation39), becoming dilated and inelastic vessels that function independently of maternal 

vasomotor regulation.40 This can be observed in histological studies which reveal changes in spiral 

artery morphology in pregnancy.41,42 Spiral artery remodelling is often thought to occur in two distinct 

waves with the primary (decidual) phase being completed by around 10 weeks’ gestation, and a 

secondary (myometrial) phase around 4–5 weeks later, completing by 16 weeks’ gestation.43,44 

However, this model is challenged by findings showing a gradual rise in the number of myometrial 

vessels with endovascular trophoblast at 10–12 weeks’ gestation, which supports remodelling as a 

continually progressive process.45-48 There is therefore uncertainty about exactly how this remodelling 

progresses in healthy pregnancies. 

Nevertheless, deficient spiral artery remodelling is well-known to be associated with FGR and PE and 

is thought to be key to the aetiology of both conditions.49-53 The mechanism underlying inadequate 

remodelling remains incompletely understood but likely involves interactions between the maternal 

immune system within the decidua and paternally derived antigens presented on trophoblast cells.54 

The reason why an apparently similar antecedent event leads to one disease phenotype or the other, 

or manifests as both FGR and PE, is not completely understood and might involve differences in the 

extent or type of vascular compromise, or differences in the maternal response to this event.51,55 

Proposed mechanisms to link these histopathological findings to disease outcomes include the 

occlusion of spiral and basal arteries with atheromatous plaques contributing to infarction56,57, 

oxidative stress due to ischaemia and reperfusion54,58, and damage to microvilli caused by high 

pressure ‘jets’ of blood exiting from poorly remodelled vessels with the corresponding release of 

syncytial sprouts and trophoblast fragments into maternal circulation contributing to a systemic 

inflammatory response (the so-called ‘jet-hose’ theory).53,59 Certainly with respect to PE, the ‘two-

stage’ model is generally accepted, whereby the first stage of poor placentation occurs early in 
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pregnancy prior to clinical manifestation of PE, and the second stage (involving the clinical 

manifestation of the disease) occurs as a result of factors released from the oxidatively stressed 

placenta, ultimately contributing to a widespread inflammatory response, endothelial damage, and an 

increase in platelet activation, thrombosis, and placental infarction.3,54,55 
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Figure 1: The vascular anatomy of the myometrial vascular plexus in the pregnant uterus 
    Redrawn and adapted from Robertson WB, Uteroplacental vasculature, Journal of Clinical Pathology, 1976.60   
    Not to scale. 
 

 

 



 

 27 

1.2.1 Uteroplacental haemodynamics and unanswered questions 

Properties of the uteroplacental vasculature can be evaluated in vivo. Ultrasonographic measurement 

of the spiral artery jets as they emerge into the intervillous space (IVS) reveals high resistance changes 

associated with SGA pregnancies, consistent with the histological changes in spiral artery morphology 

observed in FGR pregnancies, which adds weight to the ‘jet-hose’ theory.61,62 This is further supported 

by computational modelling, which suggests that larger jets extending through more than half of the 

placental thickness (so-called ‘mega-jets’) can only occur in regions with sparse villous structures, 

supporting the notion that there is a relationship between blood flow and villous tree development.63  

However, it is measurement of upstream blood flow at the level of the uterine arteries that has been 

adopted into clinical practice. In pregnancy, the uterine arteries generally demonstrate low resistance 

flow, but high resistance waveform patterns (which can be measured as early as the first trimester) 

are associated with increased risk of both FGR and PE.64-66 It has been suggested that this occurs as a 

result of resistance to flow through the spiral arteries, due to failed remodelling, which is transmitted 

upstream to the uterine arteries where it can be readily assessed sonographically.40 Unfortunately, 

there are several reasons to doubt this explanation, and it is likely that the reality is more complex.  

Schaaps et al. (2005) have demonstrated that uterine artery vascular resistance in the first 48 hours 

after delivery is low, similar to the values observed during pregnancy, and that resistance increases 

gradually over the first seven days of the postnatal period.67 This is counterintuitive because 

myometrial contraction following delivery of the placenta (the ‘physiological tourniquet’), would be 

expected to result in immediate downstream resistance which ought to be transmitted upstream to 

the uterine arteries and be immediately measurable. Therefore, it is logical that shunting of blood must 

occur within the MVP somewhere between the uterine arteries and the spiral arteries. Indeed, 

evidence of these shunts (arteriovenous anastomoses) can be observed in studies of casts of the 

uterine vasculature.67,68 This suggests that in cases demonstrating increased resistance in the uterine 

arteries, the arteriovenous shunts are likely not to be functioning as normal or that the system has 

exceeded its capacity to buffer increased downstream resistance. This might explain why uterine 

artery Doppler abnormalities show better sensitivity and specificity for the more severe cases of PE 

and FGR. Another possible explanation is that there are haemodynamic changes occurring in the 

arcuate or radial arteries which influence upstream resistance and could also impact on buffering 
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capacity. The arcuate and radial vessels are difficult to identify and measure sonographically in vivo, 

but computer modelling suggests that failed spiral artery remodelling alone is unlikely to account for 

high resistance uterine artery waveforms, and that changes throughout the entire downstream system 

(particularly the radial arteries) would be necessary to explain the observed upstream resistance.69 

Additionally, there are instances where changes in the uterine artery waveform occur without any 

possibility of trophoblast mediated vessel remodelling. This includes haemodynamic changes observed 

at different phases of the menstrual cycle70-72, with the use of certain drugs and contraceptives73-76, 

and even an extremely rare case of third-trimester abdominal pregnancy where the placenta 

developed entirely outside the uterus.77 All of these observations suggest that some regulatory 

mechanisms operate independently of trophoblast invasion and spiral artery remodelling. 

Novel imaging techniques with the capacity to interrogate the deep myometrial vasculature in vivo are 

therefore of interest and have the potential to enhance our understanding of the pathophysiology of 

FGR and PE as well as providing novel screening targets for these important conditions. 
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1.3 Risk mitigation and the importance of screening 

Early screening plays a pivotal role in risk reduction strategies for FGR and PE, and this concept features 

in key national and international guidance.10,29-31,78-81 The overarching principle is that screening can be 

conducted early in pregnancy, enabling subsequent care to be tailored accordingly. This approach is 

particularly valuable when resource constraints limit the feasibility of comprehensive antenatal 

surveillance for all patients. Individuals identified as high risk for FGR typically undergo more frequent 

ultrasound assessments of fetal biometry (growth scans), and early identification of suboptimal fetal 

growth has been shown to improve outcomes.9 Those at increased risk for PE may require heightened 

monitoring through regular blood pressure measurements and urinalysis, and there may also be an 

opportunity to alter the course of disease progression with pharmacological prophylaxis.82-84 

1.3.1 Screening approaches 

Historically, screening for both PE and FGR has relied on the identification of binary risk factors, such 

as the risk assessments advocated by NICE for PE31 and Saving Babies’ Lives for FGR.10 These ‘checkbox-

style’ risk assessments represent a pragmatic approach because they are quick, inexpensive, require 

little specialist equipment, and they are therefore accessible and scalable. However, this approach 

risks oversimplification of the relationship between risk factors and outcomes. An alternative approach 

to prediction involves the development of multivariable models capable of assigning an individualised 

risk score to each patient based upon important risk factors from the medical history in addition to 

numerous important biomarkers. This approach is often favoured because it can account for more 

complex non-linear relationships between predictors and outcomes, it can allow for interaction 

between predictors, and it can offer a weighting to the assigned level of risk. Perhaps the best known 

of these is the ‘Fetal Medicine Foundation algorithm’, a competing risks model which was developed 

for the SPREE study and has since been refined.85-87 Similar models are available for the prediction of 

SGA and FGR, but these have not been widely adopted for clinical use.88-94  
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1.3.2 Prophylaxis and prevention of harm 

There is now a wealth of evidence (including several meta-analyses) supporting the use of low-dose 

aspirin (LDA) in early pregnancy to prevent PE, particularly early-onset and severe PE.82-84 There is less 

certainty about the benefit with respect to term PE and FGR. While some studies suggest no impact 

on the incidence of term PE64,84, there is also evidence to the contrary.83,95 Most convincingly, a 2017 

meta-analysis including 45 randomised controlled trials has shown a reduction in PE at all gestations 

(RR 0.57; 95% CI, 0.43–0.75), severe PE (RR 0.47; 95% CI, 0.26–0.83), and FGR (RR 0.56; 95% CI, 0.44–

0.70).95 Importantly, the prophylactic benefit of aspirin is contingent upon initiation early in gestation, 

and does not appear to confer benefit if commenced later than 16 weeks’ gestation.83,95  

While aspirin’s preventive role in FGR is less established than for PE, early risk assessment remains 

valuable for antenatal care planning and targeted growth scans. Assigning ultrasound resources to 

high-risk patients increases the detection of faltering fetal growth, and missing such cases before 

delivery significantly raises the risk of adverse outcomes (OR 4.1; 95% CI, 2.5–6.8) compared to when 

SGA is identified prior to birth.9 

Thus, enhancing first trimester screening for placental insufficiency could potentially lead to better 

outcomes for FGR and PE, and exploring new biomarkers that might improve these screening protocols 

is a worthwhile endeavour. 
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1.4 First trimester placental biomarkers 

Fetal ultrasonography is routinely employed for pregnancy dating, screening for aneuploidy and 

structural anomalies, as well as ongoing assessment of fetal growth and wellbeing. Ultrasound use 

during pregnancy is widely regarded as safe, cost-effective, and generally well tolerated by expectant 

mothers. Consequently, sonographic biomarkers are an attractive screening target, but routine 

antenatal care often pays limited sonographic attention to the placenta despite its clear visibility on 

ultrasound from early gestation. Considering the significant role of placental pathology in the aetiology 

of both pre-eclampsia (PE) and fetal growth restriction (FGR), it is worth exploring whether the 

placenta itself could provide valuable sonographic biomarkers to enhance the prediction of these 

conditions. 

1.4.1 First trimester placental volume 

It has long been established that placental weight at delivery is positively correlated with birth 

weight.96-98 Clinicians have also been able to assess placental size during early gestation using two-

dimensional (2D) ultrasonography since the 1970s99,100 and, as early as 1981, it was proposed that 

rudimentary measurements of placental size might help predict fetal growth restriction.101 The 

introduction of three-dimensional (3D) ultrasound in the 1990s significantly improved the accuracy of 

placental measurements, particularly placental volume, and generated renewed interest in early 

placental assessment for the prediction of adverse outcomes. First trimester placental volume (FTPV) 

is associated with subsequent SGA, and this has been shown to be independent of PAPP-A and first 

trimester uterine artery Doppler indices102, although abnormalities in second trimester uterine artery 

Doppler velocimetry are also associated with low FTPV.103 Prediction of SGA (and LGA) is improved 

with the addition of FTPV compared with maternal characteristics alone104, and associations with both 

SGA and PE are observed to be similar in magnitude to the association with uterine artery impedance 

at 22 weeks.105  
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1.4.1.1 The challenge of placental segmentation 

Despite its advantages, segmentation of the placenta using 3D ultrasound remains technically 

challenging in early pregnancy. Differentiating the placenta from the myometrium can be imprecise, 

with the level of difficulty influenced by placental location (posterior placentas may be obscured by 

artefacts from the overlying fetus), attenuation of the ultrasound beam (often due to maternal 

adiposity), and the presence of uterine lesions (such as uterine leiomyomas).  

Manual delineation of the placenta in every two-dimensional plane within a three-dimensional image 

is regarded as the ‘gold standard’. However, this process requires significant expertise and is highly 

time-consuming, rendering it impractical and difficult to scale, and even in expert hands it can be 

difficult to identify the true uteroplacental boundary.106 

1.4.1.2 Placental segmentation using VOCAL™ 

Much of the literature on first trimester placental volume utilises Virtual Organ Computer-aided 

AnaLysis (VOCAL™), a proprietary segmentation tool which requires capturing a 3D image of the 

placenta and generating a series of 2D slices by rotating around a user-defined axis. The number of 

slices depends on the chosen rotation angle (12°, 15°, 18°, or 30°). In each slice, the placental contour 

must be manually traced, after which the software interpolates these contours to produce a 3D 

volume. Because this method relies on geometric interpolation, it may be less accurate when applied 

to irregularly shaped organs106 — a notable limitation given that placental morphology in the first 

trimester is often non-uniform.107 Despite its commercial availability, VOCAL™ remains time-

consuming and requires substantial operator training, making it unsuitable for routine screening. 

Additionally, it is proprietary software that necessitates manufacturer-specific ultrasound equipment. 

Concerns have also been raised regarding the reproducibility of volume estimates, with certain 

software iterations yielding inconsistent results.108  
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1.4.1.3 Semi-automated placental segmentation with machine learning 

Machine learning has been successfully applied to the problem of placental segmentation, with the 

random walker technique offering a more efficient and less operator-dependent approach to placental 

segmentation.106,109 This method involves labelling a small number of pixels or voxels as either 

placental tissue or surrounding structures (a process known as ‘seeding’). Specialised software then 

calculates the probability that each remaining pixel or voxel belongs to the placenta, thereby 

delineating its borders.109 Compared to VOCAL™, the random walker algorithm is better suited to 

irregular placental shapes and demonstrates superior observer reliability.106 It also requires minimal 

training and is non-proprietary. Nonetheless, the method is not entirely operator independent, and 

although the process is semi-automated it remains too time-consuming and laborious for placental 

volume to become a viable population-wide screening test. 

1.4.1.4 Automated placental segmentation with deep learning 

Deep learning, a specialised subfield of machine learning, has become a cornerstone of modern 

approaches to automated image analysis. It relies on artificial neural networks, computational models 

inspired by the structure of biological neurons, to learn complex patterns from data. Rather than being 

explicitly programmed with rules, these systems improve their performance through exposure to large 

datasets. In medical imaging, this training data — known as ‘ground truth’ — typically consists of 

expert-annotated images that serve as reference standards. The richness and accuracy of this ground 

truth are critical. When trained effectively, deep learning models can deliver high levels of precision 

and reproducibility, offering scalable solutions that complement or even surpass manual 

interpretation.110  

Using a ground truth dataset of >1000 placental scans segmented with the random walker technique 

(with 10% validated using manual segmentation), the Placental Imaging Research Group (Nuffield 

Department of Women’s and Reproductive Health, University of Oxford) have developed OxNNet — a 

fully convolutional neural network capable of entirely automated placental segmentation in a matter 

of seconds.111,112 When OxNNet segmentation is compared with the random walker segmentation 

algorithm, OxNNet achieves a Dice similarity coefficient of 0.84, indicating strong spatial agreement 

with ground truth annotations. Moreover, volume estimates derived from OxNNet performed at least 
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as well as the proprietary VOCAL™ software in predicting SGA, with areas under the receiver operating 

characteristic curve of 0.65 (95% CI 0.61–0.69) and 0.60 (95% CI 0.55–0.65) respectively.106,113 

With OxNNet, large scale studies of the predictive utility of placental volume, and the potential 

incorporation of derived metrics into population screening protocols, becomes feasible. 

1.4.2 Power Doppler and assessment of placental vascularity 

The introduction of three-dimensional (3D) Power Doppler imaging has enabled comprehensive 

evaluation of blood flow across the entire uteroplacental interface. Unlike conventional Doppler 

modalities, Power Doppler visualises the concentration of moving red blood cells by analysing the 

amplitude of the Doppler signal, rather than relying on flow velocity or direction (as is the case for 

spectral Doppler).114 This makes it particularly advantageous for imaging tortuous vessels and 

detecting low-flow velocities, such as the vessels of the myometrial vascular plexus, as it is largely 

angle-independent115, and images can be processed to remove low amplitude background noise.116  

Power Doppler can be applied in both two-dimensional (2D) and 3D imaging formats to derive indices 

of vascularity and perfusion. In 3D mode, it offers the potential to capture data from all vessels 

throughout the MVP. However, its accuracy is influenced by maternal body habitus and machine-

specific parameters — especially gain settings114 — which necessitates rigorous standardisation to 

ensure reliable interpretation. 

Importantly, the VOCAL™ tool is capable of generating several indices of 3D vascularity including the 

vascularisation index (VI) (the number of voxels containing colour), flow index (FI) (a weighted average 

value of the colour-containing voxels), and vascularisation flow index (VFI) (the product of VI and 

FI).117,118 These metrics have been applied to the assessment of placental vascularity55,119 but they are 

unstandardised, heavily influenced by gain settings118,120, and lack of accounting for individual patient’s 

unique tissue attenuation makes inter-patient comparison unreliable. Therefore, VOCAL™ cannot 

reliably be used to assess placental vascularity and an alternative approach is required. 

1.4.2.1 Fractional moving blood volume 

To address the variability introduced by machine-specific parameters and tissue-dependent 

attenuation, fractional moving blood volume (FMBV) and 3D-FMBV have emerged as promising semi-

quantitative indices of tissue vascularity derived from Power Doppler imaging.114 Originally proposed 
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by Rubin and colleagues, FMBV expresses the amplitude of Doppler scatterers, primarily red blood 

cells, as a proportion of a locally defined reference signal representing maximal vascularity.121-123 This 

approach enables relative comparison of perfusion across regions, even when absolute amplitude 

values are confounded by depth, gain, or beam path heterogeneity. 

The reference signal is typically extracted from a region presumed to contain 100% blood volume (and 

therefore 100% signal amplitude), such as the lumen of a large vessel. Early work on FMBV has 

extrapolated a reference value from a region of interest using cumulative signal curves, but the 

accuracy of this method is limited by the size of the vessel, background noise, and the absence of a 

clear inflection point (or ‘knee point’) in tissues with high vascularity.124  

Building on these principles, OxNNet has introduced an automated framework for calculating single-

vessel 3D FMBV (3D-svFMBV), which selects a stable reference vessel and normalises perfusion indices 

from surrounding regions accordingly.124 This assumes that beam path artefacts affect both reference 

and target vessels similarly, thereby preserving the relative integrity of the measurement. OxNNet is 

capable of calculating 3D-svFMBV at five different sites within the myometrial vascular plexus and 

placenta, offering spatially resolved insights into regional perfusion (Table 3, page 36). 

Preliminary data suggest that reduced 3D-svFMBV at the uteroplacental interface and within the 

intervillous space may be associated with pre-eclampsia (PE), whereas normotensive small-for-

gestational-age (SGA) pregnancies do not exhibit the same pattern.125 This raises the possibility that 

3D-svFMBV could serve as a discriminatory marker between these phenotypes. However, the 

significance of 3D-svFMBV at other anatomical sites within the uteroplacental unit remains 

unexplored. 
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Figure 2: The position of the five OxNNet-derived 3D-svFMBV locations with respect to the 
placenta and myometrium 

   A) Schematic representation of the locations with the area of interest in green and the UPI in red (not to scale) 
   B) The same locations superimposed on a 2D first trimester ultrasound image 
 

 

 

 

Table 3: Description of the OxNNet-derived 3D-svFMBV locations 
 

   

 

 Identifier Location Target  

 3D-svFMBV1 1mm thickness from UPI into the placenta UPI  

 3D-svFMBV2 5mm thickness from UPI into the placenta IVS  

 3D-svFMBV3 5mm thickness from UPI into the myometrium MVP  

 3D-svFMBV4 1mm thickness at 5mm distance from UPI into the placenta Distal IVS  

 3D-svFMBV5 1mm thickness at 5mm distance from UPI into the myometrium Proximal MVP  
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1.5 Research aims and hypotheses 

To construct robust, prescriptive centile charts for first trimester placental volume and svFMBV 

using automated segmentation, and to assess the association of derived z-scores with adverse 

perinatal outcomes. 

To design and implement a structured training programme for sonographers in advanced placental 

ultrasound, and to develop and evaluate quality assurance tools (including feedback and CUSUM 

analysis) for monitoring measurement reliability. 

To introduce new quantitative markers of placental and vascular morphology, such as 

uteroplacental interface surface area and spiral artery jet characteristics, and to investigate, on an 

exploratory basis, their associations with adverse pregnancy outcomes. 

To develop multivariable predictive models for FGR and PE incorporating OxNNet-derived imaging 

biomarkers, maternal history, and serum markers, and to assess their performance using internal 

validation. 

To externally validate the predictive models developed in Chapter 5 using the OxPLUS cohort, and 

to assess their generalisability. 

To assess the intra- and inter-operator reproducibility of OxNNet-derived placental metrics and of 

the novel markers derived in Chapter 6, and to establish their reliability for research use. 
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1.6 Publications and presentations arising from this work 

1.6.1 Publications in peer reviewed journals 

1. Mathewlynn S, Starck LN, Yin Y, Soltaninejad M, Swinburne M, Nicolaides KH, Syngelaki A, 

Contreras AG, Bigiotti S, Woess EM, Gerry S, Collins S. Reference charts for first-trimester 

placental volume derived using OxNNet. Ultrasound Obstet Gynecol. 2025 Sep;66(3):337-346. 

doi: 10.1002/uog.29300. Epub 2025 Aug 1. PMID: 40746163; PMCID: PMC12401500. 

2. Mathewlynn S, Starck LN, Wright D, Yin Y, Soltaninejad M, Nicolaides KH, Syngelaki A, Contreras 

AG, Bigiotti S, Woess EM, Swinburne M, Collins S. First-trimester Placental Ultrasound (FirstPLUS) 

study: prediction of fetal growth restriction using OxNNet-derived first-trimester placental 

volume. Ultrasound Obstet Gynecol. 2026 Jan;67(1):49-59. doi: 10.1002/uog.70146. Epub 2025 

Dec 6. PMID: 41351882; PMCID: PMC12757825. 

3. Mathewlynn S, Starck LN, Yin Y, Soltaninejad M, Swinburne M, Nicolaides KH, Syngelaki A, 

Contreras AG, Bigiotti S, Woess EM, Gerry S, Collins S. Reference charts for first-trimester 

placental three-dimensional fractional moving blood volume derived using OxNNet. Ultrasound 

Obstet Gynecol. 2026 Jan 7. doi: 10.1002/uog.70161. Epub ahead of print. PMID: 41499517. 
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1.6.2 Oral presentations at international conferences 

1. Volume, vascularity, and artificial intelligence: What can we learn from first trimester 3D 

placental sonography? iMed conference, Lisbon, October 2023 

2. Artificial intelligence and the first trimester placenta, IFPA conference, Montreal, September 

2024 

3. A fully automated tool to screen for fetal growth restriction in the first trimester, RCR Global AI 

conference, London, February 2025 

4. Fully automated first trimester placental volume for the prediction of fetal growth restriction: 

Results of the FirstPLUS study, BMFMS conference, Belfast, May 2025 

1.6.3 Poster presentations at international conferences 

1. Mathewlynn S, Yin Y, Adu-Bredu T, Soltaninejad M, Shipp K, Farmer J, Hedgecott D, Collins S 

Reproducibility of first trimester placental volume assessment with fully automated placental 

segmentation using the OxNNet toolkit IFPA conference, Montreal, September 2024 
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[2] GENERAL METHODS AND DATA SOURCES 

2.1 Introduction 

The data analysed in this thesis are drawn from two studies, the First Trimester Placental Ultrasound 

Study (FirstPLUS) and the Oxford Placental Ultrasound Study (OxPLUS), the details of which are 

discussed in this chapter.  

A key goal of this study is to create and externally validate predictive models for placental insufficiency, 

utilising OxNNet-derived placental metrics. To achieve this, two separate datasets from different 

clinical environments and populations were generated, supporting comprehensive model training and 

evaluation across a broad spectrum of patient groups. This methodology not only supports external 

validation but also enables a targeted assessment of how OxNNet-derived metrics contribute to 

predictive modelling in placental insufficiency. 

The FirstPLUS dataset was collected at a world-renowned centre specialising in fetal medicine and 

diagnostic ultrasound, making it well-suited for developing both reference charts and predictive 

models. By contrast, the OxPLUS dataset was gathered in a standard NHS maternity ultrasound 

department, offering an excellent basis for external validation. Additionally, this setting allows 

investigation into training and quality control requirements within a context more typical of UK 

healthcare and provides the chance to conduct repeated measures for analysing the reproducibility of 

the assessed metrics. 
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2.1.1 Statement of personal contribution 

With the exception of the 3D placental ultrasound data, the FirstPLUS dataset was provided in full by 

the local study team. The ultrasound data were received in raw format and processed locally by 

colleagues in the Placental Imaging Research Group, Nuffield Department of Women’s and 

Reproductive Health, University of Oxford. I contributed clinical input to stage 2 image quality control 

and undertook stage 3 image quality control, as detailed below. 

As principal investigator of the OxPLUS study, I have led its set-up and implementation under the 

supervision of Prof. Sally Collins (chief investigator), including the development of study protocols and 

standard operating procedures. I designed and delivered a comprehensive training programme for 

sonographers involved in data acquisition and contributed to the collection of repeated measures 

data. I have also been solely responsible for all data management and cleaning activities, including 

extraction of clinical data from hospital electronic patient records, except where otherwise stated. 
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2.2 Methodology for FirstPLUS and OxPLUS 

The methodologies utilised in the FirstPLUS and OxPLUS studies share significant similarities. For 

conciseness, the following research methods pertain to both studies unless indicated otherwise. 

2.2.1 Study design 

Both FirstPLUS and OxPLUS are prospective observational cohort studies involving a general 

population of pregnant individuals undergoing routine first-trimester screening with participants 

invited to join during their routine ultrasound appointments between 11+2 and 14+1 weeks of 

gestation. Informed consent was obtained prior to participation. In addition to standard clinical 

assessments, 3D placental ultrasound imaging was performed during the visit. Participants 

subsequently continued with routine antenatal care, and pregnancy outcome data were later retrieved 

from electronic medical records.  

Both studies adhered to the principles outlined in the STROBE (Strengthening the Reporting of 

Observational Studies in Epidemiology) guidelines.126 

2.2.1.1 FirstPLUS study setting 

FirstPLUS was conducted at the Harris Birthright Research Centre for Fetal Medicine, King’s College 

Hospital NHS Foundation Trust, London, UK. Recruitment took place between March and November 

2022. 

2.2.1.2 OxPLUS study setting 

OxPLUS was conducted at the John Radcliffe Hospital, Oxford, UK. Recruitment took place between 

April 2023 and August 2024. 
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2.2.2 Primary and secondary outcomes 

The primary outcome for both studies was FGR, with PE as a secondary outcome.  

2.2.3 Ethical approval 

The West Midlands – Solihull Research Ethics Committee approved the FirstPLUS study on 8 March 

2022 (reference 22/WM/0039, IRAS project ID 308520).  

The OxPLUS study was approved by the North West – Greater Manchester Central Research Ethics 

Committee on 21st February 2023 (reference 23/NW/0035, IRAS project ID 322242). 

2.2.4 Eligibility criteria 

Eligibility required the following criteria: a singleton pregnancy; maternal age of 18 years or older; 

attendance for screening between 11+2 and 14+1 weeks’ gestation; sufficient understanding of English 

(spoken or written) or access to appropriate translation services; and, in the judgement of the research 

team, no significant risk factors or limitations that would impair participation. Exclusion criteria 

included: detection of multiple gestation (more than one viable fetus) during the scan; non-viable or 

uncertain viability (absence of fetal heartbeat); identification of major fetal anomalies at the time of 

scanning or later; confirmed chromosomal abnormalities via prenatal or postnatal testing; or inability 

to complete the combined screening test (e.g. failure to obtain a nuchal translucency measurement). 
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2.2.5 Definitions 

Fetal growth restriction (FGR) was classified as either birth weight below the 3rd centile, or birth 

weight below the 10th centile accompanied by abnormal Doppler findings at the final ultrasound prior 

to delivery. Doppler abnormalities were defined using the reference ranges established by Ciobanu et 

al.127, and included an umbilical artery pulsatility index (PI) exceeding the 95th centile or a 

cerebroplacental ratio below the 5th centile. Birth-weight centiles were derived from the Fetal 

Medicine Foundation (FMF) population-based charts.128 Hypertensive disorders of pregnancy, 

including pre-eclampsia (PE) and pregnancy-induced hypertension (PIH), were defined according to 

the criteria set by the American College of Obstetricians and Gynecologists (ACOG), which are also 

outlined in Table 2 (page 22).29 This definition was selected because it does not include features of 

FGR, enabling the two placental insufficiency phenotypes of PE and FGR to be considered separately.  

Gestational diabetes mellitus was diagnosed via oral glucose tolerance testing, following the timing 

and threshold recommendations of the National Institute for Health and Care Excellence (NICE).129 

Preterm birth was defined as delivery prior to 37+0 weeks’ gestation. Stillbirth referred to birth without 

signs of life at or beyond 24+0 weeks’ gestation, while miscarriage was defined as intrauterine fetal 

demise confirmed by ultrasound, or birth without signs of life at or before 23+6 weeks’ gestation. 

 



 

 45 

2.2.6 Pre-eclampsia risk assessment and aspirin use 

The FirstPLUS cohort were risk assessed for PE using the Fetal Medicine Foundation’s competing risks 

algorithm which integrates factors from the maternal medical history with biomarker assessment 

including mean arterial blood pressure, uterine artery pulsatility index, and serum PAPP-A and PlGF 

concentration. High risk cases were advised to commence LDA from the date of the scan.85-87  

The OxPLUS cohort were not risk assessed using this algorithm, rather they were advised to commence 

LDA prophylaxis from the date of the scan in accordance with NICE guidance if they had any of the 

major risk factors or at least two of the moderate risk factors outlined in Table 4.31 Multifetal 

pregnancy was an exclusion criterion, so no woman qualified on that basis. In both cohorts the figure 

reported in Table 6 is therefore the proportion of women advised to take low-dose aspirin, rather than 

the proportion who took it, since compliance was not recorded. The basis on which that advice was 

given differed between the studies, being the Fetal Medicine Foundation competing-risks algorithm in 

FirstPLUS and the NICE criteria in OxPLUS. 

The recommended dose of aspirin for both cohorts was 150 mg once a day, to be taken orally in the 

evening. 
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Table 4: The major and moderate risk factors for pre-eclampsia as specified in the NICE 
guideline Hypertension in pregnancy: diagnosis and management (2019) 

 

  

 

 
Major risk factors Moderate risk factors 

 

 • Hypertensive disease in a previous pregnancy 

• Chronic kidney disease 

• Autoimmune disease such as systemic lupus 
erythematosus or antiphospholipid syndrome 

• Type 1 or type 2 diabetes 

• Chronic hypertension 

• Nulliparity 

• Age 40 years or older 

• Pregnancy interval more than 10 years 

• BMI ≥35 at first visit 

• Family history of PE 

• Multifetal pregnancy* 

 

 
*Note that multifetal pregnancy was an exclusion criterion for OxPLUS 

 

 

2.2.7 Ultrasound scan protocols 

2.2.7.1 Ultrasound hardware 

Ultrasound examinations were conducted using GE Voluson™ E6 and E8 in the case of FirstPLUS, and 

E10 systems in the case of OxPLUS (GE Healthcare, Zipf, Austria). All machines were equipped with 

RAB4-8-D 3D/4D curved-array abdominal transducers operating at 4–8.5 MHz. 

2.2.7.2 Ultrasound practitioners 

In FirstPLUS, scans were performed by fetal medicine fellows with appropriate certification to perform 

the routine examinations required for clinical care (including first trimester uterine artery velocimetry), 

and additional training in first trimester 3D ultrasonography.  

In OxPLUS, scans were performed by NHS-employed sonographers who had received additional 

training in first trimester 3D ultrasonography and first trimester uterine artery velocimetry (the latter 

of which was not part of routine clinical care at the time of the study). A detailed explanation of the 

sonographer training protocols is provided in chapter 4. 
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2.2.7.3 Assessment of gestational age 

Pregnancies were dated by crown-rump length (CRL), using the formula determined by Robinson and 

Fleming (1975)130, except for assisted reproduction cases, which used the known date of embryo 

transfer.  

2.2.7.4 The 3D placental scan 

To ensure consistency across examinations, machines were pre-configured with standardised settings 

saved as a dedicated preset (Table 5). Optimal probe positioning was first established to enable full 

visualisation of the placenta in a cross-sectional plane, typically centred on the placental mass. 

Greyscale gain was adjusted to enhance contrast between the placenta and surrounding tissues. A 

static greyscale volume was then acquired using the preset parameters, and the resulting image was 

reviewed to confirm complete placental coverage. If the volume was incomplete or obscured by 

acoustic shadowing, probe orientation was modified and the acquisition repeated to ensure a full and 

interpretable placental volume. Power Doppler gain settings were optimised to determine each 

participant’s Sub-Noise Gain setting (SNG). This was achieved by increasing the gain until image 

saturation (‘flooding’) occurred, followed by incremental reduction until noise was just eliminated, 

with no further adjustment (SNG setting).120,131 A volume was obtained and evaluated to ensure 

complete visualisation of both the placenta and underlying myometrium, as well as to assess for the 

presence of Power Doppler flash artefacts. If the placenta was determined to be incomplete or if more 

than five Power Doppler flash artefacts were identified, the volume acquisition was repeated.  

2.2.7.5 Processing of 3D placental scan images 

Ultrasound images were exported directly from the scanning devices as uncompressed ‘Kretzfiles’ (a 

proprietary format used by GE ultrasound machines with .vol extension) and were subsequently 

analysed by the Placental Imaging Research Group at the Nuffield Department of Women’s and 

Reproductive Health, University of Oxford. Images were converted to NIfTI — a widely used medical 

imaging format that facilitates further analysis and extraction of metadata — using a ‘Kretz 

Converter’132. Placental segmentation, volume estimation, and calculation of svFMBV were performed 

using the OxNNet software. 
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Table 5: Ultrasound machine settings for 3D first trimester placental scan acquisition 

     
 Menu Parameter Setting  
     

 Main 2D XBeam Compound receive imaging Off  
 Speckle reduction imaging 3  
 Gray map 16  
 Tint Map Off  
 Angle  90°  
 Time gain compensation Far Field  
     

 Sub 2D Gray map 16  
 Tint Off  
 Line filter High  
 Persistence 6  
 Enhance 2  
 Line density Normal  
 Reject 20  
 Output thermal index Normal  
     

 3D Volume angle 85°  
 Quality High1  
     

 Power Doppler Quality  Norm  
 WMF Low 1   
 PRF 0.9 kHz  
     

 Sub power Doppler PD Map 5  
 Frequency Low  
 Flow Res Mid 2  
 L Filter 2  
 Artefact On  
 Smooth Rise 4  
 Line Dens 6  
 Smooth Fall 5  
 Ensemble 15  
 Balance 150  
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2.2.8 Placental scan quality control procedures 

Due to the planned use of the FirstPLUS dataset in model development, a stringent post-hoc quality 

control process was implemented including manual review of all images and further scrutiny of 

outliers. In contrast to FirstPLUS, the OxPLUS dataset is intended to represent the ‘real world’ 

application of 3D first trimester placental ultrasound, and therefore these data were subject only to 

OxNNet’s internal quality control procedure, described below. 

2.2.8.1 FirstPLUS quality control (round 1) 

Before segmentation, each image was independently reviewed by a trained sonographer to check for 

placental completeness and technical quality. Images were excluded if placental capture was 

incomplete, machine settings incorrect, power Doppler artefact exceeded five flashes, or poor quality 

prevented clear placental delineation. 

2.2.8.2 FirstPLUS quality control (round 2) 

Automated segmentation of the placenta and amniotic fluid was conducted using both current and 

prototype OxNNet versions. Outputs were compared via Dice similarity coefficients. Cases with 

unreliable placental boundaries were manually reviewed and excluded for low concordance. Images 

were flagged if: (1) placental segmentation agreement was <60%; (2) placental segmentation was 

<75% and amniotic fluid agreement was <40%; or (3) amniotic fluid segmentation agreement was 

<40%, regardless of placental results. 

2.2.8.3 FirstPLUS quality control (round 3) 

Outliers in placental volume were determined using the interquartile range (IQR) method for each 

gestational day. At each time point, the first (Q1) and third (Q3) quartiles were calculated; volumes 

falling below Q1 − 1.5 × IQR or above Q3 + 1.5 × IQR were identified as outliers. These instances 

underwent manual review by S.M. and M.S. to evaluate image quality and segmentation accuracy. 

Outliers were excluded if the image quality was considered inadequate for reliable delineation of the 

placental contour. 
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2.2.8.4 OxPLUS quality control 

Sonographer performance and training requirements were monitored during the OxPLUS study, with 

sonographers identified as outliers provided with additional training. This process is described in detail 

in Chapter 4 (page 87). An automated process was also developed and incorporated into OxNNet to 

identify incomplete placental scans (those where the voxels labelled as being part of the placenta are 

in contact with the boundary of the image). 
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2.2.9 Statistical methodology 

All statistical analyses were conducted using R version 4.3.1 and RStudio version 2024.09.0+375. 

2.2.9.1 Target sample size calculation 

The target sample size for both studies was determined in advance using the pmsampsize package 

(v1.1.3)133 and Riley et al.’s (2019) methodology.134 The aim was to provide sufficient statistical power 

for the development of multivariable predictive models. Calculations assumed an outcome with 2% 

incidence, a 20-parameter model, and a variable target C-statistic (area under the ROC curve). These 

calculations suggest that for a target C-statistic of 0.9 or 0.8 the required minimum sample size would 

be 2,171 and 2,992, respectively. The recruitment targets were therefore set at 4000 cases for 

FirstPLUS, and 3500 for OxPLUS. These targets were pragmatic based on the predicted recruitment 

timescales and an assumed attrition rate of 20%. 

2.2.9.2 Cohort and subgroup comparisons 

Each study cohort’s characteristics were presented as median (interquartile range, IQR) for continuous 

variables and as counts with percentages for categorical variables. The Wilcoxon rank-sum test was 

used to compare continuous variables, while the chi-square test was applied to categorical variables. 

Where any expected cell count was below five, Fisher’s exact test was employed instead. Statistical 

significance was defined as P <0.05. 

Key characteristics and outcomes were compared between evaluable cases in the FirstPLUS and 

OxPLUS cohorts. For the OxPLUS cohort, additional subgroup comparisons were made based on 

whether cases passed or failed automated quality control, given all other inclusion criteria were met. 

Subgroup comparison of QC failures was not possible for the FirstPLUS cohort, as demographic and 

outcome data were not provided in full for excluded cases, including QC failures. 
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2.3 Results 

In total, 4119 cases were enrolled in the FirstPLUS study. After exclusions, a full summary of which is 

provided in Figure 3, 3479 cases were available for analysis. For OxPLUS, 3519 cases were enrolled, 

with 2899 remaining after exclusions, 2767 of which passed the automated placental scan quality 

control procedure (Figure 4, page 53).  

 

Figure 3: FirstPLUS study summary of exclusions and definition of final cohort 
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Figure 4: OxPLUS study summary of exclusions and definition of final cohort 

 

  

2.3.1 FirstPLUS and OxPLUS cohort characteristics 

A comparison of characteristics and key outcomes between the FirstPLUS and OxPLUS cohorts 

(including only those with evaluable placental scans) is shown in Table 6 (page 55). Statistically 

significant differences in most characteristics were observed between the two groups, although no 

difference was seen in parity, chronic hypertension, or autoimmune disease (SLE or APS). For the key 

outcomes, statistically significant differences were noted in GDM and gestational hypertension. Of 

particular note, PE was more prevalent in the OxPLUS cohort (4.6% compared with 3.0%, P <0.001) 

and FGR was less prevalent (4.1% compared with 7.2%, P <0.001). However, the composite outcome 

of PE or FGR did not differ significantly between the two groups. 

 



 

 54 

A further subgroup comparison of characteristics between those OxPLUS cases with and without 

evaluable placental scans is shown in Table 7 (page 56). Cases of QC failure differed significantly with 

respect to greater maternal age, lower weight, lower BMI, and were less likely to be nulliparous. The 

core outcomes of interest, including FGR and PE, did not differ significantly between the groups. Some 

of these differences, while statistically significant, are unlikely to be clinically significant.  

 

Figure 5: Comparison of representation of ethnic categories in the FirstPLUS and OxPLUS 
cohorts 
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Table 6: Comparison of cohort characteristics and outcomes between FirstPLUS and 
OxPLUS cohorts, including all cases with evaluable 3D placental scan data 

 

    

 

 

Characteristic 
FirstPLUS cohort  
(N = 3479) 
Median (IQR) or N (%) 

OxPLUS cohort 
(N = 2767) 
Median (IQR) or N (%) 

P 

 

 

    

 

 Maternal age (years) 33.6 (30.4–36.4) 32.4 (29.3–35.5) <0.001  
 Maternal weight (kg) 67 (60–77) 69 (61–81) <0.001  
 Maternal height (cm)  166 (162–170) 165 (161–169) <0.001  
 Body mass index (kg/m2) 24.2 (21.8–27.8) 25.0 (23.0–29.0) <0.001  
 

Ethnicity   <0.001 
 

    Black 448 (12.9) 87 (3.1)   
    East Asian 81 (2.3) 33 (1.2)   
    South Asian 262 (7.5) 215 (7.8)   
    White 2542 (73.1) 2311 (83.5)   
    Mixed/other 146 (4.2) 121 (4.4)   
 

In vitro fertilisation 263 (7.6) 148 (5.3) <0.001 
 

 Cigarette smoker at presentation 71 (2.0) 115 (4.2) <0.001  
 Family history of pre-eclampsia 102 (2.9) 178 (6.4) <0.001  
 Nulliparous 1697 (48.8) 1418 (51.2) 0.056  
 Previous pre-eclampsia  85 (2.4) 94 (3.4) 0.030  
 Last birth-weight percentile 42.1 (16.7–68.1) 50.0 (21.0–74.0) <0.001  
 Interpregnancy interval (years) 2.5 (1.6–4.3) 2.3 (1.5–3.8) 0.002  
 

Chronic hypertension 30 (0.9) 17 (0.6) 0.328 
 

 Pre-existing diabetes mellitus   0.002  
    Type 1  25 (0.7) 10 (0.4)   
    Type 2  24 (0.7) 5 (0.2)   
 SLE or APS 15 (0.4) 17 (0.6) 0.407  
 Low-dose aspirin recommended 605 (17.4) 423 (15.3) 0.028  
 

Gestational diabetes mellitus 356 (10.2) 210 (7.6) <0.001 
 

 Gestational hypertension 76 (2.2) 193 (7.0) <0.001  
 Pre-eclampsia 103 (3.0) 127 (4.6) <0.001  
 Stillbirth 10 (0.3) 8 (0.3) 1.000  
 Neonatal death 2 (0.1) 3 (0.1) 0.661  
 Sex of baby   0.969  
      Female 1728 (49.7) 1369 (49.5)   
      Male 1748 (50.2) 1396 (50.5)   
      Not known 3 (0.1) 2 (0.1)   
 Birth <37+0 weeks’ gestation 160 (4.6) 126 (4.6) 0.986  
 FGR criteria met 249 (7.2) 113 (4.1) <0.001  

 Composite outcome (FGR or PE) 327 (9.4) 220 (8.0) 0.060  
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Table 7: Subgroup analysis of OxPLUS cases comparing cohort characteristics and 
outcomes between the evaluable cohort and cases of automated quality control failure 

 

    

 

 

Characteristic 
QC pass 
(N = 2767) 
Median (IQR) or N (%) 

QC fail 
(N = 132) 
Median (IQR) or N (%) 

P 

 

 
Maternal age (years) 32.4 (29.3–35.5) 33.8 (31.7–36.5) <0.001 

 

 Maternal weight (kg) 69.0 (61.0–81.0) 63.0 (56.0–71.2) <0.001  
 Maternal height (cm)  165.0 (161.0–169.0) 165.0 (160.8–169.0) 0.9659  
 Body mass index (kg/m2) 25.0 (23.0–29.0) 23.0 (21.0–25.0) <0.001  
 

Ethnicity   0.1279 
 

    Black 87 (3.1) 6 (4.5)   
    East Asian 33 (1.2)   5 (3.8)   
    South Asian 215 (7.8) 9 (6.8)   
    White 2311 (83.5) 108 (81.8)   
    Mixed/other 121 (4.4)   4 (3.0)   
 

In vitro fertilisation 148 (5.3)   6 (4.5) 0.8388 
 

 Cigarette smoker at presentation 115 (4.2)   2 (1.5) 0.1723  
 Family history of pre-eclampsia 178 (6.4) 4 (3.0)   0.1403  
 Nulliparous 1418 (51.2) 50 (37.9) 0.004  
 Previous pre-eclampsia  94 (3.4)   3 (2.3) 0.6254  
 Last birth-weight percentile 50.0 (21.0–74.0) 49.5 (31.0–73.5) 0.4947  
 Interpregnancy interval (years) 2.3 (1.5–3.8) 2.3 (1.5–3.8) 0.8231  
 

Chronic hypertension 17 (0.6)    1 (0.8)     0.5689 
 

 Pre-existing diabetes mellitus   1  
    Type 1  10 (0.4) 0   
    Type 2  5 (0.2) 0   
 SLE or APS 17 (0.6) 0 1  
 Low-dose aspirin recommended 423 (15.3) 10 (7.6) 0.0213  
 

Gestational diabetes mellitus 210 (7.6)   8 (6.1)     0.6299 
 

 Gestational hypertension 193 (7.0) 10 (7.6) 0.9286  
 Pre-eclampsia 127 (4.6) 2 (1.5)    0.1258  
 Stillbirth 8 (0.3)   0 1  
 Neonatal death 3 (0.1)    0 1  
 Sex of baby   0.9284  
      Female 1369 (49.5) 64 (48.5)     
      Male 1396 (50.5) 68 (51.5)   
      Not known 2 (0.1)     0   
 Birth <37+0 weeks’ gestation 126 (4.6)   3 (2.3)     0.2806  
 FGR criteria met 113 (4.1) 5 (3.8)   1  

 Composite outcome (FGR or PE) 220 (8.0)   6 (4.5) 0.208  
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2.4 Discussion and conclusion 

This work has resulted in the preparation of two datasets suitable for fitting and external validation of 

multivariable predictive models for PE and FGR.  

2.4.1 Group comparisons 

There are statistically significant — but not necessarily clinically significant — differences between the 

FirstPLUS and OxPLUS cohorts, both with respect to demographic characteristics and core outcomes. 

For example, the median maternal age of participants in the FirstPLUS study is greater than in OxPLUS 

(33.6, IQR 30.4–36.4 compared with 32.4, IQR 29.3–35.5, P <0.001) and BMI lower (24.2, IQR 21.8–

27.8 compared with 25.0, IQR 23.0–29.0, P <0.001). These differences are small enough that they are 

unlikely to have a clinically significant impact on the risk of adverse outcome, and it is generally 

accepted that although the Wilcoxon rank sum test is a robust non-parametric method for detecting 

differences between groups, in large samples it may yield statistically significant results for very small 

differences that lack clinical importance.135 This is also true for the chi-square test with respect to 

categorical variables.136 Thus, some of the differences observed may simply be statistical artefact. 

However, in some cases the observed differences may have greater clinical importance and these are 

discussed below. 

2.4.1.1 Ethnicity 

There are differences in ethnicity between the two cohorts (P <0.001), particularly with respect to the 

representation of black ethnicities — in FirstPLUS 12.9% of participants reported their ethnicity as 

black compared with only 3.1% of the OxPLUS cohort (Figure 5). 

The differences in ethnicity are noteworthy both because of the magnitude of difference, and because 

multiple high-quality studies and meta-analyses have demonstrated that Black women experience 

higher rates of pre-eclampsia, fetal growth restriction, preterm birth, stillbirth, and neonatal death 

compared to White women, even after adjustment for maternal characteristics and socioeconomic 

factors.137-139 Particularly with respect to PE, a systematic review and meta-analysis found that Black 

women have approximately a two-fold higher risk of both total and preterm pre-eclampsia compared 
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to White women, even after controlling for maternal characteristics.138 A similar-sized effect is seen 

with respect to FGR.139  

2.4.1.2 Smoking 

There is also a notable difference in the number of smokers between the two cohorts (P <0.001) with 

only 2.0% of the FirstPLUS cohort being smokers at the time of enrolment compared with 4.2% of the 

OxPLUS cohort. A dose-dependent association has been demonstrated between maternal smoking and 

reduced fetal size from early gestation through birth, with the risk and severity of FGR increasing with 

the number of cigarettes smoked per day.140 Conversely, smoking is generally considered to be 

protective with respect to pre-eclampsia, with multiple large epidemiological studies and meta-

analyses showing a significantly reduced risk of pre-eclampsia among pregnant smokers compared to 

non-smokers.141,142 A recent meta-analysis reports a relative risk of pre-eclampsia of 0.65 (95% CI 0.58–

0.73) for smokers, indicating a substantial inverse association.142 

2.4.1.3 Pre-eclampsia and fetal growth restriction 

Given the differences in smoking and ethnicity, one might expect a higher incidence of PE in the 

FirstPLUS study, but in fact the opposite is true and PE is more prevalent in the OxPLUS cohort (4.6% 

compared with 3.0%, P <0.001). This is unlikely to be explained by diagnostic bias, since the clinical 

criteria for PE diagnosis were the same in both settings, and nor is it likely to be explained by an 

intervention paradox (i.e. earlier intervention in cases of gestational hypertension preventing PE from 

developing) because the incidence of gestational hypertension is also substantially lower in the 

FirstPLUS cohort (2.2% versus 7.0%, P <0.001).  

A more likely explanation is the difference in PE risk assessment and aspirin recommendation between 

the two cohorts, with FirstPLUS following the competing risks multivariable predictive model approach 

used in the ASPRE trial85-87, and OxPLUS following NICE recommendations.31 Tan et al. (2018) showed 

that a multivariable model combining maternal factors and biomarkers (the same used in the FirstPLUS 

cohort) had substantially higher detection rates for pre-eclampsia, especially preterm pre-eclampsia, 

than the National Institute for Health and Care Excellence (NICE) guideline approach, at a similar 

screen-positive rate. For preterm pre-eclampsia, the detection rate was 82.4% with the full 

multivariable model versus 40.8% with the NICE guideline, both at a 10% screen-positive rate. For all 

pre-eclampsia, the detection rate was 42.5% with the mini-combined test compared to 30.4% with the 
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NICE guideline.87 The ASPRE trial demonstrated a substantial reduction in preterm PE with aspirin use 

when risk assessed using the same algorithm (OR 0.38; 95% CI 0.20– 0.74), but no significant reduction 

was seen in term PE.82 This is supported by a meta-analysis of 60 trials that included 36,716 women at 

elevated risk for pre-eclampsia which showed that aspirin lowers the likelihood of pre-eclampsia in a 

dose-dependent way (relative risk, 0.82; 95% CI, 0.77 to 0.88), as well as reducing the risk of SGA with 

a relative risk of 0.84 (95% CI 0.76–0.92).143  

This could contribute to the lower incidence of PE in the FirstPLUS cohort, despite arguably a higher 

risk population, but the same effect would be expected for FGR. The greater incidence of FGR might 

be explained by aspirin having less effect on FGR than on PE, on top of a higher background risk of FGR 

for the FirstPLUS cohort. 

2.4.2 Subgroup comparison 

The comparison of QC passes and fails in the OxPLUS cohort suggests that QC failure is associated with 

lower maternal weight and BMI, rather than higher. This is the opposite of what might be anticipated, 

since transabdominal ultrasonography is generally more difficult in women of larger body habitus 

because of signal attenuation and the technical challenges of probe positioning and image 

optimisation. The explanation is likely to lie in the nature of the automated quality control criterion 

itself, which does not assess image quality but instead identifies scans in which voxels labelled as 

placenta are in contact with the boundary of the acquired volume. Failure therefore denotes 

incomplete capture of the placenta within the field of view rather than a poor quality image. In women 

of lower weight and BMI the uterus lies closer to the maternal abdominal wall, so that the placenta 

sits nearer the near-field margin of a fixed acquisition volume and is correspondingly more likely to 

abut its boundary.  

QC failure was also associated with greater maternal age and with parity, cases of QC failure being less 

likely to be nulliparous (37.9% compared with 51.2%). There is clear evidence from multiple large 

studies that body mass index (BMI) increases with age among pregnant individuals.144,145 Since BMI 

rises with age, the two associations observed here run in opposite directions, cases of QC failure being 

older yet of lower BMI. Collinearity with BMI therefore cannot explain the association with age. A more 

plausible explanation is parity: older women are more likely to be parous, and reduced abdominal wall 
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tone in parous women would again tend to bring the uterus and placenta closer to the near field of 

the acquisition volume. Age may therefore be acting largely as a proxy for parity rather than as a direct 

contributory factor. This interpretation is post hoc and was not formally tested. 

It is unfortunate that these findings cannot be corroborated by subgroup analysis of the QC failures in 

the FirstPLUS cohort, and this must be acknowledged as a limitation.  
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2.4.3 Conclusion 

This work has provided two datasets ready for further analysis. Differences are demonstrated between 

the study cohorts, both with respect to demographic characteristics and core outcomes. Some 

difference is expected, since each cohort is drawn from distinct populations, and indeed some 

difference is advantageous for robust external validation of reference ranges and multivariable 

predictive models created using one cohort and tested on another.  

The observed differences between the two cohorts and the exploration of QC failures highlight the 

importance and need for deeper exploration of aspirin use, BMI, age, ethnicity and smoking with 

respect to markers of PE and FGR and prediction of those conditions.  
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[3] DEVELOPMENT OF CENTILE CHARTS 

3.1 Introduction 

It is common practice to utilise reference charts when interpreting ultrasound measurements as they 

allow clinicians to distinguish normal from abnormal findings by comparing individual measurements 

to population-based centiles. The value of these charts lies in their ability to account for physiological 

changes across gestation. 

Placental size and vascularity evolve with advancing gestational age and this advancement is not 

necessarily linear. Thus, adjustment for gestational age is critical to avoid misclassification of normal 

developmental variation as pathology. Z-scores and centile calculations provide standardised metrics 

for quantifying how far a measurement deviates from the expected mean for a given gestational age, 

facilitating both clinical decision-making and research comparisons across populations and studies. 

There has been much debate about how best to construct centile charts for the evaluation of fetal 

growth, and much of this discussion is relevant in the context of placental growth and vascular 

development. Fetal growth charts are constructed using two main approaches: descriptive (reference) 

charts, which reflect measurements from heterogeneous populations and reflect actual 

measurements, including those from individuals with varying risk factors (such as the Hadlock chart146); 

and prescriptive (standard) charts, which use data from healthy, low-risk populations to define optimal 

growth trajectories (such as INTERGROWTH-21st and the WHO standards).147,148 Descriptive charts may 

overestimate normality in high-risk groups, and studies comparing these approaches show that 

prescriptive standards may more accurately identify fetuses at risk for adverse outcomes.149-151 

An abundance of centile charts exist for evaluation of fetal growth, covering a range of populations 

and methodological approaches. For placental volume, however, the choices are extremely limited 

and the charts that do exist have significant methodological limitations.152-154 No such charts exist for 

uteroplacental FMBV. Consequently, we know very little about what should be considered 

normal or abnormal with respect to placental volume and vascularity in the first trimester. 
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3.1.1 Aims 

• To develop prescriptive centile charts for placental volume and svFMBV1–5 modelled against 

gestational age. 

• To explore the relationship between the newly derived z-scores and the outcomes of FGR and PE. 

3.1.2 Statement of personal contribution 

The statistical analysis plans were developed in consultation with Stephen Gerry, Senior Medical 

Statistician at the Centre for Statistics in Medicine, Nuffield Department of Orthopaedics, 

Rheumatology and Musculoskeletal Sciences, University of Oxford. I have prepared all R scripts and 

conducted all statistical analysis processes independently. 
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3.2 Methodology 

3.2.1 Study population 

Participants were excluded if they experienced miscarriage, stillbirth, or pregnancy termination, or if 

delivery occurred preterm. Exclusions also applied in cases where a major fetal anomaly was detected 

after the research scan, where there was evidence of fetal growth restriction, or if the neonate 

required admission to the neonatal unit. Maternal conditions leading to exclusion included diabetes 

mellitus (either pre-existing or gestational-), hypertensive disorders (chronic hypertension, gestational 

hypertension, or pre-eclampsia-), antiphospholipid syndrome, and systemic lupus erythematosus. In 

addition, records lacking complete outcome data were not included in the analysis. 

3.2.2 Adequacy of sample size 

To evaluate whether the available sample size was adequate for constructing reference charts, 

we calculated the precision of the data in estimating extreme centiles (specifically the 2.5th and 

97.5th percentiles) using the method shown in Equation 1.155,156 

 

Equation 1: Formula to calculate precision 
in estimation of extreme centiles 

 

𝑆𝐸! = 𝑆𝐷%
&1 + 12𝑍!

"+

𝑛
 

 

 

In this formula, SE denotes the standard error, SD the standard deviation, Zp the z-score corresponding 

to the pth centile, and n the sample size. To achieve a target SE of 0.05 at the 2.5th and 97.5th centiles, 

a sample size of 1169 was estimated as sufficient, based on a calculated SD of 1 following standardised 

Box–Cox transformation to approximate a Gaussian distribution for each variable of interest. Using the 

actual sample size after exclusions (n = 2547) and the observed SD, the resulting SE was 0.034, 

confirming adequacy for centile chart construction. The transformation method was selected using 
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the bestNormalize package157 in R, and for the purposes of this calculation, variance was assumed to 

remain constant across gestational age. 

3.2.3 Exploration of data 

Simple histograms and quantile-quantile plots were constructed to visualise data distributions for each 

variable of interest. The Shapiro–Wilk test was employed as an objective means of evaluation. Faceted 

boxplots were constructed for each variable, stratified by gestational age in days, to examine 

heteroscedasticity. 

3.2.4 Models for centile chart construction 

Given the evidence of non-normal distributions and potential variation with gestational age, we 

adopted flexible statistical modelling approaches rather than classical methods based on mean and 

standard deviation with data transformation.158 Specifically, quantile regression (QR)159 and the 

Lambda-Mu-Sigma (LMS)160 method — part of the generalised additive models for location, scale and 

shape (GAMLSS) methodology — were selected for further exploration. 

QR analysis was conducted using the quantreg package in R.159,161 To capture different potential 

relationships between gestational age and the outcomes several model specifications were explored, 

including simple linear forms, higher-order polynomials, and flexible spline-based approaches (natural 

splines and B-splines). Estimation of conditional quantiles was carried out using both the Barrodale–

Roberts algorithm (the default linear programming technique) and a penalised regression framework 

employing the Lasso method. 

For LMS modelling, the lms function within the gamlss package was used.162 Model fitting involved 

comparison across a broad set of candidate GAMLSS distributions to identify the most appropriate 

representation of the data. The distributions assessed included: Box-Cox Cole–Green (BCCGo), Box-Cox 

Power Exponential (BCPEo), Box-Cox t-Extended (BCTEo), Box-Cox t (BCT), several variants of the Skew 

Exponential Power (SEP) families 1–4, the Sinh–Arcsinh forms (SHASH, SHASHo), Johnson’s SU (JSU), 

the Generalised t (GT), Log-Normal (LOGNO), and five types of Skew-t distributions (ST1–ST5). Model 

fitting was performed with 1000 cycles, a smoothing parameter 𝑘 = 2, and all other options retained 

at their default settings. 
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3.2.5 Evaluation of models 

The Akaike Information Criterion (AIC) was used to compare models within each modelling approach: 

to rank the candidate quantile regression specifications against one another, and separately to rank 

the candidate GAMLSS distributions against one another.163 It was not used to compare the two 

approaches with each other, and the values reported in Table 9 and Table 10 are not on a common 

scale. The two methods optimise different objective functions: quantile regression minimises an 

asymmetric check-function loss at a single specified quantile, whereas GAMLSS maximises the full 

likelihood of a parametric conditional distribution. The difference between their AIC values therefore 

has no interpretation, and the similarity in their numerical magnitude reflects only the scale of the 

measurements. The choice between the two approaches was instead made on methodological 

grounds, and three criteria were applied. The first was whether the method defines a coherent 

conditional distribution at every gestational age, from which z-scores can be derived directly. Z-scores 

were required both for the analyses of association with adverse outcome later in this chapter and for 

the multivariable modelling in Chapter 5, and quantile regression yields them only by interpolating 

between separately fitted curves. The second was whether the fitted centiles are constrained not to 

cross, which the LMS approach guarantees by construction, since all centiles derive from a single fitted 

distribution, and quantile regression does not, since each centile is estimated independently of the 

others. The third was whether the stronger distributional assumption on which the LMS approach 

depends is supported by the data, which was assessed by the diagnostic checks described below rather 

than by AIC. Set against these, quantile regression offers greater robustness, requiring no distributional 

assumption and allowing each centile to follow the observations in its own region of the distribution. 

How these considerations were weighed is reported in the results (3.3.3, page 73). To further assess 

performance, centile curves were plotted alongside the observed data, allowing visual inspection of fit 

across the distribution. In addition, diagnostic checks included histograms and quantile–quantile plots 

of the derived z-scores to evaluate distributional assumptions, and comparison of the proportion of 

cases falling below each model-predicted centile with the proportion observed in the sample. All of 

these assessments were made in the same cases used to fit the models, and therefore describe 

apparent, or in-sample, fit rather than validated performance. 
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3.2.6 Exploration of association with adverse outcomes 

To assess the potential predictive value of the derived z-scores in the complete FirstPLUS cohort, odds 

ratios for adverse perinatal outcomes were estimated using univariable binomial logistic regression, 

with 95% confidence intervals calculated via the Wald method. The outcomes included were FGR, 

normotensive FGR (FGR without evidence of concurrent hypertension), any hypertensive disorder of 

pregnancy (including PE and gestational hypertension), PE, and a composite outcome of any FGR or 

hypertension. 

C-statistics with 95% confidence intervals were calculated using the pROC package in R.  

Forest plots were subsequently generated to visually represent these associations. 
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3.3 Results 

3.3.1 Cohort characteristics 

After exclusions, a summary of which is shown in Figure 6, 2547 cases were available for analysis. A 

summary of cohort characteristics is shown in Table 8 (page 69). 

 

Figure 6: Summary of exclusions for centile chart development 
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Table 8: Characteristics of FirstPLUS subgroup for centile chart construction 

 

  

 

 
Characteristic Median (IQR) or N (%) 

 

 
Maternal age (years) 33.44 (30.40–36.23) 

 

 Maternal weight (kg) 66.60 (59.90–75.60)  
 Maternal height (cm)  166 (162–171)  
 Body mass index (kg/m2) 23.90 (21.52–27.21)  
 

Ethnicity  
 

    Black 286 (11.23)  
    East Asian 52 (2.04)  
    South Asian 164 (6.44)  
    White 1944 (76.33)  
    Mixed/other 101 (3.97)  
 

In vitro fertilisation 165 (6.48) 
 

 Cigarette smoker at presentation 46 (1.81)  
 Family history of pre-eclampsia 70 (2.75)  
 Nulliparous 1209 (47.47)  
 Previous pre-eclampsia  40 (1.57)  
 Last birth-weight percentile 44.39 (19.45–68.62)  
 Interpregnancy interval (years) 2.43 (1.55–3.96)  
 

Sex of baby  
 

      Female 1264 (49.63)  
      Male 1283 (50.37)  
      Not known 0  
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3.3.2 Analysis of distribution  

Simple histograms and quantile-quantile plots are shown in Figure 7 (page 71), which demonstrates 

that none of the OxNNet-derived parameters have a normal distribution. This is most pronounced for 

svFMBV4, which is heavily positively skewed, and svFMBV2 to a lesser extent. The histograms for 

placental volume, svFMBV1, svFMBV3 and svFMBV5 all appear close to normal, but inspection of the 

quantile-quantile plots suggest a degree of positive skew. Non-normality of distribution is confirmed 

by the Shapiro-Wilk test, which generated P values of <0.001 in all cases, strongly suggestive of non-

normal distribution. 

The faceted boxplots shown in Figure 8 (page 72) show how the distribution of each parameter varies 

with gestational age. There is a trend towards increasing placental volume with advancing gestational 

age, which is not clearly apparent for svFMBV measurements. It is difficult to interpret distribution at 

the extremes of gestational age due to low case numbers, but nevertheless there are variations in 

distribution across the gestational age window of interest.  
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Figure 7: Paired histograms and quantile-quantile plots for each OxNNet-derived 
parameter 
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Figure 8: Faceted boxplots for each OxNNet-derived parameter stratified by gestational age in 
days 
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3.3.3 Comparison and selection of models 

The AIC statistics for the QR models are summarised in Table 9. The GAMLSS family selected by the 

lms toolkit, and the resulting AIC values for LMS models are presented in Table 10 (page 75). The two 

sets of AIC values are not comparable with one another, for the reasons given in the methods, and the 

numerically lower values obtained with the LMS approach were not treated as evidence of superior 

fit. 

Both quantile regression and the LMS method are established approaches to reference chart 

construction, and each carries its own trade-offs. Quantile regression requires no distributional 

assumption and estimates each centile from the observations in that region of the distribution, which 

confers robustness and allows the shape of each centile to follow the data independently. Against this, 

because the centiles are estimated separately they are not constrained to remain correctly ordered, 

and the method does not define a conditional distribution from which z-scores can be derived. The 

LMS method requires the conditional distribution to belong to a single parametric family at every 

gestational age, which is a stronger assumption, but estimates location, scale and shape as smooth 

functions of gestational age, so that all centiles derive from one fitted distribution, cannot cross, and 

yield z-scores directly. For the present application these last two properties were decisive. Z-scores 

were required both for the analyses of adverse outcome presented below and for the multivariable 

modelling in Chapter 5, and quantile regression does not provide them without interpolating between 

separately fitted curves. The parametric assumption on which the LMS approach depends was in turn 

supported by the fit of the selected distributions, which calibrated closely across the range of target 

centiles and produced approximately normally distributed z-scores. 

The final centile charts for each OxNNet parameter are shown in Figure 9. 
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Table 9: Akaike information criterion assessment of quantile regression models for prediction of 
each OxNNet-derived parameter from gestational age in days 

 

   

 

 

Modelling approach Method 

Akaike information criterion for each parameter 
 

 
Volume svFMBV1 svFMBV2 svFMBV3 svFMBV4 svFMBV5 

 

          
 Linear B&R 22434.66 -1806.84 -1906.37 -2162.46 -2107.87 -2168.95  
 Lasso 23121.66 -1807.03 -1907.34 -2161.76 -2109.62 -2168.01  

 Polynomial 2 B&R 22434.43 -1806.84 -1904.66 -2160.48 -2105.89 -2167.07  
 Lasso 22511.89 -1729.21 -1829.40 -2079.70 -2021.81 -2045.41  

 Polynomial 3 B&R 22436.24 -1805.04 -1902.84 -2160.17 -2105.25 -2166.45  
 Lasso 22609.47 -1550.35 -1653.30 -1923.31 -1906.62 -1909.56  

 Polynomial 4 B&R 22434.15 -1803.08 -1902.63 -2158.22 -2103.56 -2164.46  
 Lasso 22744.46 -1366.02 -1444.05 -1767.44 -1703.96 -1748.27  

 Natural splines B&R 22437.04 -1803.79 -1902.28 -2158.90 -2103.90 -2164.72  
 Lasso 22458.36 -1754.18 -1860.15 -2110.22 -2061.37 -2102.74  

 B-splines B&R 22434.78 -1803.21 -1903.00 -2158.17 -2103.67 -2164.45  
 Lasso 22481.40 -1761.33 -1882.90 -2111.09 -2091.07 -2121.06  
          
 B&R: Barrodale and Roberts method 

Lasso: Penalised lasso regression 
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Table 10: Akaike information criterion and GAMLSS family for each 
Lambda-Mu-Sigma derived model 

     

 Parameter AIC GAMLSS family  

 Volume 22135.04 BCCGo  
 svFMBV1 -2225.73 BCPEo  
 svFMBV2 -2464.89 SEP3  
 svFMBV3 -2557.69 BCPEo  
 svFMBV4 -2956.33 SEP1  
 svFMBV5 -2612.2 BCPEo  
     

 

 

 



 

 76 

 

Figure 9: Final centile charts for placental volume and svFMBV1–5. 

   The solid red line represents the 50th percentile, the grey band the 25th–75th percentile, the dashed red  
   lines the 10th and 90th percentiles, and the dotted red lines the 3rd and 97th percentiles. 
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3.3.4 Evaluation of centile charts 

Table 11 presents a comparison between the predicted and observed centiles across nine target points 

(1st, 3rd, 10th, 25th, 50th, 75th, 90th, 97th, and 99th) for the six examined models. These comparisons 

were made in the same 2547 cases used to fit the models, and therefore describe apparent, or in-

sample, calibration rather than validated performance; such estimates are optimistic by construction 

and cannot detect overfitting. On this basis there was close concordance between model-predicted 

and sample-observed centiles for most parameters and most target points, including those at the 

distribution extremes. The exception was svFMBV4, for which only 2.55% and 8.32% of cases fell below 

the predicted 3rd and 10th centiles respectively, indicating that the selected SEP1 distribution places 

its lower centiles too low and fits that parameter less well in the lower tail. 

Figure 10 (page 79) displays histograms and Q–Q plots of the Z-scores for 3D-svFMBV1–5, calculated 

using their respective models. In every instance, the data demonstrated the expected normal 

distribution. These distributions were also derived in the development cohort and likewise describe 

apparent fit. 
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Table 11: Percentage of cases at various centiles observed in study cohort (Obs) vs predicted by 
final model (Pred) for A) placental volume, svFMBV1 and svFMBV2; and B) svFMBV3, svFMBV4, 
and svFMBV5 

  

 

 A) 
 

Target centile 
Volume svFMBV1 svFMBV2 

Pred (%) Obs (%) Pred (%) Obs (%) Pred (%) Obs (%) 

1st 1.18 1.02 0.94 1.02 1.02 1.02 
3rd 3.38 3.02 3.61 3.02 3.26 3.02 

10th 10.09 10.01 9.82 10.01 9.89 10.01 
25th 24.85 25.01 25.13 25.01 24.30 25.01 
50th 50.41 50.02 49.98 49.98 49.74 50.02 
75th 74.79 74.99 75.38 74.99 75.58 74.99 
90th 89.95 89.99 89.87 89.99 90.30 89.99 
97th 97.02 96.98 96.90 96.98 96.70 96.98 
99th 99.06 98.98 98.94 98.98 98.94 98.98 

  

 

 B) 
 

Target centile 
svFMBV3 svFMBV4 svFMBV5 

Pred (%) Obs (%) Pred (%) Obs (%) Pred (%) Obs (%) 

1st 1.06 1.02 1.06 1.02 1.18 1.02 
3rd 3.14 3.02 2.55 3.02 2.83 3.02 

10th 10.33 10.01 8.32 10.01 10.48 10.01 
25th 25.05 25.01 23.48 25.05 24.46 25.01 
50th 50.65 50.02 50.45 50.02 49.55 50.02 
75th 75.54 74.99 75.42 74.99 75.19 74.99 
90th 90.50 89.99 90.22 89.99 89.75 89.99 
97th 96.82 96.98 96.90 96.98 96.70 96.98 
99th 98.94 98.98 98.98 98.98 98.98 98.98 
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Figure 10: Paired histograms and quantile-quantile plots for z-scores of each OxNNet-derived 
parameter 
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3.3.5 Prediction of adverse outcomes 

Figure 11 (page 81) presents odds ratios and C-statistics for the prediction of adverse outcomes using 

the z-scores derived from each model for each OxNNet parameter. With the exception of the 

prediction of normotensive FGR from svFMBV2 and svFMBV4 z-score, all odds ratios demonstrated 

statistical significance (the 95% confidence intervals did not cross 1), with higher values being 

associated with lower risk of adverse outcome. 
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Figure 11: Forest plots, odds ratios and C-statistics for the prediction of 
adverse perinatal outcomes in the complete FirstPLUS cohort using z-scores 
for each OxNNet parameter 
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3.4 Discussion and conclusion 

With this work, novel reference ranges have been established for first trimester placental volume, and 

svFMBV at five locations within the uteroplacental vasculature. All models have demonstrated good 

apparent calibration in the cohort in which they were developed, with the exception of svFMBV4 in 

the lower tail, although they have not yet been externally validated, and it has further been shown 

that the resulting z-scores have potential utility in the prediction of adverse perinatal outcomes. The 

availability of robust reference charts for these OxNNet-derived parameters provides a foundation for 

future studies investigating placental development and its relationship to pregnancy outcome. 

3.4.1 Comparison with previous work 

There have been previous attempts to develop reference charts for first trimester placental volume, 

but they have significant methodological limitations. With a cohort of 236 low-risk pregnancies and 

using VOCAL™ (GE Healthcare) for placental segmentation and volume calculation, 

Meengeonthong et al. (2016) used the mean and standard deviation approach to create a 

reference chart for first trimester placental volume.152 Although the included cases are described 

as low-risk, very little demographic information is provided making it challenging to assess 

generalisability, and such a small cohort is unlikely to have statistical power to achieve modelling 

precision at the upper and lower extremes. A feasibility study by Guyomard et al. (2013) also used 

VOCAL™ for placental segmentation and volume calculation in 128 cases.154 Again, concerns 

about the limitations of this small sample size apply. Once again, mean and standard deviation-

based modelling was used, but in this case the standard deviation was treated as a constant. This 

approach is unlikely to have the flexibility to achieve modelling precision across the entire 

gestational age range, especially given the observation that distribution of placental volume 

values changes with gestational age — a finding which is supported by the studies discussed 

here. 

The reliance on VOCAL™ in both of these studies is also a significant limitation because of concerns 

about inaccuracy of volume calculation with respect to irregular shapes, including the placenta which 
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is often not uniform in the first trimester,106,107 and comparatively poor performance with respect to 

reproducibility.108  

The largest study to date is that of Trilla Solà et al. (2024).153 In this study of 1142 uncomplicated 

pregnancies, placental volume was derived from manual segmentation, generally considered to 

be the gold standard. Regression modelling of the mean and standard deviation was used to 

establish reference values by completed weeks of gestation, and the threshold volumes 

corresponding to the 5th, 10th, 50th, 90th and 95th centiles are provided. However, the coefficients 

needed for calculating z-scores or centiles from raw measurements have not been made 

available, which restricts clinical and research utility.153 Further, as discussed above (section 

3.2.2), even this larger sample size may not be sufficient to achieve modelling precision at 

extreme centiles, and the authors do not comment on any power calculations or validation of 

their assumptions in this respect.  

At the time of writing, no other attempts to establish centile charts for uteroplacental FMBV were 

identified. However, using the semi-automated random walker method of placental segmentation in 

143 cases (including cases of PE and SGA as well as healthy cases), Collins et al. (2017) reported FMBV 

values ranging from 0.01 to 0.65 at the UPI (equivalent to 3D-svFMBV1 in this study) and <0.01 to 0.44 

in the intervillous space (equivalent to 3D-svFMBV2 in this study).125 This is a much narrower range of 

observations compared with this dataset, but these differences could be explained by substantial 

disparity in sample size. 

3.4.2 Strengths and limitations 

One of the principal strengths of this work lies in the large sample size. With more than twice the 

number of cases compared to the largest prior study, the dataset captures a broader spectrum of 

physiological variation, enhances representation of subgroups, and reduces the influence of outliers. 

This scale substantially improves the reliability of centile calculations, particularly at the extremes (e.g., 

the 5th and 95th percentiles). Rigorous quality control of imaging and segmentation further ensured 

that the models were derived from accurate placental assessments. 

A further strength is the adoption of flexible modelling approaches capable of accommodating 

complex data distributions. In particular, the use of the Lambda-Mu-Sigma method enabled 
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construction of centile models that account for non-normal distributions and heteroscedasticity across 

gestation. This represents a significant advance over traditional mean and standard deviation 

approaches, yielding more accurate and clinically meaningful centile curves. Model complexity was 

constrained by comparing candidate distributions using the Akaike Information Criterion, which 

penalises the addition of parameters, alongside visual inspection of the fitted curves. This guards 

against unnecessary complexity, but it does not by itself establish that the models generalise beyond 

the sample in which they were developed. 

Reproducibility was also enhanced through automated segmentation with OxNNet. This approach 

overcomes the limitations of manual or geometric methods, which may misrepresent the irregular 

morphology of the placenta, especially in early pregnancy. 

Nevertheless, several limitations must be acknowledged. Representation at the extremes of 

gestational age was limited, reducing confidence in distributional estimates at very early and very late 

time points. The study was conducted at a single UK centre, which may constrain generalisability to 

populations with different demographic profiles or imaging systems. Although cases with overt 

pathology were excluded, undiagnosed or subclinical conditions may still have influenced 

measurements. The Lambda-Mu-Sigma method, while offering coherent conditional distributions and 

non-crossing centiles, introduces additional complexity to percentile calculation, such that statistical 

expertise or bespoke digital tools are required for implementation. To mitigate this barrier, models 

have been made available as R project files alongside publications arising from this work, facilitating 

replication and wider use. Finally, although OxNNet is designed to be vendor-agnostic through NIfTI 

conversion, multicentre validation across diverse ultrasound platforms remains necessary to confirm 

generalisability. Most importantly, the centile charts presented in this chapter have been assessed only 

in the cohort in which they were developed. The centile calibration and z-score distributions reported 

above are measures of apparent fit, and are optimistic by construction because the same observations 

were used both to fit and to assess the models. No external validation of these charts has been 

undertaken. Application to an independent dataset, most immediately the OxPLUS cohort and 

subsequently to populations scanned on other platforms, is required before the centiles can be relied 

upon for clinical interpretation. 
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3.4.3 Clinical and Research Implications 

The utility of these reference charts lies not in binary classification of placental function as normal or 

abnormal, but in their integration into multivariate predictive models for adverse pregnancy 

outcomes. Reliable centile charts for both perfusion and volume provide a quantitative framework for 

risk stratification, supporting early identification of pregnancies at risk of complications such as 

pre-eclampsia or fetal growth restriction. By enabling reproducible, automated measurement, OxNNet 

makes large-scale application feasible in both research and clinical practice.  
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3.4.4 Conclusion 

In summary, this work provides comprehensive reference ranges for first-trimester placental perfusion 

and volume, derived from a large, rigorously curated cohort using advanced machine learning and 

statistical modelling. Automated segmentation and LMS-based centile construction provide robust, 

reproducible charts that improve upon previous work. While limitations remain, particularly regarding 

generalisability and representation at extreme gestational ages, these findings establish a valuable 

foundation for future research and clinical application. Together, they advance the quantitative 

assessment of placental function in early pregnancy and support the development of predictive 

models for adverse outcomes. 
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[4] DEVELOPMENT OF TRAINING AND QUALITY CONTROL 
PROCEDURES 

4.1 Introduction 

The necessity of thorough training in any ultrasound procedure is evident, especially when it comes to 

pregnancy sonography, and the importance of this subject is emphasised in guidance and policies of 

numerous professional bodies including the International Society of Ultrasound in Obstetrics and 

Gynecology (ISUOG), the Society for Maternal-Fetal Medicine (SMFM), and the World Health 

Organization (WHO).164-167 

To commence the OxPLUS study, it was necessary to train all participating sonographers in 3D first 

trimester placental ultrasonography — a technique that was previously unfamiliar to all practitioners. 

In addition to fulfilling the study’s primary aims, this process enabled the collection of data regarding 

the extent of training necessary to integrate this innovative method into a standard NHS maternity 

ultrasound setting. Although an experienced sonographer will have skills that are directly transferable 

to placental sonography, there are also several potential pitfalls which could render an image unusable 

or could result in the generation of inaccurate measurements and unreliable data. Therefore, in 

addition to training, ongoing quality control (QC) is extremely important.  

Sonographers’ images and measurements are routinely audited for QC purposes. For example, first 

trimester nuchal translucency (NT) measurement in the NHS Fetal Anomaly Screening Programme 

involves regular self-assessment using a feedback tool (Figure 12, page 88).168,169 This tool uses a ‘traffic 

light’ warning system to indicate measurement bias and spread, highlighting outliers. While bias does 

not always mean poor performance, it allows sonographers to reflect on potential learning needs and 

to pursue further training if needed. Familiarity with this feedback approach, and its similarity to first 

trimester biomarker use for risk stratification, makes it a fitting QC model for first trimester 3D 

placental ultrasound with power Doppler. 

The challenge with a novel technique or marker lies in defining quality control failures. Some QC 

failures may be obvious — such as failure to obtain a measurement — but others may be more 

nuanced, such as those based on identification of statistical outliers or data trends. Criteria that are 
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too stringent may result in false positive QC ‘alarms’, whereas if they are too lenient then a greater 

quantity of data will be required to trigger the QC warning, potentially allowing problematic practice 

to continue for longer. Some degree of trial and error is inevitable as QC systems are calibrated, 

particularly when there is little known about the expected performance of a new test or technique, 

but there are statistical approaches which may offer insight including the Westgard rules and 

cumulative sum (CUSUM) analysis. 

 

Figure 12: Example of a diagnostic plot self-assessment tool for nuchal translucency 
measurements. 

Image from NHS fetal anomaly screening programme website, produced by Prof. Dave Wright, University of 
Exeter.169 
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4.1.1 Westgard rules 

The Westgard rules, also known as ‘multi-rule quality control’, are a combination of decision criteria 

or ‘control rules’ which form a set of statistical patterns unlikely to occur by chance (Table 12). 

Developed for use in laboratory quality control, these rules help to determine whether an analytical 

run is in-control or out-of-control. In this context, in-control means that the measures are within the 

expected degree of random variation. Out-of-control means that one or more rules have been 

breached, suggesting a non-random problem which — in a laboratory context — might include reagent 

degradation, poor instrument calibration, or operator error etc. These rules are designed to maximise 

error detection (true positives) while keeping erroneous rejections to a minimum (false positives). An 

adaptation of these rules may help to provide a framework for evaluation of sonographer performance 

with respect to first trimester 3D placental ultrasound with power Doppler. 

 

Table 12: Westgard multi-control rules 
 

   

 

 
Rule name Description  Interpretation 

 

 
1 2s One control result exceeds ±2 standard 

deviations (SD) from the mean Warning only 
 

 
1 3s One control result exceeds ±3 SD Random or systematic error 

 

 
2 2s Two consecutive results exceed ±2 SD on 

the same side of the mean Systematic error 
 

 
R 4s One result exceeds +2 SD and another −2 

SD in the same run Random error 
 

 
4 1s Four consecutive results exceed ±1 SD on 

the same side Systematic error 
 

 
10 x Ten consecutive results fall on the same 

side of the mean Systematic error 
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4.1.2 Cumulative Sum (CUSUM) methodology 

The Cumulative Sum (CUSUM) method complements multi-rule approaches by tracking performance 

over time and quantifying learning curves and shifts in operator performance. CUSUM is particularly 

well suited to sonography because it accumulates small deviations that, when persistent, indicate a 

meaningful change in performance; this makes it sensitive to gradual deterioration or improvement 

and useful for determining when retraining or supervision is required. Published applications in fetal 

biometry, nuchal translucency and other sonographic tasks demonstrate that CUSUM can identify the 

number of cases required to reach competence, highlight periods of systematic bias, and support 

targeted remediation while minimising unnecessary interventions for random variation.170,171 

4.1.3 Summary 

In summary, the development of training and quality control processes for 3D placental ultrasound 

with power Doppler requires a multifaceted approach: structured training, objective assessment tools, 

clear definitions of quality control failure, and ongoing performance monitoring. 

4.1.4 Aims 

• To design and implement a structured self-assessment feedback tool for sonographers performing 

first trimester three-dimensional placental ultrasound with power Doppler. 

• To describe changes in sonographer performance before and after feedback is received. 

• To establish objective criteria for quality control failure in placental ultrasound by adapting the 

Westgard statistical rules, and to longitudinally monitor individual sonographer performance using 

cumulative sum (CUSUM) analysis, thereby identifying learning curves and periods of suboptimal 

practice. 

4.1.5 Statement of personal contribution 

Direct supervision of sonographers in training was undertaken by me, in conjunction with Theophilus 

Adu-Bredu (research sonographer). All subsequent data collection and analysis was performed 

independently. 



 

 91 

4.2 Methodology 

4.2.1 Sonographer training protocols for OxPLUS 

Prior to commencement of the OxPLUS study, a training package was developed. Sonographers were 

provided with an instructional video describing the process of placental capture with 3D ultrasound 

and power Doppler, as described in section 2.2.7.4, along with a detailed standard operating 

procedure document which they were required to read. Quick-reference summary posters were also 

placed in each scan room at initiation of recruitment.  

Sonographers were initially required to perform scans under supervision of a practitioner experienced 

in first trimester 3D placental ultrasound with power Doppler. In each case, an individual sonographer 

training record was maintained with a record of guidance or intervention needed for each scan, and 

the signature of the trainer was required once each scan was complete. Once three consecutive scans 

had been performed without a need for intervention or guidance, the training record was reviewed by 

the Principal Investigator, and the sonographer was ‘signed off’ as competent to perform the scans 

independently. After this point, supervision was no longer mandated but remained available to 

sonographers upon request for the duration of the study.  

The threshold of three scans without intervention was decided pragmatically, based on an assumption 

that this level of supervision would likely be deliverable both in the context of this study and in any 

future clinical implementation; and was also modelled on the requirements of the Fetal Medicine 

Foundation certification in pre-eclampsia screening, which includes competence in first trimester 

uterine artery Doppler velocimetry and requires submission of three high quality images which pass 

quality control in order to confirm competence.172  

 



 

 92 

4.2.2 Development and delivery of feedback tool 

To construct OxNNet parameter feedback tools, early iterations of the centile charts described in 

chapter 3 were used. Two tools were developed, one for placental volume and another for svFMBV2 

— the latter was selected pragmatically over other svFMBV measures because at the time the 

comparative predictive value of each measure was not known, and FMBV at the intervillous space 

(equivalent to svFMBV2) has been shown to have an association with pre-eclampsia.125 The method 

used to construct the preliminary charts is identical to the description of the LMS methodology in 

section 3.2.4, except that the entire FirstPLUS cohort was used (the derivation of which is shown in 

Figure 3, page 52), and only the default GAMLSS families were explored (including Box–

Cox Cole and Green original, Box–Cox Power Exponential original, and Box–Cox t 

original distributions). The Box–Cox Power Exponential original distribution was selected for modelling 

of both parameters. A further difference is that placental volume was presented in millimetres cubed, 

rather than centimetres cubed. 

A script was prepared in R to ensure consistency of feedback across all sonographers. Each chart 

included a centile line for the 50th centile, and fans for the 25th–75th, and the 5th–95th centiles. Individual 

sonographer measurements were extracted from the working OxPLUS dataset and were plotted on 

the chart. Numerical values for bias, spread, and failed placental segmentation were also presented.  

4.2.2.1 Calculation of bias 

Bias was calculated as the mean of the residuals for the individual sonographer, and these values were 

compared to the expected values (median) derived from the reference dataset (FirstPLUS). Advisory 

and corrective comments were triggered if the absolute value of the bias exceeded 0.1 or 0.2 times 

the reference median respectively; the absolute value was used so that systematic under-estimation 

and over-estimation are treated alike. A bias of 0.1 times the median corresponds to a multiple of the 

median of between 0.9 and 1.1 (Table 13, page 94). Additionally, the percentage of results falling 

within the expected top 25%, middle 50%, and bottom 25% was presented, providing an intuitive and 

familiar way for sonographers to understand the direction of any bias identified. 
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4.2.2.2 Calculation of spread 

Spread was calculated as the standard deviation of the residuals for an individual sonographer, and 

these were compared with the mean standard deviation of measurements in the FirstPLUS dataset. 

Advisory and corrective comments were triggered if the calculated spread exceeded the reference 

value by more than 10% or 20% respectively, that is, if it exceeded 1.1 or 1.2 times the reference 

standard deviation (Table 13, page 94). 

4.2.2.3 Count of segmentation failures 

The feedback report also included a count of scans where placental segmentation or svFMBV2 

processing had failed, which is most likely to reflect poor image quality or missing data (i.e. a placental 

scan was performed but no power Doppler signal was identified). A placental volume result was 

counted as a segmentation failure if it was missing or below 10 cm³, and an svFMBV2 result was 

counted as a failure if it was missing or below 0.01; the two were counted separately. An advisory 

comment was triggered by a single failure, and a corrective comment by more than one. 
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Table 13: Conditional logic and resulting textual outputs for self-assessment feedback tool 
for placental volume and svFMBV2  

 

   

 

 Parameter Logic Textual output  

 

Bias value 

IF  
(abs(bias) <= 0.1 * 
reference_median) 

This result is within 0.1 MoMs, no action is 
required. 

 

 ELSE IF 
(abs(bias) <= 0.2 * 
reference_median) 

This is acceptable but could be improved (within 
0.2 MoMs). Please review the SOP. 

 

 ELSE IF 
(abs(bias) > 0.2 * 
reference_median) 

This suggests need for improvement (>0.2 
MoMs).  
Please arrange further training. 

 

 

Volume bias 
sign 

IF  
(vol_bias > 0) 

Positive bias may be due to over segmentation 
of the placenta. Remember to adjust greyscale 
gain to distinguish placenta from myometrium. 

 

 
ELSE IF  
(vol_bias < 0) 

Negative bias suggests the placenta is 
sometimes incomplete or in shadow. Please 
ensure you have captured the entire placenta. 

 

 ELSE NA  

 

FMBV bias 
sign 

IF  
(fmbv_bias > 0) 

Positive bias may be due to high PD gain. Please 
ensure you select the subnoise gain setting 
correctly. 

 

 
ELSE IF  
(fmbv_bias < 0) 

Negative bias may be due to low PD gain. Please 
ensure you select the subnoise gain setting 
correctly. 

 

 
ELSE NA  

 

Spread 

IF 
(spread <= 1.1 * reference_SD) 

This is <10% difference from the expected result. 
The spread of your results is as expected. No 
action is required. 

 

 
ELSE IF 
(spread <= 1.2 * reference_SD) 

This is acceptable but could be improved (10-
20% difference from expected result). 
There is slightly more variability in your results 
than expected. Please review the SOP. 

 

 

ELSE IF 
(spread > 1.2 * reference_SD) 

This suggests need for improvement (>20% 
difference from expected result). 
There is more variability in your results than 
expected. Please arrange further training. 

 

 

Segmentation  
failure 

SUM(segmentation_failure) = 0 No cases of failed segmentation were identified.  

 
SUM(segmentation_failure) = 1 

Placental segmentation failed in one of your 
images. Please review the SOP. 

 

 
SUM(segmentation_failure) > 1 

Placental segmentation failed in some of your 
images. Please arrange further training. 

 

 

FMBV failure 

SUM(fmbv_failure) = 0 
No cases of failed FMBV assessment were 
identified. 

 

 
SUM(fmbv_failure) = 1 

FMBV assessment failed in one of your images. 
Please review the SOP. 

 

 
SUM(fmbv_failure) > 1 

FMBV assessment failed in some of your images. 
Please arrange further training. 
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4.2.3 Delivery of feedback and corrective action 

Recruitment for the OxPLUS study, and consequently training of sonographers, commenced in April 

2023 and concluded in August 2024. Individual performance was audited using the OxNNet feedback 

toolkit after 1 year of recruitment, in April 2024. 

4.2.3.1 Power calculation 

A power calculation was performed using the pwr.t.test function from the pwr package in R to 

determine the number of scans required to detect bias. Assuming Cohen’s d of 0.4 (a moderate effect 

size), a significance level of 0.05 and power of 0.7, then 41 cases would be required. The choice of 50 

cases was pragmatic, to allow for some failures of segmentation.  

4.2.3.2 Sonographer inclusion criteria 

Sonographers were eligible for inclusion if they had completed training in first trimester 3D placental 

ultrasound with power Doppler and had performed at least 50 scans by April 2024. The most recent 

50 scans were selected for each sonographer, and the measurements entered into the OxNNet 

feedback toolkit.  

4.2.3.3 Feedback and training protocol 

Feedback outputs were generated for both placental volume and svFMBV2, and these were provided 

to the sonographers. Where minor deviations were identified, a discussion took place with the 

principal investigator to ensure that the potential causes of bias were understood, and sonographers 

were asked to revisit the standard operating procedure document. Where need for improvement was 

identified, the initial training protocol was repeated as described in paragraph 4.2.1. 

4.2.3.4 Comparison of performance before and after feedback 

For those sonographers who received feedback, their scans for the remaining months of the study 

were evaluated in the same manner. Sonographers with fewer than 29 evaluable cases after feedback 

were excluded from further analysis. This threshold was selected based on the power calculation 

described in paragraph 4.2.3.1, modified to assume a Cohen’s d statistic of 0.5 (a moderate effect size, 

but slightly greater than the initial assumption of 0.4) which determined that 27 cases should be 

sufficient, and this was inflated to 29 to account for expected image processing failures. 
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Sonographer performance before and after retraining was compared in those cases that remained 

eligible for inclusion. For each parameter (placental volume and svFMBV2) each metric (bias, spread 

and processing failure) was converted to a categorical outcome of pass, advisory, or fail (as described 

in section 4.2.2). Bhapkar’s test was used for statistical comparison. svFMBV2 processing failures were 

expressed as a percentage of the total number of scans by that sonographer, and these proportions 

were compared before and after feedback using a paired Wilcoxon signed rank test. Failures of 

placental segmentation were not evaluated separately, since all segmentation failures were also 

svFMBV2 failures, but some svFMBV2 failures were not volume failures.  

4.2.4 Multi-rule quality control 

Upon the conclusion of the OxPLUS study, data were grouped according to the ultrasound practitioner 

performing the scan and were analysed retrospectively.  

4.2.4.1 Quality control failure triggers 

Each case was evaluated against 11 binary (pass or fail) criteria modelled on the Westgard multi-rule 

QC process (Table 14, page 97). The z-scores for placental volume and svFMBV5 were required for QC, 

and these were calculated according to the published methods described in chapter 3.173,174 A decision 

was taken not to include an assessment of all five svFMBV parameters, but rather to focus on svFMBV5 

measurements only on the basis that this appears to have the strongest association with adverse 

outcomes (as discussed in paragraph 3.3.5).  

Using these criteria, we defined three failure categories.	Definition 1	encompassed all failure 

parameters.	Definition 2 included only cases with a correctly saved image, and	definition 3	included 

only cases in which an image could be successfully processed. We examined Definitions 2 and 3 

because failure to save an image does not necessarily indicate lack of technical competence; excluding 

unsaved images therefore gives a clearer measure of the operator’s sonographic skill. Definition 3 is 

motivated by OxNNet’s intended real-time use during scanning: the system will prompt the operator 

to repeat acquisition if no image is received in the correct format. Excluding these events from the 

failure definition better reflects expected real-world performance. However, failure of OxNNet’s 

internal QC process (which checks that the placenta has not been incompletely captured at the edge 

of the image) was not a reason for exclusion because this does reflect sonographer competence. 
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4.2.4.2 Cohort definitions 

To analyse each failure definition, three distinct cohorts were examined. Cohort 1 comprised all cases 

within OxPLUS in which a placental scan was performed. Cohort 2 excluded instances where scan 

images were either not saved or were stored in an incorrect format. Cohort 3 consisted solely of cases 

in which OxNNet parameters were processed successfully. 

 

Table 14: Multi-rule approach to quality control 

    
 

Reason for failure 
Failure definitions  

 1 2 3  

 Images not saved or saved in wrong format Included Excluded Excluded  

 Processing failure Included Included Excluded  

 OxNNet internal QC failure Included Included Included  

 Placental volume z-score exceeds ±3 Included Included Included  

 svFMBV5 z-score exceeds ±3 Included Included Included  

 Placental volume z-score exceeds ±2 on the 
same side of the mean for second 
consecutive case 

Included Included Included 
 

 svFMBV5 z-score exceeds ±2 on the same 
side of the mean for second consecutive case 

Included Included Included 
 

 Placental volume z-score exceeds ±1 on the 
same side of the mean for fourth 
consecutive case 

Included Included Included 
 

 svFMBV5 z-score exceeds ±1 on the same 
side of the mean for fourth consecutive case Included Included Included 

 

 Placental volume z-score on the same side of 
the mean for tenth consecutive case Included Included Included 

 

 svFMBV5 z-score on the same side of the 
mean for tenth consecutive case Included Included Included 
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4.2.5 Cumulative Sum (CUSUM) learning-curve analysis 

A learning-curve Bernoulli CUSUM was constructed for each sonographer to monitor sequential 

performance across all OxPLUS scans performed by that individual.175-177 The event of interest 

was successful image acquisition with no QC triggers, and the values for 𝜉!  (the binary indicator that is 

positive when the	𝑖-th case shows the event of interest) were coded as one and zero for pass and fail, 

respectively. 

The baseline success probability 𝑝" was estimated as the sample mean of 𝜉, and this was calculated 

separately for each cohort (Table 15). These values are the complement of the composite quality-

control failure rates for each cohort. 

 

Table 15: Values of 𝑝! and ℎ used for CUSUM analysis 
     

 Cohort p0 h  

 1 0.72 3.63  

 2 0.74 3.33  

 3 0.79 2.76  
     

 

To determine reassurance, warning, and alarm thresholds, alternative success probabilities 𝑝# were 

specified using relative multipliers: an alert shift of 𝑝# = 𝑝" × 0.90 (10% relative shift) was used.  

Per-case log-likelihood increments were computed as shown in Equation 2 and the CUSUM calculated 

as a plain cumulative sum (without truncation, where positive and negative excursions were 

interpreted according to the coding of 𝜉) according to Equation 3, where CUSUM𝑖 is the cumulative 

sum of the case scores up to the	𝑖-th case. That is, CUSUM𝑖 = 𝑠# + 𝑠$ +⋯+ 𝑠! , with each 𝑠%  the 

log-likelihood increment contributed by case 𝑗  (computed from the observed outcome 𝜉%  and the 

baseline and alternative probabilities 𝑝"  and 𝑝# ). Positive increments indicate improvement in 

performance; negative increments indicate deterioration.  
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Equation 2: Bernoulli log-likelihood increment  Equation 3: Cumulative CUSUM statistic 

   

𝑠! = log 9
𝑝"
𝑝#
:  𝜉!   +   log 9

1 − 𝑝"
1 − 𝑝#

:  (1 − 𝜉!) 
 CUSUM! =? 𝑠%

%&!
. 

   

 

The decision limit ℎ was obtained by simulation using R. For each cohort, 10,000 in-control Bernoulli 

sequences of length 𝑇 = 100  were simulated. The simulation was parameterised in terms of the 

failure rate, taken as the complement of 𝑝" , with an alternative failure rate 20% greater in relative 

terms rather than the success-based shift 𝑝#; the highest CUSUM value reached in each simulated run 

was recorded, and ℎ  was set to the empirical (1−𝛼)  quantile of those peak values with 𝛼 =

0.01	(where 𝛼 is the probability of false alarm). In plain terms, ℎ is the value that only about 1% of 

in-control runs exceeded over the 100-case simulation horizon. The derived ℎ values are presented in 

Table 15 (page 98). Because the decision limit was calibrated on this failure-monitoring 

parameterisation and then applied to the learning-curve CUSUM, whose per-case increments are 

larger, the nominal 1% false-alarm rate should be regarded as approximate. 

Charts were plotted per sonographer with superimposed reassurance, warning, and alarm thresholds. 

The reassurance threshold was set at +h, the warning threshold at −h, and the alarm threshold at −2h. 

Because a pass contributes a positive increment and a failure a negative one, a CUSUM rising to cross 

+h indicates performance sustained above the baseline success rate, whereas a falling CUSUM crossing 

−h and then −2h indicates progressively greater cause for concern. A single value of h = 3.33 was 

applied to all three cohort analyses, the differences between cohorts being negligible, so that the 

thresholds shown in Figure 17 and in Appendices 1 and 2 are +3.33, −3.33 and −6.66 respectively. 

Additional vertical lines were added to indicate the date on which feedback was delivered using the 

feedback tool described in paragraph 4.2.2 (page 92). Where any corrective action was recommended, 

this line was colour-coded red. If the recommendation was only advisory, then the colour was amber, 

and if no corrective action or advisory statement was made then the line was green. 
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4.3 Results 

In total, 18 sonographers were trained and deemed to achieve competence to perform first trimester 

3D placental ultrasound with power Doppler during the OxPLUS study. 

One sonographer is excluded from reports on the primary training process, since regrettably the 

training log was unavailable, although this did not necessitate exclusion from subsequent analyses. Of 

18 potentially eligible sonographers, 11 had performed at least 50 scans by April 2024 and were eligible 

to take part in feedback using the novel toolkit. All 18 were included in the CUSUM learning curve 

analysis. A summary of these exclusions is shown in Figure 13. 

 

Figure 13: Summary of sonographers included in training and quality control analyses 
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4.3.1 Primary training of sonographers 

The median number of training events required to achieve competence, as judged at the time by the 

OxPLUS study team, was eight scans (with varying degrees of supervision), and a range of five to 

fifteen. A detailed breakdown of training events is presented in Table 16, and the distribution of 

training events is presented in Figure 14. 

Table 16: Summary of learning events required to achieve competence in first trimester 
3D placental ultrasound with power Doppler. 

Primary training relates to training at commencement of the OxPLUS study, and secondary training relates to 
additional training delivered in response to the recommendations of the OxNNet feedback toolkit. 

    
 

Type of training event 

Median number of training events 
n (range) 

 

 Primary training 
n = 17 

Secondary training 
n = 6 

 

 Demonstration 1 (1–4) 0  

 Guidance (hands on) 1 (0–2) 0  

 Guidance (hands off) 2 (0–10) 2 (1–5)  

 Unguided supervision 3 3  

 Total 8 (5–15) 5 (4–8)  

     

 

Figure 14: Training events required to achieve competence in A) primary training in first 
trimester 3D placental ultrasound with power Doppler, and B) further training required in 
response to the OxNNet feedback toolkit 

   A) B) 
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4.3.2 Implementation of the OxNNet feedback toolkit 

Examples of the OxNNet feedback toolkit output, with cases that both passed and failed the QC 

process, are shown in Figure 15. 

 

Figure 15: Examples of the self-assessment feedback tool for placental volume (A, B) and 
svFMBV2 (C, D) showing both positive and negative feedback 

 

     A) Placental volume, positive feedback      B) Placental volume, negative feedback 

  

     C) svFMBV2, positive feedback      D) svFMBV2, negative feedback 
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Feedback was delivered to all 11 eligible sonographers, of whom nine had sufficient scans in the post-

feedback period to permit paired comparison. For these nine, the feedback given can be categorised 

into three categories — pass, fail, or advisory — for each metric evaluated (Table 17, page 104). The 

commonest reason for QC failure was detection of bias in svFMBV2 measurement, which was 

identified in 66.7% (n = 6) of the cases evaluated. Performance was better with respect to placental 

volume, with only one case failing QC on this basis, although an advisory comment suggesting some 

need for improvement was delivered in 66.7% of cases (n = 6). When the toolkit was applied 

retrospectively to all scans performed by each sonographer for the remainder of the study, a significant 

difference was noted in placental volume bias classification (P < 0.001), with 44% (n = 4) showing 

improvement. However, the performance of two sonographers worsened after feedback, with 33% (n 

= 3) being in the failure category. No other metric demonstrated a statistically significant difference, 

but the low case numbers may limit the ability to detect change and could magnify differences that 

have occurred by chance.  
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Table 17: Sonographer performance as rated using the OxNNet feedback toolkit 
before and after receiving feedback 

      

 
Metric Before feedback (n = 9) 

n (%) 
After feedback (n = 9) 

n (%) P  
      

 Volume bias classification     
     Pass 2 (22.2%) 5 (55.6%) 

<0.001 
 

     Advisory 6 (66.7%) 1 (11.1%)  
     Fail 1 (11.1%) 3 (33.3%)  
 Change in volume bias 

classification     

    Improved  4 (44.4%)   
    Unchanged  3 (33.3%)   
    Worsened  2 (22.2%)   
 Volume spread classification     
     Pass 7 (77.8%) 7 (77.8%) 

1 
 

     Advisory 0 0  
     Fail 2 (22.2%) 2 (22.2%)  
 Change in volume spread 

classification     

    Improved  1 (11.1%)   
    Unchanged  7 (77.8%)   
    Worsened  1 (11.1%)   
 FMBV bias classification     
     Pass 3 (33.3%) 2 (22.2%) 

0.556 
 

     Advisory 0 0  
     Fail 6 (66.7%) 7 (77.8%)  
 Change in FMBV bias 

classification     

    Improved  1 (11.1%)   
    Unchanged  6 (66.7%)   
    Worsened  2 (22.2%)   
 FMBV spread classification     
     Pass 6 (66.7%) 7 (77.8%)   
     Advisory 0 1 (11.1%) 0.277  
     Fail 3 (33.3%) 1 (11.1%)   
 Change in FMBV spread 

classification     

    Improved  2 (22.2%)   
    Unchanged  7 (77.8%)   
    Worsened  0   
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4.3.3 Multi-rule quality control and CUSUM learning curve analysis 

4.3.3.1 Derivation of the cohorts 1-3 

A summary of the derivation of the three subgroup cohorts from the OxPLUS cohort is shown in Figure 

16. After exclusions, there were 3483 cases in cohort 1, 3377 in cohort 2, and 3165 in cohort 3.   

 

Figure 16: Derivation of OxPLUS subgroup cohorts 1–3 
 

 

 

4.3.3.2 Exploration of multi-rule QC failures 

The incidence of multi-rule QC failures across all three cohorts is presented in Table 18 (page 106). The 

commonest reason for failure by some distance was the Z-score being on the same side of the mean 

for the tenth consecutive case, which reflects systematic bias in measurement, and this was true across 

all cohorts with incidence of 9.13%, 9.42%, and 10.05% in cohorts 1–3 respectively. The next most 

common reasons for failure were processing failures and failure of OxNNet’s internal QC process.  
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Table 18: Summary of the incidence of multi-rule quality control failures across subgroup 
cohorts 1–3 

      
 

Failure triggers n 

Incidence of failures in each cohort (%)  

 
Cohort 1 
All cases 
n = 3483 

Cohort 2 
Scan found 

n = 3377 

Cohort 3 
Scan processed 

n = 3165 

 

       
 Image not saved or wrong format 106 3.04    

 Processing failure 212 6.09 6.28   

 OxNNet internal QC failure 148 4.25 4.38 4.68  

 Z-score exceeds ±3      

  Placental volume 90 2.58 2.67 2.84  

  svFMBV5 48 1.38 1.42 1.52  

 Z-score exceeds ±2 on the same 
side of the mean for second 
consecutive case 

    
 

  Placental volume 27  0.78 0.80 0.85  

  svFMBV5 68  1.95 2.01 2.15  

 Z-score exceeds ±1 on the same 
side of the mean for fourth 
consecutive case 

    
 

  Placental volume 19  0.55 0.56 0.60  

  svFMBV5 111 3.19 3.29 3.51  

 Z-score on the same side of the 
mean for tenth consecutive case     

 

  Placental volume 35 1.00 1.04 1.11  

  svFMBV5 318 9.13 9.42 10.05  

 
Composite of all triggers  
n (%)  969 (27.82) 863 (25.56) 651 (20.57) 
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4.3.3.3 CUSUM learning curve analysis 

The CUSUM learning curve analysis for subgroup cohort 3 is shown in Figure 17, and the analyses for 

subgroup cohorts 1 and 2 are provided in Appendix 1 and Appendix 2, respectively. Differences 

between the analyses in the three groups are negligible, and the analysis of cohort 3 is therefore the 

most relevant as it most closely approximates the intended real-world use of OxNNet.  

Four of the 18 sonographers crossed the alarm line during the study (sonographers 2, 7, 12, and 18) 

and, other than those four, no sonographers crossed the warning line. Of those four, one (sonographer 

18) improved spontaneously (that is, not in temporal relation to the delivery of the OxNNet feedback 

toolkit) and went on to significantly overshoot the reassurance line — a trend which continued for the 

next 350 scans. Two (sonographers 2 and 7) had crossed the alarm line at the time when performance 

was analysed and feedback delivered, and in both cases the OxNNet feedback toolkit agreed that QC 

had failed and urgent improvement was required. In the fourth case (sonographer 12), no analysis or 

feedback was performed because fewer than 50 scans had been undertaken at the time.  

Of the three sonographers who received advisory comments on feedback (sonographers 4, 5, and 17), 

none crossed the warning line or the alarm line, and in fact all were close to or beyond the reassurance 

threshold at the time of feedback.  

In five cases where the OxNNet feedback toolkit passed all QC checks (sonographers 1, 8, 9, 15 and 

18), all had remained above the reassurance line for the preceding 50 scans.  
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Figure 17: Cumulative sum (CUSUM) learning curve analyses for each sonographer 
performance with respect to subgroup cohort 3 for the entire duration of the OxPLUS 
study 
Incremental increases in the CUSUM curve represent improved performance. 
Green dashed horizontal line (top): Reassurance threshold 
Amber dashed horizontal line (middle): Warning threshold 
Red dashed horizontal line (bottom): Alarm threshold 
Solid vertical lines: The time at which the feedback was delivered using the OxNNet feedback toolkit; colour 
coded to represent pass (green), advisory only (amber), or failure in any domain (red). 
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4.4 Discussion and conclusion 

This work demonstrates that it is possible to train a group of sonographers to perform first trimester 

3D placental ultrasound with power Doppler, and that the initial learning curve is relatively fast. 

However, it is also evident that significant sources of potential bias exist, both with respect to 

measures of placental volume and svFMBV derived from those scans. The feasibility of a feedback 

toolkit has been demonstrated, and the potential added utility of multi-rule QC processes and CUSUM 

analysis has been shown.  

4.4.1 Causes of QC failure 

Measures of svFMBV appear particularly vulnerable to bias and QC failure. This likely reflects two 

interacting mechanisms: 1) problems with gain selection or signal calibration, and 2) problems with 

placental segmentation. 

First, the FMBV measurement itself is technically sensitive: it requires careful attention to the region-

of-interest, and consistent handling of sub-noise power Doppler gain setting selection, which may 

amplify small operator differences into large measurement variability — that is, bias in gain selection 

will likely result in bias of svFMBV measures. However, while it may be considered somewhat 

subjective, the selection of the sub-noise gain has been shown to have excellent reproducibility, 

demonstrating intraclass correlation coefficients of 0.98 (95% CI 0.97–0.99) and 0.98 (95% CI 0.98–

0.99) inter-observer reproducibility between two pairs of expert assessors, and 0.96 (95% CI 0.93–

0.98) for intra-observer reproducibility. This degree of reproducibility is quite remarkable for a 

subjective measure, and further work to verify these findings would be of benefit to understanding 

the limitations and sources of bias inherent to the svFMBV method. The single-vessel method of FMBV 

calibration (described in paragraph 1.4.2.1, page 34) should help to overcome inconsistencies in power 

Doppler gain settings and tissue attenuation.124 In reviewing outlying results and QC failures, this 

process should also be scrutinised as a potential source of bias propagation, again an important subject 

for future work. 

Secondly, svFMBV relies on accurate placental segmentation, and deviations in this process could 

contribute to QC failure. For instance, if the placenta lies heavily in shadow, the segmentation may not 

be precise, potentially placing the uteroplacental interface slightly within the myometrium or placenta 
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rather than at its actual location. This discrepancy can result in svFMBV being evaluated in regions with 

more or less vascularity than intended. Such errors are likely to affect the FMBV estimate, where even 

minor upstream mistakes could trigger significant downstream QC flags. Having developed a statistical 

model to identify QC failures in these areas, it would be valuable to visually review these cases 

(particularly with respect to placental segmentation) to better understand the factors contributing to 

outlier results and devise mitigation strategies — whether that involves improving sonographer 

training or refining OxNNet processes. These considerations should be addressed in future research. 

4.4.2 Evaluation of OxNNet feedback toolkit and CUSUM learning 
curve 

The results demonstrate that both the OxNNet feedback toolkit and CUSUM learning curve approach 

are capable of identifying patterns of systematic bias with respect to OxNNet-derived placental volume 

and svFMBV measures. 

4.4.2.1 Feedback toolkit 

A statistically significant change in the distribution of placental volume bias classifications was 

observed after delivery of the OxNNet feedback toolkit, but not with other parameters. The direction 

of that change was not uniform: the number of sonographers classified as passing rose from two to 

five, but the number classified as failing also rose from one to three, so that the distribution became 

more polarised rather than shifting consistently towards better performance. Bhapkar’s test assesses 

marginal homogeneity and therefore indicates only that the distribution of classifications changed; it 

does not establish that performance improved. The uncontrolled before-and-after design, without a 

comparison group, cannot attribute any change to the feedback itself. This might simply reflect small 

case numbers — there were only nine sonographers in the paired comparison — and fewer evaluable 

images available for some sonographers in the post-feedback analysis. Other possible explanations 

include: 1) the OxNNet feedback tool in its current iteration may not be an effective means of 

delivering feedback; 2) there may be factors other than individual sonographer performance 

contributing to variation in bias and spread (such as bias in case selection where some sonographers 

are more likely to take on technically challenging cases, for example); and 3) the training delivered in 

response to feedback is not effective in correcting sonographer performance factors. 
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This is a novel tool, and as such there is no completely apposite literature available, but we can 

cautiously extrapolate from work on NT quality control. With respect to NT measurements, there is no 

evidence in the medical literature to suggest that this approach to audit and feedback is ineffective, 

and in fact there is substantial evidence to the contrary. In a study of 88 sonographers, Chalouhi et al. 

(2013) showed that those who received individualised feedback on bias of their serial NT 

measurements demonstrated marked improvements in their scoring. No significant change was 

observed among those who received no feedback. Importantly, the proportion of satisfactory images 

rose by nearly 50% among low scorers who were provided with feedback, underscoring the feasibility 

and impact of formative assessment in routine first-trimester practice.178 Torrent et al. (2019) 

demonstrated that among 102 sonographers, periodic audits and feedback are associated with higher-

quality NT measurements and reduced underestimation rates (24% vs 56%; P = 0.021).179 However, 

evaluating 1.5 million NT scans in the Nuchal Translucency Quality Review (NTQR) program (United 

States of America), Cuckle et al. (2015) have shown that despite considerable training and audit, 

significant variability remains between NT providers.180 

An advantage of the feedback toolkit approach is that it does not require integration with OxNNet 

itself, or with any other digital systems. In real-world use, sonographers could collate and submit their 

own measurements at any time to receive feedback, and this could be made available in most settings 

as a Microsoft Excel file, as is the case for the NT self-assessment tool.168,169 This makes it readily 

deliverable and scalable across a range of different healthcare settings. Conversely, a major 

disadvantage is that this tool can only be applied in retrospect and requires sufficient cases for analysis. 

The more cases evaluated the more accurate the assessment is likely to become, but the longer the 

run of cases prior to feedback, the longer bias may go undetected. 

4.4.2.2 CUSUM learning curve 

The CUSUM learning curve method was applied retrospectively in this work but, with integration into 

the OxNNet software, CUSUM could provide running evaluation of individual sonographer 

performance including informing practitioners when they have crossed the warning or alarm 

thresholds.  

There is consistent evidence that CUSUM-based prospective monitoring is a practical and sensitive 

method for maintaining and improving ultrasound measurement quality. Sabrià et al. (2011) applied a 
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CUSUM model to >2400 NT measurements performed by seven sonographers, and compared findings 

with the established Fetal Medicine Foundation (FMF) and the Women & Infants Hospital of Rhode 

Island (WIHRI) retrospective audit tools, demonstrating good agreement while allowing for earlier 

detection of measurement bias.181 Balsyte et al. (2011) showed, using a CUSUM chart of NT 

performance, that prompt identification of out-of-control performance and provision of corrective 

training resulted in improvement and return to in-control status.182 Sahota et al. (2012) applied CUSUM 

across four screening centres and 36 sonographers, demonstrating substantial variation between 

providers and identifying that nearly half of sonographers with ≥30 scans exhibited systematic under- 

or over-measurement, supporting routine prospective feedback to preserve integrity of screening.183 

CUSUM has also been used to assess QC and learning curves in various sonographic parameters, such 

as fetal biometry and anatomy screening, indicating its broader applicability across ultrasound 

measures for prospective audit.171,184 

A key drawback of the CUSUM approach is that to be used prospectively in practice, the CUSUM 

analysis tool must integrate with the OxNNet software, and this requires an accessible archive of every 

sonographer’s prior scans. The version of OxNNet being prepared for market release is intentionally 

designed not to retain data, which offers clear information-governance benefits, but this makes 

integration of CUSUM analysis more challenging. Consequently, QC data — and potentially the CUSUM 

QC tool itself — would need to be hosted on local servers, adding technical and administrative 

complexity and rendering the solution impractical in settings that lack those resources or where 

sonographers frequently move between independent sites. 

4.4.3 Strengths and limitations 

This work is strengthened by the large number of cases evaluated, and the relatively large number of 

sonographers included in relation to other similar studies of sonographer performance measures. 

However, the lower numbers of sonographers and images available for evaluation after delivery of 

feedback are a significant limitation. 

The availability of z-scores derived from peer reviewed and published reference charts is also 

advantageous, as is the use of robust statistical processes to determine the warning and alarm 

thresholds used for CUSUM learning curve analysis. However, basing this calculation on the frequency 
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of multi-rule QC failure within the same single dataset could lead to inflation or underestimation of 

the expected incidence of QC failure. This highlights the importance of ongoing calibration and 

adjustment of the tool as more data become available, and more is understood about the potential 

causes of outlying results. 

This work is further limited by lack of literature reference points for comparison, which is inevitable to 

some degree when exploring a new marker. Extrapolation of learning from analyses of other 

sonographic parameters has some value but requires cautious interpretation. 

4.4.4 Conclusion 

Two separate tools have been created for auditing, providing feedback, and controlling the quality of 

metrics produced by OxNNet. Each tool offers unique advantages and disadvantages, delivering 

different benefits depending on the situation. While CUSUM is likely the more robust method for early 

detection of performance deviations, the feedback toolkit stands out for its accessibility and ease of 

use in real-world settings. 

It is advisable to recalibrate both tools as additional data becomes available. This will help reduce the 

operational strain caused by false positives and decrease the likelihood that poor performance goes 

unnoticed. 
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[5] PREDICTION OF FETAL GROWTH RESTRICTION AND 
PRE-ECLAMPSIA 

5.1 Introduction 

The clinical significance of fetal growth restriction and pre-eclampsia has already been emphasised 

(paragraph 1.1, page 19), as has the importance of early prediction both for care planning and potential 

prophylaxis (paragraph 1.3, page 29). 

For pre-eclampsia, robust multivariable models are now in clinical use, most notably the Fetal 

Medicine Foundation (FMF) competing-risks algorithm, which integrates maternal characteristics, 

mean arterial pressure, uterine artery Doppler, and placental growth factor. This approach, as 

implemented in the ASPRE trial, achieves high detection rates for preterm pre-eclampsia 

(approximately 75% at a 10% false-positive rate, and up to 82% in some validation cohorts) and has 

demonstrated a 62% reduction in preterm pre-eclampsia incidence with first-trimester aspirin 

prophylaxis. However, the predictive performance for term pre-eclampsia remains modest, with 

detection rates around 41%, and current models are less effective for prevention of term disease.86,185-

187 Systematic reviews confirm that the FMF model is the only externally validated tool with 

consistently high discrimination for preterm pre-eclampsia, while other models show variable and 

generally lower performance.188 

In contrast, prediction models for FGR are generally less mature. Most existing models predict small 

for gestational age (SGA) as a surrogate for FGR, and few have undergone robust external validation. 

Recent meta-analyses highlight that while some models, such as the International Prediction of 

Pregnancy Complications-FGR model, show promising discrimination and calibration, their clinical 

utility and impact on outcomes require further evaluation in routine practice.189,190 

A clear association between OxNNet-derived markers of placental volume z-score and svFMBV1-5 z-

score has been demonstrated (paragraph 3.3.5, page 80) and they may have predictive utility. 

Numerous other biomarkers and factors from the medical history are known to have value in the 

prediction of PE86,187 and FGR80, and therefore incorporation of OxNNet metrics into a multivariable 
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modelling approach is worthy of attention, particularly with respect to prediction of FGR and term PE, 

where there is a distinct clinical need for better predictive strategies. 

5.1.1 Aims 

• To develop multivariable predictive models for FGR and PE using the FirstPLUS dataset, 

incorporating OxNNet-derived 3D placental sonography markers. 

• To externally validate those models using the OxPLUS dataset. 

5.1.2 Statement of personal contribution 

Early exploratory work was undertaken with the statistical guidance and supervision of Prof. Dave 

Wright, Professor of Medical Statistics, University of Exeter. The final statistical analysis plan was 

produced in discussion with Stephen Gerry, senior medical statistician, University of Oxford. The entire 

analysis was undertaken independently, with guidance sought as appropriate. 

 



 

 116 

5.2 Methodology 

5.2.1 Key datasets and definitions 

This work utilises the FirstPLUS (n = 3479) and OxPLUS datasets (n = 2767), with exclusions as defined 

in paragraph 2.3 (page 52). The primary outcomes of interest are fetal growth restriction and pre-

eclampsia. 

5.2.2 Power calculation 

Using Riley et al.’s (2019)134 method via the pmsampsize package (v1.1.3)133, calculations were 

performed using the actual outcome incidence and sample size from the FirstPLUS cohort, to 

determine the number of parameters that could be included in the final models, assuming constant 

shrinkage of 0.8 and a c-statistic of 0.7 or higher. 

5.2.3 Exploration of collinearity 

A correlation matrix was constructed to quantify associations among study variables. Continuous 

variables were analysed using Pearson correlations with pairwise deletion of missing data to maximise 

available information. The cor function in base R, and the polychor and polyserial functions from the 

polycor package, were used. Discrete variables (ordinal or nominal treated as ordered factors) were 

analysed using polychoric correlations to estimate the latent association between categorical 

responses. For mixed pairs (one continuous and one discrete), polyserial correlations were used, which 

model the continuous variable jointly with an underlying latent variable corresponding to the discrete 

measure. The resulting matrix was visualised as a heatmap. In this context, a latent variable is a 

continuous unobserved quantity that is assumed to generate the observed categorical responses. 

5.2.4 Exploration of smoothing requirements 

Univariable Cox proportional hazards models were fitted for each continuous candidate predictor 

variable, with fetal growth restriction (FGR) as the event and gestational age at birth as the time scale. 

Variables expressed as multiples of the median were log10 transformed prior to analysis; all other 

predictors were analysed on their original scale. To assess potential non-linearity, restricted cubic 

splines were fitted with 1, 2 and 3 degrees of freedom and the predicted log relative hazard (with 95% 



 

 117 

confidence intervals) was plotted across the observed range of each predictor. The default placement 

of knots was used according to the rms package (10th, 50th and 90th percentiles for 2 degrees of 

freedom; and 5th, 35th, 65th, and 95th percentiles for 3 degrees of freedom). 

These spline plots were inspected visually to determine whether a non-linear specification was 

warranted and, if so, the number of knots to retain, and AIC values were calculated and compared to 

confirm visual findings. The final degrees of freedom for each predictor were chosen to balance model 

parsimony and fit, considering both visual inspection and AIC values, favouring the simpler 

specification when additional knots produced minimal change in curve shape or suggested overfitting. 

Fewer degrees of freedom were preferred, since each additional degree of freedom will add a 

parameter to the final multivariable models. 

This process was repeated for both the outcomes of FGR and PE, but also for normotensive FGR, any 

gestational hypertension (including PE), and a composite of any FGR or gestational hypertension. 

5.2.5 Selection of variables for final models 

The candidate variables were organised into categories: 1) sonographic markers, 2) serum biomarkers, 

and 3) factors from medical history along with mean arterial blood pressure. This classification is based 

on the practical consideration that measuring blood pressure and gathering information from medical 

history are usually feasible in most healthcare environments, whereas access to sonography and serum 

analysis may be limited. Therefore, it is helpful to treat these groups separately at this stage of the 

variable selection process. 

For each variable group, a multivariable Cox proportional hazards model was fitted with either FGR or 

PE as the outcome variable, using the cph function from the rms package. Gestational age at birth was 

used as the time scale, and deliveries in which the outcome did not occur were treated as censored at 

that gestation. Because such deliveries are competing events rather than conventional censoring, 

these are cause-specific hazard models; the rationale for this choice, and its consequences for 

interpretation, are considered in the discussion. Relationships between predictor and outcome were 

treated as linear, unless otherwise specified, in which case restricted cubic splines were applied as 

described in paragraph 5.2.4 (page 116). 
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Each model was evaluated with ANOVA (using the anova function), and backwards selection was 

performed using the fastbw function in R. ANOVA plots were constructed and visually inspected, and 

output from the fastbw analysis (which produces a textual recommendation on variables for inclusion) 

was reviewed. 
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5.2.5.1 Final model construction 

Final models were constructed for prediction of birth with FGR and PE by 42 weeks’ gestation, and 

included all variables deemed to be statistically important via the backwards selection process. Aspirin 

use was not included in the backwards selection process but was ‘forced’ into all models. 

Additional models were constructed using only the factors from the medical history, only the OxNNet 

metrics (placenta volume and svFMBV5), and both combined.  

5.2.5.2 Handling of aspirin 

Aspirin use among cases at high risk of PE in the training cohort was identified as a potential 

confounder of the relationship between predictors and outcomes, particularly PE. To control for this, 

aspirin use was forced into all multivariable models, so that the estimated effects of all other covariates 

are adjusted for both the potentially augmenting effect of being deemed high-risk enough to take 

aspirin, and the potentially diminishing effect of aspirin use reducing the outcome of interest. When 

applied to the OxPLUS external validation cohort, predictions were generated under a uniform 

“no-aspirin” scenario, so that every woman is scored on the same basis and the aspirin term 

contributes equally to every linear predictor. Because aspirin use here marks high-risk status rather 

than estimating a treatment effect, these predictions should not be read as the risk that would have 

been observed had aspirin not been taken.  
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A sensitivity analysis was undertaken to examine the consequences of this choice. Five scenarios were 

compared on external validation: predictions with the aspirin term removed from the linear predictor; 

predictions with aspirin use set to zero for every woman, as in the primary analysis; predictions using 

each woman’s actual NICE-derived indication for prophylaxis; predictions restricted to women for 

whom prophylaxis was not indicated; and predictions restricted to women with an observed uterine 

artery pulsatility index, the last of these testing the effect of the median imputation described above. 

Discrimination was quantified by Harrell’s C statistic and compared with the primary analysis in each 

case. 

5.2.6 Validation of models 

5.2.6.1 Internal validation 

Apparent discrimination was quantified using the area under the time-dependent receiver operating 

characteristic curve (AUC) computed for 42 weeks’ gestation, using the survivalROC package, with 

time-dependent sensitivity and specificity (and hence the AUC) estimated using Kaplan–Meier survival 

estimates for censoring (incomplete observations at the specified time) and outcome status. 

Bootstrapping was performed to generate 95% confidence intervals based on probabilities at the 2.5th 

and 97.5th quantiles.  

Optimism-corrected AUC and 95% confidence intervals were obtained using a nonparametric 

bootstrap. For each replicate the data were resampled with replacement and the model refitted; AUC 

was computed both on the bootstrap sample (AUCboot) and when that bootstrap-fitted model was 

applied to the original data (AUCtest). Replicate optimism was defined as (AUCboot - AUCtest), and the 

replicate-level optimism-corrected AUC was calculated as the original apparent AUC minus this 

optimism. The final optimism-corrected AUC is the mean across replicates. A 95% bootstrap percentile 

confidence interval was formed from the 2.5th and 97.5th percentiles of the optimism-corrected AUC 

distribution. 

5.2.6.2 External validation 

For external validation the fitted models were applied to the OxPLUS cohort to generate subject-level 

risk scores and predicted survival probabilities at 42 weeks using survest and predictSurvProb in R, 

with individual risk of the outcome in question by 42 weeks calculated as (1 - survival probability). 
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Here, all cases were treated as FALSE with respect to aspirin use, irrespective of actual aspirin use. 

Where uterine artery Doppler PI measures were not available, these were treated as having values of 

0, which corresponds to the population median because the variable is expressed in multiples of the 

median and log10 transformed. Imputation was necessary because the cph function cannot 

accommodate NA values in the dataset. 

Uterine artery Doppler pulsatility index was not available for 660 of the 2746 women in the validation 

cohort (24.0%), whereas the measure was complete in the development cohort. The procedure 

described above therefore amounts to single imputation at the population median. External validation 

was performed in 2746 of the 2767 women who passed automated quality control, 21 being excluded 

because fetal growth restriction status could not be determined. 

AUC was calculated from the C statistic and its standard error, extracted using the rcorr.cens function. 

A 95% confidence interval was then computed by the normal approximation (C ± 1.96 ´ standard 

error). 

For each model, sensitivity, specificity, negative predictive value and positive predictive value were 

calculated at a 10, 30, and 50% false positive rate.ROC curves were constructed for each model.  

This process was repeated for the following subgroups: 1) excluding cases of FGR and PE with delivery 

>=37/40, to evaluate the discrimination in preterm cases 2) exclusion of PE, to evaluate discrimination 

of the FGR prediction model for normotensive FGR, 3) excluding cases of pre-existing or gestational 

diabetes, to evaluate discrimination of the FGR prediction model without the potential confounder of 

diabetes-related fetal macrosomia. 

5.2.6.3 Bootstrapping procedures 

All bootstrap procedures reported here used 100 replicates to balance computational feasibility with 

timely analysis. For any resulting publications or work intended to inform clinical practice, increasing 

the number of bootstrap replicates to 1,000 is highly recommended to stabilise the percentile 

confidence intervals and improve the precision of the estimated sampling distribution. In these 

simulations, running 1,000 replicates substantially increases computational cost and wall-time, despite 

parallelising the bootstrap across multiple CPU cores. Therefore, 100 replicates were used as a 
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pragmatic compromise during development and exploratory analyses. A fixed random seed 

(set.seed(123)) was used to ensure reproducibility of the resampling. 

5.2.7 Comparison of models 

The DeLong test, a nonparametric method, was used to statistically compare AUC values, using the 

roc.test function from the pROC package in R. P values <0.05 were considered statistically significant. 

5.2.8 Evaluation of model calibration 

Calibration of each model was performed using the calibrate function from the rms package, with the 

time horizon set to 42 weeks (u = 42) and 100 bootstrap resamples (B = 100). Because this function 

resamples the data used to fit the model, calibration assessed in this way is internal to the FirstPLUS 

development cohort and is not an assessment in the external (OxPLUS) dataset. Agreement between 

predicted and observed probabilities was summarised by dividing the cohort into deciles of predicted 

risk and comparing the mean predicted risk within each decile with the Kaplan-Meier observed risk at 

42 weeks. The mean absolute difference across deciles reflects overall calibration accuracy, while the 

90th centile of that difference quantifies the magnitude of error in the worst-calibrated part of the 

range. 
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5.3 Results 

5.3.1 Power calculation 

With a 7.16% and 2.96% incidence of FGR and PE, respectively; assuming a c-statistic of 0.7 and 

shrinkage of 0.8, the 3479 cases in the FirstPLUS dataset should be sufficient to fit a model for FGR 

with 31 parameters if required, or a model for PE with 13 parameters. 

5.3.2 Correlation matrix 

The correlation matrix is shown in Figure 18 (page 124). The variables svFMBV1–5 are all highly 

correlated, and for that reason it was decided to select just one for further exploration, and svFMBV5 

was chosen as this has the strongest associations with FGR and PE as shown in paragraph 3.3.5 (page 

80). 

The last birthweight percentile and parity were highly positively correlated (0.72), but this is expected 

because NA values for last birthweight percentile were treated as 0 for the purposes of this exercise, 

which corresponds to a code of 0 for nulliparity or 1 for parity. It was therefore deemed appropriate 

to take both forward for further consideration as candidate variables.  

No other remaining variables demonstrated strong correlations and all were taken forward to the next 

round of variable selection.  
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Figure 18: Correlation plot showing associations between candidate variables 
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5.3.3 Exploration of smoothing requirements 

The log relative hazard plots for placental volume z-score are presented in Figure 19 (page 126) as an 

example, and all others are available in Appendix 3 (page 209). The AIC values for each univariable 

model are provided in Appendix 4 (page 216). It was decided to model maternal age, last birthweight 

percentile, and log10 uterine artery PI MoMs with two degrees of freedom (three knots) using restricted 

cubic splines for the prediction of both FGR and PE. In all other cases, a linear approach was chosen. 

The final decisions on degrees of freedom for each continuous variable are shown in Table 19. 

 

Table 19: Decisions regarding degrees of freedom applied using restricted cubic splines 
to each continuous candidate variable 

    
 

Variable 
Degrees of freedom grouped by outcome of interest 

 

 FGR PE  

 Maternal age                         2 2  

 svFMBV5 z-score                     1 1  

 Last birthweight percentile                2 2  

 log10 MAP MoM 1 1  

 log10 PAPP-A MoM 1 1  

 log10 PlGF MoM 1 1  

 log10 Uterine artery PI MoM 2 2  

 Placental volume z-score 1 1  
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Figure 19: Plots of placental volume z-score against log relative hazard (with 95% 
confidence intervals) for each outcome variable, exploring linear modelling and restricted 
cubic splines with 2 or 3 degrees of freedom. 

   FGR: Fetal growth restriction 
   ntFGR: Normotensive fetal growth restriction  
   HTN: Any gestational hypertension, including PIH and PE 
   PE: Pre-eclampsia 
   FGR or HTN: A composite outcome of any FGR or HTN 
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5.3.4 Variable selection and model construction 

The plotted ANOVA results for prediction of FGR and PE — including Chi-square and P values — are 

presented in Appendix 5 and Appendix 6, respectively. The recommendations of the backwards 

selection process are shown in Table 20. On this basis, models were constructed for prediction of FGR 

and PE, as shown in Table 21 (page 128). The non-linear element of log10 Uterine artery PI MoM 

demonstrated a statistically significant P value and therefore 2 degrees of freedom were preserved in 

the final models for prediction of both FGR and PE. This was also true for the non-linear elements of 

last birthweight percentile and maternal age, but these were only recommended for inclusion in the 

FGR prediction models and were excluded entirely from the PE prediction models. 

 

Table 20: Recommendations for variables to include in predictive models based on 
ANOVA and backwards selection 

     
 

Variable group Variables 
Recommendations  

 FGR PE  

 

Ultrasound markers 

Volume z-score Include Exclude  

 svFMBV5 z-score Include Include  

 log10 Uterine artery PI MoM (non-linear) Include Include  

 
Serum biomarkers 

log10 PlGF MoM Include Include  

 log10 PAPP-A MoM Include Exclude  

 

History and MAP 

Last BW% (non-linear) Include Exclude  

 Age (non-linear) Include Exclude  

 Race Include Exclude  

 BMI Exclude Include  

 IVF Exclude Exclude  

 Smoking Include Exclude  

 DM Exclude Include  

 SLE APS Exclude Exclude  

 CH Include Include  

 FHPE Exclude Include  

 Previous PE Exclude Include  

 Previous FGR Exclude Include  

 Parous Include Include  

 log10 MAP MoM Include Include  
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 Table 21: Final components of multivariable models for the prediction of fetal 

growth restriction and pre-eclampsia 

  

  
FGR prediction models PE prediction models 

 

 

Variables FGR1 FGR2 FGR3 FGR4 PE1 PE2 PE3 PE4 
 

 PV z-score ü ü  ü  ü  ü  

 svFMBV5 z-score ü ü  ü ü ü  ü  

 log10 UtA PI MoM ü    ü     

 log10 PlGF MoM ü    ü     

 log10 PAPP-A 
MoM ü         

 log10 MAP MoM ü    ü     

 Last BW% (non-
linear) ü  ü ü      

 Age (non-linear) ü  ü ü      

 Ethnicity ü  ü ü      

 Smoking ü  ü ü      

 Chronic 
hypertension ü  ü ü ü  ü ü  

 Parous ü  ü ü ü  ü ü  

 BMI     ü  ü ü  

 Diabetes mellitus     ü  ü ü  

 Family history PE     ü  ü ü  

 Previous PE     ü  ü ü  

 Previous FGR     ü  ü ü  

 Aspirin ü ü ü ü ü ü ü ü  
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5.3.5 Evaluation of model performance 

The apparent AUC, optimism corrected AUC, and AUC derived from external validation for each model 

are shown in Table 22. The full models demonstrate apparent discrimination of 0.81 (95% CI 0.78–

0.86) and 0.86 (95% CI 0.83–0.90) for FGR and PE, respectively. Modest reduction in discrimination 

was observed with optimism correction. Upon external validation, performance was further reduced, 

but remained good nevertheless, with external AUC of 0.75 (95% CI 0.66–0.84) for FGR and 0.80 (95% 

CI 0.72–0.88) for PE. Predictably, higher false positive rates were associated with greater sensitivity for 

the outcomes of interest, at the cost of lower specificity (Table 23). ROC curves for all models are 

presented in Figure 20 (page 132). 

The results of the aspirin sensitivity analysis were as follows. Because aspirin use enters each model as 

a single additive term, setting it to zero for every woman contributes the same quantity to every linear 

predictor and leaves the ranking of predicted risk unchanged; the C statistic under this scenario is 

therefore identical to that obtained with the aspirin term removed altogether, which was confirmed 

numerically. Substituting each woman’s actual NICE-derived indication changed discrimination by 

between 0.000 and 0.073, in every case in the direction of better performance, indicating that the 

primary analysis does not overstate discrimination. Restricting validation to the 2326 women for whom 

prophylaxis was not indicated changed the C statistic by between −0.038 and +0.022, the models for 

FGR improving and those for PE deteriorating, the latter reflecting the substantial overlap between the 

NICE criteria and the predictors in those models. Restricting to the 2086 women with an observed 

uterine artery pulsatility index changed the C statistic by between −0.014 and +0.023; models that do 

not contain that variable changed by a similar amount, indicating that the difference reflects the 

characteristics of that subgroup rather than the imputation itself. 
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Table 22: Area under the ROC curve for each model including apparent and 
optimism corrected AUC from the training dataset, and AUC derived from 
external validation 

 

  

 

 
Model name 

AUC (95% confidence interval)  

 Apparent Optimism corrected External validation  

 FGR1 0.81 (0.78–0.86) 0.79 (0.76–0.84) 0.75 (0.66–0.84)  

 FGR2 0.73 (0.69–0.77) 0.73 (0.68–0.76) 0.62 (0.51–0.73)  

 FGR3 0.77 (0.74–0.80) 0.76 (0.72–0.80) 0.72 (0.62–0.81)  

 FGR4 0.81 (0.77–0.85) 0.80 (0.76–0.83) 0.74 (0.65–0.83)  

 PE1 0.86 (0.83–0.90) 0.85 (0.79–0.89) 0.80 (0.72–0.88)  

 PE2 0.64 (0.54–0.71) 0.64 (0.56–0.73) 0.63 (0.52–0.73)  

 PE3 0.76 (0.71–0.83) 0.76 (0.67–0.80) 0.69 (0.59–0.79)  

 PE4 0.76 (0.71–0.83) 0.75 (0.66–0.79) 0.71 (0.62–0.80)  
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Table 23: Sensitivity, specificity, negative predictive value (NPV) and positive 
predictive value (PPV) for each model on external validation calculated for false 
positive rates (FPR) of 10%, 30%, and 50% 

       

 
Model  

10% FPR  

 Sens Spec NPV PPV  

 FGR1 0.35 (0.27–0.45) 0.90 (0.88–0.91) 0.97 (0.96–0.98) 0.13 (0.09–0.17)  

 FGR2 0.25 (0.17–0.34) 0.90 (0.89–0.91) 0.97 (0.96–0.97) 0.09 (0.06–0.13)  

 FGR3 0.40 (0.31–0.49) 0.89 (0.88–0.90) 0.97 (0.96–0.98) 0.13 (0.10–0.17)  

 FGR4 0.38 (0.29–0.48) 0.89 (0.87–0.90) 0.97 (0.96–0.98) 0.13 (0.09–0.17)  

 PE1 0.44 (0.36–0.54) 0.89 (0.88–0.90) 0.97 (0.96–0.98) 0.16 (0.13–0.21)  

 PE2 0.17 (0.11–0.25) 0.89 (0.88–0.90) 0.96 (0.95–0.96) 0.07 (0.05–0.11)  

 PE3 0.32 (0.24–0.41) 0.88 (0.87–0.89) 0.96 (0.96–0.97) 0.11 (0.08–0.15)  

 PE4 0.34 (0.26–0.43) 0.88 (0.87–0.89) 0.97 (0.96–0.97) 0.12 (0.09–0.16)  

       

 
Model  

30% FPR  

 Sens Spec NPV PPV  

 FGR1 0.64 (0.54–0.73) 0.70 (0.68–0.71) 0.98 (0.97–0.98) 0.08 (0.07–0.10)  

 FGR2 0.50 (0.40–0.59) 0.70 (0.68–0.72) 0.97 (0.96–0.98) 0.07 (0.05–0.09)  

 FGR3 0.56 (0.46–0.65) 0.70 (0.68–0.71) 0.97 (0.97–0.98) 0.07 (0.06–0.09)  

 FGR4 0.66 (0.57–0.75) 0.70 (0.68–0.71) 0.98 (0.97–0.99) 0.09 (0.07–0.11)  

 PE1 0.78 (0.70–0.85) 0.66 (0.65–0.68) 0.98 (0.98–0.99) 0.10 (0.08–0.12)  

 PE2 0.48 (0.39–0.57) 0.68 (0.66–0.70) 0.96 (0.95–0.97) 0.07 (0.05–0.09)  

 PE3 0.61 (0.52–0.70) 0.68 (0.66–0.70) 0.97 (0.96–0.98) 0.08 (0.07–0.10)  

 PE4 0.63 (0.54–0.71) 0.68 (0.66–0.70) 0.97 (0.97–0.98) 0.09 (0.07–0.11)  

       

 
Model  

50% FPR  

 Sens Spec NPV PPV  

 FGR1 0.86 (0.78–0.92) 0.49 (0.47–0.51) 0.99 (0.98–0.99) 0.07 (0.06–0.08)  

 FGR2 0.63 (0.53–0.72) 0.50 (0.48–0.52) 0.97 (0.96–0.98) 0.05 (0.04–0.06)  

 FGR3 0.69 (0.60–0.77) 0.50 (0.48–0.52) 0.97 (0.96–0.98) 0.06 (0.04–0.07)  

 FGR4 0.74 (0.65–0.82) 0.51 (0.49–0.52) 0.98 (0.97–0.99) 0.06 (0.05–0.07)  

 PE1 0.90 (0.84–0.95) 0.47 (0.45–0.49) 0.99 (0.98–0.99) 0.08 (0.06–0.09)  

 PE2 0.72 (0.64–0.80) 0.48 (0.46–0.50) 0.97 (0.96–0.98) 0.06 (0.05–0.08)  

 PE3 0.79 (0.71–0.86) 0.48 (0.46–0.50) 0.98 (0.97–0.99) 0.07 (0.06–0.08)  

 PE4 0.83 (0.75–0.89) 0.48 (0.46–0.49) 0.98 (0.97–0.99) 0.07 (0.06–0.08)  
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Figure 20: Receiver operating characteristic (ROC) curves including all models for 
prediction of A) fetal growth restriction and B) pre-eclampsia 

     

 A)  B)  

 

 

 

 

 

     

 

5.3.5.1 Comparison of basic care versus OxNNet 

Pairwise comparison of model performance on external validation is shown in Table 24 (page 133). 

The AUC is lower for FGR2 and PE2 (OxNNet alone) in comparison with the history only models, FGR3 

and PE3 and this is statistically significant (P = 0.021 for FGR and P = 0.024 for PE). The combination of 

OxNNet metrics and medical history leads to a modest improvement over history alone for prediction 

of both FGR and PE, but this did not achieve statistical significance in either case. 

 



 

 133 

 

Table 24: Pairwise comparison of AUC between models for prediction of fetal growth 
restriction and pre-eclampsia 

       
 First comparator Second comparator 

P 

 

 
Model AUC (95% CI) Model AUC (95% CI) 

 

 FGR3 
(History only) 

0.72 (0.62–0.81) 

FGR4 
(History and OxNNet) 0.74 (0.65–0.83) 0.2 

 

 FGR3 
(History only) 

FGR2 
(OxNNet only) 0.62 (0.51–0.73) 0.021 

 

 PE3 
(History only) 

0.69 (0.59–0.79) 

PE4 
(History and OxNNet) 0.71 (0.62–0.80) 0.062 

 

 PE3 
(History only) 

PE2 
(OxNNet only) 0.63 (0.52–0.73) 0.024 
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5.3.5.2 Subgroup analyses 

The AUC values for each model when applied to each of the subgroups are shown in Table 25. With 

term cases of FGR and PE excluded (subgroup 1) discrimination remained reasonably strong, and in 

some cases improved. Of note, the OxNNet variables on their own perform better in this subgroup 

with AUC improving from 0.62 (95% CI 0.51–0.73) to 0.68 (95% CI 0.48–0.88) for FGR, and 0.63 (95% 

CI 0.52–0.73) to 0.69 (95% CI 0.49–0.89) for PE, although the confidence intervals are wide and overlap 

substantially, reflecting the small number of preterm events in this subgroup. Strong performance was 

maintained by the full models (FGR1 and PE1) for prediction of both FGR and PE. When PE was 

excluded entirely, irrespective of gestational age at birth (subgroup 2), performance for detection of 

FGR was not materially altered (0.76 (95% CI 0.67–0.85) for the full model (FGR1), versus 0.75 (95% CI 

0.66–0.84) in the full cohort). This indicates that discrimination for fetal growth restriction does not 

depend on the subset of cases in which it occurs alongside pre-eclampsia. In subgroup 3, which 

excluded all pre-existing and gestational diabetes, performance was similarly preserved, with no model 

differing from its full-cohort value by more than 0.01. The number of events within each subgroup is 

nonetheless small and the confidence intervals correspondingly wide, so these comparisons should be 

regarded as reassuring rather than definitive. The sensitivities and specificities for each model in each 

subgroup are available in Appendix 7.  
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Table 25: Performance of each model in subgroups for external validation 

   Subgroup 1: excluding cases of FGR and PE with delivery >=37/40 
   Subgroup 2: excluding PE 
   Subgroup 3: excluding pre-existing or gestational diabetes 

     

     

 
Model name 

Externally derived AUC (95% confidence interval)  

 Full cohort Subgroup 1 Subgroup 2 Subgroup 3  

 FGR1 0.75 (0.66–0.84) 0.73 (0.56–0.89) 0.76 (0.67–0.85) 0.75 (0.66–0.84)  

 FGR2 0.62 (0.51–0.73) 0.68 (0.48–0.88) 0.62 (0.50–0.74) 0.61 (0.50–0.73)  

 FGR3 0.72 (0.62–0.81) 0.64 (0.47–0.81) 0.74 (0.64–0.83) 0.73 (0.63–0.82)  

 FGR4 0.74 (0.65–0.83) 0.72 (0.56–0.89) 0.75 (0.65–0.85) 0.74 (0.64–0.84)  

 PE1 0.80 (0.72–0.88) 0.82 (0.64–1.00)  0.80 (0.71–0.89)  

 PE2 0.63 (0.52–0.73) 0.69 (0.49–0.89)  0.63 (0.53–0.74)  

 PE3 0.69 (0.59–0.79) 0.65 (0.41–0.89)  0.68 (0.57–0.79)  

 PE4 0.71 (0.62–0.80) 0.70 (0.49–0.91)  0.71 (0.60–0.81)  
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5.3.6 Evaluation of model calibration 

Calibration analyses demonstrated good agreement between predicted and observed probabilities for 

both complete models, FGR1 and PE1, within the FirstPLUS development cohort. For the full FGR 

prediction model (FGR1), the mean absolute difference between predicted and observed risk across 

deciles of predicted risk was 0.034, indicating that on average predicted risks deviated from observed 

risks by approximately 3%. The 90th centile of that difference was 0.057, so that even in the 

worst-calibrated decile of predictions the discrepancy remained below six percentage points. For the 

full PE prediction model (PE1), agreement was closer still, with a mean absolute difference of 0.015 

(1.5%) and a 90th centile of 0.029. These results indicate that both models were well calibrated at 42 

weeks within the cohort in which they were developed, with PE1 showing particularly close alignment 

between predicted and observed outcomes. Because these are apparent estimates, obtained in the 

same cohort that was used to fit the models, they are optimistic by construction and do not describe 

calibration in an independent population. The calibration plots for each full model are presented in 

Figure 21 (page 137).  
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Figure 21: Calibration plots for A) the full FGR prediction 
model (FGR1) and B) the full PE prediction model (PE1) 

   Grey line: Ideal calibration 
   Black curve: Observed calibration 
   Blue curve: Optimism corrected calibration 
 

  

A) 

 

 

  

B) 
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5.4 Discussion and conclusion 

This study has shown that multivariable predictive models for FGR and PE — including OxNNet-derived 

svFMBV5 and, for fetal growth restriction, first trimester placental volume, along with other key 

biomarkers and medical history factors — offer good discrimination for both conditions. Discrimination 

was attenuated but preserved after optimism correction and on assessment in an independent cohort, 

following a rigorous process of variable assessment and backward selection. 

A model predicting FGR using only OxNNet-derived first trimester placental volume and svFMBV5 

reached moderate accuracy on external validation, and the corresponding model for PE performed 

similarly, with external AUC values of 0.62 and 0.63 respectively. These findings indicate that OxNNet-

derived metrics might merit evaluation as a low-cost triage tool where other biomarkers or detailed 

medical histories are unavailable (such as in resource-limited environments), although on external 

validation both models discriminated significantly less well than the corresponding models based on 

medical history alone, and detected only 17–25% of cases at a 10% false positive rate. This is of interest 

because OxNNet could eventually be integrated into a bedside device with automated processes and 

built-in quality control, allowing use with minimal training when full ultrasound assessments are not 

practical. Although this idea is currently speculative, the results suggest it may be worth pursuing. 

Subgroup analysis revealed a slight decrease in the full model’s performance for predicting FGR when 

cases of term FGR were excluded. Conversely, the AUC for predicting PE improved modestly when 

term cases were omitted. Excluding all cases of PE did not materially alter model performance for 

predicting FGR (i.e., FGR without concurrent PE), suggesting that discrimination is not dependent on 

the subset of cases in which the two conditions occur together. Performance was likewise maintained 

when pregnancies complicated by pre-existing or gestational diabetes were excluded. This is 

reassuring, since diabetes can confound the assessment of growth by increasing fetal growth velocity 

and potentially masking FGR diagnosis, so that their exclusion might have been expected to improve 

model performance. One possible explanation for the absence of any such change is collinearity 

between gestational diabetes and ethnicity — known to be an important risk factor for gestational 

diabetes191 — which had a significant impact on the final model. A case-by-case exploration of those 

cases with concurrent gestational diabetes and FGR could prove insightful, and this should be the 

subject of further work.  
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5.4.1 Existing literature 

5.4.1.1 Prediction of fetal growth restriction 

Numerous attempts have been made to construct predictive models for fetal growth restriction (FGR) 

with some success, although many rely on small for gestational age (SGA) as a proxy outcome. 

However, few of these models have undergone rigorous external validation. In 2024, Allotey and 

colleagues conducted one of the largest studies to date on FGR prediction, aiming to address this gap 

by utilising the International Prediction of Pregnancy Complications (IPPIC) Network database. This 

repository contains harmonised individual-level data from large birth cohorts, registries, and hospital 

records, enabling an extensive meta-analysis of 55 studies encompassing 119 predictive models. Their 

focus was on models predicting FGR as a binary outcome or birthweight as a continuous variable.189 

A key methodological feature of this study was the definition of FGR, which was specified as 

birthweight below the 10th centile in combination with serious adverse outcomes such as stillbirth, 

neonatal death, or delivery before 32 weeks’ gestation. This differs from the definitions employed in 

the FirstPLUS and OxPLUS studies. The authors justified their approach by excluding constitutionally 

small but healthy infants and by incorporating early delivery to mitigate treatment paradox. While this 

definition likely captures the most severe cases of FGR, it excludes infants born at ≥32 weeks who 

survived, potentially thanks to identification of FGR and obstetric intervention, and this is a group that 

remains clinically important. The authors also highlighted substantial heterogeneity in FGR definitions 

across the literature, noting that none of the existing models aligned precisely with their chosen 

outcome. As a result, despite the stated aims of the project, none of the previously published models 

predicting FGR as a binary event could be externally validated. 

The authors therefore developed an entirely novel model, the IPPIC-FGR model, using pooled data 

from four IPPIC cohorts (237,228 pregnancies). The model was constructed using random intercept 

regression with backward elimination for variable selection, incorporating predictors such as maternal 

age, height, parity, smoking status, ethnicity, history of hypertension, and prior adverse pregnancy 

outcomes (pre-eclampsia, stillbirth, or SGA). Gestational age at delivery was also included, allowing 

risk estimation at specified gestational ages by imputing an assumed delivery date. While this approach 

yielded an apparent c-statistic of 0.96 (95% CI 0.51–1.0), suggesting excellent discrimination, 

performance declined markedly when applied across all women irrespective of gestational age at 
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delivery, with the pooled c-statistic falling to 0.66 (95% CI 0.26–0.91). This raises concern that inclusion 

of gestational age at delivery accounts for a substantial portion of this model’s predictive power. This 

may introduce bias, given that gestational age at birth also forms part of the study’s definition of FGR. 

That is, the definition of FGR as birth <32 weeks’ gestation with birthweight <10th centile is far more 

likely to be fulfilled where the gestational age at birth is assumed to be < 32 weeks, whereas this aspect 

of the definition cannot be fulfilled if the gestational age at birth is >32 weeks. Arguably, this is a major 

limitation.  

Finally, although the study drew on four large datasets, some cohorts were relatively small or had low 

event rates, limiting the ability to externally validate the IPPIC-FGR model. Thus, even this model, 

which was created as part of a study with external validation in mind, is not ready for clinical use.  

Another notable example is the Fetal Medicine Foundation (FMF) competing-risks model, which 

incorporates maternal characteristics, uterine artery pulsatility index (UtA-PI), and biochemical 

markers (PAPP-A, PlGF).192 This model has a reported area under the curve of 0.82 for predicting 

birthweight below the 10th centile at <37 weeks’ gestation, although confidence intervals were not 

provided. Subsequent robust external validation in a large European cohort demonstrated an AUC of 

0.79 (95% CI 0.76–0.82), which still demonstrates good discrimination, but this highlights the 

importance of external validation to understand the true discriminatory capacity of a novel model.193 

The competing-risks framework offers the distinct advantage of being able to predict any birthweight 

z-score at any gestational age. However, its reliance on a fixed centile cut-off for birthweight (albeit 

one that can be manually adjusted) limits its scope, as it does not capture other clinically relevant 

features of FGR such as adverse perinatal outcomes, reduced growth velocity, or abnormal Doppler 

findings. Essentially, this is a predictive model for SGA, not FGR, and as such its clinical utility is limited.  

5.4.1.2 Prediction of pre-eclampsia 

Multivariable models for the prediction of PE are generally at a greater level of maturity compared 

with prediction of FGR, and there is a wealth of first trimester prediction models available. The Fetal 

Medicine Foundation competing risks model for PE prediction is of particular note because of its 

predictive performance which withstands external validation, and because it has been incorporated 

into the ‘Tommy’s app’ — a clinical decision support tool being introduced in UK maternity care to 

improve risk assessment for complications such as pre-eclampsia.66,194  
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The FMF competing-risks model for PE combines maternal factors, mean arterial pressure, uterine 

artery pulsatility index, and serum biomarkers (PlGF and PAPP-A). Large multicentre validation studies 

have confirmed the effectiveness of this approach. O’Gorman et al. (2017)195 demonstrated high 

detection rates for very early, preterm, and term pre-eclampsia in a European cohort, while a UK NIHR 

study found that the FMF approach significantly outperformed the NICE method of PE risk assessment, 

achieving an 82% detection rate for preterm pre-eclampsia.87 Further validation in Asia confirmed 

comparable performance across different populations, marking a landmark in external validation of 

this approach.196 Secondary analysis of the ASPRE trial reinforced the value of risk-based screening 

using maternal factors, mean arterial pressure (MAP), uterine artery pulsatility index (UtA-PI), and 

biomarkers such as PAPP-A and PlGF, further demonstrating that this approach stratifies risk more 

effectively than categorical NICE or ACOG criteria, reducing false positives and aligning incidence rates 

with background risk.196 Collectively, these studies demonstrate that biomarker-based FMF models 

provide accurate, reproducible, and clinically useful prediction of pre-eclampsia across diverse 

populations. Discrimination for preterm pre-eclampsia has been consistently shown to be excellent, 

with pooled area under the curve (AUC) values of 0.90 (95% prediction interval 0.76–0.96) across 16 

external validation studies188, and AUCs of 0.87 (95% CI 0.79–0.92) in large Australian cohorts.197 

Detection rates for preterm pre-eclampsia at a 10% false-positive rate are typically 70–75%.188,197,198  

5.4.1.3 Models including placental volume and fractional moving blood volume 

This is not the first study to explore first trimester placental volume for prediction of FGR. 

Papastefanou et al. (2018), in a cohort of 3358 singleton pregnancies, demonstrated that a 

multivariable model including placental volume z-score, maternal weight, and uterine artery pulsatility 

index achieved an AUC of 0.87 for FGR and 0.92 for PE.199 This study used a similar definition of FGR to 

OxPLUS and FirstPLUS, including birthweight <10th centile with Doppler abnormalities, although 

birthweight <3rd centile without Doppler abnormalities was not included. 

While the results are promising and comparable to our own, no external validation was performed, or 

indeed optimism correction. Placental segmentation and volume calculation was performed using 

VOCAL™, and z-scores for placental volume were computed by applying the anti-log10 function to the 

predicted values derived from the regression of log10 PV against CRL.199 In comparison, the work 
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presented in this chapter is strengthened by the use of OxNNet for segmentation and volume 

assessment, and the use of formal reference charts for the derivation of placental volume z-scores.  

González-González et al. (2017), in a cohort of 988 singleton pregnancies, demonstrated that a 

multivariable model including placental volume and three-dimensional power Doppler vascular indices 

(vascularisation index, flow index, and vascularisation flow index), alongside maternal characteristics 

and uterine artery pulsatility index, achieved an area under the curve of 0.74 (95% CI 0.70–0.77) for 

FGR, defined as birthweight <10th centile by customised birthweight curves.200 This study is therefore 

limited by its definition of FGR, which does not incorporate Doppler abnormalities or other adverse 

outcomes. The addition of placental volume and vascular indices significantly improved model 

performance compared to models based only on maternal characteristics and first-trimester screening 

variables, but the sensitivity remained too low for clinical utility. This study also used VOCAL™ for 

placental segmentation and volume calculation, and vascular indices were derived from three-

dimensional power Doppler ultrasound. The use of these vascular metrics is an additional weakness, 

since they are unstandardised and highly influenced by power Doppler gain settings (as discussed in 

paragraph 1.4.2, page 34). The use of svFMBV in OxPLUS and FirstPLUS is therefore a comparative 

strength. Further, although 10-fold cross validation was undertaken (which helps to account for 

optimism), no external validation was performed.200 

5.4.2 Strengths and limitations 

In contrast to the studies of Papastefanou et al. (2018)199 and González-González et al. (2017)200, this 

work is strengthened by its comparatively large sample size. Indeed, it represents the largest cohort 

reported to date investigating first-trimester placental metrics in relation to adverse pregnancy 

outcomes. The availability of two distinct datasets, one suited to model development and the other to 

external validation, further enhances the robustness of the findings. Nevertheless, when compared 

with studies that have produced the most successful predictive models for FGR and PE, the sample 

remains relatively modest. Although power calculations support the adequacy of the data for model 

fitting, the low number of preterm events may limit model calibration and performance at earlier 

gestations. This is particularly important given that preterm FGR and PE are typically the most severe 

and clinically relevant cases, and this should be considered a limitation.  
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A further strength of this work lies in the definition of FGR, which extends beyond an arbitrary 

birthweight centile threshold to incorporate Doppler abnormalities, thereby providing a more clinically 

meaningful outcome than birthweight-based SGA alone. For PE, the use of a definition that does not 

conflate the condition with FGR allows clearer delineation of the two disease processes, and this aligns 

with the definition of PE used for the development of the FMF competing risks models which makes 

comparison more valid.  

5.4.2.1 Modelling approach 

The decision to employ the Cox proportional hazards approach is also a relative strength. By treating 

birth without FGR or PE as survival outcomes, it is possible to adjust predictions to evaluate the risk of 

birth with the condition in question at any given gestational age. This approach overcomes the 

potential bias introduced by forcing an estimate of the unknown gestational age at birth into the 

model, but the performance of the models at key preterm gestations (such as <32 weeks’ gestation) 

has not been explored. This would be a useful focus of future work. 

It is important to be explicit about what this framework estimates and what it assumes. Both FGR and 

PE are ascertained at delivery rather than at an observable point during pregnancy, and delivery 

without the outcome is not censoring in the conventional sense but a competing event: once a woman 

has delivered an unaffected infant she is no longer at risk. Because gestational age at birth is the time 

scale, every observation contributes its delivery time and there is essentially no administrative 

censoring, so that all non-events are competing events. Treating those competing events as censored 

is what defines the cause-specific hazard, and the models fitted here are therefore cause-specific 

hazard models. The quantity estimated is the instantaneous rate of delivering with FGR or PE at a given 

gestational age among women still pregnant at that gestation. This is well defined and estimable from 

the observed data, and it requires no assumption of a latent onset time preceding delivery; the model 

describes the gestational age distribution of affected births relative to unaffected ones. The same 

structure underlies the Fetal Medicine Foundation competing-risks models, in which the distribution 

of gestational age at delivery with pre-eclampsia is modelled with delivery without pre-eclampsia as 

the competing event. 

Two consequences follow. First, discrimination is unaffected by the competing-risks structure, because 

the area under the curve, and the sensitivity and specificity derived from it, depend only on the 
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ordering of the linear predictor, and that ordering is valid under a cause-specific formulation. Second, 

survival probabilities derived from these models are net rather than crude probabilities: they describe 

the risk that would obtain if delivery without the outcome could not intervene, and they therefore 

exceed the corresponding cumulative incidence. Where calibrated absolute risks are the objective, a 

subdistribution hazard model of the Fine–Gray type, or an Aalen–Johansen estimator of the cumulative 

incidence function, would be the appropriate choice. The purpose here was to rank women by risk 

rather than to assign absolute probabilities, and the cause-specific formulation was considered 

appropriate on that basis, but the distinction should be borne in mind whenever the predicted 

probabilities themselves are read. 

5.4.2.2 Handling of aspirin 

The handling of aspirin presented a particular methodological challenge, given its potential to 

introduce treatment paradox where preventive interventions reduce the incidence of the outcome of 

interest and thereby diminish apparent predictive accuracy. In this study, aspirin use was forced into 

the models but all cases were treated as non-aspirin users for external validation. While this approach 

likely results in overly optimistic apparent discrimination, it was considered the most appropriate 

option. This is because aspirin use in the FirstPLUS cohort was recommended on the basis of the FMF 

competing risks assessment for PE, meaning that aspirin exposure effectively identified individuals 

already deemed high risk by factors included in the final FGR and PE models. As a result, risk 

assessment implicitly encoded high-risk status, potentially shrinking other coefficients and inflating 

apparent and optimism-corrected discrimination, while diminishing estimates on external validation. 

Nonetheless, this strategy ensures that every woman is scored on a common basis, and external 

validation suggests that the reported performance is, if anything, a slight underestimate. 

One further consideration should be acknowledged. The fitted coefficient for aspirin was positive in 

every model, corresponding to hazard ratios of between 1.16 and 5.67, so that aspirin use marked 

increased rather than reduced risk. This reflects confounding by indication rather than any effect of 

treatment, since aspirin was recommended to women already identified as being at high risk. The 

pattern across models supports that interpretation, the coefficient attenuating as other risk factors 

are added, from a hazard ratio of 2.32 in the model containing only OxNNet-derived metrics to 1.16, 

and no longer statistically significant, in the full model for FGR. It follows that setting aspirin use to 



 

 145 

zero at validation removes a marker of risk rather than an estimate of treatment benefit, and the 

resulting predictions should not be read as the risk that would have been observed had aspirin not 

been taken. This does not affect the reported discrimination, which the aspirin term cannot influence, 

and the sensitivity analysis indicates that the approach taken is conservative. 

Alternative strategies were considered but ultimately rejected. Restricting model fitting to women not 

recommended aspirin would have excluded many of the highest-risk cases, disproportionately 

reducing event numbers for PE and introducing systematic bias by omitting extreme values of 

continuous predictors. A second option, modelled on the approach of Wright et al. (2022), involved 

imputing prevented PE cases using Markov chain Monte Carlo methods and pooled estimates based 

on biomarker-driven logistic regression, assuming a fixed aspirin effect size from ASPRE.201 While 

methodologically sophisticated, this approach risked bias by using the same predictors for both 

imputation and model construction, potentially strengthening associations artificially and contributing 

to overfitting. Moreover, it relied on a pre-specified probability of aspirin efficacy, which is well 

established for PE but less certain for FGR given the heterogeneity of definitions in the literature. For 

these reasons, both alternatives were rejected. 

5.4.2.3 Bootstrapping limitations 

It is standard practice to perform bootstrap resampling with at least 1000 replicates for analyses 

intended for publication, particularly when results are to be applied in a clinical context. This level of 

resampling stabilises confidence interval estimation and enhances the precision of performance 

metrics. However, the computational cost of generating 1000 bootstrap samples is considerable and 

can be highly time-consuming. Although parallelisation — engaging all available processor cores to run 

resampling iterations concurrently — can reduce runtime, analyses of this scale remain 

computationally intensive, often requiring overnight execution for each full bootstrap cycle. The 

results presented here should therefore be regarded as preliminary. While increasing the number of 

replicates to 1000 would be expected to have only a negligible impact on point estimates, this step 

should nonetheless be undertaken before the findings are advanced further. Future work will focus on 

optimisation and streamlining of the R code to maximise computational efficiency, alongside the use 

of high-performance computing resources to accommodate the demands of large-scale resampling. 
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5.4.3 Conclusion 

In summary, this work demonstrates that multivariable predictive models incorporating 

OxNNet-derived placental metrics alongside established biomarkers and maternal risk factors can 

achieve good discrimination for both FGR and PE, which was attenuated but preserved after optimism 

correction and on assessment in an independent cohort. The methodological choices — including 

rigorous variable selection, use of survival modelling, and careful handling of aspirin exposure — 

enhance the credibility of the findings, while the large cohort and availability of distinct datasets 

provide a solid foundation for future refinement. Nonetheless, limitations such as low preterm event 

rates, computational constraints on resampling, and the need for further exploration of subgroup 

effects highlight areas for ongoing development. These results support the potential clinical utility of 

OxNNet-derived placental measures and provide the basis for future work aimed at optimising 

prediction of the most severe and clinically relevant cases of FGR and PE. 
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[6] DEVELOPMENT OF NOVEL MARKERS 

6.1 Introduction 

When performing a three-dimensional (3D) first-trimester ultrasound with power Doppler, the 

potential for extraction of relevant ultrasound markers extends beyond placental volume and 

fractional moving blood volume. Additional morphological and vascular markers can be derived, some 

of which may hold predictive value for fetal growth restriction (FGR) and pre-eclampsia (PE).  

In addition to placental volume, it has been suggested that the placental surface area may have an 

association with FGR, and placental thickness has also been explored as a possible marker of both FGR 

and PE.202,203 This concept has face validity because the same placental volume can arise from markedly 

different morphologies — a spherical, compact placenta would yield a relatively small uteroplacental 

interface (UPI), whereas a thin, flattened placenta of equal volume would present a substantially larger 

UPI surface area. 

OxNNet, in addition to enabling placental segmentation, is capable of multiclass segmentation, 

allowing simultaneous delineation of the placenta, fetus, and amniotic fluid (Figure 22, page 149).112 

The uteroplacental interface can be defined as that portion of the placental surface not in contact with 

amniotic fluid or fetal structures, corresponding anatomically to the basal plate where maternal tissues 

meet the placenta. This boundary provides a reproducible anatomical reference point, thereby 

offering a robust anchor for further morphological characterisation.  

Advances in three-dimensional placental imaging, particularly through the integration of power 

Doppler, now enable direct interrogation of the uteroplacental vasculature in vivo, extending beyond 

the established assessment of fractional moving blood volume. By the late first trimester — when 

spiral artery remodelling should be in progress if not largely complete43-48 — the placenta and its 

vascular connections can be visualised in their entirety. By employing artificial intelligence, these 

imaging modalities allow vascular features to be automatically extracted and systematically analysed, 

opening new opportunities for early evaluation of placental function and its association with adverse 

pregnancy outcomes. Of particular interest is the characterisation of spiral artery jets, given that both 

histological and sonographic changes in these vessels have been documented. Their successful 
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interrogation may in time contribute evidence relevant to the proposed ‘jet-hose’ hypothesis in the 

pathogenesis of pre-eclampsia and possibly FGR.61,62 Moreover, detailed assessment of radial and 

arcuate vessel characteristics could yield complementary insights, bearing on or refuting modelling 

studies that suggest upstream uterine artery changes cannot be explained by failed spiral artery 

remodelling alone, but may also require alterations in radial and arcuate vessels.69  

The placenta and its vasculature may therefore harbour numerous novel, so far unexplored markers 

with the potential to enhance prediction of FGR and PE, while also deepening our understanding of 

the underlying pathophysiology of these conditions. 
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Figure 22: A two-dimensional B-mode ultrasound image of a first trimester pregnancy 
with three-dimensional OxNNet-derived multiclass segmentation masks overlaid, 
showing A) the plain two-dimensional ultrasound, B) fetal segmentation, C) placental 
segmentation, D) amniotic fluid segmentation, and E) complete multiclass segmentation 

A)

 

B)

 

C)

 

D)

 

E) 
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6.1.1 Aims 

• To develop and implement a clinically driven strategy to extract novel morphological and vascular 

markers from the extensive bank of 3D placental scans generated by the OxPLUS and FirstPLUS 

studies. 

• To investigate, on an exploratory basis, the associations between these newly derived markers and 

key adverse pregnancy outcomes, FGR and PE. 

• To explore how the findings fit with our understanding of the pathophysiology of placental 

insufficiency syndromes. 

6.1.2 Statement of personal contribution 

This work was undertaken in collaboration with Dr. Mohammadreza Soltaninejad, computer scientist 

in ultrasound image analysis at the Nuffield Department of Women’s and Reproductive Health, 

University of Oxford. The design and execution of all machine learning and computational processes 

required to extract novel metrics were performed by Dr. Soltaninejad. The strategy to interrogate the 

uteroplacental vasculature was developed in collaboration with Dr. Soltaninejad who provided the 

technical expertise while I provided clinical and anatomical guidance. The analysis and interpretation 

of the resulting data are entirely my own work. 
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6.2 Methodology 

6.2.1 Sources of data 

This work utilises both the FirstPLUS (n = 3479) and OxPLUS (n = 2767) cohorts, combined into a single 

dataset (n = 6246). The derivations of the FirstPLUS and OxPLUS cohorts are described in detail in 

paragraph 2.3 (page 52). 

6.2.2 Image processing 

6.2.2.1 Uteroplacental interface surface area 

An established segmentation framework was employed to classify the placenta, fetus, and amniotic 

fluid in three-dimensional B-mode (greyscale) ultrasound images using OxNNet.112 As with many 

automated segmentation techniques, the initial outputs can include errors such as false positives and 

false negatives, often manifesting as discontinuities or small voids that do not correspond to the true 

continuity of tissue structures. To mitigate these artefacts, a post-processing ‘smoothing’ procedure 

was developed to reduce noise and surface irregularities. An artefact of this process is the potential to 

create new discontinuities (or ‘holes’), in which case the largest connected mass is identified and gaps 

filled using morphological operations, which assumes that the area of interest is a single mass. 

From these outputs, the uteroplacental interface (UPI) was identified, defined as the portion of the 

placental surface directly adjacent to the uterine wall.204 This was achieved by excluding placental 

regions in contact with the areas labelled as amniotic fluid or fetus. To ensure precision, the UPI 

boundary was reconstructed as a triangular mesh using the marching cubes algorithm205, implemented 

via the scikit-image Python library.206 Representing the surface in this way accommodates the natural 

curvature and irregularity of the placenta and reduces the risk of overestimation and artefacts that 

can arise from voxel-based calculations. 

6.2.2.2 Ratios of surface area to volume 

Two complementary metrics — the surface-to-volume ratio (SVR) and the normalised, dimensionless 

UPI index — were derived from the reconstructed uteroplacental interface area 𝐴'()  (cm2) and 

placental volume 𝑉 (cm3).  
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The SVR was calculated as shown in Equation 4 (page 154), which provides a direct, physiologically 

interpretable measure of exchange surface per unit tissue volume.  

However, it is more mathematically robust to use a dimensionless index because measures that retain 

physical units (like SVR) change simply with overall placental size (which will increase with gestational 

age) so differences between subjects may reflect scale rather than true differences in surface 

geometry. The formula in Equation 5 (page 154) was used to calculate the UPI index, which is 

dimensionless and therefore more mathematically robust, allowing comparison of different sized 

placentae in a fair and interpretable way. 

6.2.2.3 Skeletonisation of the vascular network 

To evaluate the uteroplacental vasculature, the vascular network was first skeletonised. After 

segmenting the vessels to obtain a binary mask (where voxels with any power Doppler signal are coded 

as 1 and those without coded as 0), we applied an axis-based thinning method to extract the vessel 

skeleton.207 This procedure generates a single, connected line of voxels that follows the geometric 

centreline of each vessel, representing points that are maximally distant from the vessel walls. Branch 

points are then identified as voxels connected to more than two neighbouring voxels, while voxels 

connected to only one neighbour correspond to vessel endpoints. 

6.2.2.4 Identification of functional spiral artery vessel segments 

In this study, we define functional spiral arteries (FSA) as vessel segments that arise from the uterine 

arcuate-radial network (that is, they begin with a branch point on the myometrial side of the UPI), 

traverse the UPI, and extend into the placental side of the UPI where they terminate. This is thought 

to include both the vessel itself, and the spiral artery jet as it enters the IVS. The jet component was 

defined as the portion of the vessel that extends between the UPI and the terminal point in the IVS. 

Segments were retained only if they overlapped with vessel regions and satisfied a minimum length 

threshold (≥1 mm), ensuring that the analysis focused on physiologically relevant branches and 

artefacts were removed. 

6.2.2.5 Identification of functional arcuate and radial artery vessel segments 

An algorithmic process was employed to categorise the remaining vessel segments (regions of a vessel 

between two branch points) as arcuate or radial arteries. Vessels were categorised as radial arteries if 
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they ran perpendicular to the UPI (within 45°) and had an unbroken line of connection to at least one 

FSA. The remaining unclassified vessels were identified as arcuate vessels if they were connected to a 

radial artery and had an unbroken line of connection to at least one FSA.  It should be emphasised that 

these labels are operational rather than anatomical. Each category is assigned by geometric and 

topological rules applied to the skeletonised power Doppler signal, namely the orientation of a 

segment relative to the uteroplacental interface and its connectivity to other segments. No 

independent reference standard was available against which to confirm that a segment so labelled 

corresponds to the named vessel, and no such validation was attempted. The terms functional spiral 

artery, radial artery and arcuate artery should therefore be read throughout this chapter as denoting 

putative vessel classes derived from the imaging data, rather than as anatomically verified 

identifications. 

6.2.2.6 Evaluation of vessel morphology 

For each vessel segment, we derived the following metrics: 

1. Length: determined by tracing the centreline and converting the number of voxels along this path 

into physical units using the voxel dimensions. 

2. Width: obtained from the Euclidean distance transform of the segmented vessel volume, providing 

an estimate of the local vessel diameter at each point on the skeleton. 

3. Count:  the total number of distinct segments identified within the vessel group. 

6.2.2.7 Evaluation of functional spiral artery jet dispersion index 

For each FSA jet segment, the jet dispersion index (DI) was calculated.  DI is a measure of how widely 

a vessel segment spreads relative to its length and it is calculated as shown in Equation 6, where  𝑉*+, 

is the segment volume and 𝐿*+, is the segment length of the centreline, both measured in voxels. This 

normalises the physical extent of a vessel segment (volume) by its longitudinal dimension (centreline 

length). A high dispersion index means the vessel segment is broader and more diffusely distributed, 

whereas a low value corresponds to a slender, narrow segment (Figure 23, page 154).  
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Equation 4: SVR  Equation 5: UPI index  Equation 6: Dispersion index 

     

𝑆𝑉𝑅	(𝑐𝑚-#) 	= 	
𝐴'()
𝑉

  𝐼'() =
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𝑉$//

  𝐷𝐼	 = 	
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𝐿*+,

 

     

 

 

 

 

Figure 23: Schematic representation of spiral artery jet morphology resulting in A) 
a low dispersion index and B) a high dispersion index. The solid red line represents 
the centreline of the vessel jet. 
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6.3 Statistical methods 

Cohort characteristics and outcomes were described using simple descriptive statistics. For each novel 

marker, faceted boxplots were constructed to explore the changing distribution of values with 

advancing gestational age. For those that did not demonstrate any trend with advancing gestational 

age, simple histograms were produced to evaluate the distribution of data.  

6.3.1 Handling of non-normal distributions 

For variables that showed a trend of shifting distribution with advancing gestational age, the raw 

values were converted to z-scores using a simplified version of the LMS methodology described in 

section 3.2.4 (page 65) where only the default GAMLSS families were explored (including Box–

Cox Cole and Green original, Box–Cox Power Exponential original, and Box–Cox t 

original distributions).158,162  

The remaining variables were normalised with log10 transformation if required and evaluated with 

simple histograms once again to visualise the results of the transformation. 

6.3.2 Associations between novel parameters and adverse outcomes 

Univariable binomial logistic regression was used to calculate the odds ratio for FGR and PE associated 

with an incremental increase of one for each marker. The Wald method was used to derive the 95% 

confidence intervals, and forest plots were constructed for visualisation of results. Thirteen candidate 

markers were each examined against two outcomes, giving twenty-six univariable comparisons. At a 

significance threshold of 0.05, rather more than one nominally significant association would be 

expected by chance alone. The analyses in this chapter are accordingly exploratory and hypothesis-

generating, and the associations reported should be regarded as candidates for confirmation in an 

independent dataset rather than as established findings. 
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6.3.3 Subgroup analysis 

Subgroup comparisons between successful and failed image processing were performed using the 

Wilcoxon Rank Sum test for continuous variables, and the Chi Square test (or Fisher’s exact test if fewer 

than five events per group) for categorical variables. Statistical significance was set at P < 0.05. 

Five subgroups were evaluated including those where processing failed for A) UPI metrics, B) arcuate 

artery metrics, C) radial artery metrics, D) FSA jet metrics (excluding failures of DI processing) and E) 

FSA jet dispersion index.  
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6.4 Results 

A summary of key characteristics and outcomes for the combined cohort is shown in Table 26. Given 

that methodologies for extracting novel markers are still under refinement, processing failures 

occurred in certain cases. Table 27 (page 158) provides a summary of data missingness for each 

variable. 

 

Table 26: Summary of key characteristics and outcomes 
for the combined OxPLUS and FirstPLUS cohort (n = 6246) 

    

 
Characteristic Median (IQR) or N (%) 

 

 

  

 

 Age (years) 33.12 (29.88–35.99)  
 Height (cm) 166 (161–170)  
 Weight (kg) 68.00 (60.00–78.75)  
 BMI 24.93 (22.00–28.63)  
 Nulliparity 3131 (50.13)  
 Smoker at booking 186 (2.98)  
 Ethnicity   
     White 4853 (77.70)  
     Black 535 (8.57)  
     South Asian 477 (7.64)  
     East Asian 114 (1.83)  
     Other or mixed 267 (4.27)  
 Gestational age at birth (days) 277 (272–284)  
 Pre-eclampsia 230 (3.68)  
 Gestational hypertension  269 (4.31)  
 Small for gestational age 642 (10.28)  
 Fetal growth restriction 362 (5.80)  
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Table 27: Summary of missing data for each novel marker 
(n = 6246) 

    

 
Marker Missing 

N (%) 
 

 

  

 

 UPI surface area (cm2) 97 (1.55)  
 Surface-to-volume ratio 97 (1.55)  
 UPI index 97 (1.55)  
 Functional arcuate vessels   
    Count 3686 (59.01)  
    Length 3686 (59.01)  
    Width 3686 (59.01)  
 Functional radial vessels   
    Count 3675 (58.84)  
    Length 3675 (58.84)  
    Width 3675 (58.84)  
 Functional spiral artery jets   
    Count 691 (11.06)  
    Length 691 (11.06)  
    Width 691 (11.06)  
    Dispersion index 3946 (63.18)  
 

  

 

    

 

6.4.1 Exploration and transformation of data 

Visual inspection of the faceted boxplots revealed distinct trends with advancing gestational age for 

some variables. UPI surface area demonstrated a progressive increase, whereas SVR showed a 

corresponding decline. In addition, the number of detectable functional spiral arteries (FSA) tended to 

rise with gestational age. These three metrics are illustrated in Figure 24 (page 160). In all three cases, 

LMS analysis indicated the Box Cox Power Exponential original (BCPEo) distribution family provided 

the best fit and this method was therefore used to derive z-scores.  

The faceted boxplots for variables that did not exhibit any apparent association with gestational age 

are presented in Appendix 8 (page 222). 

For those variables without gestational age–related trends, simple histograms are shown in Figure 25 

(page 161). The distributions of UPI index, arcuate artery mean length, radial artery mean length, 

arcuate artery mean width, radial artery mean width, FSA jet mean length, and FSA jet mean width 

were approximately normal, although in some cases the X-axis was extended by a small number of 
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extreme outliers. In contrast, arcuate artery count, radial artery count, and FSA jet mean dispersion 

index displayed varying degrees of positive skew and were therefore log10 transformed. The results of 

that transformation are presented as histograms in Figure 26 (page 162), demonstrating that the 

transformation procedure was successful in approximating a normal distribution.  

The fit of the LMS models for UPI surface area, SVR, and FSA jet count is presented as centile charts in 

Appendix 9 (page 225). The distribution of the resulting z-scores is presented as histograms in Figure 

27 (page 163), demonstrating excellent normalisation for UPI surface area and SVR, but only 

moderately successful normalisation for FSA jet count where a cluster of extreme outliers is noted and 

the remaining data only approximate a normal distribution.  
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Figure 24: Faceted boxplots for novel placental markers plotted against 
gestational age for A) UPI surface area, B) surface volume ratio, and C) 
functional spiral artery jet count 

    

 

A) 

 

 

 

B) 

 

 

 

C) 
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Figure 25: Histograms evaluating the distribution of novel placental markers 
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Figure 26: Histograms demonstrating the results of log10 transformation on distribution 
of novel markers for A) arcuate artery count, B) radial artery count, and C) FSA jet mean 
dispersion index 
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Figure 27: Histograms to evaluate the distribution of z-scores derived from LMS 
modelling for A) functional spiral artery jet count, B) uteroplacental interface surface 
area, and C) surface volume ratio 

 

 

6.4.2 Associations between novel markers and adverse outcomes 

The forest plots showing odds ratios and 95% confidence intervals for each adverse outcome 

associated with each novel marker are presented in Figure 28 (page 164). 

For univariable prediction, statistically significant associations with FGR were observed for the UPI z-

score, UPI index, SVR z-score, log10 arcuate artery count, log10 radial artery count, radial artery mean 

width, FSA count z-score, and log10 FSA jet mean DI.  

For univariable prediction of PE, only log10 radial artery count and log10 FSA jet mean DI were 

statistically significant. However, a borderline significant result was also observed for radial artery 

mean width (OR 0.92, 95% CI 0.85–1.00). 
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Figure 28: Forest plots showing odds ratios for A) fetal growth restriction and B) pre-
eclampsia associated with an incremental increase of one for each novel marker 
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6.4.3 Subgroup analysis 

The complete subgroup analysis is available in Appendix 10 (page 226). No statistically significant 

differences were observed for age, height or smoking in any of the missing data subgroups compared 

with cases where processing was successful. Nor were any differences observed in the outcomes of PE 

or PIH.  

However, failed processing of UPI metrics was associated with an increased probability of SGA (10.19% 

in the success group versus 17.53% in the failure group, P = 0.029) and FGR (5.65% in the success group 

versus 16.49% in the failures group, P <0.001). Failed processing of arcuate artery metrics was 

associated with slightly greater weight (median of 67 kg in the success group versus 69 kg in the failure 

group, P <0.001), greater BMI (24.39 versus 25.00, P <0.001), nulliparity (45.66% versus 53.23%, P 

<0.001), and ethnicity (particularly with respect to black ethnicity, 6.95% in the success group versus 

9.69% in the failure group, P <0.001). Virtually identical results were observed for failed processing of 

radial artery metrics, although a statistically significant difference in gestational age was observed 

despite the median being 277 days in both groups (IQR 273–283 versus 272–284, P = 0.017) which 

while statistically significant, does not imply clinical significance. Failed processing of the FSA jet 

related metrics (excluding dispersion index) also revealed very similar discrepancies in weight and BMI, 

although the ethnic distribution did not differ (P = 0.619). Failed processing of FSA jet dispersion index 

was also associated with a similar difference in weight and BMI. Black ethnicity was again 

overrepresented in the failure group (6.70% in the success group compared with 9.66% in the failure 

group), and in this case the difference was statistically significant (P <0.001).   
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6.5 Discussion and conclusion 

This work has shown that it is possible, using OxNNet, to derive hitherto unexplored candidate markers 

of FGR and PE from the properties of the uteroplacental interface and the uteroplacental vasculature. 

All the UPI-derived markers demonstrated statistically significant associations with FGR but not PE. 

This may reflect differing pathological processes between the two conditions but could also be in part 

due to the lower event rate of PE compared with FGR contributing to lack of statistical significance, 

and UPI z-score was very close to statistical significance with respect to its relationship with PE (OR 

0.88, 95% CI 0.77–1.01). The arcuate and radial artery counts were both associated with FGR, but only 

the radial artery count had a statistically significant association with PE. Radial artery width was also 

associated with FGR. The corresponding estimate for PE was of similar magnitude but did not reach 

statistical significance, the upper bound of the confidence interval being one (OR 0.92, 95% CI 0.85–

1.00).   

The FSA jet count and mean dispersion index were associated with FGR and dispersion index also had 

a statistically significant association with PE. 

6.5.1 Findings in the context of current understanding 

6.5.1.1 Uteroplacental interface 

The findings in relation to UPI-derived metrics complement what is already known. In a 2016 

prospective cohort study, Salavati et al. examined the placenta in 2120 cases after delivery, and found 

an inverse correlation between placental surface area and uterine artery PI z-score at 20 weeks’ 

gestation (a known important predictor of both FGR and PE), and also that there was an association 

between the lowest decile of placental surface area and FGR.208 Similarly, in a case control study 

comparing 70 FGR placentae with 70 healthy controls, Liu et al. (2021) measured the surface area of 

the maternal side of the placenta shortly after birth, and found that this was significantly smaller in 

the FGR cases.202 Suri et al. (2018) undertook a cohort study in which 14 cases of pre-eclampsia were 

compared with 301 healthy controls. The dimensions of the basal plate of the placenta were evaluated 

using two-dimensional B-mode ultrasound late in the first trimester, and cases that developed PE were 

found to have a smaller basal plate surface area (P <0.01).209 There is also lab-based stereological 

evidence to suggest that the exchange surface area itself (i.e. the total villous surface area) is reduced 
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in association with FGR, but this was not observed for PE.210,211 In comparison to existing research, this 

study provides a much larger and relatively unselected dataset, and focuses on first trimester UPI 

metrics — this is important because this is the gestation at which screening for PE and FGR must take 

place in order for prophylactic strategies to have maximum effect.  

6.5.1.2 Arcuate and radial arteries 

Ong et al. (2005) investigated whether the structure of myometrial radial arteries differs between 

normal pregnancies and those complicated by PE or FGR.212 Using pressure myography, they 

demonstrated that vessels from PE pregnancies exhibited a smaller lumen, increased wall thickness, 

and a higher wall-to-lumen ratio compared with arteries from uncomplicated pregnancies. In contrast 

though, arteries obtained from FGR pregnancies showed no convincing structural differences relative 

to controls.212 This is contrary to work presented in this chapter, where an association was observed 

with both outcomes (although the upper bound of the 95% confidence interval was one, with respect 

to PE). Any such comparison should, however, be treated with caution, since it presumes that the 

vessel segments labelled as radial in the present analysis correspond to the myometrial radial arteries 

studied by pressure myography. That correspondence is assumed rather than demonstrated, and the 

same caveat applies to the comparisons with arcuate and spiral artery data that follow. 

Clark et al. (2018) developed a comprehensive computational model of the uteroplacental vasculature 

to explore the origins of abnormal uterine artery Doppler findings.69 By integrating the myometrial 

arterio-venous anastomoses into their model, together with detailed structural representations of 

each vascular component, the authors were able to apply wave transmission theory to predict UtA 

Doppler waveforms across the whole vascular system. Their results indicate that high resistance 

uterine artery Doppler indices are more consistent with abnormal remodelling throughout the uterine 

vasculature rather than isolated disruption at the level of the spiral arteries. Indeed, incomplete spiral 

artery remodelling alone appeared insufficient to generate abnormal waveforms, as increased 

resistance could be offset by upstream anastomotic pathways. Importantly, the findings suggest that 

the radial arteries may exert a greater influence on uteroplacental flow dynamics than previously 

appreciated.69 This is consistent with the findings of this chapter, although stronger associations with 

arcuate and radial artery count were observed with FGR compared with PE. 
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Allerkamp et al. (2020) provide rare quantitative data on the physiological evolution of uterine vascular 

remodelling and trophoblast plugging during the first half of pregnancy, drawing on digitised serial 

sections from historical in situ specimens.213 Across 6–20 weeks’ gestation, they observed substantial 

dilation of arcuate, radial and spiral arteries (approximately 2.6 to 4.3 fold) indicating that adaptation 

of the uterine vascular tree is both progressive and not complete by the end of the first trimester. This 

supports the notion that disruption of these observed changes to the arcuate and radial vessels might 

have relevance to disease processes. 

6.5.1.3 Spiral arteries 

Ultrasound assessments of individual spiral artery inflow jets report elevated resistance patterns in 

small-for-gestational-age pregnancies61,62, which supports the well-recognised link between abnormal 

spiral artery remodelling and the development of FGR and PE. This is supported by extensive 

histopathological evidence41,42 and more recently by computational studies illustrating the resulting 

disturbances in blood flow.214,215 Narrow, insufficiently remodelled spiral arteries are thought to 

generate high-velocity streams of blood as they enter the intervillous space, potentially damaging the 

villous surface — the so-called ‘hose-effect’.53 This is consistent with the observation from this chapter 

that the FSA jet mean dispersion index is associated with both FGR and PE, with higher dispersion index 

associated with lower risk of the adverse outcomes which is the expected direction of effect.  

6.5.2 Strengths and limitations 

A key strength of this study lies in its comparatively large cohort, drawn from two independent centres, 

alongside the application of machine-learning methods to automate image segmentation and analysis. 

These features enhance both the reproducibility and scalability of the approach. 

It is important, however, to acknowledge several limitations, particularly given that the markers 

introduced here are novel, exploratory, and still undergoing refinement. The most significant 

constraint is the high proportion of images that could not be successfully processed. While a subset of 

these failures may represent a genuine lack of measurable inflow, many are likely attributable to 

technical factors, including diminished image quality caused by signal attenuation in participants with 

higher BMI. The finding that nulliparity and Black ethnicity were associated with unsuccessful 
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processing is noteworthy, especially as both characteristics are recognised risk factors for PE and 

FGR.139,216-219 

The scale of processing failure reduces the volume of evaluable data and heightens the potential for 

bias. This underscores the need for further work not only to enhance the robustness of the image-

processing pipeline — and potentially optimise image acquisition to improve success rates — but also 

to investigate more thoroughly the factors underpinning differential processing success across ethnic 

groups. 

An additional limitation is that exact anatomical validation of these novel measurements remains 

unfeasible currently. Although the intended targets are the named vessels of the placental bed, minor 

segmentation deviations may result in the inclusion of basal arteries or other vessels adjacent to the 

uteroplacental interface, rather than exclusively the spiral arteries. Furthermore, while the distinction 

between arcuate and radial vessels is based on the established anatomy of the myometrial vascular 

plexus, it is a pragmatic approach, and the extent of possible vessel misclassification cannot currently 

be determined. 

Finally, the absence of correction for aspirin use within the study cohort may lead to underestimation 

of the strength of association between predictors and outcomes. Low-dose aspirin is a well-established 

preventive strategy for PE — particularly preterm disease — and there is also some evidence 

supporting its role in reducing the risk of FGR (see paragraph 1.3.2, page 30).83,220 Among those taking 

aspirin, some cases of PE and FGR will have been prevented. Consequently, the observed associations 

between the imaging markers and adverse outcomes may be attenuated, which could partly explain 

why some relationships did not reach statistical significance. At this early, proof-of-concept stage, this 

limitation can simply be noted, but future studies evaluating these markers should incorporate 

adjustment for aspirin exposure. 

 



 

 170 

6.5.3 Conclusion 

This work demonstrates the feasibility and potential clinical relevance of deriving novel, quantitative 

descriptors of uteroplacental architecture and vascularity from first-trimester ultrasound using 

automated machine-learning methods. Although these markers remain exploratory and require 

further refinement, the consistent associations observed with FGR — and, for selected measures, with 

PE — suggest that some of these markers, captured early in gestation, may hold genuine predictive 

value.  

Importantly, these findings are consistent with current understanding of uteroplacental 

pathophysiology, and raise the possibility that vessels of the arcuate and radial classes contribute to 

adverse pregnancy outcomes. At the same time, the limitations identified — particularly the high rate 

of image-processing failure, uncertainty in precise anatomical attribution, and lack of adjustment for 

aspirin exposure — indicate that further development is required before these markers can be 

translated into clinical practice. Nevertheless, this proof-of-concept work provides a strong foundation 

for future research aimed at improving early screening and pathophysiological insight for FGR and PE. 

The extent of missing data reinforces this exploratory framing and bears directly on how the 

associations should be read. Image processing was unsuccessful in 59% of cases for the arcuate 

metrics, 59% for the radial metrics and 63% for the jet dispersion index, so the associations reported 

for these markers rest on a minority of the cohort. That minority is unlikely to have been selected 

independently of outcome risk, since unsuccessful processing was itself associated with higher 

maternal body mass index, nulliparity and Black ethnicity, each of which is associated with fetal growth 

restriction and pre-eclampsia. The direction of any resulting bias cannot be determined from these 

data, and the associations should therefore be regarded as candidates for confirmation in a dataset 

with more complete processing rather than as estimates of effect. 
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[7] REPRODUCIBILITY OF OXNNET METRICS 

7.1 Introduction 

The reproducibility of pregnancy ultrasound measurements depends on modality, operator 

experience, and anatomical target, but ultrasound is generally considered especially prone to inter-

operator variability among medical imaging methods. Examples relevant to this thesis include first 

trimester nuchal translucency measurement and uterine artery Doppler velocimetry, both of which 

have applications for screening in early pregnancy. 

Nuchal translucency (NT) measurements, for example, demonstrate high reproducibility when 

conducted by well-trained sonographers, with intra-operator intraclass correlation coefficients (ICC) 

generally exceeding 0.83 and inter-operator ICCs among experienced practitioners ranging from 0.74 

to 0.95. However, inter-operator ICCs can be as low as 0.51 among less experienced operators.221 

Additionally, equipment calibration plays a critical role in NT measurement accuracy, and variability 

between machine-probe combinations may exert an even greater influence on reproducibility than 

operator expertise.222 First trimester uterine artery Doppler measurements generally demonstrate 

intra- and interobserver ICCs in the poor to moderate range, with reliability further reduced in women 

with higher BMI.223-225  

OxNNet metrics, especially placental volume and svFMBV, have demonstrated potential as first 

trimester screening tools for FGR and PE. To support the potential clinical implementation of OxNNet 

measurements, it is essential to thoroughly evaluate their limitations; therefore, an assessment of 

their reproducibility is warranted. 
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7.1.1 Aims 

To evaluate the intra- and inter-operator reproducibility of OxNNet-derived placental metrics and of 

the novel markers derived in Chapter 6.  

7.1.2 Statement of personal contribution 

To complete this work, I have contributed to the data collection (performing placental ultrasound 

scans) alongside Dr. Theophilus Adu-Bredu, research sonographer. Image processing work was 

completed by Dr. Mohammadreza Soltaninejad. I have completed all subsequent statistical analyses 

myself. 
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7.2 Methodology 

7.2.1 Data collection protocol 

The first-trimester placental ultrasound protocol was repeated in participants opportunistically 

selected from the OxPLUS study cohort. For assessment of intra-operator reproducibility, each 

participant was scanned twice by the same sonographer. For evaluation of inter-operator 

reproducibility, the scan was repeated by a second operator. 

A new study record was generated on the ultrasound machine for every examination, and the system 

was reset to its default presets prior to each scan. This included re-establishing the standard greyscale 

and power Doppler gain settings. During inter-operator assessments, the second operator was blinded 

to the machine settings applied by the first operator to minimise bias. 

7.2.2 Sample size determination 

The required sample size was determined using the prec_icc function from the presize package in R, 

following the approach outlined by Bonett (2002).226 Assuming an expected intraclass correlation 

coefficient (ICC) of 0.8 and a confidence level of 95%, a sample of 28 cases was estimated to be 

sufficient to achieve a confidence interval width of 0.3. Larger sample sizes would allow for the 

estimation of lower ICC values with correspondingly narrower confidence intervals. 

7.2.3 Selection of variables for analysis 

OxNNet metrics were considered for reproducibility based on whether a statistically significant 

association has been demonstrated with FGR or PE. Placental volume and svFMBV were therefore 

included, with svFMBV5 chosen specifically due to its stronger reported association with FGR and PE 

compared with other svFMBV parameters. In addition, novel markers identified in chapter 6 as having 

statistically significant associations with FGR or PE were incorporated, namely the UPI surface area, 

UPI index, and SVR. 

Arcuate artery count, radial artery count, radial artery width, and FSA jet count were excluded from 

further evaluation. These parameters were prone to processing failure (as discussed in paragraph 

6.5.2, page 168), resulting in insufficient numbers of matched data pairs (fewer than three in all cases) 

to permit meaningful reproducibility assessment.  
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7.2.4 Statistical approach 

ICC values and 95% confidence intervals were estimated using the icc function from the irr package in 

R, which is based on the original method by Shrout and Fleiss (1979) and relies on an assumption that 

the data are normally distributed.227 To ensure normality of distribution, placental volume and 

svFMBV5 values were converted to z-scores as described in chapter 3 (page 62), and UPI area and SVR 

were converted to z-scores using the method described in chapter 6 (page 147). The UPI index naturally 

has a normal distribution as demonstrated in Figure 25 (page 161), and so no transformation was 

necessary.  

Because the same operators performed the repeat examinations, subjects and operators were fully 

crossed and a two-way model was therefore appropriate. The coefficient was estimated as a measure 

of absolute agreement rather than relative consistency, based on single measurements per subject. 

For inter-operator reproducibility this corresponds to a two-way random effects model with absolute 

agreement and single measures, denoted ICC(2,1) in the notation of Shrout and Fleiss227 and ICC(A,1) 

in that of McGraw and Wong228; the operators are treated as random because they represent a sample 

of those who might perform the examination in practice. For intra-operator reproducibility the two 

occasions are the only occasions of interest, so a two-way mixed effects model applies, again with 

absolute agreement and single measures, ICC(A,1). The absolute-agreement estimate is identical 

whether the second factor is treated as random or fixed, the distinction affecting generalisation rather 

than computation. Estimates were obtained with the model, type and unit arguments of the icc 

function set to twoway, agreement and single respectively. Confidence intervals at the 95% level were 

derived using the F distribution-. For each variable of interest, ICC values were computed along with 

their corresponding confidence intervals, providing an index of reliability across repeated 

measurements. 

Bland–Altman plots were constructed to evaluate agreement between repeated measurements. For 

each variable, the mean of the paired values was plotted against their difference. The mean difference 

(bias) was calculated, together with the standard deviation of the differences. Limits of agreement 

(LOA) were defined as the mean difference ± 1.96 times the standard deviation, representing the range 

within which 95% of differences would be expected to lie. The proportion of observations falling 

within, above, and below these limits was also reported.  
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7.2.4.1 Interpretation of intraclass correlation coefficients 

There is no universally accepted standard for what qualifies as an acceptable ICC. What is considered 

acceptable depends on the context in which the measurement is used, and it is important to consider 

the range of the 95% confidence interval. Generally, ICC values above 0.5, 0.75, and 0.9 are interpreted 

as indicating moderate, good, and excellent reliability, respectively.229 
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7.3 Results 

There were 52 cases available for intra-operator reproducibility analysis, and 47 cases for inter-

operator analysis. The demographic characteristics of each group are shown in Table 28 (page 176).  

 

Table 28: Summary of demographic characteristics for intra-operator and inter-
operator reproducibility analysis cohorts 

     
 

Characteristic Intra-operator analysis (n = 52) 
Median (IQR) or N (%) 

Inter-operator analysis (n = 47) 
Median (IQR) or N (%) 

 

     

 Age (years) 33.68 (30.55–36.45) 33.18 (30.22–36.05)  
 Height (cm) 166 (160.75–169.25) 167 (161.5–169)  
 Weight (kg) 65.5 (58.75–78.25) 68 (60.5–79)  
 BMI 24.5 (22–29.25) 26 (22–29.5)  
 Nulliparity 26 (50) 26 (55.3)  
 Smoker at booking 3 (5.8) 3 (6.4)  
 Ethnicity    
     White 43 (82.7) 40 (85.1)  
     Black 1 (1.9) 1 (2.1)  
     South Asian 7 (13.5) 5 (10.6)  
     East Asian 1 (1.9) 1 (2.1)  
     Other or mixed 0 (0) 0 (0)  
 

  

  

     

 

The intra-operator agreement analysis (Table 29, page 178) demonstrated generally high 

reproducibility, with ICCs ranging from 0.57 to 0.85. The strongest agreement was observed for the 

placental volume z-score (ICC 0.85, 95% CI 0.76–0.91) and UPI z-score (ICC 0.85, 95% CI 0.75–0.91), 

followed closely by the SVR z-score (ICC 0.80, 95% CI 0.67–0.88), while the UPI index showed moderate 

reliability (ICC 0.68, 95% CI 0.51–0.81) and the svFMBV5 z-score had the lowest reproducibility (ICC 

0.57, 95% CI 0.36–0.73). Mean differences across parameters were close to zero, indicating minimal 

systematic bias, and the majority of measurements (92–94%) fell within the limits of agreement. 

The inter-operator agreement analysis (Table 30, page 178) revealed slightly lower reproducibility, 

with ICCs ranging from 0.58 to 0.77. The SVR z-score (ICC 0.77, 95% CI 0.63–0.87), volume z-score (ICC 

0.73, 95% CI 0.57–0.84) and UPI z-score (ICC 0.72, 95% CI 0.54–0.83) showed the most consistent 

agreement between operators, while the UPI index demonstrated moderate agreement (ICC 0.65, 95% 

CI 0.45–0.79), and svFMBV5 again had the weakest reproducibility although still within the range 
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considered acceptable (ICC 0.58, 95% CI 0.35–0.74). Mean differences were negligible across all 

parameters, suggesting no systematic operator bias, and the majority of values (94–98%) were within 

the limits of agreement.  

The results of both intra- and inter-operator analyses are visually represented as Bland-Altman plots 

in Figure 29 (page 179). 
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Table 29: Intra-operator agreement analysis 

         

 Parameter ICC 
(95% CI) 

Mean 
difference 

Limits of 
agreement 

Within limits 
(%) 

Above limits 
(%) 

Below limits 
(%)  

 Volume z-score 0.85 
(0.76–0.91) 

-0.1 -1.25–1.04 92.31 1.92 5.77  

 svFMBV5 z-score 
0.57 

(0.36–0.73) 0.02 -1.17–1.20 92.31 3.85 3.85  

 UPI z-score 0.85 
(0.75–0.91) -0.10 -1.13–0.94 94.23 3.85 1.92  

 UPI index 0.68 
(0.51–0.81) 0 -0.14–0.13 94.23 3.85 1.92  

 SVR z-score 0.80 
(0.67–0.88) 

-0.03 -1.25–1.18 94.23 3.85 1.92  

         

 

 

Table 30: Inter-operator agreement analysis 
         

 Parameter ICC 
(95% CI) 

Mean 
difference 

Limits of 
agreement 

Within limits 
(%) 

Above limits 
(%) 

Below limits 
(%)  

 Volume z-score 
0.73 

(0.57–0.84) 0.06 -1.77–1.90 97.87 2.13 0  

 svFMBV5 z-score 
0.58 

(0.35–0.74) 0.06 -1.17–1.30 95.74 4.26 0  

 UPI z-score 0.72 
(0.54–0.83) 0.04 -1.71–1.79 97.87 2.13 0  

 UPI index 0.65 
(0.45–0.79) 

0 -0.15–0.15 95.74 2.13 2.13  

 SVR z-score 
0.77 

(0.63–0.87) -0.01 -1.20–1.18 93.62 4.26 2.13  
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Figure 29: Bland-Altman plots for five OxNNet-derived first trimester placental markers 
demonstrating intra-operator reproducibility (left column) and inter-operator reproducibility 
(right column) 
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7.4 Discussion and conclusion 

This study provides the first systematic evaluation of the reproducibility of OxNNet-derived placental 

metrics addressing both intra- and inter-operator agreement. Overall, the findings demonstrate that 

most OxNNet parameters achieve good intra-operator reproducibility and moderate inter-operator 

reproducibility. Intra-operator agreement was generally stronger than inter-operator agreement, 

which is consistent with expectations for ultrasound-based measurements where operator technique 

and probe positioning can introduce variability.221,223-225 

Inter-operator agreement was slightly lower than intra-operator agreement for most parameters. This 

reduction reflects the inherent variability of ultrasound imaging between operators, a well-recognised 

limitation in obstetric sonography.223-225 Nevertheless, reproducibility remained good for SVR, 

moderate for placental volume, the UPI z-score and the UPI index, and lowest for svFMBV5, with 

negligible mean differences across all parameters indicating minimal systematic bias.  

Importantly, the reproducibility observed here compares favourably with established first-trimester 

ultrasound markers such as nuchal translucency and uterine artery Doppler velocimetry, which have 

historically demonstrated similar ranges of ICC values depending on operator experience and patient 

characteristics.221,223-225 This suggests that OxNNet-derived metrics are at least as reliable as current 

clinical standards, while offering novel insights into placental development. 

7.4.1 Findings in the context of current understanding 

As OxNNet parameters are so novel, there is no existing literature for comparison that is entirely 

apposite. However, comparison can be made against other techniques for placental segmentation and 

evaluation of placental vascularity. 

Cabezas López et al. (2016) conducted a study involving 69 singleton pregnancies to evaluate 

parameters derived using VOCAL™.230 For placental volume, they reported an intra-observer ICC of 

0.97 (95% CI 0.95–0.98) and an inter-observer ICC of 0.71 (95% CI 0.53–0.82). The vascularisation index 

(VI), flow index (FI), and vascularisation flow index (VFI) also demonstrated strong reproducibility, with 

intra-operator ICCs of 0.98 (95% CI 0.96–0.99), 0.93 (95% CI 0.89–0.96), and 0.97 (95% CI 0.96–0.98), 

respectively. Inter-operator ICCs were similarly high at 0.96 (95% CI 0.94–0.98) for VI, 0.89 (95% CI 

0.82–0.93) for FI, and 0.95 (95% CI 0.91–0.97) for VFI. These findings suggest excellent reproducibility 
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of measurements obtained with VOCAL™, but critically these results reflect repeat analyses performed 

on a single image per participant. Consequently, the reproducibility demonstrated pertains to the 

segmentation tool itself rather than the variability inherent in first trimester placental ultrasound 

image acquisition. In comparison, the work presented in this chapter is a better reflection of 

reproducibility during real-world use because it assesses the variables of both image acquisition and 

image processing. 

Similar findings were reported by Nardozza et al. (2009), who examined repeated measures of 

placental volume derived using VOCAL™ in a subgroup of 16 patients from a larger study. In this case, 

two operators performed analyses on a single ultrasound image per patient. While reproducibility was 

demonstrated, the reliance on a single image substantially limits the applicability of these results to 

real-world clinical practice, where variability in image acquisition is a critical factor.231 

By contrast, Huster et al. (2010) evaluated 30 pregnancies using true repeated measures and found 

that placental volume derived with VOCAL™ achieved an inter-observer ICC of 0.88 (95% CI 0.75–

0.94).232 Intra-observer reproducibility varied between operators, with ICCs of 0.95 (95% CI 0.89–0.98) 

and 0.84 (95% CI 0.68–0.92), respectively. Vascular indices (VI, FI, and VFI) also demonstrated good 

inter-operator agreement within a similar range. However, a notable methodological limitation was 

the use of fixed power Doppler gain settings across all acquisitions. Although this approach likely 

improved reproducibility — given that gain settings strongly influence Doppler signal detection114 — it 

fails to account for other beam path factors such as maternal body habitus and placental depth. 

Standardising gain settings therefore risks artificially inflating reproducibility while undermining the 

validity of vascularity assessments. The broader challenges associated with FI, VI, and VFI in this 

context have already been discussed in paragraph 1.4.2 (page 34). 

None of these studies mention whether the data met the normality assumption for ICC calculation. 

7.4.2 Strengths and limitations 

This study is strengthened by its robust repeated-measures design, which included full ultrasound 

machine resetting between scans. This ensured that all aspects of image acquisition and processing 

were evaluated with respect to reproducibility, thereby providing a more accurate assessment of real-

world performance. The blinding of the second assessor further mitigated the risk of inadvertent bias, 
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reducing the likelihood of underestimating discrepancies in measurements. Relative to comparable 

literature, the study is also reinforced by its relatively large sample size and its rigorous approach to 

data normalisation when required. 

Further exploration of the reasons underlying the relatively weaker performance of svFMBV5 would 

be valuable in determining how this measure might be optimised, both in terms of reproducibility and 

predictive utility. A key limitation of the present work is the absence of recorded information on power 

Doppler gain settings for each scan, which might otherwise have been included in this reproducibility 

analysis. Variation in gain selection is likely to exert a significant influence on the final output of all 

svFMBV measures. Despite evidence that the subnoise gain selection method is highly reproducible131, 

variation in this measure between scans might account for some of the variability observed. Evaluating 

the intra- and inter-rater reproducibility of power Doppler gain settings within this cohort would 

therefore be particularly informative. At present, such data cannot be readily extracted from the 

kretzfile metadata, as this information is embedded within proprietary coding. Manual case-by-case 

extraction, however, remains feasible and represents a worthwhile avenue for future research. 

Establishing whether the subnoise gain selection method is genuinely as reproducible as claimed is a 

critical step towards clarifying the overall performance and utility of svFMBV measures. 

A limitation of the agreement analysis should be made explicit. The proportion of measurements 

falling within the limits of agreement is not an independent criterion of acceptability, because those 

limits are derived from the same differences and will by construction contain approximately 95% of 

them, whatever the magnitude of the underlying variability. What matters clinically is the width of the 

limits, judged against the difference that would be tolerable in use, and no such threshold was pre-

specified for these metrics. 

Interpreted on that basis the limits are wide. For intra-operator agreement they span roughly 2.3 to 

2.4 z-score units for placental volume, svFMBV5 and the surface-to-volume ratio, and for inter-

operator agreement 3.7 units for placental volume and 3.5 for the UPI z-score — in each case 

exceeding twice the standard deviation of the reference distribution from which the z-scores are 

derived. A woman whose true placental volume lay on the 50th centile could therefore return a repeat 

measurement anywhere between approximately the 11th and the 85th centile if rescanned by the 

same operator, and between the 4th and the 97th centile if rescanned by a different one. Differences 
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of that size are not negligible in relation to the scale on which these metrics are interpreted, being of 

the same order as the z-score thresholds of ±1, ±2 and ±3 used for multi-rule quality control in Chapter 

4. 

Reproducibility of this order is adequate for the group-level analyses presented here, in which 

measurement error is averaged across large cohorts. Whether it would be sufficient for an individual 

measurement cannot be determined from these data alone, since that judgement depends on the 

difference considered tolerable for a given clinical purpose, and no such threshold has yet been 

defined for these metrics. Establishing one, and determining whether a single acquisition or an average 

of repeated acquisitions would be needed to meet it, is a necessary step before these measures are 

applied in individual care. 

Finally, this study employed the same ultrasound machine and probe across all cases. This approach is 

advantageous, as it ensures that any observed differences in measurements can be attributed 

primarily to operator-related factors. Nonetheless, it remains important to consider whether machine 

and probe selection itself may influence reproducibility. Addressing this question in future work would 

provide valuable insights into the generalisability of these findings and help determine the extent to 

which equipment variability contributes to measurement reliability. 
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7.4.3 Conclusion 

In conclusion, this study provides the first systematic evaluation of OxNNet-derived placental metrics, 

demonstrating promising reproducibility in both intra- and inter-operator analyses. By incorporating a 

rigorous repeated-measures design that accounted for both image acquisition and processing, the 

findings present a more realistic appraisal of real-world performance than prior segmentation-based 

studies of reproducibility using VOCAL™. Although limitations remain, particularly regarding the 

absence of detailed power Doppler gain data, the results highlight the potential of OxNNet parameters 

and underscore the importance of future work to refine svFMBV measures, to establish an acceptable 

measurement difference for clinical use, and to validate gain selection reproducibility. 
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[8] CONCLUSION 

8.1 Summary of Key Findings 

This thesis presents a comprehensive investigation into the automated assessment of first trimester 

placental volume and uterine vasculature using three-dimensional power Doppler ultrasound, with the 

overarching aim of improving the prediction of adverse perinatal outcomes, specifically FGR and PE. 

Through the refinement and evaluation of the OxNNet deep learning framework, it has been 

demonstrated that fully automated, reproducible, and rapid segmentation of the placenta and 

quantification of single vessel fractional moving blood volume (svFMBV) are achievable in a clinical 

context.  

The work is underpinned by two large, prospectively collected cohorts — FirstPLUS and OxPLUS — 

enabling model development in one cohort and external assessment in the other, across different 

clinical environments. 

The establishment of novel, prescriptive centile charts for first trimester placental volume and svFMBV 

at multiple anatomical sites represents a novel contribution. These reference ranges, derived from a 

large, healthy population, showed good apparent fit within the cohort in which they were constructed, 

but they have not yet been applied to an independent population, so their performance elsewhere 

remains unknown. Z-scores calculated from these charts were found to be significantly associated with 

FGR and PE, supporting their potential utility as early biomarkers. 

Multivariable predictive models incorporating OxNNet-derived placental metrics, maternal history, 

and established serum biomarkers achieved good discrimination for both FGR and PE. Discrimination 

was attenuated but preserved after optimism correction and on assessment in an independent cohort, 

although this represents a single external assessment rather than established validity. Notably, models 

constructed using only OxNNet-derived metrics performed moderately well, suggesting that 

automated placental assessment could be valuable even in settings where access to detailed clinical 

or biochemical data is limited. 

This thesis also introduces, on an exploratory basis, a suite of candidate quantitative markers of 

placental and vascular morphology, including UPI surface area, SVR, and spiral artery jet 
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characteristics. Several of these markers demonstrated significant associations with FGR and, to a 

lesser extent, PE, offering new insights into the pathophysiology of placental insufficiency syndromes. 

The feasibility of training NHS sonographers in advanced 3D placental ultrasound was established, and 

the implementation of structured feedback and quality control tools, including CUSUM analysis, was 

shown to be a viable means of performance monitoring. Most OxNNet-derived metrics exhibited good 

intra-operator and moderate inter-operator reproducibility, supporting their reliability for research 

use, although reproducibility would need to be established prospectively before any clinical 

application. 
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8.2 Strengths and Limitations 

A principal strength of this thesis lies in the scale and quality of the datasets, which enabled both the 

development of predictive models and their assessment in an independent cohort. The integration of 

advanced machine learning for automated image analysis represents a methodological advance, 

facilitating reproducibility and scalability. The statistical approach, which included assessment of 

discrimination in an independent cohort and of calibration within the development cohort, further 

enhances the credibility of the findings, although this represents a single external assessment rather 

than established validity. 

However, several limitations must be acknowledged. Processing failures, particularly in cases with 

higher maternal BMI or certain ethnic backgrounds, may introduce bias and limit the generalisability 

of the findings. The study was conducted at UK centres using specific ultrasound equipment, and 

further multicentre and multi-platform validation is required to confirm the broader applicability of 

the results. The relatively low number of preterm events may limit the performance of predictive 

models for the most severe cases of FGR and PE. Additionally, the lack of detailed adjustment for 

aspirin exposure, a known modifier of risk, may attenuate observed associations between imaging 

markers and outcomes. 
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8.3 Areas for Future Development 

The work presented in this thesis opens several avenues for future research. Multicentre and 

international validation studies are needed to ensure the generalisability of OxNNet-derived metrics 

and predictive models across diverse populations, healthcare settings, and ultrasound platforms. 

Further refinement and anatomical validation of novel vascular and morphological markers are 

warranted, particularly to reduce processing failures and clarify their pathophysiological significance. 

Prospective studies should evaluate the integration of automated placental assessment into clinical 

workflows, including its impact on decision-making, resource allocation, and perinatal outcomes. The 

systematic investigation of machine and probe effects on measurement reproducibility and predictive 

accuracy is also necessary. Embedding real-time feedback and quality assurance tools within clinical 

ultrasound systems could further enhance measurement reliability and operator performance. 

Finally, the novel markers identified in this work provide a foundation for studies aimed at elucidating 

the biological processes underlying placental insufficiency syndromes, with the potential to inform the 

development of new preventive or therapeutic strategies. 
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8.4 Conclusion 

In conclusion, this thesis demonstrates that automated, quantitative assessment of the first trimester 

placenta and uterine vasculature is feasible, and provides proof of concept that the resulting measures 

carry information about the risk of FGR and PE. The integration of advanced imaging biomarkers into 

predictive models holds promise for improving the early identification of pregnancies at risk of FGR 

and PE, thereby supporting more personalised and effective antenatal care. Continued refinement, 

validation, and clinical integration of these tools will be essential to realise their full potential in 

improving maternal and perinatal outcomes. The work presented here establishes a foundation for 

future research in the field of placental imaging and risk prediction. 
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[10] APPENDICES 

 

Appendix 1: Cumulative sum (CUSUM) learning curve analyses for each sonographer performance with respect 
to subgroup cohort 1 for the entire duration of the OxPLUS study 
 
Incremental increases in the CUSUM curve represent improved performance. 
Green dashed horizontal line (top): Reassurance threshold 
Amber dashed horizontal line (middle): Warning threshold 
Red dashed horizontal line (bottom): Alarm threshold 
Solid vertical lines: The time at which the feedback was delivered using the OxNNet feedback toolkit; colour 
coded to represent pass (green), advisory only (amber), or failure in any domain (red). 
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Appendix 2: Cumulative sum (CUSUM) learning curve analyses for each sonographer performance with respect 
to subgroup cohort 2 for the entire duration of the OxPLUS study 
 
Incremental increases in the CUSUM curve represent improved performance. 
Green dashed horizontal line (top): Reassurance threshold 
Amber dashed horizontal line (middle): Warning threshold 
Red dashed horizontal line (bottom): Alarm threshold 
Solid vertical lines: The time at which the feedback was delivered using the OxNNet feedback toolkit; colour 
coded to represent pass (green), advisory only (amber), or failure in any domain (red). 
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Appendix 3: Candidate variables plotted against log relative hazard (with 95% confidence intervals) for each 
outcome variable, exploring linear modelling and restricted cubic splines with 2 or 3 degrees of freedom. 
 
Appendix 3a: Maternal age 
 
FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3b: Last birthweight percentile 
 
FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3c: log10 serum PAPP-A MoMs 
 
FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3d: log10 serum PlGF MoMs 
 
FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3e: log10 mean arterial pressure MoMs 
 
FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3f: log10 uterine artery PI MoMs 

FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 3g: svFMBV5 z-score 

FGR: Fetal growth restriction 
ntFGR: Normotensive fetal growth restriction  
HTN: Any gestational hypertension, including PIH and PE 
PE: Pre-eclampsia 
FGR or HTN: A composite outcome of any FGR or HTN 
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Appendix 4: AIC values for univariable prediction of fetal growth restriction and pre-eclampsia exploring 
restricted cubic splines with varying degrees of freedom 
 

 

  AIC value for variable degrees of freedom 

Outcome  Predictor 1DF 2DF 3DF 

FGR 

Maternal age 3828 3816 3817 

svFMBV5 z-score 3800 3798 3799 

Last BW percentile 1369 1360 1361 

log10 MAP MoM 3815 3816 3816 

log10 PAPP-A MoM 3749 3751 3752 

log10 PlGF MoM 3786 3781 3780 

log10 UtA PI MoM 3784 3777 3777 

Placental volume z-score 3755 3757 3758 

PE 

Maternal age 1594 1590 1592 

svFMBV5 z-score 1579 1580 1582 

Last BW percentile 620 617 615 

log10 MAP MoM 1532 1533 1535 

log10 PAPP-A MoM 1586 1587 1589 

log10 PlGF MoM 1566 1568 1569 

log10 UtA PI MoM 1591 1587 1585 

Placental volume z-score 1588 1588 1586 
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Appendix 5: ANOVA plots generated during backwards selection process for prediction of fetal growth 
restriction, including A) sonographic markers, B) serum biomarkers, and C) mean arterial blood pressure and 
factors from the maternal medical history 
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Appendix 6: ANOVA plots generated during backwards selection process for prediction of pre-eclampsia, 
including A) sonographic markers, B) serum biomarkers, and C) mean arterial blood pressure and factors from 
the maternal medical history 
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Appendix 7: Sensitivity, specificity, negative predictive value and positive predictive value for the performance 
of each model in each subgroup on external validation 
 

Subgroup 1: Excluding term FGR and term PE 

       

 
Model  

10% FPR  

 Sens Spec PPV NPV  

 FGR1 0.29 (0.14–0.48) 0.90 (0.89–0.91) 0.03 (0.02–0.06) 0.99 (0.99–0.99)  

 FGR2 0.23 (0.10–0.41) 0.90 (0.89–0.91) 0.03 (0.01–0.05) 0.99 (0.99–0.99)  

 FGR3 0.26 (0.12–0.45) 0.90 (0.89–0.91) 0.03 (0.01–0.06) 0.99 (0.99–0.99)  

 FGR4 0.26 (0.12–0.45) 0.90 (0.89–0.91) 0.03 (0.01–0.06) 0.99 (0.99–0.99)  

 PE1 0.46 (0.27–0.67) 0.90 (0.89–0.91) 0.04 (0.02–0.07) 0.99 (0.99–1.00)  

 PE2 0.23 (0.09–0.44) 0.90 (0.89–0.91) 0.02 (0.01–0.05) 0.99 (0.99–0.99)  

 PE3 0.31 (0.14–0.52) 0.90 (0.89–0.91) 0.03 (0.01–0.06) 0.99 (0.99–1.00)  

 PE4 0.35 (0.17–0.56) 0.90 (0.89–0.91) 0.03 (0.02–0.06) 0.99 (0.99–1.00)  

       

 
Model  

30% FPR  

 Sens Spec PPV NPV  

 FGR1 0.65 (0.45–0.81) 0.70 (0.68–0.72) 0.02 (0.02–0.04) 0.99 (0.99–1.00)  

 FGR2 0.58 (0.39–0.75) 0.70 (0.68–0.72) 0.02 (0.01–0.03) 0.99 (0.99–1.00)  

 FGR3 0.45 (0.27–0.64) 0.70 (0.68–0.72) 0.02 (0.01–0.03) 0.99 (0.99–0.99)  

 FGR4 0.71 (0.52–0.86) 0.70 (0.68–0.72) 0.03 (0.02–0.04) 1.00 (0.99–1.00)  

 PE1 0.85 (0.65–0.96) 0.70 (0.68–0.72) 0.03 (0.02–0.04) 1.00 (0.99–1.00)  

 PE2 0.62 (0.41–0.80) 0.70 (0.68–0.72) 0.02 (0.01–0.03) 0.99 (0.99–1.00)  

 PE3 0.62 (0.41–0.80) 0.68 (0.66–0.70) 0.02 (0.01–0.03) 0.99 (0.99–1.00)  

 PE4 0.65 (0.44–0.83) 0.70 (0.68–0.72) 0.02 (0.01–0.03) 1.00 (0.99–1.00)  

       

 
Model  

50% FPR  

 Sens Spec PPV NPV  

 FGR1 0.84 (0.66–0.95) 0.50 (0.48–0.52) 0.02 (0.01–0.03) 1.00 (0.99–1.00)  

 FGR2 0.74 (0.55–0.88) 0.50 (0.48–0.52) 0.02 (0.01–0.03) 0.99 (0.99–1.00)  

 FGR3 0.65 (0.45–0.81) 0.50 (0.48–0.52) 0.01 (0.01–0.02) 0.99 (0.99–1.00)  

 FGR4 0.74 (0.55–0.88) 0.50 (0.48–0.52) 0.02 (0.01–0.03) 0.99 (0.99–1.00)  

 PE1 0.92 (0.75–0.99) 0.50 (0.48–0.52) 0.02 (0.01–0.03) 1.00 (0.99–1.00)  

 PE2 0.73 (0.52–0.88) 0.50 (0.48–0.52) 0.01 (0.01–0.02) 0.99 (0.99–1.00)  

 PE3 0.69 (0.48–0.86) 0.48 (0.46–0.50) 0.01 (0.01–0.02) 0.99 (0.99–1.00)  

 PE4 0.81 (0.61–0.93) 0.50 (0.48–0.52) 0.02 (0.01–0.02) 1.00 (0.99–1.00)  
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Subgroup 2: Pre-eclampsia cases excluded 

       

 
Model  

10% FPR  

 Sens Spec PPV NPV  

 FGR1 0.33 (0.24–0.44) 0.90 (0.88–0.91) 0.11 (0.07–0.15) 0.97 (0.97–0.98)  

 FGR2 0.24 (0.15–0.34) 0.90 (0.89–0.91) 0.08 (0.05–0.12) 0.97 (0.96–0.98)  

 FGR3 0.40 (0.30–0.50) 0.89 (0.88–0.90) 0.12 (0.08–0.16) 0.98 (0.97–0.98)  

 FGR4 0.39 (0.29–0.49) 0.89 (0.88–0.90) 0.11 (0.08–0.15) 0.98 (0.97–0.98)  

       

 
Model  

30% FPR  

 Sens Spec PPV NPV  

 FGR1 0.61 (0.51–0.71) 0.70 (0.68–0.72) 0.07 (0.05–0.09) 0.98 (0.97–0.99)  

 FGR2 0.48 (0.38–0.59) 0.70 (0.68–0.72) 0.06 (0.04–0.07) 0.97 (0.97–0.98)  

 FGR3 0.58 (0.47–0.68) 0.70 (0.68–0.72) 0.07 (0.05–0.09) 0.98 (0.97–0.98)  

 FGR4 0.66 (0.55–0.75) 0.70 (0.68–0.72) 0.07 (0.06–0.09) 0.98 (0.97–0.99)  

       

 
Model  

50% FPR  

 Sens Spec PPV NPV  

 FGR1 0.87 (0.79–0.93) 0.49 (0.47–0.51) 0.06 (0.05–0.07) 0.99 (0.98–1.00)  

 FGR2 0.62 (0.52–0.72) 0.50 (0.48–0.52) 0.04 (0.03–0.06) 0.97 (0.96–0.98)  

 FGR3 0.73 (0.63–0.82) 0.51 (0.49–0.52) 0.05 (0.04–0.06) 0.98 (0.97–0.99)  

 FGR4 0.74 (0.64–0.83) 0.51 (0.49–0.53) 0.05 (0.04–0.07) 0.98 (0.97–0.99)  
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Subgroup 3: Pre-existing and gestational diabetes excluded 

       

 
Model  

10% FPR  

 Sens Spec PPV NPV  

 FGR1 0.35 (0.26–0.45) 0.90 (0.88–0.91) 0.13 (0.09–0.17) 0.97 (0.96–0.98)  

 FGR2 0.23 (0.16–0.33) 0.90 (0.89–0.91) 0.09 (0.06–0.13) 0.96 (0.96–0.97)  

 FGR3 0.40 (0.30–0.50) 0.89 (0.88–0.90) 0.13 (0.10–0.18) 0.97 (0.96–0.98)  

 FGR4 0.37 (0.28–0.47) 0.89 (0.88–0.90) 0.13 (0.09–0.17) 0.97 (0.96–0.98)  

       

 
Model  

30% FPR  

 Sens Spec PPV NPV  

 FGR1 0.61 (0.51–0.71) 0.70 (0.68–0.72) 0.08 (0.06–0.10) 0.98 (0.97–0.98)  

 FGR2 0.48 (0.38–0.58) 0.70 (0.68–0.72) 0.06 (0.05–0.08) 0.97 (0.96–0.98)  

 FGR3 0.59 (0.49–0.69) 0.70 (0.68–0.72) 0.08 (0.06–0.10) 0.98 (0.97–0.98)  

 FGR4 0.67 (0.57–0.76) 0.70 (0.68–0.72) 0.09 (0.07–0.11) 0.98 (0.97–0.99)  

       

 
Model  

50% FPR  

 Sens Spec PPV NPV  

 FGR1 0.84 (0.76–0.91) 0.49 (0.47–0.51) 0.07 (0.05–0.08) 0.99 (0.98–0.99)  

 FGR2 0.62 (0.52–0.72) 0.50 (0.48–0.53) 0.05 (0.04–0.06) 0.97 (0.96–0.98)  

 FGR3 0.72 (0.62–0.80) 0.50 (0.48–0.52) 0.06 (0.05–0.07) 0.98 (0.97–0.98)  

 FGR4 0.73 (0.63–0.81) 0.51 (0.49–0.53) 0.06 (0.05–0.07) 0.98 (0.97–0.99)  
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Appendix 8: Faceted boxplots exploring the changing distribution of data for novel placental markers with 
advancing gestational age 
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Appendix 9: Centile charts derived from LMS modelling of A) uteroplacental interface surface area, B) surface 
volume ratio, and C) functional spiral artery count 
 

A) 

 

B) 

 

C) 
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Appendix 10: Comparison of demographic characteristics and outcomes between processing success and 
processing failure subgroups with respect to novel placental markers 
 

A) Comparison of processing success and failure subgroups for UPI surface area, UPI index, and SVR 

Variable  
Processing successful 
Median (IQR) or N (%) 

Processing failed 
Median (IQR) or N (%) P 

N = 6149 N = 97 

Age 33.11 (29.88–35.99) 33.89 (30.20–36.53) 0.544 

Height 166 (161–170) 166 (162–171) 0.485 

Weight 68 (60–78) 68 (62–83) 0.411 

BMI 24.93 (22.00–28.60) 25.13 (22.06–30.85) 0.510 

Nulliparity 3088 (50.22) 43 (44.33) 0.294 

Smoking 185 (3.01) 1 (1.03) 0.372 
Ethnicity    

   Black 522 (8.49) 13 (13.40) 

0.579 

   East Asian 112 (1.82) 2 (2.06) 

   South Asian 470 (7.64) 7 (7.22) 

   White 4782 (77.77) 71 (73.20) 

   Mixed/other 263 (4.28) 4 (4.12) 

Gestational age at birth (days) 277 (272–284) 276 (272–283) 0.655 

PE 224 (3.64) 6 (6.19) 0.295 

PIH 268 (4.36) 1 (1.03) 0.130 

SGA 625 (10.19) 17 (17.53) 0.029 

FGR 346 (5.65) 16 (16.49) <0.001 

 

B) Comparison of processing success and failure subgroups for arcuate artery count 

Variable  
Processing successful 
Median (IQR) or N (%) 

Processing failed 
Median (IQR) or N (%) P 

N = 2560 N = 3686 

Age 32.98 (29.70–35.78) 33.20 (29.98–36.13) 0.080 

Height 165 (161–170) 166 (161–170) 0.187 

Weight 67 (60–77) 69 (61–80) <0.001 

BMI 24.39 (22.00–28.00) 25.00 (22.17–29.00) <0.001 

Nulliparity 1169 (45.66) 1962 (53.23) <0.001 

Smoking 69 (2.70) 117 (3.17) 0.308 

Ethnicity    

   Black 178 (6.95) 357 (9.69) 

<0.001 

   East Asian 50 (1.95) 64 (1.74) 

   South Asian 226 (8.83) 251 (6.81) 

   White 2008 (78.44) 2845 (77.18) 

   Mixed/other 98 (3.83) 169 (4.58) 

Gestational age at birth (days) 277 (273–283) 277 (272–284) 0.024 

PE 88 (3.44) 142 (3.85) 0.432 

PIH 119 (4.65) 150 (4.07) 0.294 

SGA 245 (9.63) 397 (10.77) 0.156 

FGR 136 (5.35) 226 (6.14) 0.208 
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C) Comparison of processing success and failure subgroups for radial artery count and radial artery width 

Variable  
Processing successful 
Median (IQR) or N (%) 

Processing failed 
Median (IQR) or N (%) P 

N = 2571 N = 3675 

Age 32.98 (29.69–35.78) 33.20 (29.99–36.12) 0.066 

Height 165 (161–170) 166 (161–170) 0.218 

Weight 67 (60–77) 69 (61–80) <0.001 

BMI 24.39 (22.00–28.00) 25.00 (22.15–29.00) <0.001 

Nulliparity 1175 (45.70) 1956 (53.22) <0.001 

Smoking 70 (2.72) 116 (3.16) 0.359 

Ethnicity    

   Black 180 (7.00) 355 (9.66) 

<0.001 

   East Asian 51 (1.98) 63 (1.71) 

   South Asian 225 (8.75) 252 (6.86) 

   White 2016 (78.41) 2837 (77.20) 

   Mixed/other 99 (3.85) 168 (4.57) 

Gestational age at birth (days) 277 (273–283) 277 (272–284) 0.017 

PE 90 (3.50) 140 (3.81) 0.571 

PIH 119 (4.63) 150 (4.08) 0.323 

SGA 248 (9.70) 394 (10.72) 0.208 

FGR 138 (5.40) 224 (6.10) 0.267 

 

D) Comparison of processing success and failure subgroups for functional spiral artery jet count 

Variable  
Processing successful 
Median (IQR) or N (%) 

Processing failed 
Median (IQR) or N (%) P 

N = 5555 N = 691 

Age 33.13 (29.84–35.97) 33.10 (30.13–36.20) 0.688 

Height 165 (161–170) 166 (162–170) 0.464 

Weight 68 (60–78) 70 (62–83) <0.001 

BMI 24.78 (22.00–28.28) 25.59 (22.60–30.34) <0.001 

Nulliparity 2791 (50.24) 340 (49.20) 0.635 

Smoking 164 (2.95) 22 (3.18) 0.827 

Ethnicity    

   Black 465 (8.37) 70 (10.13) 

0.619 

   East Asian 101 (1.82) 13 (1.88) 

   South Asian 424 (7.63) 53 (7.67) 

   White 4325 (77.86) 528 (76.41) 

   Mixed/other 240 (4.32) 27 (3.91) 

Gestational age at birth (days) 277 (272–284) 276 (272–283) 0.055 

PE 199 (3.58) 31 (4.49) 0.279 

PIH 242 (4.36) 27 (3.91) 0.653 

SGA 560 (10.11) 82 (11.87) 0.171 

FGR 311 (5.62) 51 (7.38) 0.075 
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E) Comparison of processing success and failure subgroups for functional spiral artery dispersion index  

Variable  
Processing successful 
Median (IQR) or N (%) 

Processing failed 
Median (IQR) or N (%) P 

N = 2300 N = 3946 

Age 33.03 (29.64–35.76) 33.17 (30.00–36.13) 0.066 

Height 165 (161–170) 166 (161–170) 0.704 

Weight 67 (59–77) 69 (61–80) <0.001 

BMI 24.20 (21.98–28.00) 25.00 (22.23–29.00) <0.001 

Nulliparity 1053 (45.78) 2078 (52.66) <0.001 

Smoking 64 (2.78) 122 (3.09) 0.538 

Ethnicity    

   Black 154 (6.70) 381 (9.66) 

<0.001 

   East Asian 47 (2.04) 67 (1.70) 

   South Asian 197 (8.57) 280 (7.10) 

   White 1813 (78.83) 3040 (77.04) 

   Mixed/other 89 (3.87) 178 (4.51) 

Gestational age at birth (days) 277 (273–283) 277 (272–284) 0.051 

PE 82 (3.57) 148 (3.75) 0.762 

PIH 107 (4.65) 162 (4.11) 0.334 

SGA 224 (9.80) 418 (10.59) 0.345 

FGR 127 (5.56) 235 (5.96) 0.550 

 


