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Abstract
Eric Ochieng Ohuma | Green Templeton College | DPhil in Obstetrics
& Gynaecology | Trinity Term 2016

Human growth begins at conception and continues into adult life. Growth is usually
classified as normal or abnormal using the expected attained size at a given age.
The statistical analysis of growth data has been of interest to many academics
from a wide range of disciplines over the last century. The study of fetal and
neonatal growth is complex, and the many remaining clinical questions require
complex statistical methodology. In this thesis, I have focused on growth in the
prenatal period, namely fetal and newborn growth.

The thesis highlights the potential pitfalls in methodology, statistical methods,
and reporting of studies aimed at creating fetal charts. I propose a checklist for
evaluating the methodological quality of studies that provides a rough guide of
the minimum information that should be reported in these studies. This checklist
is not intended to commend or discard studies, but rather to act as a consensus
guideline to improve consistency and as a guide for evaluating similar studies
for future research in human growth studies. The thesis assesses approaches for
developing charts of attained size at a given age and the velocity gain (rate or
speed of growth) of a fetus. It aims to address some of the statistical issues that
relate to fetal and neonatal growth studies.

The thesis also focuses on fetal velocity. This work is novel as there are currently no
fetal velocity standards in existence. The methodologies discussed have previously
been applied to child growth data, but not to fetal data, to the best of my
knowledge. In this thesis, I construct the first fetal growth velocity standards.
Such standards were not yet available largely due to lack of appropriate, good
quality longitudinal fetal data.

All of the work and research carried out as part of the thesis was embedded within
the International Fetal and Newborn Growth Consortium for the 21st Century
(INTERGROWTH-21st Project). The primary aims of the INTERGROWTH-
21st project were to produce international growth standards for practical clinical
applications and to monitor trends in populations using three sets of data describing
fetal growth (n=4,321 women), postnatal growth of preterm infants (n=201 preterm
infants), and newborn size (weight, length, and head circumference) for gestational
age (n=20,486 newborns). The design and conduct of these studies are detailed
elsewhere and have already resulted in numerous publications, including four papers
published in The Lancet. I was the responsible statistician for these publications
and undertook all of the statistical analyses.
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1
General Introduction

The study of human growth is complex as it begins at conception and continues

into adult life. It is important to monitor and understand the process of human

growth. In general, the purpose of growth monitoring in general is to detect poor

nutrition (which is an indicator of the general health or nutrition of an individual

or population) and growth disorders, such as growth hormone deficiency, and their

possible consequences [1]. A growth reference chart can be used to monitor a fetus’s

growth to identify if it is at increased risk of intrauterine growth restriction [2].

This risk identification is not simple as it requires an in-depth understanding of the

factors that can affect or distort a fetus’s growth trajectory [3, 4, 5]. Anthropometric

data, sometimes coupled with clinical data, are essential for identifying potential

risk factors affecting normal growth [6].

Anthropometric assessment of fetal size is of interest in many disciplines, such

as statistics, medicine, nutrition, education, and anthropology. The link between

health and disease status in future adult life was first demonstrated by Barker and

his colleagues [7, 8, 9] and led to the fetal origins hypothesis (often called Barker’s

1



hypothesis) [10]. Barker’s hypothesis emerged from epidemiological studies of birth

and death records that revealed a high geographical correlation between rates of

infant mortality and certain classes of later adult deaths, as well as an association

between birthweight and rates of adult death from ischemic heart disease [7]. These

observations led to the theory that undernutrition during the prenatal period was

an important early origin of adult cardiac and metabolic disorders. This link was

attributed to fetal programming that permanently shaped the body’s structure,

function, and metabolism, and contributed to adult disease. This theory stimulated

interest in the fetal origins of adult disorders and generated a new field of research

that led to the formation of an international society for the Developmental Origins

of Health and Disease (DOHaD) (https://dohadsoc.org/).

In this thesis, I focus on growth in the prenatal period, which refers to the period

between conception and birth. Fetal growth is influenced by many factors, many of

them maternal, such as weight, height, weight gain during pregnancy, smoking, and

age. Factors such as poor environmental conditions and the nutritional status of

the mother can result in impaired fetal growth and preterm birth [6], which are the

leading causes of neonatal and infant mortality worldwide [11, 12]. Recognition

of pathological growth is dependent on the existence of reliable reference charts.

A reference chart enables a fetus to be compared to the general population at a

particular time. Inferences made from these comparisons are dependent on how

accurately the sample population represents the general population. The distribution

of a growth reference is usually summarised by selected centiles that, in the case

of fetal dimensions, are symmetric about the median (50th centile). The extreme

centiles, such as the 3rd and 97th centiles, are subject to greater sampling error than

the more central centiles, but are also the target for identifying those most at risk.

Monitoring growth from conception poses many statistical challenges. For example,

pregnancy is difficult to accurately date and fetal dimensions are subject to measure-
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ment error and biological variation. Other issues include missing data, correlated

repeat measurements, and the correct interpretation of the attained fetal size.

Reference charts are globally the most widely used growth charts, yet little work has

been done to improve the methodology used to develop them. Many reference charts

are currently available and in use. Wide variations exist between their centile values.

These differences are largely attributable to methodological heterogeneity rather

than racial [13], gender [14], or other biologic and demographic determinants [15],

as the charts are based on different populations with great differences in sample

selection, methodology, and statistical modelling methods [16, 17]. The use of a

suboptimal methodology to produce a fetal size curve is likely to affect its ability

to discriminate between healthy and compromised fetuses. These charts directly

affect the identification of at-risk fetuses and newborns in need of treatment and

nutritional strategies, so must be as accurate as possible.

The World Health Organization (WHO) Multicentre Growth Reference Study

(MGRS) developed a set of child growth standards from birth to five years old that

can be applied to different populations [18]. The International Fetal and Newborn

Growth Consortium for the 21st Century (INTERGROWTH-21st) Project used a

similar approach to construct standards to be used from the prenatal period to birth.

This thesis focuses on addressing statistical issues that relate to fetal and neonatal

growth globally. The content is embedded within the INTERGROWTH-21st Project,

which is a large-scale, population-based, multi-centre project involving health

institutions from eight geographically diverse countries (Brazil, China, India, Oman,

Kenya, UK, USA, and Italy). The project aims were to assess fetal, newborn, and

preterm growth under optimal conditions, using a similar approach to the MGRS

[19]. This approach selects women regarded to be "healthy", educated, affluent, and

living in areas with minimal environmental constraints on growth [20].

The INTERGROWTH-21st Project (http://www.intergrowth21.org.uk/) has three
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major components, which were designed to create: (a) longitudinally derived,

prescriptive, international fetal growth standards using both clinical and ultrasound

measures, called the Fetal Growth Longitudinal Study (FGLS); (b) preterm,

postnatal growth standards for those infants born ≥26+0 but <37+0 weeks of

gestation in the longitudinal cohort; and (c) newborn size standards for birthweight,

birth length (BL), and birth head circumference (BHC) according to gestational age

(GA) constructed from all of the newborns delivered at the eight study sites over

a period of approximately 12 months, this study was referred to as the Newborn

Cross-Sectional Study (NCSS) [20]. To ensure that the ultrasound measurements

were accurate and reproducible, the study centres used uniform methods, identical

ultrasound equipment, a standardised methodology for taking fetal measurements,

and employed locally accredited ultra-sonographers who underwent standardisation

training and monitoring. All of the included women had a reliable estimate of

GA confirmed by ultrasound measurement of the fetal crown-rump length (CRL)

in the first trimester [21].

The design and conduct of these three components of the INTERGROWTH-21st

Project studies have been detailed elsewhere [12, 20, 22, 23]. The FGLS and NCSS

components have already resulted in numerous publications, including three papers

published in The Lancet for which I was the responsible statistician and undertook

all of the statistical analyses [12, 24, 25, 26].

The INTERGROWTH-21st team conducted systematic reviews to: (a) identify all

published studies that aimed to construct charts to predict GA from CRL, charts of

fetal biometry, and newborn size charts; (b) rank all of the studies included in the

reviews according to a set of predefined methodological quality criteria; (c) evaluate

how well these predefined methodological criteria discriminated between studies

based on the ranking; and (d) propose a checklist of predefined methodological

criteria for future studies of human growth. This chapter gives a brief overview
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of the thesis, then summarises the findings from the three systematic reviews on

charts for pregnancy dating, fetal biometry, and neonatal size [27, 28, 16]. I was

one of the three team members that developed the original checklist to be used

for the pregnancy dating review and this checklist was further modified slightly

for the remaining two reviews (review of fetal size and neonatal size charts) as

necessary. I contributed in all aspects of the three reviews by reading all the papers

included in the review, extracted and scored all the statistical method sections of

the papers and did all the analyses for the three reviews.

1.1 Thesis overview

The focus of this thesis is fetal growth in the prenatal period and newborn growth.

Chapter 1 gives a general introduction that is relevant to the study of human

growth studies. I summarise the findings and discuss some of the results from three

systematic reviews of reference charts for pregnancy dating and fetal and newborn

size conducted prior to the INTERGROWTH-21st Project. The main purpose of

conducting the reviews was to evaluate the charts currently in clinical use and assess

their methodological quality so that their general applicability could be judged.

The gaps identified in the literature for studies constructing such charts, especially

statistical methodology and reporting gaps, were informative for ensuring that the

INTERGROWTH-21st Project avoided similar problems.

The results of the three systematic reviews revealed great heterogeneity in the

existing literature, especially regarding statistical methodology and reporting. These

results, informed the work presented in Chapter 2, on the design and methodological

issues that must be considered when constructing human fetal and neonatal size

and growth charts. The aim of this work was to promote understanding and result

in improvements in the overall conduct of such studies in the future.

Chapter 3 evaluates methods for assessing whether the fetal and newborn data from
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the eight INTERGROWTH-21st Project sites were similar enough to be combined

to construct international growth charts.

In Chapters 4 and 5, I review some of the statistical methodology and analytical

approaches for cross-sectional and longitudinal studies. Using the INTERGROWTH-

21st Project data for demonstration purposes, I apply these analysis methods and

discuss other statistical considerations when analysing these types of data. The

methods in these chapters were used to develop the new international standards for

fetal size [24] and newborn size [25] published by the INTERGROWTH-21st Project.

Chapter 6 discusses and evaluates an uncommon feature of data truncation en-

countered while modelling CRL as a function of GA to develop an equation for

pregnancy dating.

Chapter 7 moves from the concept of attained size charts to growth velocity charts.

I discuss two different methodologies for constructing fetal growth velocity charts

i.e. velocity increments and velocity gain approaches. This chapter also discusses

regression to the mean and how to account for it in relation to growth velocity.

In Chapter 8, I provide general concluding remarks on the issues discussed within

the scope of the thesis, indicate the strengths and limitations of the work discussed,

and discuss areas for future work.

1.2 Methodology used to conduct the systematic

reviews

The three systematic reviews of published reference charts were conducted and

reported using the checklist proposed by the Meta-analysis Of Observational Studies

in Epidemiology (MOOSE) group [29]. All of the major electronic databases,

MEDLINE, PUBMED, EMBASE, CINAHL, and secondary reference sources were

systematically searched.
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Once the search strategies had been developed, two reviewers screened the titles

and abstracts of all identified citations. For all three reviews, eligible studies

were those that developed a new equation, rather than just compared existing

equations. The full-text versions of eligible studies were independently assessed

by the same reviewers. The reference lists of the retrieved full-text articles were

examined for additional, relevant citations.

A list of criteria for assessing the methodological quality of studies that develop

reference charts was developed before the systematic reviews were conducted. The

criteria were discussed and agreed between three researchers, independently of the

researchers who performed the data abstraction. The agreed methodological quality

criteria were similar for the three reviews, with a few modifications applied to each

review as appropriate. The list of the criteria used is provided in Appendix A for

pregnancy dating charts, Appendix B for fetal biometry charts, and Appendix C

for newborn reference charts. The criteria were divided into three main domains:

study design, statistical methods, and reporting methods.

All of the included studies were assessed against each agreed criterion and assigned

a binary score of 0 or 1, corresponding to a high or low risk of bias classification,

respectively. If there was insufficient information available to make a judgment

about some items, then they were scored as ‘not evaluable’. Disagreements were

resolved either by consensus or consultation with a third reviewer. The overall

quality score was defined as the sum of low risk of bias marks over the total number

of criteria for each review. All non-evaluable items were neither awarded a score

of zero or one and were therefore not counted in the computation of the overall

percentage quality score for the respective studies. Domain-specific scores for the

three domains were also computed. Medians (interquartile range [IQR] and range)

were calculated as the summary measure of the distribution of scores.
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1.3 Review of pregnancy dating reference charts

The first systematic review concerned pregnancy dating reference charts. A reliable

estimate of GA is essential as it allows appropriate scheduling of a woman’s antenatal

care, informs obstetric management decisions, allows the expected delivery date to

be estimated, and facilitates the correct interpretation of any fetal size assessment

[28]. Abnormal fetal growth patterns such as growth restriction or macrosomia may

be missed or incorrectly diagnosed if the GA is unknown or incorrect.

Traditionally, the GA of a fetus is calculated from the first day of the last menstrual

period (LMP). This is about two weeks before ovulation on average, but can vary

by up to six days in either direction. Therefore 40 weeks is the most frequent

GA at birth, but in fact represents a true fetal age of 38 weeks [30]. Gestational

lengths from 37 to 42 weeks are regarded as term, whereas babies born earlier

than 37 weeks are considered to be preterm.

The use of LMP alone for pregnancy dating should be interpreted with caution

as up to 50% of women are uncertain of their dates, have an irregular cycle, have

recently stopped using the oral contraceptive pill, are lactating, or did not have

a normal LMP [31]. The LMP method has been shown to be unreliable, even

in women with a known menstrual history [32, 33].

Pregnancy dating by measuring the fetal CRL using an ultrasound scan is widely

accepted as the most reliable method for dating pregnancy between 9+0 to 13+6 weeks

gestation, or the first trimester [34]. First trimester scans are also recommended

for confirming viability and determining the number of fetuses [35, 36]. More

correct ultrasound dating in the first trimester may improve first trimester screening

for chromosomal abnormalities [37] and improve classification of fetuses as either

preterm, term, or post-term [38, 39]. Dating a pregnancy in the first trimester

rather than the second trimester reduces the number of unnecessary inductions of

8



labour by improving the accuracy of the predicted pregnancy outcome [40, 41, 42].

Robinson et al. reported the first equation developed for pregnancy dating based on

CRL in 1975 [43]. Since then, several equations have been reported and numerous

validation studies have been published. Many dating charts are thus now in use

[27]. These charts have been developed using different populations, population

recruitment strategies, and statistical methodologies, among other variations. The

lack of consensus over which of these formulas should be used makes harmonising

clinical practice difficult. The lack of accurate GA estimates means that preterm

birth and small-for-GA rates are often inaccurate, particularly in geographical

regions at greatest risk of these conditions [44, 45].

The systematic review of pregnancy dating charts identified 29 studies from 14

countries that aimed to construct charts to predict GA from CRL [27]. The studies

were scored, using a set of 29 criteria, as having a low or high risk of bias based

on the study design (12 items) and statistical (6 items) and reporting (11 items)

methods used. This produced a wide range of scores, showing that the quality of

the studies was variable (median = 15, range = 5-21): 9 studies scored >15/29 and

6 studies scored <12/29. As the charts were developed using different populations

and different methodologies, it is unsurprisingly that their estimated GAs at any

given CRL varied widely [27]. The studies’ inclusion criteria, exclusion criteria,

and maternal demographic characteristics generated the highest potential for bias.

None of the studies had a systematic method for checking the quality of their

ultrasound measurements (Figure 1.1). The four studies with the highest scores

(lowest risk of bias) satisfied 18 or more of the 29 checked criteria. They also had

less variation between their GA estimates than the variation between the remaining

lower-scoring studies [36, 46, 43, 47] (Figure 1.2).
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Figure 1.1: Aggregated methodological assessment of reporting quality of the studies
included in the systematic review of pregnancy dating charts expressed as a percentage
of the studies with a low risk of bias for each (A) study design and (B) reporting and
statistical method criterion.
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Figure 1.2: Gestational age charts from 24 of the 29 included studies. The four studies
with the highest methodological quality scores are shown in blue [43, 46, 47, 36] and
the remaining 20 are shown in grey. For three of the studies, [32, 48, 49], the chart was
based on data from tables in the study publication. Data are not shown for five of the
included studies. Two of these studies [50, 51] did not provide an equation or table. The
figures in the study publications of the remaining three studies, [52, 53, 54] could not be
reproduced from the equations given and no tables were provided.

1.4 Review of fetal biometry reference size charts

The second systematic review investigated fetal biometry reference size charts.

Screening for disturbances in fetal growth is one of the main purposes of antenatal

care. As biomarkers of fetal growth restriction have little clinical utility at present,

[55] screening relies on routine measurement of uterine fundal height, complemented

by ultrasound measurement of fetal size in women with a relevant history, pregnancy

complications, or clinical evidence of fetal growth restriction. Prenatal evaluation of

fetal size was made possible in the 1960’s by the introduction of combined A and B-

mode ultrasonography in obstetrics [56]. Second and third trimester fetal biometry
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with real-time 2D ultrasound is now common practice in developed countries and is

one of the most common medical investigations undertaken. However, a Cochrane

review of routine ultrasonography in low-risk pregnancies has not demonstrated

any benefit in perinatal outcomes [57].

Intrauterine growth restriction remains a leading cause of perinatal loss, accounting

for at least one fifth of stillbirths in the UK; failure to diagnose and lack of

treatment are the most likely explanations. Fetal size reference charts are used to

assess prenatal size. Despite the widespread use of ultrasound, concerns have been

expressed about the low detection rates of abnormal fetal growth in routine practice

[57, 58], even when ultrasound is used mostly in high-risk subpopulations. However,

these observations should be interpreted with caution given the large number of

locally derived reference charts available, the wide variation in the methodologies

used to create such charts [28], and the lack of suitable international standards like

those for monitoring child growth [18]. Large variations are also seen in the cut-off

points (e.g., 3rd, 5th, or 10th centiles) commonly used for determining or making

decisions whether fetal growth is abnormal, even within the same population

or region. The use of such a variety of charts and cut-off points [28, 27] in

clinical decision-making about fetal growth patterns inevitably leads to diagnostic

confusion, difficulties comparing outcomes across populations, and unnecessary

anxiety for mothers and their families.

The systematic review of the methodology used in ultrasound studies that aimed to

create charts of fetal size identified 83 studies from 32 countries [28]. The studies

were scored, using a set of 25 criteria, as having a low or high risk of bias based on

the study design (10 items), statistical methods (7 items), and reporting methods

(8 items) used. The frequency of low bias scores in each of the three groups of

methodological criteria are presented in Figures 1.3, 1.4, and 1.5. Again, the highest

potential for bias was noted in the inclusion and exclusion criteria, the ultrasound

12



quality control measures, and the sample size calculation. Only six of the studies

reported their sample size calculations [28]. Pregnancy dating by LMP was the

most popular method, 44%, followed by LMP confirmed with a non-CRL ultrasound,

26%, LMP confirmed with CRL, 9%, and ultrasound alone, 9%. Five studies did

not state which method was used for dating and another five used other methods.
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Figure 1.4: Aggregated methodological assessment of reporting quality of the studies
included in the systematic review of fetal biometry reference charts expressed as a
percentage of the studies with a low or high risk of bias for each reporting criterion.
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Figure 1.5: Aggregated methodological assessment of reporting quality of the included
studies: Reporting methods (percentage of studies with a low or high risk of bias)

Of the 83 studies included in the review, 48%, had ultrasound examinations

performed by multiple sonographers, whereas, 22%, of the studies used a single

sonographer. Ultrasound quality control measures were reported very rarely,

as shown in Figure 1.6. None of the studies reported the use of an image

scoring method for quality assurance and only 5% of the studies standardised the

participating sonographers in some way. Only 5% of the studies reported blinding

their sonographers to the actual measurement recorded during the examination.

Study results were reported in the form of tables, equations, or charts, as demon-

strated in Figure ??. Although tables of median values (82%) and percentile ranges

(78%) were common, only half of these tables contained mathematically predicted

values following analysis. The remainder presented raw centiles. The mean or

median was expressed mathematically with an equation in 60% of the studies. The

standard deviation (SD) was mathematically expressed in 39% of the studies, either

as a fixed number or as a function of gestation. Printed charts of the median and

centile curves were seen in most of the publications.
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Figure 1.6: Ultrasound quality assurance measures used in the studies included in the
fetal biometry reference charts systematic review

Figure 1.7: Use of presentation methods in the studies included in the fetal biometry
reference charts systematic review

1.5 Review of newborn size reference charts

The third systematic review investigated newborn reference size charts. In 1963,

Lubchenco et al. [59] used data on birthweight according to GA of infants born in a

hospital in Colorado, USA to construct percentile charts for estimating intrauterine

growth. They pointed out the importance of fetal growth and its relationship

to both the immediate well-being and long-term outcome of the newborn. In a

major step in our understanding of the relationship between neonatal size and birth

outcomes, Battaglia and Lubchenco [60] related these percentile charts to the risk

of neonatal mortality in 1967. Since then, many more charts have been published
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based on cross-sectional measures at birth. These charts are used to assess the

size of newborns and classify them as small, appropriate, or large for their GA.

Classification is done using cut-off points derived from the reference charts.

Studies that generate newborn size reference charts use a wide range of study

populations, methods for estimating GA, methods for obtaining anthropometric

measurements, and methodological and statistical strategies [17, 61]. New charts

continue to emerge [62] with continued controversies [63]. To the best of my

knowledge, these studies had not been critically appraised in a systematic manner.

In the third INTERGROWTH-21st systematic review, the methodological quality

of studies that aimed to create neonatal anthropometric charts was reviewed to

determine the features of these charts that can affect clinical decision-making

and international comparisons.

One hundred and five studies were identified [16]. The studies were scored, using a

set of 29 criteria, as having a low or high risk of bias based on the study design (17

items), statistical methods (8 items), and reporting methods (4 items) used. The

majority (61%) of the studies were hospital-based, 39 (37%) were population-based,

and the source of the data was unclear in the remaining 3 (3%) studies. The

distribution of the included studies by region was 31% from Europe, 24% from

Asia, 20% from North America, 14% from Latin America and the Caribbean, 7%

from Africa, and 4% from Oceania. Most (95%) of the studies reported birthweight

for GA, but neonatal length and head circumference (HC) were only reported in

40% and 37% of the studies, respectively. The minimum GA considered in the

charts was 20–23 weeks in 30% of the studies, 24–27 weeks in 34% of the studies,

and 28 weeks or higher in 36% of the studies.

Only 20 of the 105 studies (19%) had a total quality score above 50%, with only

one above 75% [64]. Birthweight according to GA was compared between the

six studies with the highest quality scores. For example, the largest difference
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between these six charts at the 10th centile was 343 g for girls and 352 g for

boys at 35 weeks of gestation.

The medians (IQR, range) of the total quality scores for each of the three domains

are summarised in Figure 1.8. The median quality score for study design was 30%

(IQR 17.6, range 5.9%-76.5%), for statistical methods was 51% (IQR 25, range

0.0%-87.5%), and for results reporting was 52% (IQR 25, range 0%-100%). The

three scores were summed to give a total quality score. The median total quality

score for the 105 included studies was 39% (IQR 17.2, range 17.2%-79.3%). The

Figure 1.8: Median (interquartile range; range) of the quality score for each set of
criteria studied: study design, statistical methods, reporting of results, and total quality
score.
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strategy used to estimate a reliable GA was reported in <30% of the studies. Only

21% of the studies used both LMP and ultrasound assessment to determine GA

and only 27% of the studies excluded newborns with an unreliable GA.

The anthropometric measures (the main outcome measure) had severe method-

ological problems. The use of standardised instruments and the time at which the

measures were taken after birth were described in <40% of the studies. Measurement

techniques, protocols, and operator training were reported in only 17% of the

studies. The use of at least two operators for performing measurements, equipment

calibration, and operator standardisation were reported in <10% of studies. However,

most of the studies reported the definition of their target population and the

number of neonates at each GA.

Two-thirds of the studies used what are regarded as appropriate statistical models

to create their reference charts. Smoothed centiles and separate charts for boys and

girls were reported in about 80% of the studies. Seventy-one percent of the studies

clearly stated whether GA was expressed as completed weeks, to the nearest week,

or weeks and days. Seventy-six percent of the studies reported at least the 10th,

50th, and 90th centiles, or parameters allowing their computation. However, only

18% of the studies presented the charts with z-scores or in a format that allowed

these scores to be computed. The most common shortcomings were observed in

items related to anthropometric evaluation, GA estimation, follow-up duration, the

reporting of postnatal care and morbidities, the assessment of outliers, covariates,

and chart presentation [16].

1.6 Discussion

The results of the three systematic reviews highlight the great variability in the

many reference charts currently in use for dating pregnancy and comparing fetus

and newborn size to the general population to identify those at risk. It has been
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assumed that much of this variability is due to differences in populations in different

geographical areas. However, the three systematic reviews summarised in this

chapter demonstrated considerable heterogeneity in the design of the studies that

create these charts. Consensus in methodology is essential to appraise population

differences in fetal measurements.

Accurate GA estimation is a fundamental prerequisite for creating fetal and newborn

size charts. There is robust evidence that ultrasound alone or corroborated with

LMP to determine GA is more reliable than LMP alone [65]. It has also been

argued that ultrasonography alone may be marginally superior to LMP confirmed by

ultrasound [66], although such differences are small. Regardless of the combination

of methods used, the fetal measurement used for dating pregnancy and the GA

window during which it is applied should be clearly specified.

The issue of how best to select samples in research studies that aim to create reference

equations of fetal size, especially those involving second and third trimester biometry

remain unresolved. Some authors have proposed using as unselected as possible a

sample to best represent the underlying population [67]. However, a number of

pathological conditions (environmental, medical, or obstetric) may be prevalent in

such a sample, which is likely to affect the reference equations derived. Pathological

processes such as smoking [68], hypertension and pre-eclampsia [69], maternal

disease, abnormal karyotype and congenital anomalies [70], preterm delivery [71],

and stillbirth [72] are well known to affect fetal size later in pregnancy. There

is also now evidence to suggest that early fetal growth restriction can be evident

as early as the first trimester [73].

It is reasonable to choose a reference equation for use in a clinical service from a

publication with the lowest risk of methodological bias. The INTERGROWTH-

21st systematic review of pregnancy dating only identified 4 studies that satisfied

more than 18 of the 29 defined quality criteria. Figure 1.2 shows that using
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any of these four charts leads to very small differences in GA estimation, when

compared with the remaining charts.

The availability of multiple references, mostly of poor quality, to evaluate a simple

but clinically important measure, namely size at birth, is unusual in medicine. This

underlying conceptual issue is the result of the widely held belief that fetal or

newborn growth differs across regions, ethnic groups, and socioeconomic levels, so

requires population-specific charts for its evaluation. Fetuses and newborns are

currently judged depending on the region or even health institution where they are

evaluated, rather than on their clinical needs. Comparisons across populations are

almost impossible as cut-off points differ between studies. This concept has been

challenged by evidence demonstrating similarity in the genetic make-up of different

non-isolated populations worldwide [74, 75, 76] and by recent comparisons between

populations of early and late fetal [12], infant, and child growth [19].

The three systematic reviews were based on a similar approach and criteria for

evaluating methodological quality. The reviews revealed that the centile values

of charts designed in different studies differ a great deal from one another. The

charts were based on different populations and were created with different sample

selection, methodology, and statistical modelling methods [16, 17]. Anthropometric

measures for such studies should be evaluated using standardised instruments,

measurement protocols, and trained and standardised staff [77]. However, most

of the studies in the three reviews did not score well on these items. Many of

the studies obtained routinely collected measurements without using calibrated

equipment or simply collected data from medical records or birth certificates. Some

of the studies included in the reviews may have simply failed to report on some

of the aspects and items used in the review to evaluate and judge methodological

quality. Therefore, these results should be interpreted with caution. Some of the

items considered in the checklist are more important than others. For example,
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failure to provide a statement about sample size considerations that were undertaken

when designing a study may not necessarily lead to bias, whereas sample selection

is crucial and is highly likely to result in bias if not considered carefully.

How a study is reported and presented is a key element when evaluating its quality

and the robustness of its findings. The inclusion of the quality criterion of reporting

the number of fetuses or neonates at each GA indicates the sample size distribution

across GA’s and the quality of the data collected. An adequate sample size at each

GA is essential for precise estimates, especially at extreme centiles where variability

is greatest, such as the 3rd and 97th centiles. The application of these reference

charts, which are already in clinical use, directly affects the identification of at-risk

fetuses and newborns in possible need of treatment and nutritional strategies.

The criteria used to measure methodological quality in the three systematic reviews

form a methodological quality assessment checklist. This checklist is not intended

to commend or discard studies. It should be used as a consensus guideline to

improve consistency in reporting, help design new studies, and as a guide for

evaluating similar studies for future research in early pregnancy biometry and

human growth studies. This framework provides a sensible way to compare the

methodological rigour of studies and an objective, quantitative assessment of study

methodology. It can be used to improve consistency in fetal growth research and

highlight limitations that should be avoided in future research.
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2
Design and methodological considerations

for the construction of human fetal and

neonatal size and growth charts

2.1 Introduction

A size or growth chart is a plot of a series of centile curves that illustrate the

distribution of a selected body measurement in relation to age. Such charts allow an

individual to be placed in the context of like individuals. Charts of measurements

are useful for assessing humans at all stages: fetuses, neonates, children, and adults.

This thesis focuses on fetal growth up to birth. Fetal growth charts are primarily

used to compare the size of a fetus with reference data when GA is known at a

specified time [24], to estimate GA from fetal size (CRL, biparietal diameter (BPD),

and HC are commonly used) [43, 21, 78], and to assess a fetus’s rate of growth

between two time points (velocity charts) [79, 80].
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The most famous record of human growth is of the height of one boy, measured nearly

every 6 months from birth to 18 years. It was made during the years 1759–1777

by Count Philibert Gueneau de Montbeillard using his son and later published by

Buffon in a supplement to the Histoire Naturelle [30]. Francis Galton (1822-1911)

was the first to demonstrate that the Laplace-Gauss distribution, or the ‘normal

distribution’, could be applied to human growth, for example, growth in height from

birth to adulthood [81]. From this finding, he coined the use of percentile scores

for comparing measurements with the normal distribution [82]. A first application

of this approach was in growth in height, which is normally distributed from birth

to adulthood. Henry Pickering Bowditch (1840-1911) was the first to apply this

concept by constructing percentile charts for growth in height and weight of Boston

children. He described the method as ‘Galton’s percentile grades’ [83].

Growth charts are intended to aid in making clinical judgements. They are used

as a screening tool in the identification or classification of newborn size as small,

appropriate or large for a specified GA at birth, based on cut-off points on a specified

reference chart [60, 59]. Many research applications use charts to describe the

average pattern. However, reference charts are used to identify subjects whose

measurements fall in extreme centiles (for example below the 3rd, 5rd, or 10rd

centiles or above the 90th, 95th, or 97th centiles), as they are the basis on which

most clinical decisions are made. These extreme centiles are likely to be indicative

of growth restriction or other clinical complications affecting growth. Most studies

developing reference growth centiles are based on cross-sectional data collected at

one time point during pregnancy. A limiting aspect of using cross-sectional data

is that growth trajectories are not monitored over time.

In most fields of medicine that require the identification of what is regarded as

‘normal’, internationally accepted classifications, cut-offs, or standards are applied.

These global cut-offs are chosen as a result of evidence of adverse outcomes in

24



relation to the target measurement, such as in the definition of hypertension,

anaemia, and diabetes. However, no such standard values apply to reference charts,

as illustrated by the INTERGROWTH-21st systematic reviews of published charts

of fetal biometry, pregnancy dating, and neonatal size [16, 28, 27, 84]. There is

certainly no explicit link between cut-offs and the risk of bad outcomes, perhaps

because physical size varies greatly across populations and such outcomes are rare.

The systematic reviews revealed wide variations between the centile values reported

by the included studies. These variations were a result of considerable methodological

heterogeneity: the charts were based on different populations and created with

different sample selection, methodology, and statistical modelling methods [16, 17].

For example, the INTERGROWTH-21st review of pregnancy dating charts identified

29 studies with the main aim of constructing charts to predict GA from CRL

[27]. The studies’ inclusion criteria, exclusion criteria, and maternal demographic

characteristics generated the highest potential for bias. None of the studies had

a systematic method for checking the quality of their ultrasound measurements.

The four studies with the lowest risk of bias had the smallest variations in their

GA estimations. This result was particularly evident when comparing extreme

centiles such as the 3rd, 5th, 95th, and 97th centile distributions for estimated GA

values, which are usually the focus for clinical decisions [27].

The INTERGROWTH-21st review of the methodology used in ultrasound studies

aiming to create charts of fetal size identified 83 studies. Again, the highest potential

for bias was found in the inclusion and exclusion criteria, ultrasound quality control

measures, and sample size calculations. Only six of the studies indicated their sample

size calculations [28]. INTERGROWTH-21st review of newborn charts included

105 studies. Shortcomings were most often observed in items on anthropometric

evaluation, GA estimation, follow-up duration, the reporting of postnatal care and

morbidities, the assessment of outliers, covariates, and chart presentation [16].
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Many of these charts are in clinical use today and directly affect the identification

of at-risk newborns that require treatment and nutritional strategies.

Reference charts are globally perhaps the most widely used charts, yet few method-

ologists and statisticians are working to improve the methodology in this area. The

shortcomings of existing studies, as revealed by the results of the INTERGROWTH-

21st systematic reviews, are the motivation for discussing key issues in study design

that underpin how to plan a quality study. I draw heavily on our experiences from

the INTERGROWTH-21st Project, a multicentre, multi-ethnic, population-based

study conducted in eight geographic areas in Brazil, China, India, Italy, Kenya,

Oman, the UK, and the USA [11]. The primary aims of the project were to produce

international standards for pregnancy dating [21], fetal growth [24], and newborn

size for GA [25], and to follow the postnatal growth of preterm infants [26].

The key methodological considerations for the good design of growth studies include,

but are not limited to, the use of an appropriate study design that provides a robust

answer to the intended question (for example, choosing between a longitudinal or

cross-sectional design), distinguishing between size and growth, inclusion criteria,

sample size, how pregnancy is dated, measurement procedures (for example, whether

or not to take replicate measurements), quality control, and whether and how data

from multiple geographical sites is combined if multiple recruitment centres are

used. Each of these issues will be discussed in the following chapters. First I will

clarify the important distinction between charts constructed using the descriptive

and prescriptive approaches.

2.1.1 Descriptive versus prescriptive approaches

Growth charts are constructed using either a descriptive or prescriptive approach. A

descriptive approach results in the construction of what is commonly referred to as

reference centiles or reference charts whereas a prescriptive approach is used to
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construct standard centiles or standard charts. The term prescriptive approach

is used in the scientific literature to describe the process of producing biological

norms or a desirable target to be achieved or aspired to at individual and population

levels. Prescriptive standards show how growth should be independent of time and

place [17]. For human growth, they are usually based on selected populations

considered to be of optimal health, for example with adequate nutritional status and

at low risk of abnormal growth. In contrast, the descriptive approach is commonly

used to produce a reference chart that describes the anthropometry of a given

population at a particular time and place, such as a hospital, region, or country.

Descriptive reference charts are usually based on an unselected group of women

with minimal exclusion criteria on risk factors for optimal health. Although they

are used more widely, descriptive charts are only relevant to the source population.

Different populations will differ in many aspects, such as rates of smoking during

pregnancy, malaria, gestational diabetes, which can all affect optimal growth. In

principle, following the descriptive approach requires separate reference charts

for each population of interest.

The INTERGROWTH-21st review of 105 studies aimed at creating newborn size

reference charts revealed that authors only stated whether their aim was to construct

a prescriptive standard or a descriptive reference in half of the papers included in the

review. This is problematic because the two chart types have different sensitivities

and specificities for detecting growth disturbances. However, even when the studies

did state that their aim was to create a standard, half did not actually produce one

because their study population was incorrectly chosen. For example, two studies

that aimed to create prescriptive standards did not exclude pregnancies with risk

factors or conditions known to affect fetal growth or neonatal size [17, 85].

Studies that aim to develop standards use known risk factors for suboptimal

growth as exclusion criteria. For example, the INTERGROWTH-21st Project had
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several exclusion criteria related to obstetric history, gynaecological factors, socio-

demographic features (e.g., age, BMI, and smoking), clinical factors (e.g., blood

pressure and sexually transmitted infections), and current pregnancy (e.g., whether

the pregnancy was a singleton with accurate pregnancy dating) [11]. A further

consideration in developing a standard is an assessment of the data quality and the

representativeness of the study population. A prescriptive approach is necessary for

international relevance, as it results in charts that are independent of place and time.

Truely prescriptive charts are rare, perhaps because of the distinct differences

observed in different populations, leading to the popular belief in differences in

human growth in utero. Whilst these observable differences are generally due to

epigenetics, the little evidence available has shown that only small variations in

growth are explained by genetics [75]. Until recently, it was generally accepted

that observed differences in preterm, fetal and neonatal growth were largely due

to biological differences between different regions and ethnicities, resulting in a

need for population-specific charts. This concept has recently been challenged by

evidence demonstrating similarities in the genetic make-up of different non-isolated

populations worldwide [74, 76], and more specifically by recent comparisons finding

similarities in linear early and late fetal growth, newborn size at birth [12], and

linear child growth [19] in diverse populations. However, the concept of similarity

in growth is not new. In 1974, Habicht sought to understand the effect of ethnic

differences on achieving growth potential. He compared weight and height data

from preschool children of different ethnic backgrounds that were presumably well

nourished. He found relatively small differences of 3% for height and about 6%

in birthweight between preschool children of different ethnicities but comparable

socioeconomic status and nutrition. In contrast, larger differences of 12% in height

and 30% in weight were observed between these children and those, often of similar

ethnic and geographical backgrounds, who lived in poor urban and rural regions [86].
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There is no universal agreement on what constitutes optimal growth, or how it

should be monitored [17]. The WHO recommends that an international human

growth standard chart be based on longitudinal studies of selected populations with

a low prevalence of maternal and fetal complications, where fetal or anthropometric

measures are collected prospectively [77]. In 2006, the WHO adopted a prescriptive

approach in its MGRS to produce international child growth standards from birth

to 5 years [18]. These standards are now widely used in over 140 countries [87].

They were constructed using data from children born in six different regions of

the world, born to mothers considered to be ‘healthy’, and living in environments

believed to support what WHO researchers view as the optimal growth of children.

The children were fed according to accepted international nutritional standards

(including breast feeding), and their mothers were adequately nourished and avoided

known adverse factors such as tobacco exposure. The study demonstrated that

children born in different regions of the world can and should grow equally well.

It showed that sex and ethnic origin are minor determinants of growth compared

with adequate nutrition, environment, and health [18]. A similar approach was

used in the INTERGROWTH-21st Project for the development of preterm, fetal

and newborn standards [24, 25].

2.2 Study design

The study design is of fundamental importance for any research study. An

appropriate study design is dependent on the question or hypothesis that the

study should answer. For example, as ultrasound scans are expensive, having

multiple scans may not be cost-effective. The timing of these measurements is

therefore important. Establishing the optimal design based on the number of scans

and timing of the scans that maximises the amount of information that can be

deduced would be helpful for planning and conduct of fetal growth studies. The
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choice of an optimal design is a trade off between the amount of extra information

provided by each extra scan in relation to cost implications, time, and labour. The

establishment of an optimal design is an area that requires further research.

There are many design challenges for studies that aim to construct growth charts

from fetal and neonatal measurements. The INTERGROWTH-21st systematic

review of the methodology in observational studies of fetal size found that the ma-

jority of the included studies had a cross-sectional design rather than a longitudinal

design. In the review of fetal size charts, 50% of the studies were found to have

a high risk of bias based on the study design [28]. As an example, in the review,

a cross-sectional design was considered to be at low risk of bias if it was clearly

specified that only one examination per fetus was included in the analysis. Similarly,

a longitudinal design was considered to be at low risk of bias if ultrasound data

were analysed using a method that took into account their serial nature.

2.3 Cross-sectional, longitudinal, or mixed designs

The way measurements are collected should be informed by the question being

addressed. For example, size at a specific time (such as birth) can be obtained using

cross-sectional data, but velocity requires longitudinal data. Most studies that aim

to develop reference growth centiles are based on cross-sectional data collected at

one time point during pregnancy. A limiting aspect of using cross-sectional data

is that growth trajectories are not monitored over time.

Assessments of size over time are the most common type of analysis for fetal

measurements and can be done using either a cross-sectional or longitudinal

design. The nature of the data should inform the analysis methodology used.

Analysis of longitudinal data should address correlated measurements from the

same individual and, if relevant, the use of repeated measurements taken on a

single visit. For example, in the FGLS component of the INTERGROWTH-21st
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Project, ultrasound measurements of fetal size were taken in triplicate at each

visit to minimise measurement error. This longitudinal study collected data in a

three-level hierarchy: measurements within visits within participants. The data

analysis should therefore be tailored to the hierarchical structure of the data and

account for the correlations of the measurements within a subject and the variability

within and between individuals at a given site. A multi-level regression analysis

can deal appropriately with such data structures.

Multicentre studies can introduce additional complexities by using a mixed design,

in which some participants are studied longitudinally and others cross-sectionally.

A mixed design can be useful for studying growth intensively in periods of rapid

growth using a longitudinal design and studying growth less intensively in periods

of slow growth using a cross-sectional design. This may be an efficient, cost-effective

approach. A good example is the WHO-MGRS, which combined a longitudinal

study design from birth to 24 months with a cross-sectional study of children aged

18 to 71 months [88]. A mixed design is also likely to arise when routine data

collected from individuals requiring close monitoring who are seen more than once.

The use of routine clinical measurements is not recommended, however, because of

the high likelihood of inaccurate measurements and potential for bias compared

with data collected specifically for research purposes.

2.4 Size and growth

In principle, size relates to measurements at a specific time, whereas growth relates

to a change in size over time. In practice, the term growth is widely used for both

types of data and is thus sometimes used inappropriately [89, 90, 91]. Centile

charts showing fetal size at different GA depict the average attained size. Charts

derived from a single measurement of each fetus or neonate at a specified time

point depict size. These size charts should not be confused with the dynamic
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process of growth. True growth charts are derived from a series of anthropometric

measurements made of each fetus or neonate at multiple time points [73, 67, 92, 93].

Strictly speaking, only charts derived from longitudinal studies that incorporate

more than one measurement per individual should be called growth charts. However,

longitudinal studies can be used to produce both size and growth charts. Centiles

derived from cross-sectional or longitudinal data will tend to closely agree with one

another as they only differ in analyses that account for the non-independence of the

longitudinally obtained observations. Size and growth refer to different information,

are used in different clinical applications, and have different interpretations.

2.5 Who to include

The choice of an appropriate sample and target population is of great importance

for making comparisons and for inferring to the general population. The target

population is the population to which the chart will apply. It is defined by the study’s

inclusion criteria, for example, geographical area, ethnic group, and parity. Charts

produced from a subgroup of a population, such as women who are obese, would be

inappropriate for making inferences about the general population as they are not

representative and lack external validity. The INTERGROWTH-21st systematic

review of the methodology used in ultrasound studies aimed at creating charts

of fetal size showed that about half of the 83 included studies had a prospective

design, in which ultrasound examinations were performed for research purposes only

[28]. However, it is now common in clinical practise to routinely collect ultrasound

information in computerised databases. Reference centiles for fetal size, for example,

are often constructed from routinely collected data. Although retrospective analysis

of such databases is a practical solution for generating a large sample size, the

resulting sample will be mainly descriptive and cannot be used to assess or represent

optimal growth. The alternative is a prospective study, in which the participant
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recruitment and collection of clinical, demographic, and ultrasound data is purposely

and solely carried out with the objective of creating size charts and not as part of

routine care provision. Data that are collected prospectively, and specifically for

the purpose of developing reference centiles, are therefore recommended [67, 92].

2.6 Sample size

Sample size affects centile precision, so must be considered when planning studies

intending to develop such instruments to ensure adequate coverage of the population

and any planned subgroup analysis [88, 94]. There is very limited literature on what

to consider when determining the sample size of fetal growth studies [95, 96, 97]. In

1995, a WHO Expert Committee recommended a rule of thumb for growth studies

of, that a sample of at least 200 individuals overall or, if relevant, for each subgroup

for which separate charts will be produced [77]. Calculating sample size is not

straightforward as it depends on factors such as the study design (longitudinal, cross-

sectional, or mixed), number of repeated measurements per individual, existence of

replicate measurements, and practicality (cost, time, and manpower) [94]. These

factors must be considered when choosing the sample size without compromising

the power of the study. For example, it may be necessary to take into account the

maximum number of women who can be given an ultrasound scan each day at a

particular facility. The INTERGROWTH-21st systematic review of the methodology

used in published ultrasound studies for developing size or pregnancy dating charts

found that only 6 of 83 published ultrasound growth or size charts included their

sample size calculations in their description of their methodology [28, 27].

Sample size calculations can be based on either parametric or nonparametric

methods. Nonparametric methods do not make any distributional assumptions

and can be implemented using simulation and bootstrap techniques [97, 98, 99].

Regression-based methods for sample size can also be evaluated by either non-
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parametric or parametric approaches, depending on the distribution of the covariate

[100, 101]. Methods based on regression-based limits are commonly used in clinical

chemistry studies involving normal reference ranges [102]. The same methods can

be applied in fetal and neonatal growth studies [103].

Sample size calculations for growth charts based on longitudinal data are complex

[95, 104]. The standard errors of centiles are overestimated in longitudinal studies as

they ignore the existence of a series of measurements from each fetus [104, 96, 105].

In general, longitudinal studies are preferable as they are more efficient and have

greater power than cross-sectional studies. Royston (1995) defined this efficiency

as the design factor, D, which is the number of fetuses in a cross-sectional study

that would give the same precision as one fetus in a longitudinal study. He used a

simulation study of ultrasound-based BPD and compared the variance of a centile in

longitudinal and ’equivalent’ cross-sectional designs. He calculated the design factor

(effect) to be∼2.3 [104]. A longitudinal study requires approximately half the sample

size of a cross-sectional study to estimate a given centile with the same precision.

The accuracy of estimated centiles is inherently variable. Extreme centiles exhibit

large imprecision because there are few observations at the extreme ends of the

distribution, while the median has the greatest precision. In this thesis, I will

demonstrate two approaches (precision and accuracy of a single centile and regression

based methods for sample size calculation) for calculating sample size for creating

reference centiles for normally distributed data, in this case, CRL. Similar approaches

can be applied to non-normal data, such as birthweight after transformation. Other

approaches also exist, for example simulation and bootstrapping, as was been

demonstrated by Harris et.al. [98], Linnet [99], and Jennen-Steinmetz [97].
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2.7 Precision and accuracy of a single centile

Data that are conditionally normally distributed, for example fetal size measure-

ments tend to be close to a normal distribution at each GA and thus can be

summarised using the mean, µ, and SD, σ [105]. Any required centile can be

estimated from the mean and SD as µ + zασ, where zα is the normal equivalent

deviate (z score) corresponding to that centile. For normally distributed unreplicated

data, such as CRL, the standard error of the pth centile is obtained from the standard

formula for the variance of a centile of normal distribution:

SEp = SD

√√√√√1 + 1
2z

2
p

n
[106] (2.1)

where SE is the standard error, SD is the standard deviation of the measurement

(which will increase with GA), zp is the value of the standard normal distribution

corresponding to the pth centile, and n is the sample size. For example, for the

2.5th or 97.5th centile, zp = ±1.96, giving SE = 0.08 SD for a sample size of 500

and 0.03 SD for a sample of 4,000.

2.8 Regression-based reference limits

A reference range (also known as a reference interval or the normal range) is the

range of values obtainable for a physiological measurement. It forms a basis for

comparison or a frame of reference for a physician or other health professional to

interpret a set of test results for a particular patient. References can be obtained

from the general population and therefore represent on average what is expected in a

specified population. In some cases, reference ranges are obtained from populations

deemed to be of optimal health and thus represent the expected norm in the absence
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of infection or disease. For example, pregnancy reference ranges for hormone levels,

blood tests, and urine tests are formulated using healthy subjects.

If we take a range of observations from a population (the difference between the two

most extreme values) and continue to sample the population, we will continue to find

observations outside that range, and the range will continue to grow. A reference

interval is therefore used to refer to a range between two quantiles. The reference

interval usually used is the normal range and runs from the 2.5th centile (the lower

reference limit) to the 97.5th centile ( the upper reference limit). It is also called the

95% reference range or 95% reference interval. This normal range excludes 5% and

includes 95% of measurements from apparently healthy individuals. Values outside

a reference range are not necessarily pathologic and are not necessarily abnormal

in any sense other than statistically. Confusion here can arise between the use of

‘normal’ in medicine and of ‘normal distribution’ in statistics. Nonetheless, values

outside the reference range are indicators of probable pathology [107].

Regression-based reference ranges for estimating sample size were first proposed

by Royston [96] and were extended by Bellera and Hanley [95]. Regression

analysis can be used to obtain reference limits that account for factors such as age,

gender, and parity with corresponding confidence intervals (CI) [108, 109, 110,

111]. There are currently no recommended strategies for estimating sample size

when constructing regression-based reference ranges and CI. In clinical chemistry,

analytical variability is usually accounted for when developing and establishing

references [112]. Analytical variability refers to factors likely to influence the

experimental design, which includes the laboratory, day the test was taken, analyst,

instrument, etc. In 1987, Linnet [102] proposed that the analytical variation

due to measurement error should be less than the biological variation and that

the sample size should be large enough to make the width of the 90% CI for the

reference limit smaller than the width of the 95% reference range. The number
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of individuals required to achieve a particular ratio between the two widths can

be calculated, assuming a normal distribution. For example, define R as the ratio

of the width of the 100(1 − α)% CI for the reference limit to the width of the

100(1− β)% reference range. When R = 0.1, the estimated sample size is 206, as

demonstrated below. This approach indicates how large a sample size is needed

to estimate centiles with adequate precision [98].

Example: Let the ratio between the two widths, R, be 0.1, zp the standard normal

deviate for the pth centile, and α and β the type I and II errors, respectively.

1. The 95% reference range is obtained by the relationship µ+ zασ, where z =

1.96 and µ and σ are estimated from the data. The width is 3.92σ.

2. The sampling SD of µ+ zασ is estimated:

σ

√
1 + 1

2z
2
p

n
. (2.2)

3. Considering the 95% reference range and substituting z = 1.96 results in

2.921×
(
σ2

n

)
. (2.3)

4. The width of the 90% CI for the 95% reference range is thus

(2× 1.645)×
(

1.709 σ√
n

)
= 5.623

(
σ√
n

)
. (2.4)

5. The ratio between the two widths is

R =
5.623

(
σ√
n

)
3.92σ = 1.434√

n
. (2.5)
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6. For R = 0.1,

n =
(1.434

0.1

)2
, (2.6)

resulting in a sample size of 206. Bellera and Hanley [95] extended Linnet’s

approach to accommodate different sampling strategies. They assumed uniform

or Gaussian GA distribution and calculated the sample size required to achieve a

given degree of precision. They derived sample size formulas for estimating the 95%

reference limit with a 95% CI for R = 0.1 (relative margin of error), as proposed

by Linnet. For example, we can calculate a 95% CI(z(1−α/2) = 1.96) for the 95th

centile of the CRL reference limit (z2
p = 1.645) with a relative margin of error of

∼ 10% (R = 0.1). Assuming the range of gestation is approximately 4SD, the

minimum required sample size is given by:

n ≥ z2
1−α/2

5 +
1
2z

2
p

z2
1−β/2

×R2

 (2.7)

For normally distributed data, sample size estimates for the mean or median can

be estimated using the simplified formula:

n ≥ z2
1−α/2

1 +
1
2z

2
p

z2
1−β/2

×R2

 [95, 96]. (2.8)

The estimated sample size is 4,288 for adequate precision at the extreme centiles

where variability is greatest (worst case scenario) and 5,088 at the median (best

case scenario). For the same power of a study and effect size, the total sample size

required at the median will be higher than that required at the extreme centiles

because of the differences in variability. Variability is much less at the median than

at the extremes and therefore a larger sample size will be required to detect the
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same effect size (Table 2.1).

Margin of error Worst case scenario Best case scenario
(R) (range of gestation ∼= 4SD) (Median gestational age)
10% 4,288 5,088
15% 1,904 2,264
20% 1,064 1,272

Table 2.1: Estimated minimum sample size required using the specified margin of error
(ratio of the width of a 90% CI for a reference limit to the width of the 95% reference
range)

The primary considerations of sample size in the INTERGROWTH-21st Project were

based on requiring (a) the sample size to be large enough to yield precise estimates

of extreme centiles (e.g., the 3rd and 97th centiles), which requires a definition of

‘precise’, for which there is no standard approach; (b) sufficient power to explore

ethnic-specific (i.e., site-specific) growth in the FGLS component, in the event that

ethnic differences did emerge from the data in the main growth indicators; and (c)

the FGLS component to yield an adequate number of newborns for inclusion in the

Preterm Postnatal Follow-up Study (PPFS). Although statistical considerations

were important, certain logistical issues were also critical. For example, one key

consideration was the number of women who could be scanned at a centre in a week.

This practical issue was relevant as a bespoke ultrasound machine model produced for

the project was used at every centre, and each centre was provided with one machine.

The target total sample size of 4,000 from all of the eight sites combined was larger

than most previous studies. This sample size was adequate for producing reliable

curves and exploring variability between countries. It was estimated that fewer than

5% of the women would be lost to follow-up and that about 10% of women would

be excluded from the development of the fetal growth standards due to developing

pregnancy complications severe enough to affect fetal growth, as identified in the

protocol [79]. Considering the sample size for the FGLS component in relation to
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the precision and accuracy of a single centile as first proposed by Royston [113]

results in a precision of 0.08 SD and 0.03 SD at the 2.5th or 97.5th centile for a

sample size of 500 and 4,000 fetuses, respectively. The sample size calculation in

the INTERGROWTH-21st Project was based on a cross-sectional design. Royston

suggested that a longitudinal design has equivalent precision to a cross-sectional

design with a sample size v 2.3 times larger than it. Based on that value, the

longitudinal component of the FGLS with 4,000 fetuses would have equivalent

precision to a cross-sectional study of over 9,000 fetuses [22]. Therefore, the sample

size for FGLS was more than sufficient for constructing of fetal charts with great

precision, even for extreme centiles such as the 3rd and 97th centiles.

2.9 Quality control

Meticulous standardisation, continuous surveillance, and ongoing monitoring of

adherence to measurement protocols during data collection are essential to ensure

consistency and to minimise systematic error. Such efforts can lead to early detection

and pre-warning, and can flag deteriorating standards [114, 115, 116, 117, 118].

Quality control has recently been shown to be an important process in monitoring

performance and competence in areas such as medicine [119, 120]. One of the

most important aspects of any research involving measurements is the quality of

the data. Great effort is often expended on the design of a study, but little thought

may be given to how the method of data collection will affect the quality of the

measurements. For example, many factors can introduce variability in ultrasound

data, such as multiple sonographers and scan machines, a lack of standardised

procedures when data are collected by more than one person, a lack of specific

training, and failure to monitor ultrasound image quality.

It has previously been argued that reference studies should be performed by a single

operator to improve the repeatability of the data by avoiding inter-observer error.
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However, as ultrasound scans in most clinical services are performed by multiple

operators, inter-observer variability is inevitable and should not be ignored. It is

reasonable for reference studies to take inter-observer variability into account when

using multiple operators and to take quality assurance steps to improve the quality

and consistency of measurements. Such steps include saving and independently

reviewing scan images, and measuring intra- and inter-observer variability. A formal

exercise to standardise the contributing ultrasonographers should be conducted,

as this improves the reproducibility of fetal biometry [121].

The INTERGROWTH-21st systematic review of the methodology used in ultrasound

studies aimed at creating charts of fetal size revealed that ∼ 20% of studies

did not report which ultrasound equipment was used, fewer than half described

the measurement techniques used, none of the studies reported an ultrasound

quality control measure, and >90% did not incorporate blinding when taking

measurements [28].

The precision with which measurements are taken depends on the equipment

used. In ultrasound studies, for example, advances in technology have improved

the magnification of ultrasound machines, leading to better measurements. In

anthropometry, weighing equipment must have an acceptable precision level. For

example, the MGRS and INTERGROWTH-21st studies used SECA 376 scales

that were precise to 5 g for weight measurements <7.5 kg and were precise to

10 g for measurements between 7.5 kg and 20 kg. The scales were calibrated

at least twice every week.

Precision can be evaluated by assessing the intra- and inter-observer variation of

the measurements collected. Measurement accuracy can be enhanced by an explicit

measurement protocol, training and standardisation of the staff involved in taking

measurements to avoid mistakes due to repetitiveness, assessment of image quality in

the case of ultrasound images, standardisation of study protocols, checking for digit
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preference, and ongoing monitoring of adherence to the measurement protocol during

data collection. In the MGRS, checks were carried out when measuring skinfolds

using a skinfold calliper that read to 0.2 mm units to ensure that measurements

did not end in odd decimal values (e.g., 0.1 mm). An analysis of digit preference

for one site with nine observers found that one observer tended to overestimate

measurements, shown by a disproportionate frequency of the digit 0 (8.4%) versus

the digit 2 (34.4%) [88]. Monitoring these elements and rectifying problems

helps to ensure consistency and minimise systematic error. Numerical methods of

monitoring measurement processes include Bland-Altman plots [122], technical

errors of measurement [123], and cumulative summation charts [124, 125, 126].

In the FGLS component of the INTERGROWTH-21st Project, serial fetal growth

scans were conducted every 5 ± 1 weeks from recruitment at 9+0˘13+6 weeks of

gestation until, but not beyond, 42+0 weeks of gestation. The health institutions

participating in the project were diverse and used different pathways and protocols

for scanning pregnant women in their routine clinical practice. For the data

collected to be comparable within and between the study sites, all ultrasound

measurements had to be performed in a standardised manner. Strict ultrasound

fetal anthropometric measurement protocols were used so that data of the highest

quality would be obtained from all of the centres. The data collected at each

site could therefore be compared and potentially combined into a single dataset

to generate growth standards.

Standardisation and quality control of measurements were necessary to ensure

that the ultrasonographers measured all of the fetal biometric dimensions in

an identical fashion. To oversee this process, the project had an Ultrasound

Quality Unit (USQU) team, whose mandate was (a) development of standard

operating procedures, (b) initial standardisation (involving training, assessment,

and certification) of the ultrasonographers, (c) site specific standardisation exercises,
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(d) quality control monitoring of routine replicate measurements by re-measurement

and quality assessment of a random 10% sample of images, (e) analysis and reporting

of ultrasound data quality, and (f) identification of retraining needs. The USQU

was also responsible for ensuring adherence to the protocol and ongoing quality

control assessment. This included a pilot reproducibility study, site visits, quality

assessment of ultrasound images, assessment of collected data, and evaluation and

repetition of ultrasound measurements.

The USQU team met every month to produce data quality statistics, which

included plots of intraobserver reliability of individual ultrasonographers, cumulative

summation charts of intra-observer reliability, and site comparisons, including

comparing site-specific bias with the rest of the study. Areas of potential concern

were highlighted and, if appropriate, site visits and retraining were arranged

[127, 128]. These components were incorporated due to their importance in ensuring

data quality. A review by Biau et al. showed the wide applicability of quality control

methods in specialties such as surgery, endoscopy, and anaesthesia [129] using a

learning curve analysis to test quality [126, 130, 131]. A detailed data quality control

process that ensures good quality data is the cornerstone of any high-quality study.

2.10 Routinely collected data versus research data

Medical records have been used as a source of data for research since 1917, when

Codman began using patient information cards to track long-term health outcomes

[132]. Great advancements in technology have recently contributed to a shift from

paper based records to electronic medical records. Sweden and Denmark are among

the earliest examples of nations that have made the transition to electronic record-

keeping systems that save time, money, and lives. Such comprehensive databases are

goldmines of clinical information and have the potential to improve clinical practice,

permit real-time learning, and create a large evidence base for clinical care [133, 134].
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However, concerns have been raised about the utility of patient records for research

purposes. Medical records are intended for patient care. Data is not recorded in a

systematic manner, as would be the case with research [135]. The reliability

of retrospectively collected data is thus a concern. Other difficulties include

illegibility, incomplete records, and a lack of standardised documentation for ease

of classification and comparability between similar settings [136, 137, 138]. If not

well addressed, these concerns can bias study results and limit external validity.

Put simply, routine data are not fit for purpose if the aim is to develop standards.

Recall bias remains a source of error in both prospective and retrospective studies,

as even cooperative patients may not correctly recount a full history of events,

behaviour, or practices. Several studies have shown that patient recall bias can vary

with age, medical condition, and the type of service offered [139, 140, 141]. When

recalling pregnancy history, patients are more likely to accurately remember number

of pregnancies, miscarriages, birth weight, and type of delivery than medication

and imaging [142, 143]. There has also been disagreement over the cause of the

discrepancies, with evidence both for and against socioeconomic status, ethnicity,

and neighbourhood type as contributing factors [144, 145]. Medical data must be

accurate, reliable, and routinely recorded. Retrospective studies using such data

would allow the investigation of rare diseases, accommodate assessment of conditions

with long latency periods, and could function as pilot studies to identify weaknesses

and improve study design for further prospective research [137]. Reliable data will

improve healthcare systems worldwide, including those in the developing world.

Following a surge in freely available internet-based technologies, shared data will

have an important impact on worldwide public health.

Villar et al. [146] showed that certain obstetrical information retrieved from medical

records can be reliable. In an inter-rater agreement study of antenatal and neonatal

variables collected in a large teaching obstetric unit, information routinely collected
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by hospital staff was compared with that collected by a specifically trained physician

and social worker. They observed excellent agreement for some variables such as

maternal and newborn anthropometric measures, and previous birthweight, but

poor agreement for variables such as indicators of physical activity, work during

pregnancy, and blood pressure measures. They hypothesised that the poor agreement

for some of the variables was due to problems in how the questions were phrased,

patients recall, interviewer bias, and data abstraction. They recommended that

epidemiological studies using routine data should include a reliability component,

and proper standardisation of personnel and instruments. They should also include

validity data and examples of the questions used in any published reports [146].

2.11 Statistical methodology

When constructing reference or normal ranges, we want centiles that change smoothly

with gestation and provide a good fit to the raw data, and a statistical model that is

as simple as is necessary [67, 92, 22]. In preparation for MGRS analysis, the WHO

conducted an extensive literature review of existing methods for the construction

of growth curves [147]. When choosing the statistical analyses for constructing

reference charts, (a) the statistical methods used should be clearly identified and

described; (b) an assessment of whether the normality assumption is reasonable, as

is usually the case for fetal data conditional on GA, should be conducted; (c) both

the mean and SD should be modelled as a function of GA in a way that accounts

for the increasing variability with gestation that is typical in growth data; (d) the

modelling should provide smooth centile curves; and (e) a goodness-of-fit assessment

with graphical evaluation of the superimposed centiles should be conducted to

compare the predictive model to the raw data.

A review of neonatal size charts found that most of the 105 included studies described

the statistical methods used, although more than half did not satisfy all of the above
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criteria [16]. In Chapters 4 and 5, I discuss in detail the statistical methodology

that can be applied to fetal and neonatal data with examples based on the analyses

conducted as part of the INTERGROWTH-21st Project.

2.12 Handling of repeated anthropometric and

ultrasound measures

In clinical practice, measurements are only made once because of clinical work

load and thus most reference centiles are constructed using single measurements.

However, in some research settings, including studies of growth, it is common to

take duplicate or triplicate measurements. Repeated measurements are taken so

that the mean, a better estimate of true value, can be used; to ensure data quality;

and to allow the expected within- and between-variation among sonographers and

anthropometrists to be calculated. Using the average of two or more measurements

gives a more reliable estimate for an individual. Although using averages to develop

centile charts tends to underestimate the actual variability for single measurements,

the effect is minimised by using highly experienced trained staff and strict protocols

to take highly reproducible measurements.

It is expected that averaging measurements reduces measurement variability, re-

sulting in tighter (or narrower) centiles than if single measurements are used. For

example, in the FGLS, ultrasound measurements were taken in triplicate and

anthropometric measurements in duplicate at each patient visit. Statistical methods

can be used to account for this reduced variability by applying a small correction

to the observed variability of all of the repeated measures, as previously suggested

by Bland and Altman [122]. However, this correction was developed in a different

context and the effect on growth data is as yet unknown and requires exploration.

Other methods, such as multi-level models, handle this issue differently: rather than

taking the average of measurements, the data are treated in a hierarchical manner.
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For example, in the FGLS, ultrasound data were measured three times on three

separately obtained ultrasound images of each structure in a blinded fashion. The

data structure was therefore a hierarchy with three levels: triplicate measurements

taken at each visit, measured on three separately obtained ultrasound images of

each structure in a blinded fashion (level 1), repeated ultrasound measurements per

subject at designated visits during pregnancy (level 2), and subject measurements

from each of the eight sites (level 3).

2.13 Handling data from multiple sites

Most studies of fetal and neonatal growth are done in a single centre. The need for

a large sample size and greater generalisability may lead to a multicentre design,

which brings additional challenges. Assessing how appropriate it is to pool data

from multiple sites is challenging, as a judgment of the similarities in the fetal

growth and newborn size patterns across the populations must be made. Subjects

within the same site tend to be more similar to each other than to subjects from

other sites. The combinability of studies in a meta-analysis is usually judged

qualitatively based on the similarity of the studies, i.e. similarity of the participants,

interventions, and outcome variables. It is also standard practice to quantify the

statistical heterogeneity of the results [148, 149, 150, 151], although this is more

likely to influence the type of analysis than whether the studies can be combined.

As multi-centre studies are rare in human growth studies, the combinability problem

is not common. However, both the MGRS and INTERGROWTH-21st Project were

faced with this problem and focussed on the differences between the results at each

site. Although many statistical methods focus on differences between groups, there

are no standard statistical rules to evaluate these differences. Statistical significance

is not appropriate for judging combinability, as even unimportant differences can be

statistically significant in very large samples. As the INTERGROWTH-21st Project
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aimed to develop international standards, only a small amount of heterogeneity

could be tolerated in the data. The differences between the sites had to be quantified

and evaluated [12]. There was the added problem of needing to judge whether the

data from the eight sites could be combined and quantifying the differences between

the sites across time, which was meassured with GA. Changes in variability with GA

also had to be taken into account. The goal of the analysis was thus to check whether

the sites had similar fitted centile curves by GA, rather than similar raw data.

The goal is not to test a defined hypothesis. Instead, we are interested in whether

there is an acceptable level of disagreement between each site when compared with

all of the sites. It is more credible, and thus recommended, to set in advance the

criterion for judging whether the differences between the centile curves from each

site are acceptable before conducting the analysis.

The INTERGROWTH-21st Project used the same criteria as the MGRS: it was

decided before the analysis that a difference of 0.5 SD or greater between the centile

curves from a site and all of the sites at any GA would indicate that the data from

that site were too different to be pooled [22, 19]. If data from all eight sites met

this criterion from all of the analyses, all of the data would be pooled and used

to construct international standards. It is recommended that multi-centre studies

should quantify and evaluate the differences between their sites using prespecified

criteria, as was done in the INTERGROWTH-21st Project.

2.14 Reporting and presenting results

Altman et al. [67] and Royston et al. [93] discussed and recommended appropriate

ways of reporting and presenting growth study results. A table of included

observations should be reported that shows how many individuals or women were

recruited in each GA window (e.g., each week of pregnancy) with the mean, SD,

and associated sample size for each measurement at each completed GA. Another
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table should show selected fitted centile values (e.g., the 10th, 50th, and 90th) and

regression equations for both the mean and SD that enable the calculation of any

desired centiles and z-scores. An adequate sample size at each GA is essential for

improved precision estimates, especially at extreme percentiles (e.g., the 3rd and

97th percentiles) where variability is greatest. Ioannou et al. [28] found variable

reporting of results in fetal growth studies. The vast majority of the publications

included in their review reported charts of median and centile curves. Most of

the included studies (82%) reported tables with median values and 78% included

selected centiles. Sixty-percent of the included studies reported equations for the

mean or median, but only 39% reported equations for the SD, either as a fixed

number or as a function of GA [27].

A goodness-of-fit assessment, with graphical evaluation of the superimposed centiles,

is essential for comparing a predictive model to the observed data. A smooth change

in the mean superimposed onto the raw data should be reported to allow model

assessment. The fitted centiles alone without superimposing raw measurement data

do not allow judgements of model fit to be easily made. The INTERGROWTH-21st

review of 105 studies found that a quarter of the studies only reported raw centiles

instead of smoothed centiles [16, 28]. In other cases, the regression model used

to smooth the centiles was poorly described or not appropriate for the purpose.

About 25% of the studies included in the review did not report any centiles and

z-scores could only be computed for 16% of the studies. Z-scores (or parameters

that allow them to be computed) and equations of the mean and SD should be

provided to enable easy comparisons of studies.

2.15 Summary

Altman and Chitty [67] discussed some of the considerations for the design and

methodology of studies of fetal size with the aim of improving the quality of future
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studies. Royston and Altman [93] discussed longitudinal studies of fetal size

for similar reasons. Ioannou et al. [28] reported a positive correlation between

quality scores and year of publication [28], showing that the methodological quality

of fetal size these studies is steadily improving thanks to efforts such as these.

However, the INTERGROWTH-21st systematic reviews of pregnancy dating and

fetal and newborn charts showed that many studies of fetal size are still conducted

poorly [16, 28, 27]. This chapter discussed some of the key issues that should be

considered when designing fetal size studies and built on similar work by Altman

and Chitty [67] and Royston and Altman [93].

More work is needed on the calculation of the sample size required for fetal

growth studies. In particular, aspects of longitudinal studies have not yet been

considered, such as the effect of correlations between measurements of the same

individual at different ages, the number of replicates per measurement, the timing

of measurements (in general more measurements are needed in periods of more

rapid growth to accurately capture the pattern of growth), and the number of

observations per individual.

In this chapter, I have reiterated some of the concepts previously identified as

important for growth studies, focusing on considerations and concepts related

to study design. I have provided more details and practical examples based

on our experiences from the INTERGROWTH-21st Project. Chapters 4 and

5 discuss statistical methodology and analyses for cross-sectional studies and

longitudinal studies.
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3
Assessing the combinability of linear

growth data

3.1 Background

The combinability of data and its usefulness in comparing different populations

is a complex concept that is difficult to assess precisely [152]. The combinability

problem needs a solution, given the rise in collaborative research efforts to create

international standards, guidelines and programmes. This reflects the development

of an intellectual atmosphere in which researchers are increasingly looking for

internationally comparable datasets to lend greater weight and significance to their

research. There is also a growing need for data for comparisons and for monitoring

trends across individual countries and groups of countries.

Chapter 2 briefly outlined design and methodological considerations when construct-

ing human growth charts. Most studies of fetal and neonatal growth are conducted in

a single centre. However, the need for a large sample size and greater generalisability
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may lead to the use of a multicentre design, which brings additional challenges. For

example, the INTERGROWTH-21st Project used a multi-centre design to develop

international growth standards for preterm babies, fetuses, and newborns. As

excessive heterogeneity is incompatible with the concept of internationally relevant

standards, an evaluation or quantification of site differences was required. Ideally,

all of the data from the eight study sites would be used to construct a single

global standard for each measurement, as this would be the strongest basis for the

construction of growth curves for international clinical applications. The similarity

of the fetal growth and newborn size patterns in each population had to first be

judged to determine whether pooling was appropriate. Subjects within the same site

tend to be more similar to each other than to subjects from other sites. The data

from the different centres thus had to be similar enough to be combined. As most

human growth studies use a single centre, this problem is uncommon in the field

and there is no universally recognised method for judging the acceptable amount

of heterogeneity in growth data from several sites [12].

Statistical methods only exist for examining heterogeneity and combining results

from several studies in meta-analysis. Meta-analysis is a two-stage process involving

the calculation of an appropriate summary statistic for each of a set of studies

followed by the combination of these statistics into a weighted average. The weights

are usually chosen to reflect the amount of information that each trial or study

contains. Methods are available for combining odds ratios, risk ratios and risk

differences for binary data, and hazard ratios for time-to-event data. Continuous

data can be combined as differences in means or as standardised differences in

means when a mixture of measurement scales has been used.

An important step is the thoughtful consideration of whether it is appropriate to

combine all or some of the studies in a meta-analysis to yield an overall summary

statistic. In trials, for example, consistency of trial results with a common effect
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across a variety of circumstances provides important, powerful corroboration of the

generalisation of the treatment effect, so that a greater degree of certainty can be

placed on its application to wider clinical practice [153]. Statistical investigation

of the degree of variation between individual study results, which is known as

heterogeneity, can often contribute to making decisions regarding the combinability

of the results [154]. The combinability of studies in a meta-analysis context is

usually judged qualitatively by the similarity of the studies, using, for example, the

similarity of the participants, interventions, and outcome variables.

The INTERGROWTH-21st Project used a prescriptive approach to select women

recruited in all the eight study sites so as to evaluate the growth potential of

the fetuses and newborns. The study recruited women at low risk of fetal growth

disturbances according to a predefined set of criteria [24] and the socio-economic and

demographic characteristics of the underlying populations, in settings with diverse

ethnic backgrounds. This strategy allowed fair comparisons across populations where

the health and nutritional needs of mothers were met and adequate, standardised

antenatal care was provided. The prescriptive approach used by INTERGROWTH-

21st meant that the eight sites were largely similar, so a qualitative evaluation of

how similar the eight sites were, like that commonly applied in meta-analyses,

was not relevant.

In meta-analyses, it is also standard practice to quantify the statistical heterogeneity

of the results [155, 149, 156, 157], although the results are more likely to influence the

type of analysis used than whether studies can be combined. Statistical significance

is not appropriate for judging combinability in the INTERGROWTH-21st context,

as even unimportant differences can be statistically significant in large samples.

This chapter focuses on how to assess the combinability of linear growth data and

how the differences between the eight sites were quantified. The data from all of

the sites were compared using prespecified criteria. The cut-off for acceptability
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was prespecified in advance of the analysis to enhance credibility. This enabled an

assessment of whether the level of disagreement between the sites was low enough

to allow pooling. The increase in variability with GA had to be taken into account.

The analysis focused on the similarity between the fitted centile curves by GA at

each site, rather than the similarity between the raw data from each site.

3.2 Methods

The INTERGROWTH-21st analytical strategy was conceptually similar to the

strategy applied in the MGRS [158]. The two projects used identical methodology

in geographically diverse urban areas in which mothers’ health and nutritional needs

were met, sanitation practices and the environment were judged not to constrain

growth, and adequate, standardised antenatal care was provided. This methodology

helped to reduce the variability that can typically be introduced by such factors.

3.2.1 Choosing measures for comparing populations

To decide whether the data from each site were combinable, fetal growth and

newborn size from each population were explored by mapping skeletal growth as a

continuous process from post-conception to birth. As in the MGRS, fat-independent

measures of linear growth (i.e. CRL, FHC, and birth length (BL)) were chosen to

compare the sites. These measures are recommended for comparing growth across

ethnic or environmental conditions in different populations [19]. They are more

resistant to environmental factors such as maternal nutrition, infections during

pregnancy, or pregnancy-related complications (skewing) in response to "excessive

nutrition" than weight or other fat-related indicators. The fetal HC (FHC) also

allows for continuous evaluation with the same measurement in the postnatal

period. Although linear measures of size can be affected by under nutrition or

infection, these factors are unlikely to play an important role in a healthy population.
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Furthermore, linear measures are approximately normally distributed (unlike fat-

related indicators). They are more precise than fat-related measures especially for

fetal ultrasound, and were also used to compare populations in the WHO MGRS

to construct infant and child growth standards [19, 18, 159].

It was therefore decided a priori [11] that the similarities between fetal growth

and newborn size would be compared using the fat-free mass indicators CRL <14+0

weeks of gestation (Figure 3.1), FHC ≥14+0 weeks of gestation (Figure 3.2), and

birth length (BL). CRL is generally accepted to be the best ultrasound marker in

the first trimester. FHC is more resistant to intrauterine environmental insults than

fat-related measures such as abdominal circumference. BL is the leading marker of

linear growth and was the main measure used in the MGRS to compare populations

[19]. HC at birth (BHC) was obtained as a complementary measure to match FHC

because it is the only skeletal measure available from early pregnancy to childhood.

Data were thus gathered on early fetal size, longitudinal fetal growth and newborn

size for the complete FGLS cohort and on newborn size for the matching, low-risk,

FGLS-like subpopulation from the eight study sites using standardised procedures.

It was decided before the analysis, that a difference of 0.5 SD or greater between

the centile curves from one site and the pooled estimate using data from all

of the sites at any GA, would indicate that the data from that site were too

different to be pooled [22, 19]. If data from all of the eight sites were found

to be combinable in all of the the analyses, all of the data would be pooled and

used to construct international standards.
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Figure 3.1: Scatter plot of crown-rump length according to gestational age (weeks),
separated by study site

Figure 3.2: Scatter plot of head circumference according to gestational age (weeks),
separated by study site
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3.3 Analytical strategy

Data from all eight sites were carefully explored and evaluated to determine if

they agreed with the prespecified criteria. The appropriateness of pooling the data

from the sites for constructing standards was assessed by comparing the site means,

SDs, and fitted centiles from each site with the corresponding values from the

data from all of the sites combined. A difference of >0.5 SD between the values

from an individual site and the pooled sample [19] was used as the trigger to

consider whether to include the data from an individual site in the pooled data.

The decision depended on the magnitude and nature of the difference between

the data from that site and the pooled sample.

The proportion of the total variability that was explained by site differences was

quantified. A sensitivity analysis was conducted to investigate the influence and

robustness of the estimated smoothed centiles. The influence and robustness of

each site’s results was evaluated by excluding each site’s data in turn from the

pooled analysis at different GA and noting the degree to which the estimates

and precision changed [19].

3.4 Data

The data were taken from the FGLS and NCSS of the INTERGROWTH-21st Project.

Ultrasound was used to take fetal anthropometric measurements prospectively from

14+0 weeks until birth, in a cohort of women with optimal health and adequate

nutritional status who were at low risk of intrauterine growth restriction. FHC

obtained every 5 weeks (± 1 week) from 14+0 to 42+0 weeks gestation was used, giving

possible ranges of 14–18, 19–23, 24–28, 29–33, 34–38, and 39–43 weeks gestation. At

each visit, FHC was measured three times on three separately obtained ultrasound

images of each structure. Each image was measured once in a blinded fashion [24].
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The FHC data structure was composed of three hierarchies: measurements within

visits within participants. Level 1 is the three measurements taken at a visit, HC1,

HC2 and HC3. Level 2 is the repeated ultrasound measurements taken for each

subject over multiple visits during pregnancy. Level 3 is the measurements taken

for multiple subjects at each of the eight sites.

The FGLS enrolled 4,233 women who each visited between one and six times (∼95%

visited at least four times during pregnancy), giving 20,030 women visits. At each

visit, three ultrasounds were collected, resulting in 59,973 FHC observations across

the eight sites. One hundred and seventeen ultrasound measures were missing. The

fetal ultrasound information was complemented with birthweight (BW), BL and

BHC, collected within 12 hours of birth, in the NCSS study. These data were

used to evaluate linear growth prospectively in a multi-ethnic population from <14

weeks of pregnancy until the immediate neonatal period.

3.5 Statistical methods and results

This section focuses on four methods that were selected for quantifying the combin-

ability of the data from the eight sites. Three of the four methods were applied to

child growth data by the WHO in the MGRS, but none had been assessed with

fetal or newborn data before. As the four methods were complementary, the results

from each method in support of or against pooling data from any individual site

were expected to agree with one another.

3.5.1 Variance component analysis

Meta-analyses are often based on binary end-points and usually use cut-off points

for continuous variables. Classic meta-analyses adjust for the effect of site as either

a fixed effect or a random effect [160, 161, 162]. They aim to evaluate site effects

and compare them against each other while estimating the overall variability of
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the site effects. This is important as it informs the eventual choice of analyses

and allows between-site relationships to be quantified.

An analysis of variance (ANOVA, variance component analysis) approach was used

to quantify the amount of variability in the fetal and newborn measurements that

was attributable to site identity. The percentage of variance in the cross-sectional

measures (CRL, BHC, and BL) due to between-site variance was calculated [19].

The FHC was measured several times during pregnancy in the same subject. This

longitudinal design introduced another level of complexity, which was dealt with by

estimating the variance between individuals in the same site (within-site variance).

A multilevel random effects regression model was applied for the cross-sectional

and repeated measures as appropriate, adjusting for GA. GA was treated as a fixed

effect, whereas site and individual identity were treated as random effects.
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3.5.2 Meta-analytic assessment using regression analysis

Sauerbrei and Royston [157] proposed a new strategy for meta-analysis of continuous

covariates in observational studies that can be applied with modifications to the

FGLS and NCSS data. Their strategy is based on estimating the functional

relationship between a continuous covariate and the outcome in a regression model

while adjusting for confounding factors. The functional form for the continuous

variable of interest in each site (i.e., GA and the biometric parameters of CRL,

FHC, BL, and BHC here) is first estimated. The individual site functions are then

combined by weighted averaging to obtain summary estimates of the functions.

This approach can be implemented using fractional polynomials (FPs). A key

advantage is that the variability in the individual sites is reflected and comparisons

can be made between the sites.

CRL and FHC data from each site were modelled separately for each measure

as a function of GA using the FP regression method. In contrast to Sauerbrei

and Royston’s proposed method, weightings were not applied as the study was

designed to ensure an equal contribution from each of the eight sites. The fitted FP

models for each site were compared by superimposing selected centiles. An overall

FP model was also obtained using the data combined from all eight sites. This

overall model was then fitted to each site’s individual dataset. The model fits were

superimposed and compared. Judgements were made through visual inspection

of the growth or size patterns across the sites.
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Crown-rump length Fetal head circumference
Country FP powers for the FP powers for the FP powers for the FP powers for the

mean SD mean SD
Brazil 3 1 2, 2 1
China 1 1 2, 3 1
India -2, -2 -2 2, 2 1
Kenya 2 1 2, 2 1
Oman 2 1 2, 2 1
UK 1 1 2, 3 1
USA 1 1 2, 2 1
Italy 1 1 2, 3 1
Fractional polynomials especially FP2 and FP3 based on different powers can

sometimes result in very similar overall fit of the data. For example, differences in
general fit between an FP2 with powers (p1 = 2 and p2 = 2) and FP2 with powers
((p1 = 2 and p2 = 3) can be indistinguishable. Decisions on the best model fit need
not be based on statistical significance testing alone as other evaluations based on

general fit, a trade-off between a simple versus more complex model, and
diagnostics should be considered.

Table 3.2: Summary of the fitted fractional polynomial (FP) powers for the mean and
standard deviation (SD) for each sites’ crown-rump length and fetal head circumference.

Fractional polynomials offer great flexibility in allowing non-integer powers, logarithms,
and repetition of powers [163, 94]. FPs are defined by power terms restricted to a
predefined set of integer and non-integer values, p (-2, -1, -0.5, 0, 0.5, 1, 2, 3). The power
0 denotes natural logarithmic transformation, so that x0 equals to loge(x) rather than
x0 = 1. In the case of repeat powers, the second term is multiplied by loge(x). The
best power transformation, xp, is chosen from the set of powers, p, with software. An
automated algorithm for selecting these powers has already been implemented in the
statistical software programs STATA and R. The degree of an FP model is defined as the
number of powers, p, of the explanatory variable. For instance, a first-degree FP (FP1)
model with power p will be of the form Y = b0 + b1xp1 and an FP2 of the form Y =
b0 + b1xp1 + b2xp2 .

For example, the best FHC model for the mean using data from Brazil was an
FP2 (p1 = 2 and p2 = 2) and will be of the form Y = b0 + b1x2 + b2x2loge(x). Similarly
for China, the FHC model for the mean will be of the form Y = b0 + b1x2 + b2x3.
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Figure 3.3: Fitting a separate fractional polynomial model to each site’s crown-rump
length (CRL) data.

Figure 3.4: Fitting the overall fractional polynomial model using data from all of the
sites (mean = 1, 2 and standard deviation = 1) to each site’s crown-rump length (CRL)
data.
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Figure 3.5: Fitting a separate FP model to each site’s data.

Figure 3.6: Fitting the overall FP model using data from all of the sites (Mean = 2, 2
and SD = 1) to each site’s data.

64



3.5.3 Standardised site difference

The standardised site difference (SSD) is a statistical measure of great biological

value. It allows the direct comparison of different biometric parameters and is

commonly used to compare growth in different populations. SSD was used to

compare the fetal and newborn anthropometric measures CRL, FHC, BHC, and

BL collected from the eight sites across GA. An SSD of <0.5 was prespecified in

the INTERGROWTH-21st Project protocol as adequate for combining data from

all of the sites to create international standards [22].

The SSD was computed for each site and for each measure by comparing the crude

site means for CRL, HC, BHC, and BL at different GA windows to the crude

pooled mean (i.e. the mean calculated from the pooled eight-site data set) at

the corresponding GA windows, expressed as a function of the crude pooled SD

(Approach 1). For example, the GA windows in which FHC measures were taken

were 14–19, 20–24, 25–29, 30–34, 35–39, and 40–43 weeks. The differences were

calculated as the difference between the mean from a specified site and the mean of

the pooled sites. Each difference was expressed as a proportion of the pooled SD at

each corresponding GA to give the SSD score [19], which is similar to a z-score.

To account for increasing variance with GA, an adjusted FHC measure was calculated

from the expected mean FHC measurement obtained from fitting an FP regression

model, adjusted at the midpoint of each GA interval. This approach assumed

uniform growth during each 5-week interval. An adjusted SSD was thus calculated

based on the adjusted FHC measurements compared with the pooled adjusted FHC

values and pooled adjusted SD at the corresponding GA categories (Approach 2).
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Approach 1

1. For each site and GA category, 14–19, 20–24, 25–29, 30–34,
and 35–39 weeks, calculate the crude observed mean FHC
(mm) and crude observed SD

2. Calculate a crude SSD measure for each site according to
its GA category:
Crude SSD = (crude site mean of observed
CRL/FHC (mm) – crude all sites mean of observed
CRL/FHC (mm)) / crude all sites SD of observed
CRL/FHC (mm)

Approach 2

1. Fit an FP regression model for the mean and SD relating
FHC to GA category using the pooled data set

2. For each observed CRL/FHC measurement
(CRLobs/FHCobs), obtain the expected mean CRL/FHC,
CRLexp/FHCexp, and SD, SDexp, from the equations of the
mean and SD from the best-fit FP model according to GA
and calculate a z-score: z-score = (CRLobs / FHCobs –
CRLexp / FHCexp) / SDexp

3. For each site and GA category, calculate an SSD measure
for each site according to GA group:
SSD = (site mean z-scores – all sites mean z-scores)
/ all sites SD of z-scores

4. Based on the z scores, calculate an adjusted FHC measure-
ment (adj. HCobs) at the median GA for classes 14–19,
20–24, 25–29, 30–34, and 35–39 weeks:
Adjusted CRLobs/FHCobs = (z-score*SDexp) +
CRLexp/FHCexp

at the median GA for each GA category
5. For each site and gestational age category, calculate the

mean adjusted HC and the corresponding SD of the
adjusted HC.

6. Calculate an SSD measure for each site according to each
GA category
Adjusted SSD = (site mean adjusted CRL/FHC
(mm) – all sites mean adjusted CRL/FHC (mm))
/ all sites SD of adjusted CRL/FHC (mm)

Table 3.3: Summary of the crude and adjusted approaches used to calculate a
standardised site difference (SSD). CRL, crown-rump length; exp, expected; FHC, fetal
head circumference; GA, gestational age; HC, head circumference; obs, observed; SD,
standard deviation.
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.
Figure 3.7: Standardised site difference (SSD) for crown-rump length (CRL) (N =
4,265), fetal head circumference (FHC) (N = 4,237) and head circumference at birth
(BHC) (4,217) of the Fetal Growth Longitudinal Study (FGLS). SSD = (site mean
FHC/CRL/BHC – all sites’ mean FHC/CRL/BHC at each gestational age interval) / all
sites’ standard deviation (SD) of FHC/CRL/BHC at each GA interval. SSD was adjusted
at the median gestational age for all sites at each gestational age interval. SSD at birth
are mean values by site across all GAs, 25+0 to 43+0 weeks. The dashed red horizontal
line shows 0.5 SD [11]
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.
Figure 3.8: Standardised site difference (SSD) of newborn length (N = 20,166). The
NCSS (FGLS-like) subpopulation represents the low-risk women in the total Newborn
Cross-sectional Study (NCSS) population, selected using the same eligibility criteria as in
the Fetal Growth Longitudinal Study (FGLS).
SSD = (site mean newborn length – all sites’ mean newborn length at each GA interval)
/ all sites’ standard deviation (SD) of newborn length at each GA interval. SSD was
adjusted at the median GA for all sites at each GA interval. SSD at birth are mean values
by site across all GAs 35+0 to 40+6 weeks. The dashed red horizontal line shows 0.5 SD
[11]
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.
Figure 3.9: Standardised site difference (SSD) of newborn head circumference (N =
20,046). The NCSS (FGLS-like) subpopulation represents the low-risk women in the total
Newborn Cross-sectional Study (NCSS) population, selected using the same eligibility
criteria as in the Fetal Growth Longitudinal Study (FGLS).
SSD = (site mean newborn head circumference – all sites’ mean newborn head
circumference at each GA interval) / all sites’ standard deviation (SD) of newborn
head circumference at each GA interval. SSD was adjusted at the median GA for all sites
at each gestational age interval. SSD at birth are mean values by site across all GAs
35+04 to 40+6 weeks calculated as above. The dashed red horizontal line shows 0.5 SD
[11]
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3.5.4 Sensitivity analysis

A sensitivity analysis was performed to evaluate the effect of excluding the data

from a single site, in comparison with including the data from all eight sites. It

showed whether excluding data from a particular site affected the overall centile fit

based on the pooled data from all eight sites. The sensitivity analysis was based

on the results from the FP regression modelling and was also expressed as SSDs.

The effect of excluding each site’s data on the pooled mean was assessed using

selected percentiles (3rd, 50th and 97th centiles) relative to the pooled mean for each

of the GA categories and expressed as a function of the pooled SD. The graphs for

each measure were compared visually, supported by calculations of SSD for each

centile within the GA windows. The effect of site heterogeneity was assessed. An

acceptable effect was a difference of < 0.50 SSD. If the difference was greater than

this cut-off, further investigation was carried out to establish whether there was a

consistent pattern across different GA windows and other fetal biometry for that

site. If the difference was not consistent across different GA windows and other

fetal biometry, the difference was considered acceptable and no action was taken.

Strategy

1. For each GA category (for example, for CRL, 9 to <10, 10
to <11, 11 to <12, 12 to <13 and 13 to <14 weeks), for
each measure, calculate the observed mean and SD of the
measurements pooled from all eight sites

2. For each measure and GA category, calculate the observed
mean and SD of the measurements pooled from seven sites,
excluding one site at a time

3. Calculate the SSD for each GA category when pooling
the data from seven sites, excluding one site at a time:
SSD = (Observed mean CRL/FHC (mm) when
excluding one site at a time - All sites mean ob-
served CRL/FHC (mm)) / All sites SD of observed
CRL/FHC (mm)

Table 3.6: Summary of the approach used to calculate a standardised site difference
(SSD) for sensitivity analysis. CRL, crown-rump length; FHC, fetal head circumference
GA, gestational age.
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Figure 3.10: Crown-rump length (CRL) at the 3rd, 50th and 97th centiles estimated
using fractional polynomial regression models 30 for the pooled Fetal Growth Longitudinal
Study population (N = 4,265, solid line) and the effects of excluding, one at a time, the
samples from the UK, India, Kenya, and China, whose general populations are usually
believed to have very different sizes from one another. The plot demonstrates that
removing data from these four different populations had no effect or only a minimal
impact on the results from the remaining pooled sample. Exclusion of the other countries
did not have an effect on the centiles either as shown in Tables 3.7 and 3.8 (plot not
shown).
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Figure 3.11: Fetal head circumference at the 3rd, 50th, and 97th percentiles estimated
using fractional polynomial regression models 30 for the pooled Fetal Growth Longitudinal
Study population (N = 4,237, solid line) and the effects of excluding, one at a time, the
samples from the UK, India, Kenya, and China, whose general populations are usually
believed to have very different sizes from one another. The plot demonstrates that
removing data from these four different populations had no effect or only a minimal
impact on the results from the remaining pooled sample. Exclusion of the other countries
did not have an effect on the centiles either as shown in Tables 3.7 and 3.8 (plot not
shown).
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Figure 3.12: Birth length at the 3rd, 50th, and 97th centiles estimated with fractional
polynomial regression models for the pooled FGLS-like subpopulation, which represents
the low-risk proportion of the total Newborn Cross-sectional Study population (N =
20,166) selected with the same eligibility criteria as the Fetal Growth Longitudinal Study
(solid line) and for the pooled sample and the effects of excluding, one at a time, the
samples from the UK, India, Kenya, and China, whose general populations are usually
believed to have very different sizes from one another. The plot demonstrates that
removing data from these four different populations had no effect or only a minimal
impact on the results from the remaining pooled sample. Exclusion of the other countries
did not have an effect on the centiles either as shown in Tables 3.7 and 3.8 (plot not
shown).
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Figure 3.13: Birth head circumference at the 3rd, 50th, and 97th centiles estimated
with fractional polynomial regression models for the pooled FGLS-like subpopulation,
which represents the low-risk proportion of the total Newborn Cross-sectional Study
population (N = 20,046) selected with the same eligibility criteria as the Fetal Growth
Longitudinal Study (solid line), and for the pooled sample and the effects of excluding, one
at a time, the samples from the UK, India, Kenya, and China, whose general populations
are usually believed to have very different sizes from one another. The plot demonstrates
that removing data from these four different populations had no effect or only a minimal
impact on the results from the remaining pooled sample. Exclusion of the other countries
did not have an effect on the centiles either as shown in Tables 3.7 and 3.8 (plot not
shown).
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3.6 Summary of results

The variance component analysis showed that the percentage between-sites variance

of the total variance was 1.9% for CRL, 2.6% for FHC, and 3.5% for BL. The

within-site variance for FHC, the measure repeated during pregnancy, was seven

times higher than the between-sites variance, at 18.6% (Table 3.1). The data

from each site was also modelled by fitting FP regression models. Although the

regression models for each site had different regression coefficients, they were of

similar functional forms. For CRL, four of the eight models had FP powers = 1 for

the mean and SD = 1, two had FP powers = 2 for the mean and SD = 1, one had

FP power = 3 for the mean and SD = 1, and one had FP powers = -2, -2 for the

mean and SD = -2 (Table 3.2 and Figure 3.3). The overall FP model for CRL using

the pooled data had FP powers = 1, 2 for the mean and SD = 1 (Figure 3.4). For

HC, five of the eight models had FP powers = 2, 3 for the mean and SD = 1, and

the remaining three had FP powers = 2, 2 for the mean and SD = 1. (Table 3.2

and Figure 3.5). These FP powers are known to be so similar that their respective

models’ fit can be visually indistinguishable [163]. The overall FP model using the

pooled data had FP powers = 2, 2 for the mean and SD = 1 (Figure 3.6).

The SSD analysis (Table 3.3) showed that the pooled SD for CRL ranged from

3.91 mm at 9+6 weeks to 6.71 mm at 13+6 weeks of gestation (Table 3.4). For

FHC, the pooled SD ranged from 7.52 mm at 18+6 weeks to 11.80 mm at 40+0

weeks (Table 3.5). Ten GA windows, from 9+0 to 40+0 weeks of gestation, were

checked, representing 80 comparisons. Of these, 79 comparisons had values <0.5

of the pooled SD. CRL ranged from -0.36 to +0.36, and FHC ranged from -0.58

(the only value outside the defined range) to +0.46 (Figure 3.7). CRL variability

was constant over time, but there was some evidence of a wider range of SSD

values for FHC with GA, mostly reflecting a smaller pooled SD for FHC rather
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than larger differences between sites (Figure 3.7).

Linear size at birth was evaluated across the sites. The pooled SD ranged from

2.3 cm (at 35+0 to 35+6 weeks of gestation) to 1.7 cm (at 40+0 to 40+6 weeks of

gestation). All of the SSD values for the GA ranges for which an adequate sample

size was available were within the prespecified -0.5 to +0.5 intervals (Figure 3.8).

Figure 3.8 also shows the average SSD per site across all GAs. The SSD values for

BL across sites and GAs were all <0.5 of the pooled SD ranging from -0.33 in India

to +0.26 in China. An SSD analysis of the average SSD measures across GA by site

was also conducted for BHC for the same fetuses in the FGLS cohort to complement

the FHC measures (Figure 3.9). On average, the BHC measures across the eight

sites were consistent with the fetal measures, ranging from -0.55 to 0.42 (Figure 3.9).

Separate sensitivity analyses were conducted for CRL and FHC to evaluate the

effect on the centiles of the remaining pooled sample of removing a single site’s

data (Table 3.6). No substantive effects on the remaining pooled sample’s 3rd, 50th,

and 97th centiles were observed for any of the two primary measures after the data

from any of the eight sites were removed from the pooled data (Tables 3.7 and

3.8). Figures 3.10–3.13 show examples of the sensitivity analyses on the centile

curves derived for CRL, FHC, BL, and BHC, respectively, showing the effects of

excluding the samples from China, India, Kenya, or the UK. The people in the

general populations of these four countries are believed to be very different in size.

Removing fetuses and newborns from any of these four populations had no or only

a minimal effect on the results from the remaining pooled sample.

In summary, the eight sites were compared using SSD analysis during early pregnancy

using CRL (40 comparisons), late pregnancy using FHC (40 comparisons), and at

birth using BL (48 comparisons). Of these 128 comparisons, only one was marginally

greater than the >0.5 cut-off. Across GAs and the sites, the at-birth measure BL

had SSD values well below the <0.5 threshold on average. The results of the
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SSD, variance components, and sensitivity analyses showed that the eight study

populations were sufficiently similar in terms of skeletal size, based on our predefined

criteria, for the data to be pooled to estimate centiles for the pooled population. The

meta-analytic assessment using FP regression showed great similarity in model fit

and functional form for each site’s data and therefore supported and complemented

the results obtained from the other three methods.

3.7 Discussion

There is increasing evidence that the proportion of human genetic variation due to

differences between populations is modest and that the genetic differences between

individuals from the same population are much greater than those between individ-

uals from different populations. For example, epidemiological and clinical studies

have consistently demonstrated similar growth patterns across ethnic groups in

infants and children from relatively affluent, well-nourished backgrounds [164, 165].

Habicht et al. [86] first proposed the now well-established idea that infant and child

growth are more influenced by health, socioeconomic status, and environmental

conditions than by ethnic differences. The strongest scientific evidence in support

of this idea to date was provided by the MGRS of healthy, breastfed children

with minimal environmental, health and nutritional constraints on growth from

six populations in Brazil, Ghana, India, Norway, Oman, and the USA [19, 166].

The study demonstrated striking similarities in the linear growth of the children

from the six sites [19]. The data could therefore be pooled to construct a single

international standard from birth to 5 years of age, which has since been adopted

by more than 140 countries worldwide [18, 167].

The conclusions of two INTERGROWTH-21st systematic recent systematic reviews

strongly supported the need for international standards to assess growth patterns

in the prenatal and neonatal periods [28, 27]. Creating these standards using the
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INTERGROWTH-21st data first required deciding whether the data from the eight

centres could be combined. Although it was clearly desirable that this international

study yield a single set of growth standards, between-country differences may have

been too large to allow such a unified approach. However, there is no standard

methodology available to determine combinability. There is also no consensus on

how best to compare sets of centiles across a range of GAs.

Four complementary methods were used to compare the data from the different

countries: variance component analysis, FP regression, SSD analysis, and sensitivity

analysis. The analyses were conducted under the assumption that the comparisons

should be based on the distance between centiles and that statistical significance was

not relevant to the problem. The criteria used to determine whether the discrepancies

between countries were consistently too large for combinability were largely informed

by the criteria used by the MGRS in their similar work. The exact nature of the

variation between centres was quantified based on statistical considerations but

the level of acceptable variability was set using statistical justifications, biological

plausibility and clinical judgement. This level had to balance the advantages of

a single standard with the consequences of pooling heterogeneous data. Pooling

heterogeneous data would result in misclassification of actual growth patterns or

potential of specific sites. If true differences did exist for a specific site(s), they

would not be detected, resulting in a missed opportunity to investigate further

what could otherwise explain those differences. Misclassifications could have serious

clinical implications for the affected populations or sites.

Variance component analysis was used to demonstrate that only 1.9-–3.5% of the

total variability in fetal skeletal growth and newborn length could be attributed to

between-site differences. This was remarkably similar to the 3% variability reported

by both the MGRS for infant length [19] and Habicht et al. [86] for child height.

SSD analysis (equivalent conceptually to a z-score) conducted in 16 GA windows
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from 9+0 weeks of gestation to birth for CRL, FHC,and BL (128 comparisons)

indicated that only one study site mean deviated marginally (0.58 SD) from the

corresponding pooled mean of all of the sites at the corresponding GA. A sensitivity

analysis that excluded one site at a time from the pooled centiles across GAs for

the four markers of skeletal growth and size showed minimal or no effect on the

means or the 3rd and 97th centiles of the remaining pooled sample.

The sensitivity analysis results are reassuring because excluding data from single

sites had negligible effect on the estimated pooled extreme centiles. There was

some variability between the populations, mostly at the extremes of GA in some

parameters. This variability may have arisen because of true inter-ethnic differences

[19], unstable estimates due to the small sample sizes in some GA windows, or simply

differences in protocol implementation, despite best efforts to standardise rigorously

across the study sites. However, the variability between the sites represented only 3%

of the total variance in skeletal growth, whereas the variability between individuals

within a site was seven times higher (Table 3.1). This finding addresses the a priori

question: whether the variability in the three primary size measures was greater

between populations than within populations [11]. This is of tremendous practical

importance because the results support the notion that the data were similar enough

to be pooled together for the construction of a single international standard. Of

potentially greater biological significance, the principal skeletal growth measure for

comparing newborns across populations, BL, was very similar at all of the sites.

Further details regarding the baseline characteristics, environmental characteristics

and working conditions at each site, supplementation during pregnancy, pregnancy

and perinatal events, and indicators of mortality and morbidity for each site

have been published elsewhere [12, 168]. The results showed that the eight

selected sites were similar at baseline despite their wide geographical diversity,

demonstrating adherence to the recruitment protocol and confirming that the
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populations considered were at low risk of fetal growth impairment and adverse

maternal and perinatal outcomes. The data from the INTERGROWTH-21st Project

were therefore pooled and used to construct international standards for fetal growth

[24], newborn size [169], and preterm postnatal growth [26], and pregnancy

dating chart [21]. The clinical implication for these analyses is that the global

standards generated using the INTERGROWTH-21st data will provide a global

set of international fetal and newborn standards to allow growth to be monitored

from post-conception to childhood.

In summary, the results presented in this chapter have demonstrated that fetal

skeletal growth and newborn linear size were strikingly similar in the eight geo-

graphically diverse populations studied when mothers’ environmental, health and

nutritional conditions were met. This conclusion supports the pooling of the data

for the construction of international standards. The results are in remarkable

agreement with those of the MGRS, and suggest that the differences in fetal growth

and newborn size reported in the literature are more likely due to environmental

and socioeconomic differences than genetic variation, as has been demonstrated

for infants and children. It was important to demonstrate that the data from the

eight sites were similar enough to be pooled together to construct a single unified

global standard, which was done using four complementary statistical methods.

This analysis was a prerequisite for the analyses presented in Chapters 4–6. All of

the analyses that follow were performed using the pooled data from all eight sites.
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4
Statistical methodology for cross-sectional

studies of human growth: Using the

INTERGROWTH-21st Project as a case

study

4.1 Introduction

The way measurements are collected is important. In fetal growth, for example,

when measurements are taken is key as more measurements are generally needed in

periods of most rapid growth to accurately capture the pattern of growth. The way

measurements are taken also informs the choice of analysis. For example, analysing

repeated measures data requires accounting for the non-independence assumption

that underpins most statistical methods. Fetal and newborn size charts are mostly

based on cross-sectional data [28]: each woman or newborn is only measured
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once. This chapter does not provide an exhaustive review of all of the statistical

approaches that can be applied to analyses of cross-sectional data. Instead, it aims

to give a brief overview of common methodology used for deriving charts of fetal

size based on a cross-sectional design. I demonstrate and compare four commonly

used statistical methodologies for constructing GA-related size charts from cross-

sectional data using the mean and SD [92], LMS method [170], LMST, and LMSP

methods [171, 172]. These approaches are compared by evaluating model fits

using goodness-of-fit statistics and diagnostic plots. The INTERGROWTH-21st

birthweight data for boys and girls from the NCSS cohort is used as an example.

4.2 Aims and considerations

The aim of the chapter is to illustrate alternative modelling approaches. The

modelling approaches chosen needed to: (a) develop smooth centiles that offer

a good representation of the raw data; (b) model the data precisely, especially

the outer centiles (e.g., the 3rd and 97th centiles) where variability is greatest;

(c) produce non-crossing centiles; (d) allow estimates of z-scores and centiles to

be obtained; (e) apply continuous age smoothing, not age binning; and (f) offer

flexibility to account for both skewness and kurtosis when necessary. The methods

and modelling approaches are illustrated with newborn weight data from the

INTERGROWTH-21st project. To develop centiles that change smoothly with

GA using simple statistical models without compromising model fit, I identified

modelling approaches that could account for increasing variability with GA, which

is a phenomenon often observed in growth data [92]. I evaluated goodness of

fit both visually and formally using statistical tests. The analysis did not follow

the conventional statistical significance testing approach as no hypotheses were

tested; instead the goal was estimation [22].
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4.3 Data and methods

4.3.1 Data

The data considered here are from the newborns of women who met strict individual

eligibility criteria for a population at low risk of fetal growth impairment from

the NCSS component of the INTERGROWTH-21st Project [25]. Anthropometric

measurements were taken at birth using an electronic scale (Seca, Germany) to

measure birthweight, a specifically designed Harpenden infantometer (Chasmors

Ltd, UK) to measure BL and a metallic non-extendable tape (Chasmors Ltd, UK) to

measure BHC [173]. The NCSS enrolled 59,137 pregnant women at the eight study

sites, of whom 20,486 (34.6% of the NCSS population) met the individual clinical

and demographic eligibility criteria for inclusion in the newborn standards, had a

reliable ultrasound estimate of GA and delivered a live singleton without a congenital

malformation. These newborns constitute the NCSS prescriptive sub-population.

To obtain precise estimates at each GA, a threshold of at least 50 observations for

each GA was desired to construct the standards. This criterion resulted in 33 weeks

as the lower limit and 112 babies were excluded. During data cleaning, we excluded

a further 72 babies because they were regarded as implausible within each study

site’s distribution or were more than 5 SD of the all sites GA-specific mean. The

final sample of 20,302 babies was therefore used to construct the standards and

is the basis upon which the analyses reported here are based.

4.4 Methodology background

The choice of statistical methods was informed by recommendations by Alt-

man and Chitty, recent literature reviews [92, 105, 67, 174, 175, 147], and the

INTERGROWTH-21st systematic review of the methodology used in previous

ultrasound studies that created fetal size references [28]. A normality assumption
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is the basis of most statistical methods and is thus commonly applied in data

analysis. In the current context, the issue is whether the measurements of fetuses

or newborns are normally distributed at a specific GA. This assumption underpins

the mean and SD method.

When the normality assumption is violated, logarithmic transformation is commonly

used due to its desirable mathematical properties of back-transformation to original

values [176], ease of fit and variance stabilisation [96]. Logarithmic transformation

can be extended to shifted logarithmic transformation of the form log(y + k),

although it is rarely used in practice. This simply involves adding or subtracting a

constant number, k, based on whether the distribution of the dependent variable is

negatively or positively skewed. To obtain estimates in the original scale, the final

model is first back-transformed using antilog, then the constant, k, is subtracted.

The normal, log-normal, and shifted log-normal distributions are all two-parameter

distributions defined by the mean (µ) and variance (σ2). The normal distribution

is denoted by NO(µ, σ2).

New approaches for fetal and neonatal size reference construction extend these

two-parameter models to three- and four-parameter models by exploring more

flexible distributions that offer a good representation of the data. In addition to µ

and σ, they use shape parameters such as nu (υ) for measuring skewness and tau

(τ) for measuring kurtosis. For example, the power exponential distribution [177]

is a three-parameter distribution, PE(µ,σ,τ), and is suitable for data with higher

kurtosis (leptokurtic) and lower kurtosis (platykurtic) than the normal distribution.

The t-family distribution is a three-parameter distribution, TF(µ,σ,τ), and is

suitable for modelling leptokurtic data. The Box-Cox Cole and Green distribution

(BCCG), sometimes called the Box-Cox normal (BCN) distribution [163], is a

three-parameter distribution, BCCG(µ,σ,υ), and is suitable for modelling skewed

data. It is defined by a transformed random variable, Z, which is assumed to follow
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a normal distribution. It is suitable for positively or negatively skewed data.

The Box-Cox t (BCT) distribution proposed by by Rigby and Stasinopoulos [171]

is a four-parameter distribution (µ,σ,υ,τ) denoted by BCT(µ,σ,υ,τ) and is defined

through a transformed random variable, Z, that is assumed to follow a truncated

t-distribution with degrees of freedom τ > 0, treated as a continuous parameter.

The Box Cox Power Exponential (BCPE) model (Rigby and Stasinopoulos, 2004)

[172] is a four-parameter distribution (µ,σ,υ,τ) denoted by BCPE(µ,σ,υ,τ) and is

defined through a transformed random variable, Z, that is assumed to follow a

standard power exponential distribution with power parameter, τ > 0, treated as

a continuous parameter. The BCPE distribution is flexible. It simplifies to the

normal distribution when υ = 1 and τ = 2, and simplifies to the BCCG when υ 6= 1

and τ = 2 (the LMS method distribution). The parameters that define a given

distribution are the median (µ), coefficient of variation (σ), Box-Cox transformation

power (υ), and a parameter related to kurtosis(τ).

4.5 Analytical approaches

There are several different methods available for the construction of age-related

centiles, each of them with advantages and limitations [147]. A single method is

unlikely to be able to overcome all data modelling challenges associated with these

data. Although some methods will apply for most situations, inevitably a number

of features unique to different methods will be desirable. In January 2003, the

WHO convened a group of statisticians and child growth experts to review available

methods for constructing age-related centiles and develop a strategy for assessing

their strengths and weaknesses. The group reviewed 30 methods for attained growth

curves and agreed on four methods: the mean and SD method (using FPs), LMS

method, LMST method, and LMSP method [147]. The INTERGROWTH-21st

systematic reviews of the methodological quality of studies designed to create fetal
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and neonatal anthropometric charts revealed that these four methods are the most

common and widely used for constructing reference charts [28, 16]. Based on the

aims and considerations of the preferred modelling methods coupled with findings

from the WHO review and our systematic review, I decided to focus on these

methods for the analyses of the newborn data. Four approaches were evaluated:

the mean and SD, LMS, LMST, and LMSP methods.

4.5.1 Mean and SD method

The mean and SD method is the most common parametric approach. It is based

on the assumption that for each GA, the measurement of interest has a normal

distribution with a mean and SD that vary smoothly with GA. A desired centile

curve is calculated using:

Cα = µ+K × SD, (4.1)

where K is the normal equivalent deviate (z score) corresponding to a particular

centile, e.g., K = 1.88 for the 97th centile and -1.88 for the 3rd centile, and µ and

SD are the mean and standard deviation, respectively at the required GA for the

reference population. The mean and SD method is based on least squares regression

analysis, in which the mean and SD centile curves are modelled as polynomial

functions of GA. The mean and SD method fits separate models for the mean and SD

to account for the increasing variability with GA that is typical of fetal and newborn

data. Either conventional polynomials or FPs can be used. The method requires

the assumption of a normal distribution, as when using conventional polynomials.

I used Royston and Altman’s [163] FPs due to their great flexibility in allowing

non-integer powers, logarithms, and repetition of powers [163, 94], and because they

have been shown to fit fetal data very well [92, 67, 163, 104, 178, 179, 36, 78]. FPs

are defined by power terms restricted to a predefined set of integer and non-integer
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values, p (-2, -1, -0.5, 0, 0.5, 1, 2, 3). The best power transformation, xp, is chosen

from the set of powers, p, with software. An automated algorithm for selecting

these powers has already been implemented in the statistical software programs

STATA and R. The term x0 denotes log(x) rather than x0 = 1. The degree of an

FP model, m, is defined as the number of powers, p, of the explanatory variable.

For instance, a first-degree FP (FP1) model with power p will be of the form Y

= b0 + b1x
p1 and an FP2 of the form Y = b0 + b1x

p1 + b2x
p2 . FP1, FP2, and FP3

models relating newborn anthropometric measures to GA were explored.

4.5.2 LMS method

Van’t Hof, Wit, and Roode [180] first suggested a method to deal with non-

normal anthropometry data. Using skewed skinfold data as an example, they

suggested a power transform [181] at each age to remove skewness, making the

data approximately normally distributed. The proposed method consists of seven

steps, which allows the power transform to change smoothly with age and to vary

from one age to another. Cole [182, 183] generalised this method using three

parameters λ, µ, and σ, the initials of which are respectively L, M, and S, giving

rise to the name LMS method. The LMS method assumes that the given power of

a biometric or anthropometric trait at a given age follows a normal distribution and

thus that the data can be summarised by three age-dependent functions. M(t) and

S(t) represent the median and coefficient of variation (SD/median), respectively,

of each biometric trait at each age. L(t) represents the value of the power needed

to normalise the data at each age.

The three curves, L(t), M(t), and S(t) are estimated as cubic splines by non-linear

regression and by maximising the penalised likelihood. Three smoothing parameters

for the three curves are thus obtained (equivalent degrees of freedom (edf)) from

each fitted curve as a function of the smoothing parameters. The edf of each L, M,
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and S curve is a measure of complexity. For example, edf = 1 indicates a constant,

edf = 2 refers to a straight line, edf = 3 is a quadratic curve, and edf ≥ 4 refers to

more complex curve shapes. The choice of edf is somewhat subjective and is an

indication of how well the data has been smoothed. Low and high edfs correspond

to over- and under-smoothed curves, respectively. It is desirable to balance between

model complexity (in terms of smoothing) and model fit to the raw data. The

three curves together allow any centile to be calculated:

C100α(t) = M(t)(1 + L(t)S(t)Zα)(1/L(t)) L(t) 6= 0, (4.2)

or

C100α(t) = M(t)exp[S(t)Zα] L(t) = 0, (4.3)

where C100α(t) is the expected value of a given centile 100α of a measured anthro-

pometry at a given age, M(t) is the median, S(t) is the coefficient of variation,

L(t) is the power transform and Zα is the normal equivalent deviate of size α (SD

score or z-score). SD scores (SDS) are recommended for making direct comparisons

between different anthropometric measures and can also be used to compare different

populations [170, 182]. The SDS values for an individual can similarly be obtained:

SDS = [y(t)/M(t)]L(t) − 1
L(t)S(t) L(t) 6= 0, (4.4)

or

SDS = log[(y(t)/M(t)]
S(t) L(t) = 0, (4.5)

where y(t) is the measured anthropometry for the child at a given age t, M(t) is the

median, S(t) is the coefficient of variation, and L(t) is the power transform at

that age [170].
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4.5.3 LMS extensions: the LMST and LMSP methods

The LMST method proposed by Rigby and Stasinopolous [171] is an extension

of the LMS method that models both skewness and kurtosis larger than 3. It can

be used to model excess kurtosis over the normal distribution (leptokurtic data)

when the Box-Cox transformation fails to transform the data close to normality

due to the presence of kurtosis.

The LMSP method proposed by Rigby and Stasinopolous [172] is also an extension

of the LMS method that models both skewness and kurtosis. Unlike the LMST

method, which can only model leptokurtic data, the LMSP method can model any

type of kurtosis, i.e., leptokutosis, platykutosis, or mesokurtosis. The LMSP achieve

this greater utility by using the more flexible BCPE distribution.

4.6 Model selection

Seven candidate models were created with the mean and SD method, one two-

parameter model, two three-parameter models, and four four-parameter models.

One candidate three-parameter model was created with the LMS method. Two

candidate four-parameter models were created with the LMS extension methods,

one LMST and one LMSP. The best model within each class of models was identified,

i.e., the best two-, three-, and four-parameter models were each identified. Using

this information, the single best model across the classes created by a particular

approach (either the mean and SD method or the LMS method and its extensions)

was identified in an add-up stepwise fashion, starting from the simplest class. The

Akaike information criterion (AIC) and Bayesian information criterion (BIC) were

used to compare the fit of the models within and across classes [184]. Model choice

was not based on AIC and BIC alone as other criteria were also considered. For

example, aesthetic appeal of the fitted models to the raw data was also considered. In
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addition, simpler models that showed equally good model fits when compared to more

complex models that resulted in small differences in AIC and BIC were preferred.

Desirability of having models with the same functional form for the males and females

data was also considered. Models that fitted well across the entire GA range were

deemed to be better that models with a smaller AIC or BIC but showed inadequate

fit or unexpected shifts in centiles especially at either ends of the distribution.

4.7 Diagnostics

Goodness of fit of the resultant model was assessed by comparing residuals (observed

values minus fitted values) according to GA. Formal statistical testing such as the

AIC, BIC, and Q-statistic, was also conducted and considered when deciding

whether to select a more complex model. Overall model fit was visually evaluated

using quantile-quantile plots of the residuals, which can reveal any departures from

normality; plots of residual vs. fitted values; and the distribution of fitted z-scores

across GAs. The worm plot introduced by van Buuren et al. [185] can either consist

of a collection of detrended quantile-quantile plots, each of which applies to a GA

group, or a single worm plot, representing the entire GA range. Residuals were

calculated by subtracting each empirical quantile from its corresponding unit normal

quantile. They were calculated according to GA to identify regions or intervals of

GA within which the model did not fit the data adequately, in a process called model

violation. This is a diagnostic tool for checking the residuals for different ranges non-

overlapping ranges of the explanatory variable. A model that fits the data well should

resemble a flat worm-like string. Any sudden changes in the shape and location of

the worm represent regions where the data has been inadequately modelled.

Royston and Wright [186] proposed a goodness-of-fit test (Q-test) based on the

distribution of fitted z-scores by testing the four moments (µ, σ, υ, τ) for normality

across age using the modified D’Agostino [187] and Shapiro-Wilk tests. The
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Q-test was used to find moments in the distributions that were poorly modelled.

The Q-statistic from a particular age range was also used to indicate whether the

corresponding moment was adequately modelled.

The Q-test combined with the worm plot patterns provided a robust assessment

of each model’s goodness-of-fit, especially in terms of evaluating local fit. Group-

specific Q-test statistics resulting in absolute values of z1, z2, z3, or z4 that were

larger than 2 were interpreted to indicate a misfit of mean variance, skewness, or

kurtosis, respectively. The overall Q-test statistics combining all of the groups

were based on a Chi-square distribution, which assumes that observations from

different groups are independent.

4.8 Implementation

The models were fitted using the generalised additive models for location, scale and

shape (GAMLSS) framework [188], available in the statistical software package R

[189]. The GAMLSS model allows the distribution parameters µ, σ, ν and τ to be

modelled as linear, non-linear parametric and non-parametric (smooth) functions

of GA. The GAMLSS package provides a comprehensive framework with great

flexibility and options for using different methodologies (e.g., the mean and SD

method using FPs and the LMS method), distributions (e.g., the skew t-distribution

type 3 and power exponential distribution), smoothing techniques (e.g., penalised

splines and cubic splines), and diagnostics (e.g., worm plots and Q-statistics).

4.9 Results

Table 4.1 summarises the number of birthweight measurements according to GA

for all of the newborns, divided into boys and girls. Scatter plots of the raw

newborn size measurements of birthweight by GA for boys and girls are shown

in Figure 4.1. The distributions of measurements were fairly similar for boys and
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girls across GA, except at 33 weeks (Table 4.1, and Figure 4.1). The newborn

data were close to being conditionally normal (‘well-behaved’) on GA and thus the

different methods gave similar results, as Table 4.2 shows. Higher degree FPs, such

as FP3, were not required. Boys and girls were analysed separately. Figure 4.2

summarises the analytical methods, associated distributions, smoothing techniques,

and diagnostic tests used to evaluate model fit.

Table 4.2 shows the 20 models tested from the four methodological approaches and

how well each model fitted the newborn data. The fitted centiles and corresponding

goodness-of-fit plots for the 20 models are shown in Figures 4.3a–4.12b. These figures

show similar plots for each model. Figure 4.3a (male birthweight) is described

as a representative example.

The top left panel shows a simple FP fit of a two-parameter model, assuming

a normal distribution (two powers for the mean and one for the SD) for male

birthweight (mean and SD method). This plot is useful for demonstrating how the

distribution of birthweight changes according to GA in two-week intervals. It is

an informative way of assessing the distribution of the data by GA which can be

useful for judging the modelling method choice. Patterns of non-normal data by

GA can easily be detected and corrected for, as appropriate. In this plot, the data

seem to be reasonably normally distributed by GA. Simple models based on the

normality assumption should therefore perform well for these data.

The top middle panel shows the fitted 3rd, 50th, and 97th smoothed centiles according

to GA. The top middle panel plot provides a visual assessment of whether the

smooth centiles offer a good representation of the raw data. In this plot, one can

see a tendency for slight deviations of model fit for the 97th centile to areas with no

data at lower GA, < 35 weeks, (overestimation). Similarly, for higher GAs, > 41

weeks, predictions at the 97th centile seem to have been underestimated.

The top right panel shows a worm plot. The worm plot is useful for identifying
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regions or intervals of GA within which the model did not fit the data adequately.

The vertical axis of the worm plot portrays the difference between each observation’s

location in the theoretical and empirical distributions. The two elliptic curves

represent ‘acceptance region’ for a well-fitting model if the worm lies inside the two

elliptic curves. The red curve in the plot is a penalised spline polynomial fitted to

the points on the plot. The shape of the worm indicates how the data differ from

the assumed underlying distribution and suggests useful modifications to the model.

A flat worm indicates that the data follow the assumed distribution in that age

group. Any sudden changes in the shape and location of the worm represent regions

where the data were inadequately modelled. In this plot, the worm plot is flat for

most of the middle age range, but changes shape and deviates from the expected

zero line at lower and upper GAs. As some observations fall outside the two elliptic

curves, the overall model appears not to have fitted well. This is a clear indication of

inadequate model fit for male birthweight data at the lower and upper ranges of GA.

The bottom left panel shows a scatter plot of the residuals according to GA. The plot

shows if and how the variability changes with gestation and is useful for checking

whether variability of birthweight with GA (typical of newborn data) has been

accounted for. The plot can be used to check for unexpected patterns and whether

the expected proportion of values falls between or outside the expected z-scores

(for example, 95% of values should lie within ± 2 z-scores, 2.5% below, and 2.5%

above). In this plot, the variability seems reasonably constant according to GA

except for earlier GA with a paucity of data.

The bottom middle plot shows a normal Q-Q plot of z-scores. It evaluates whether

the residuals have a close-to-normal distribution. This is signified by a straight line

cutting through the plot at 45° degrees. In this plot, similar to deductions made

from the worm plot, there is deviation from a normal distribution at the bottom

and top ends of the distribution representing the lower and upper ranges of GA.
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The Q-statistic plot for specified GA ranges is shown in the bottom right panel.

This plot is useful for testing normality and is based on the distribution of fitted

z-scores by testing the four moments (µ,σ,υ, and τ) across GA. The Q-statistic

from a particular GA range indicates whether the corresponding moment (µ,σ,υ,τ)

was adequately modelled. The plot shows group-specific Q-test statistics resulting

in absolute values of Q1, Q2, Q3, and Q4 (representing µ,σ,υ, and τ). Absolute

values for each of the moments are represented by circles. The bigger the absolute

values, the bigger the circle, and vice versa. Absolute values that are greater than 2

are shown in big red circles with a square inside the circle, while those less than

2 are shown in smaller blue circles. Any absolute values of Q1, Q2, Q3, and Q4

that are larger than 2 (big red circles) indicate a misfit of µ,σ,υ, and τ respectively:

the residuals have a higher (or lower) µ,σ,υ, or τ than the null standard normal

distribution. In this plot, the big red circles in Q3 (the third moment, skewness) and

Q4 (the fourth moment, kurtosis) show that the data were skewed and kurtotic for

these respective gestational ranges (38 to 41 weeks) and that these moments were not

modelled adequately. The remaining two moments, mean (Q1) and variance (Q2),

appear to have been modelled adequately, as they are depicted by very small blue

circles. Similar observations can be made about the model fit for girls in Figure 4.3b.

For boys and girls, a three-parameter model fit assuming a power exponential

model offered an improved fit over the two-parameter model, based on the Q-Q

plot in Figures 4.4a and 4.4b. The Q-statistic plots show that skewness was still

inadequately modelled. Fitting a three-parameter BCCG distribution, as expected,

modelled the skewness appropriately, but not kurtosis (Figures 4.5a and 4.5b).

The four-parameter models, created with the BCT, skew exponential power type 3,

skew t-distribution type 3, and BCPE distribution, offered significantly improved

fits to the data. The BCT, skew exponential power type 3, and BCPE distributions

gave very similar results. In Figures 4.6a–4.9b, the worm plots are flatter when
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compared to the worm plots in Figures 4.4a–4.5b, and their Q-Q plots follow a

straight line at 45° degrees on the expected line. The Q-statistic plots suggest a

misfit for certain gestational ranges and the fitted 3rd and 97th centiles show a

tendency to drift away from the data at lower GA (Figures 4.6a–4.9b).

Figures 4.10a and 4.10b show model fits for the LMS method. Fitting a BCCG

distribution for male birthweight data failed to converge and therefore a normal

distribution was fitted instead. The BCCG distribution was successfully fitted to

the female birthweight data. The figures show that the model fit, as the fitted

centiles are not smooth for lower GA (boys), the worm plots are not flat, the Q-Q

plots show deviations from the expected line, and the Q-statistic plot show that

skewness and kurtosis were inadequately modelled.

The LMST and LMSP methods greatly improved on the LMS method. However, in

Figures 4.11a–4.12b, the model fits drift away from the data for lower GA, worm

plots are not flat, and Q-statistic plots show inadequate fit for some moments

at certain gestational ranges.
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Birthweight
Gestational age (completed weeks) Boys Girls

Number of observations Number of observations
33 34 17
34 48 65
35 128 114
36 323 293
37 857 803
38 2,045 1,802
39 3,009 2,869
40 2,568 2,523
41 1,179 1,195
42 206 224

Total 10,397 9,905

Table 4.1: Number of birthweight measurements according to gestational age for boys
and girls.

Figure 4.1: Scatter plot of birthweight measurements by gestational age for boys (left,
blue) and girls (right, pink).
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Figure 4.2: Summary of the methodological approaches tested.

BCCG, Box-Cox Cole and Green distribution; BCPE, Box-Cox Power Exponential

distribution; BCT, Box-Cox t-distribution; EN, exponential normal distribution;

MEN, modulus exponential normal distribution; MPN, modulus power normal

distribution; SL, shifted (or three-parameter) lognormal distribution; NO, normal

distribution; PN, power normal (or Box-Cox) distribution.

4.10 Results of the mean and standard deviation

method

The mean and SD were modelled separately. Table 4.2 shows the seven models

that were fitted and how well each model fit the newborn data using the mean and

SD approach. The fitted centiles and corresponding goodness-of-fit plots for the

seven models are shown in Figures 4.3a–4.12b. The best FP mean and SD model

used an FP2 to model the mean and a linear FP1 to model the SD, skewness, or

kurtosis as appropriate. For each model, the plots show (a) how the distribution of
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birthweight changed according to GA, (b) the fitted 3rd, 50th and 97th smoothed

centiles across GA, (c) a worm plot, (d) a scatter plot of the residuals by GA, (e)

normal Q-Q plots of the z scores and (f) the Q-statistic for specified GA ranges. As

already described, the overall model fit was evaluated using these plots.

For boys and girls, the lowest AIC, BIC, and global deviance for the mean and SD

models (M1 – M7) were those based on the skew exponential power type 3 (model

M5) and skew t-distribution type 3 (model M6) distributions (Table 4.2). For boys,

based on the AIC, BIC, and global deviances, the three-parameter model based

on the power exponential distribution (model M2) offered a significantly better

fit (global deviance = 11,475.9) than the two-parameter model based on a normal

distribution (model M1, global deviance = 11,530.6).

For girls, the three-parameter models based on power exponential (model M2, global

deviance = 10,106.6) and on the BCCG distribution (model M3, global deviance =

10,105.9) fit significantly better than the two-parameter model (model M1, global

deviance = 10,167.5). Unsurprisingly, the four-parameter models performed better

than the two- and three-parameter models. There were only small differences

between the four-parameter models, with deviances ranging from 11,428 for the

skew t-distribution type 3 model (model M6) to 11,444.6 for the BCPE model

(model M7) (Table 4.2).

The skew t-distribution type 3 distribution provided the best fit for boys and girls,

judging by the fitted smoothed centiles, which offered a good representation of the

data); the completely flat worm plots; the observations all falling within the the

two elliptic curves indicating the ‘acceptable’ regions; the Q-Q plots following a

straight line at 45° degrees on the expected line; and the adequate modelling of

most of the moments, outside certain gestational ranges.

Model choice was not only based on models with the lowest AIC and BIC values.

Other considerations such as having one functional form (distribution) of the
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FP model for birthweight data for boys and girls (though modelled separately)

were considered.
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Mean and SD method: Two-parameter models

Figure 4.3a: The mean and SD method: Fractional polynomial fit of a two-parameter
model assuming a normal distribution (two powers for the mean and one for the SD) for
male birthweight (Model: M1_B, Table 4.2).

Figure 4.3b: The mean and SD method: Fractional polynomial fit of a two-parameter
model assuming a normal distribution (two powers for the mean and one for the SD) for
female birthweight (Model: M1_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel).
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Mean and SD method: Three-parameter models

Figure 4.4a: The mean and SD method: Fractional polynomial fit of a three-parameter
model assuming a power exponential distribution (two powers for the mean, one for the
SD, and one for skewness) for male birthweight (Model: M2_B, Table 4.2).

Figure 4.4b: The mean and SD method: Fractional polynomial fit of a three-parameter
model assuming a power exponential distribution (two powers for the mean, one for the
SD, and one for skewness) for female birthweight (Model: M2_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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Figure 4.5a: The mean and SD method: Fractional polynomial fit of a three-parameter
model assuming a Box-Cox Cole and Green distribution (two powers for the mean, one
for the SD, and one for skewness) for male birthweight (Model: M3_B, Table 4.2).

Figure 4.5b: The mean and SD method: Fractional polynomial fit of a three-parameter
model assuming a Box-Cox Cole and Green distribution (two powers for the mean, one
for the SD, and one for skewness) for female birthweight (Model: M3_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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Mean and SD method: Four-parameter models

Figure 4.6a: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a Box-Cox t-distribution (BCT) (two powers for the mean, one for the
SD, one for skewness and one for kurtosis) for male birthweight (Model: M4_B, Table
4.2).

Figure 4.6b: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a Box-Cox t-distribution (two powers for the mean, one for the SD, one
for skewness and one for kurtosis) for female birthweight (Model: M4_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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Figure 4.7a: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a skew exponential power type 3 (two powers for the mean, one for the
SD, one for skewness and one for kurtosis) for male birthweight (Model: M5_B, Table
4.2).

Figure 4.7b: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a skew exponential power type 3 (two powers for the mean, one for the
SD, one for skewness and one for kurtosis) for female birthweight (Model: M5_G, Table
4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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Figure 4.8a: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a skew t-distribution type 3 distribution (two powers for the mean, one
for the SD, one for skewness and one for kurtosis) for male birthweight (Model: M6_B,
Table 4.2).

Figure 4.8b: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a skew t-distribution type 3 distribution (two powers for the mean, one
for the SD, one for skewness and one for kurtosis) for female birthweight (Model: M6_G,
Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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Figure 4.9a: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a Box-Cox power exponential distribution (two powers for the mean, one
for the SD, one for skewness and one for kurtosis) for male birthweight (Model: M7_B,
Table 4.2).

Figure 4.9b: The mean and SD method: Fractional polynomial fit of a four-parameter
model assuming a Box-Cox power exponential distribution (two powers for the mean, one
for the SD, one for skewness and one for kurtosis) for female birthweight (Model: M7_G,
Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)

4.11 Results of the LMS, LMST, and LMSPmeth-

ods

In the LMS method and its extensions, a Box-Cox power transformation of GA

was required to remove skewness and normalise the data for the construction of the
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centile curves. GA was therefore modelled as GA3/2 rather than GA. After this

transformation, skewness and kurtosis did not seem to vary by GA and were thus

modelled as a constant. Of the three methods, the LMST method provided the best

fit for boys (model M9) with a global deviance of 11,419.1, compared with 11,495.7

for the LMS method and 11,426.9 for the LMSP method. The LMSP method

provided the best fit for girls (model M10), with a lower global deviance than the

LMS and LMST methods. For boys, the LMS method did not converge under a

BCCG distribution and thus a normal distribution was fitted instead (Table 4.2).
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LMS method

Figure 4.10a: The LMS method: Based on a two-parameter model assuming a normal
distribution after the Box-Cox Cole and Green distribution failed. The model was fitted
on log(n) where n = sample size for male birthweight (n = 10,320) with a transformation
for gestational age = 1.5 (Model: M8_B, Table 4.2).

Figure 4.10b: The LMS method: Based on a three-parameter model assuming a Box-
Cox Cole and Green distribution. The model was fitted on log(n) where n = sample size
for female birthweight (n = 9,825) with a transformation for gestational age = 1.5 (Model:
M8_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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LMST method

Figure 4.11a: The LMST method: Based on a four-parameter model assuming a Box-
Cox-t distribution. The model was fitted on log(n) where n = sample size for male
birthweight (n = 10,320) with a transformation for gestational age = 1.5 (Model: M9_B,
Table 4.2).

Figure 4.11b: The LMST method: Based on a four-parameter model assuming a Box-
Cox-t distribution. The model was fitted on log(n) where n = sample size for female
birthweight (n = 9,825) with a transformation for gestational age = 1.5 (Model: M9_G,
Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z-scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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LMSP method

Figure 4.12a: The LMSP method: Based on a four-parameter model assuming a Box-
Cox power exponential distribution. The model was fitted on log(n) where n = sample
size for male birthweight (n = 10,320) with a transformation for gestational age = 1.5
(Model: M10_B, Table 4.2).

Figure 4.12b: The LMSP method: Based on a four-parameter model assuming a Box-
Cox power exponential distribution. The model was fitted on log(n) where n = sample
size for female birthweight (n = 9,825) with a transformation for gestational age = 1.5
(Model: M10_G, Table 4.2).

The plots show: (a) the distribution of birthweight according to gestational age (top left panel),
(b) the fitted 3rd, 50th, and 97th smoothed centiles according to gestational age (top middle panel),
(c) a worm plot (top right panel), (d) a scatter plot of the residuals according to gestational age
(bottom left panel), (e) normal Q-Q plots of the distribution of z scores (bottom middle panel),
and (f) the Q-statistic for specified gestational age ranges (bottom right panel)
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4.12 Discussion

This chapter has described the principal methodologies available for the construction

of age-specific reference centiles. I have demonstrated their application using the

recently published INTERGROWTH-21st newborn data for weight [25]. The choice

of methodology is important as inaccurate centiles resulting from inferior methods

can lead to incorrect judgements about fetal size development, resulting in sub-

optimal clinical care [190]. Choosing the best model from among many is not trivial,

especially when dealing with large datasets such as the INTERGROWTH-21st data

(N = 20,302). Significance testing and goodness-of-fit statistics like the likelihood

ratio test or the AIC are usually used to discriminate between models. However,

these methods tend not to be useful when examining large datasets, as very small

differences are statistically significant even if they are indistinguishable on actual

centile plots. Model choice should not be based on statistical considerations alone,

but also on the quality of the fit to the data and the aesthetic appearance of the

model fit across the GA range. Reference centiles should ideally be produced that

have the best fit to the data and change smoothly with GA using as simple a

statistical model as possible that can easily be transformed into z-scores (SDS

scores), to ensure comparability and usability.

I have explored a variety of methods and models for fitting reference centiles. In

selecting the best model, considerations such as identifying a common distribution

for boys and girls that best represents the birthweight data were taken into account.

I preferred to use the same functional FP model form for boys and girls, even though

their data were modelled separately. Based on these considerations and a following

a thorough analysis of the diagnostic plots, I selected the skew t-distribution (type

3) [191] with four parameters (µ, σ, υ, and τ) as the most appropriate distribution

for constructing birthweight curves for boys and girls.
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I used FPs with two powers for the mean and one for the SD to obtain the

fractional powers. These powers were incorporated in a GAMLSS framework to

model skewness and kurtosis. The values for skewness and kurtosis were constant

but non-zero, as they did not vary with GA.

Before starting this analysis, I had not anticipated that modelling the birthweight

data would need a more complex distribution than the normal distribution. I

believe the requirement for more complex distributions can be explained by our

carefully selected population of healthy women. These women primarily had good

pregnancy outcomes. This led to what I refer to as ’data heaping’: very few

deliveries were observed in early gestation (< 34 weeks) as most of the women

had term deliveries (≥ 37 weeks). This data heaping posed challenges for the

data modelling due to the non-uniform distribution of the data across GA. Having

significantly more data points in late gestation affected the fit at the bottom end

of the distribution. A more complex distribution that accounted for skewness and

kurtosis was therefore required. Data heaping can also be overcome by selecting

a sub-sample of observations to artificially construct a database with a balanced

number of observations over the range of GA or weight measurements. However,

this method discards and wastes data, which is not recommended given the time

and cost associated with obtaining the data [192]. A weighting approach can also

be used, in which more weight is assigned to the few observations at the bottom of

the distribution and less weight to data points lying with the majority of the data.

The LMS method provided a suitable alternative for modelling this dataset due

to its flexibility, ability to account for skewness, and closed formulation to the

normal distribution based on the L, M, and S curves. However, it did not perform

well with the sparse data near the end of the age range (called edge effects) and

the Box-Cox transformation did not adjust for the presence of kurtosis, which

were both characteristics of these data. Quantile regression techniques are often
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used to model growth data and have been shown to perform as well as parametric

methods [193, 194, 195, 196, 197]. These methods allow quantiles to be estimated

as a smooth function of GA without making any distributional assumptions about

the data. However, nonparametric methods were not considered here because they

lack a simple closed formula that can be used to estimate any desired centile or

z-scores for individuals. They therefore do not allow direct comparisons between

groups and are not easy to use clinically.

In this chapter, I have demonstrated the application of the mean and SD, LMS,

LMST, and LMSP methods using birthweight data from the INTERGROWTH-21st

NCSS. The methodology and statistical considerations discussed here were also

applied to the newborn BL and BHC data. These considerations and methodology

were key to developing the recently published international newborn standards [25].

The mean and SD method was sufficient for modelling the fetal size data.
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5
Statistical methodology for longitudinal

studies of human growth: Using the

INTERGROWTH-21st Project as a case

study

5.1 Introduction

In chapter 4, I considered various analytical approaches for cross-sectional data.

However, fetal and newborn size charts can also be constructed from longitudinal

data. Analysis of longitudinal studies is complex and supported by a rather limited

literature [67, 92]. Repeated measures data pose analytical challenges that require

different analysis techniques to single measures data, because such data deviate

from the independence of observations assumption that most classical statistical

methods are based on. The effect of correlation between measurements of the
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same subject at different ages, number of replicates per measurement, and the

number of observations per subject need to be considered [198, 104]. A multi-

level analysis accounts for the non-independence of observations by considering

the hierarchical structure of the data and the correlation between measurements

from the same fetus at different GAs.

The intention of this chapter is not to provide an exhaustive review of all of the

statistical approaches that can be applied in the analysis of longitudinal data.

Instead it aims to give a brief overview of common methodology used for deriving

charts of fetal size based on a longitudinal design. In this chapter, I demonstrate

and compare statistical methodologies for constructing GA-related size charts from

longitudinal data (repeated measures data). FHC from the INTERGROWTH-21st

Project is used as an example. I demonstrate the analysis using FP regression

embedded in a multi-level framework. The effect of fitting various multi-level models

is evaluated by fitting a two-level random intercept model, a two-level random

intercept and slope model, a two-level random intercept and slope model fitted to a

randomly selected single HC observation from a set of triplicate measurements for

each woman at each visit, and a three-level random intercept and slope model.

I investigate and assess the effect of ignoring various design aspects of the repeated

FHC data by (a) ignoring the multi-level structure of all FHC data by treating it

like cross-sectional data, (b) randomly selecting a single HC measurement from a set

of triplicate HC measurements taken at each visit for each woman to evaluate the

value of repeated measurements, and (c) transforming the longitudinal FHC data

to cross-sectional data (reducing the dataset) by selecting one HC measurement

per woman at one time point at random, to evaluate the effect of reducing the

data sample size. I compare the model fits from these three approaches using

goodness-of-fit statistics and diagnostic plots.
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5.2 Data

Ultrasound was used to take fetal anthropometric measurements prospectively from

14+0 weeks until birth in a cohort of women with optimal health and adequate

nutritional status who were at low risk of intrauterine growth restriction. In

this analysis, I only considered FHC obtained every 5 weeks (± 1 week) from

14+0 to 42+0 weeks gestation. At each visit, HC was measured three times from

three separately obtained ultrasound images in a blinded fashion, i.e., previous

measurements of each structure were not available to the assessor through suppressed

display [24]. The decision to take triplicate measurements was made at the design

stage following advice from an expert ultrasonographer. True replicates were

used as taking three measurements of the same image would show much less

between-replicate information and was not considered to be worthwhile. The study

recruited 4,233 women who each visited one to six times during pregnancy ( 95%

visited at least four times), giving 20,030 women visits. With three ultrasounds

at each visit, 59,973 FHC observations were made across the eight sites (117

ultrasound measures were missing).

The longitudinal design introduced another level of complexity. The data struc-

ture was composed of a three-level hierarchy, measurements within visits within

participants. Level 1 is the triplicate measurements taken at each visit, HC1, HC2,

and HC3, the first, second and third measurements, respectively. Level 2 is the

repeated ultrasound measurements taken for each woman over multiple visits during

pregnancy. Level 3 is the measurements taken from women in a particular site

(country). The data analysis must consider the hierarchical structure of the data

and the correlations of the measurements within a subject and between subjects at

a given site. Table 5.1 summarises the number of follow-up visits, the number of

women across all sites who made only X visits with an FHC measurement, and the
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total number of women who visited at least X times with an FHC measurement,

covering GA from 14 to 40 weeks. Scatter plots of the raw FHC data by GA for

all of the sites combined are shown in Figure 5.1.

Number of Number of women Number of women
follow up visits who visited only X times % who visited at least X times %

(X) visits in total visits
1 39 0.9 4,233 100
2 55 1.3 4,194 99.1
3 203 4.8 4,139 97.8
4 810 19.1 3,936 93.0
5 2,724 64.4 3,126 73.8
6 402 9.5 402 9.5

Total 4,233

Table 5.1: Summary of the number of women at each visit at which fetal head
circumference was measured.

Figure 5.1: Scatter plots of the raw fetal head circumference measurements by gestational
age for all of the sites combined.

126



5.3 Methods

5.3.1 Statistical methodology

To account for repeated measures, multi-level models [199, 200] were applied. To

judge the effect of ignoring various design aspects of the repeated FHC data, I used

the mean and SD method with FPs based on the assumption that for each GA, the

measurement of interest had a normal distribution with a mean and SD that varied

smoothly with GA [163], as discussed in Chapter 4. As in Chapter 4, selected

models needed to (a) develop smooth centiles that offered a good representation

of the raw data, (b) model the data precisely, especially the outer centiles (e.g.,

the 3rd and 97th centiles) where variability is greatest, (c) produce non-crossing

centiles, (d) allow estimates of z-scores and centiles to be calculated, (e) apply

continuous age smoothing, not age binning, and (f) offer flexibility to account for

both skewness and kurtosis when necessary.

The best fitting powers for the median HC were provided by an FP2 which was

incorporated in a multi-level framework to account for repeated measures.

5.3.2 Data analysis

5.3.2.1 Mean and standard deviation method

Three models were created using FPs and different datasets. Models 1 and 2 were

used to assess the effect of ignoring the multilevel structure of the data. Both

models were fitted to independent datasets of 20,030 HC values. In Model 1, the

average of the triplicate measurements HC1, HC2, and HC3 from each visit was

used, transforming each triplicate into a single HC value. As using the average

of the triplicate measurements could reduce variability, Model 2 instead used a

single randomly selected measurement from each triplicate. I randomly selected
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6,771 (33.80%) HC1, 6,566 (32.78%) HC2, and 6,693 (33.41%) HC3 measurements

from the dataset.

Model 3 was used to assess the effect of transforming the longitudinal data into

cross-sectional data. A single measurement was randomly selected from each subject,

discarding 80% of the data. Each subject was thus represented by one HC value,

which could have been taken at any point during the study. The dataset for Model

3 comprised 4,233 randomly selected single HC measurements, including 1,429

(33.76%) HC1, 1,408 (33.26%) HC2, and 1,396 (32.98%) HC3 measurements.

Figure 5.2: Distribution of the randomly selected fetal head circumference measurements
by gestational age and order of HC measurement (HC1, HC2, and HC3) in the original
triplicate set in the transformed cross-sectional dataset.
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5.3.2.2 Multi-level modelling

Multi-level linear models (also commonly referred to as hierarchical or mixed effect

models) are increasingly used for longitudinal data [201, 202, 203]. They are

regression equations that include both fixed and random components [204]. The

fixed components are the same for every subject and the random components differ

between subjects according to a normal distribution. These methods are preferred

because they allow each subject’s growth pattern over time to be characterised

and they take into account the correlation structure between measurements from

the same individual. The between-subject variability in the specified population

can thus be quantified.

The FHC data has three levels that can be expressed by a simple linear regression

model. For a given FHC measurement yi (i = 1, 2, 3) of subject j (j = 1, 2, . . . ,

4,233 subjects) taken on visit k (k = 1, 2,. . . ,7 visits):

yijk = β0 + β1Xijk + εijk. (5.1)

Equation 5.1 represents the regression of the FHC, y, on the independent variable,

GA, in weeks, X. In a typical regression model, the errors εijk are assumed to be

independent and normally distributed with mean, µ and variance, σ2. However,

the independence assumption does not hold for the HC dataset, as it includes

repeated measurements of each fetus. Equation 5.1 assumes that growth across

time is the same for all fetuses i.e., that β0 and β1 do not vary by fetus. I therefore

included individual-specific effects to account for data dependency and characterise

the difference in growth between individual fetuses. I used four approaches to

factor in these fetus-specific effects and the resulting variation, resulting in four

models of increasing complexity.
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Two-level random intercept model (Model 4):

In the first multi-level model, Model 4, the first level of the data was collapsed by

taking the average of the triplicate FHC measurements HC1, HC2, and HC3 taken

at each visit, as in Model 1. The data then comprised two levels, one ultrasound

measurement at each visit for each subject during pregnancy (level 1) and all of

the measurements from the women at each of the eight sites (level 2). Exploring

the influence of each woman on their repeated FHC measurements led to:

yij = β0 + β1Xij + υ0j + εij, (5.2)

where υ0j is the influence of individual i on their repeat measurements. For a given

group j, the intercept is β0 + υ0j . The model in Equation 5.2 is often partitioned into

two components in a multi-level framework. The fixed component (within-subject,

level 1) is β0 + β1Xij and the random component (between-subject, level 2) is υ0j +

εij. Equation 5.2 indicates that subject i’s initial FHC measurement at GA (time)

j is influenced by that subject’s initial level β0 + υ0j and the population’s slope β1.

Using this relation, each individual has their own distinct initial level. The resulting

model is commonly referred to as the random intercept model [205]. Model 4 was

then created using Equation 5.2 and the same dataset as that used in Model 1,

averaging the triplicate FHC measurements taken at each visit (N = 20,030).

Two-level random intercept and slope model (Models 5 and 6):

Equation 5.2 in Model 4 uses the same slope, equal to the population slope β1, for

every fetus. This assumption is too simplistic for our situation, as it is unlikely

that every fetus will have the same rate of growth in HC by GA. In Model 5, I

relaxed this assumption and assigned each fetus its own initial level (intercept)

130



and slope that varied with GA:

yij = β0 + β1Xij + υ0j + υ1jXij + εij. (5.3)

Equations 5.2 and 5.3 model the first level in the same way. Equation 5.3 includes

the term υ1j, which represents the slope deviation for each subject i from the

average regression slope β1. As before, ε1j is an independent error term distributed

normally with mean 0 and variance σ2. Model 5 was created using Equation 5.3

and the same dataset as Models 1 and 4, by averaging triplicate FHC measurements

taken at each visit (N = 20,030). Model 6 was created using Equation 5.3 and

the same dataset as Model 2, by randomly selecting one of HC1, HC2, and HC3

in each triplicate (N = 20,030).

Three-level random intercept and slope model (Model 7):

Models 4–6 considered only two data levels. The full data has three levels: triplicate

measurements collected at each visit, HC1, HC2, and HC3 (level 1); repeated

ultrasound measurements for each woman across multiple visits during the pregnancy

(level 2); and measurements taken from many women (level 3). Considering all

three data levels, Equation 5.3 becomes:

yijk = β0 + β1Xijk + υ0jk + υ1jkXijk + εijk. (5.4)

Model 7 was created using Equation 5.4 and the complete dataset of all triplicate

HC measurements (N = 59,973).

5.4 Results

Figure 5.1 shows a scatter plots of the raw FHC data by GA for the data from

all eight sites. Table 5.1 shows a descriptive summary of the number of women
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and the total number of follow-up visits attended during pregnancy. Most women

(93%) attended at least four follow-up visits during pregnancy. Figure 5.2 shows

the distribution of HC1, HC2, and HC3 measurements by GA selected for Model 3.

5.4.1 Mean and standard deviation method results

The mean and SD were modelled separately for each of the seven models. In each

case the relation between mean FHC and GA was best fit by an FP2. For SD, the

relation with GA was linear. Table 5.2 contains the specifications, goodness-of-fit,

and comparisons of Models 1–3 fitted to the FHC data using FPs. The fitted

centiles based on the three models are shown in Figures 5.3–5.7. The plots show

the fitted 3rd, 50th, and 97th smoothed centiles across GA, normal Q-Q plots of the

z scores, and z-scores by GA. The models were compared by quantifying maximum

absolute differences at the 3rd, 50th, and 97th. Similar results were obtained for

all three models, and Models 1 and 2 were indistinguishable (Figure 5.9). The

maximum absolute differences between Models 1 and 2 were <1 mm at the 3rd, 50th,

and 97th centiles. Model 3 differed by a maximum of 8 mm from Model 1 at the

3rd centile and by 7 mm from Model 2 close to term. These are small differences,

as they are <1 cm (Tables 5.2 and 5.9). It is not surprising that there were larger

differences between Model 3 and the other models than between Models 1 and

2 as Model 3 used an 80% smaller sample size (4,233 vs. 20,030 observations).

All three models had adequate model fit, based on the distribution of the normal

Q-Q plots of the z-scores. The z-scores by GA did not show any obvious pattern

across GA (Figures 5.3–5.7). The estimated proportions of observations falling

below the 3rd centile or above the 97th centile were comparable with the expected

3% (Table 5.2). In terms of precision, the difference between the upper and lower

95% CI divided by two was calculated for the 3rd, 50th, and 97th for Models 1, 2,

and 3. Models 1 and 2 were very similar in precision for the respective centiles

5.4 and 5.6. Model 3 had the greatest precision across the three centiles 5.8. As
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expected, precision increased with increase in GA 5.10.
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Fitted 3rd, 50th, and 97th smoothed fetal head circumference centile curves (dashed
red lines) for fetal head circumference (mm) by ultrasound according to gestational
age, showing the actual observations (open grey circles) (top left), quantile-quantile

plot (top right), and z-score by gestational age (weeks) (bottom left), of the
fractional polynomial model applied to the average of the triplicate fetal head

circumference measurements taken at each visit (Model 1).

Figure 5.3: Fractional polynomial model applied to the average of the triplicate fetal
head circumference measurements taken at each visit (Model 1).
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Figure 5.4: Comparisons of the change in SD of the fitted fractional polynomial model
applied to the average of the triplicate fetal head circumference measurements taken at
each visit (Model 1).
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Figure 5.5: Fractional polynomial model applied to a single fetal head circumference
measurement selected at random from the set of triplicate fetal head circumference
measurements taken at each visit (Model 2).

Fitted 3rd, 50th, and 97th smoothed fetal head circumference centile curves (dashed red lines)
for fetal head circumference (mm) by ultrasound according to gestational age showing actual
observations (open grey circles) (top left), quantile-quantile plot (top right) and z score by
gestational age (weeks) (bottom left)
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Figure 5.6: Comparisons of the change in SD of the fitted fractional polynomial model
applied to a single fetal head circumference measurement selected at random from the set
of triplicate fetal head circumference measurements taken at each visit (Model 2).
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Figure 5.7: Fitted 3rd, 50th, and 97th smoothed fetal head circumference centile curves
(dashed red lines) for fetal head circumference (mm) by ultrasound according to gestational
age, showing the actual observations (open grey circles) (top left), quantile-quantile
plot (top right), and z-score by gestational age (weeks) (bottom left), of the fractional
polynomial model applied to cross-sectional data (Model 3).
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Figure 5.8: Comparisons of the change in SD of the fitted fractional polynomial model
applied to cross-sectional data (Model 3).
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Figure 5.9: Comparison of the maximum absolute differences (mm) between Models
1, 2 and 3, based on the fitted 3rd, 50th, and 97th smoothed fetal head circumference
centile curves. Model 1 was based on the average of the triplicate measurements taken
at each visit, which ignored the multi-level structure of the data and transformed it
into a single fetal head circumference value. Model 2 was based on a single fetal head
circumference measurement that was randomly selected from each triplicate, HC1, HC2,
and HC3. Model 3 was based on a single randomly selected fetal head circumference
measurement taken at any point during the study for each subject, with each subject
represented by one fetal head circumference value. The differences between Models 1 and
2 (top left), Models 1 and 3 (top right), and models 2 and 3 (bottom left) are shown.
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Figure 5.10: Comparison of the change in SD of fetal head circumference (mm) between
Models 1, 2 and 3, based on the fitted 3rd, 50th, and 97th smoothed fetal head circumference
centile curves. Model 1 was based on the average of the triplicate measurements taken
at each visit, which ignored the multi-level structure of the data and transformed it
into a single fetal head circumference value. Model 2 was based on a single fetal head
circumference measurement that was randomly selected from each triplicate, HC1, HC2,
and HC3. Model 3 was based on a single randomly selected fetal head circumference
measurement taken at any point during the study for each subject, with each subject
represented by one fetal head circumference value.
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5.4.2 Multi-level modelling results

Table 5.3 contains the specifications, goodness-of-fit, and comparisons of Models 4–7

fitted to FHC data. As with Models 1–3, I fitted an FP with two powers for the mean

and applied it to a multi-level framework to account for repeated measures. The

fitted centiles based on the four models are shown in Figures 5.11–5.14. The plots

show the fitted 3rd, 50th, and 97th smoothed centiles across GA, normal Q-Q plots

of the z-scores, plot of within- and between-subject residuals, and z-scores by GA.

The models were compared by quantifying the maximum absolute differences at the

3rd, 50th, and 97th centiles. The four multi-level models were formulated differently,

but had reasonably similar results. The two two-level random intercept and slope

models, Models 5 and 6, were very similar, with a maximum absolute difference

of <0.5 mm at the extreme centiles. In terms of precision, model 5 had better

precision compared to Model 6 5.18.

All of the models were compared with Model 1, which ignored the hierarchical

structure of the data and was based on taking the mean of the triplicate mea-

surements of HC at each visit. Model 1 differed at most by 2.8 mm and 2.6 mm

from the random intercept model (Model 4) and random intercept and slope model

(Model 5), respectively, which both used the same dataset as Model 1. Model 1

differed by 2.5 mm from the random intercept and slope model based on randomly

selecting one HC measurement from each triplicate (Model 6) and by 2.7 mm from

the three-level random intercept and slope model (Model 7).

The random intercept model (Model 4) differed by at most 3.4 mm and 3.8 mm

at the 3rd centile from the random intercept and slope two-level models, Model 5

and Model 6, respectively. Models 4–6 all used the same dataset. Model 5 differed

by 0.4 mm at the 3rd and 97th centiles from the two-level random intercept and

slope model based on randomly selecting one HC measurement from each triplicate
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(Model 6) and by 2.2 mm at the 97th centile from the three-level random intercept

and slope model (Model 7). Model 4 differed by 4.7 mm at the 3rd centile from

the three-level random intercept and slope model (Model 7) and by 2.4 mm at

the 97th centiles from the two-level random intercept and slope model based on

randomly selecting one HC measurement from each triplicate (Model 6). These

results are summarised in Table 5.3. Model comparisons at the 3rd, 50th, and

97th centiles are shown in Figures 5.15–5.17.

The multi-level models though very similar when absolute differences between

observed and predicted centiles are compared, they differ in precision with Model

5 having the best precision at the 50th centile 5.18 but not when compared

with Model 1.
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Figure 5.11: Two-level random intercept multi-level model applied to the average of
the triplicate fetal head circumference measurements taken at each visit (Model 4).

Figure 5.12: Two-level random intercept and slope multi-level model applied to the
average of triplicate fetal head circumference measurements taken at each visit (Model 5).

Fitted 3rd, 50th, and 97th smoothed fetal head circumference centile curves (dashed red lines) for
fetal head circumference (mm) by ultrasound according to gestational age (weeks) showing the
actual observations (open grey circles) (top left), normal plot of intercept residuals against normal
scores (top right), plot of intercept residuals against predicted head circumference values (bottom
left), and slope residuals against predicted HC values (bottom right).

146



Figure 5.13: Two-level random intercept and slope multi-level model applied to a
single fetal head circumference selected at random from the set of triplicate fetal head
circumference measurements taken at each visit (Model 6).

Figure 5.14: Three-level random intercept and slope multi-level model applied to all
fetal head circumference triplicate measurements (Model 7).

Fitted 3rd, 50th, and 97th smoothed centile curves (dashed red lines) for fetal head circumference
(mm) by ultrasound according to gestational age (weeks) showing the actual observations (open
grey circles) (top left), normal plot of intercept residuals against normal scores (top right), plot
of intercept residuals against predicted fetal head circumference values (bottom left), and slope
residuals against predicted HC values (bottom right).
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Figure 5.15: Comparison of the maximum absolute differences (mm) between Models 1,
4, and 5, based on the fitted 3rd, 50th, and 97th smoothed fetal head circumference centile
curves. Model 1 was based on the average of the triplicate measurements taken at each
visit, which ignored the multi-level structure of the data and transformed it into a single
fetal head circumference value. Model 4 is a two-level random intercept model based on
the average of the triplicate measurements taken at each visit. Model 5 is a two-level
random intercepts and slope model based on the average of the triplicate measurements
taken at each visit. The differences between Models 1 and 4 (top left), Models 1 and 5
(top right), and Models 4 and 5 (bottom left) are shown.
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Figure 5.16: Comparison of the maximum absolute differences (mm) between Models 1,
2, 4, 5, and 6, based on the fitted 3rd, 50th, and 97th smoothed centile curves. Model 1 was
based on the average of the triplicate measurements taken at each visit, which ignored the
multi-level structure of the data and transformed it into a single fetal head circumference
value. Model 2 was based on a single fetal head circumference measurement randomly
selected from each triplicate, HC1, HC2, and HC3. Models 4 and 5 are two-level random
intercepts and slope models based on the average of the triplicate measurement randomly
selected from each triplicate, HC1, HC2, and HC3. The differences between Models 1 and
6 (top left), Models 2 and 6 (top right), and Models 5 and 6 (bottom left) are showns.
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Figure 5.17: Comparison of the maximum absolute differences (mm) between Models 1,
4, 5, 6, and 7, based on the fitted 3rd, 50th, and 97th smoothed centile curves. Model 1 was
based on the average of the triplicate measurements taken at each visit, which ignored the
multi-level structure of the data and transformed it into a single fetal head circumference
measurement value. Models 4 and 5 are two-level random intercepts and slope models
based on the average of the triplicate measurements taken at each visit. Model 6 is a
two-level random intercepts and slope model based on a single fetal head circumference
measurement randomly selected from each triplicate, HC1, HC2, and HC3. Model 7 is
a three-level random intercepts and slope model based on all fetal head circumference
measurements. The differences between Models 1 and 7 (top left), Models 5 and 7 (top
right), Models 6 and 7 (bottom left), and Models 3 and 7 (bottom right) are shown.
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Figure 5.18: Comparison of the change in SD of fetal head circumference (mm) between
Models 1, 4, 5, 6, and 7, based on the fitted 3rd, 50th, and 97th smoothed centile curves.
Model 1 was based on the average of the triplicate measurements taken at each visit,
which ignored the multi-level structure of the data and transformed it into a single fetal
head circumference measurement value. Models 4 and 5 are two-level random intercepts
and slope models based on the average of the triplicate measurements taken at each
visit. Model 6 is a two-level random intercepts and slope model based on a single fetal
head circumference measurement randomly selected from each triplicate, HC1, HC2, and
HC3. Model 7 is a three-level random intercepts and slope model based on all fetal head
circumference measurements.
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5.5 Discussion

In obstetrics, ultrasound fetal measurements are often assessed at a single time

point. The size of the fetus at a given GA is assessed to judge whether it is within

the expected size range for that gestation. A well-designed cross-sectional study

will suffice to produce reference charts for this purpose. However, sometimes one

is interested in monitoring changes in growth (velocity) to track how a fetus is

growing or has grown since the last observation. A longitudinal design is then

required and more complex statistical models that take into account the correlation

structure of repeat observations of an individual must be used. The current absence

of good reference charts makes checking growth difficult. It is usually only done by

comparing two fetal size assessments with their respective cross-sectional size charts.

The aim of this chapter was to model the data to develop centiles that change

smoothly with GA, using the simplest statistical models possible. I aimed to identify

modelling approaches that offered a good fit to the raw data and accounted for the

increasing variability with GA, which is a phenomenon observed in growth data. I

evaluated model goodness of fit both visually and formally using statistical tests

[67, 92]. Precision of respective centiles was also evaluated.

Models based on a cross-sectional design are usually based on independent observa-

tions where each fetus in the sample contributes only one measurement. Longitudinal

data includes multiple measurements per subject. Models based on longitudinal

data cannot ignore within-person correlations, or they risk overestimating centile

precision, resulting in narrower centiles [206, 207, 208]. However, the degree of bias

introduced by not accounting for the correlation structure – by analysing repeated

measures data as though they are cross-sectional – has received little attention

[192]. This chapter compared different analytical approaches and considerations

for working with multi-level data and aimed to demonstrate the loss or gain in
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accounting for data dependency for repeated measures data.

I analysed a longitudinal dataset with three levels and modelled the data using

multi-level models that accounted for the data hierarchy in different ways. I also

ignored the longitudinal structure and analysed the data as purely cross-sectional. I

analysed the data by assuming the observations were independent, by transforming

the longitudinal dataset into a cross-sectional dataset by selecting one observation

per subject, and by taking into consideration the full multi-level structure of the

data. In clinical practise, measurements are often taken only once. In contrast,

the INTERGROWTH-21st Project took measurements in triplicate at each visit to

ensure accurate ultrasound measurements that could be used to create international

fetal standards [24]. Models based on the average of the triplicate measurements

can be modified to reflect what is usually done in clinical practise by transforming

the average of each triplicate to a single value [209].

Royston and Altman demonstrated the utility and flexibility of FPs for modelling

growth data that is typically nonlinear [94]. I used a combination of FP and

multi-level methods to model these data. Multi-level models account for subject-

specific variations in growth by allowing subject-specific random effects [210]. I

found little variation in the fitted centiles developed by the methods that accounted

for the correlation structure of repeat measurements and those that did not. The

model based on the cross-sectional data showed the greatest variability, with a

maximum difference at the 3rd and 97th centiles of 8 mm. As this model had

an 80% smaller sample size than the rest of the models, this result is perhaps

unsurprising and cannot be viewed as a shortcoming of the method. The overall

results are not unexpected in the context of The INTERGROWTH-21st study,

as the measurements were taken following a standardised protocol, 95% of the

subjects were measured four to six times, and the frequency of the measurements

was independent of previous measurements. The data were collected from a healthy
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cohort that was actively monitored and seen about five times during a pregnancy

that resulted in a live singleton birth [24, 11]. The homogeneity of this cohort and

the small variation in the number of repeat measurements per woman explain the

minimal differences observed when using different modelling approaches.

However, there were significant differences in precision between the models. The

model based on cross-sectional data which had the smallest sample size showed

to be less precise when compared to the other models. Differences were observed

in the various formulations of multi-level models too. It is therefore important

during model selection to also consider how precisely a particular centile of interest

is estimated based on the model choice.

Wade et al. [208] reported similar findings from a dataset that exhibited a strong

correlation structure between the CD4 counts of the uninfected children of HIV-1

infected women. They explored the effect of incorporating correlations between

measurements into their estimates of age-related centiles. They concluded that

there was little effect on model choice, fitted centiles, or precision. In another

study, Wade et al. [192] re-analysed the previously published fetal abdominal

circumference and bi-parietal diameter dataset of Kurmanavicius et al. [179, 211].

This was a prospective study of pregnant women who were examined routinely

three times during pregnancy and every 2-3 weeks if high risk. The original

analysis used only the first of the series of measurements made during pregnancy

to create charts. Wade et al. re-analysed the data by incorporating all of the

measurements and found an 8-fold increase in the abdominal circumference and

biparietal diameter measurement sample sizes. The centiles originally reported by

Kurmanavicius et al. [179, 211] and those based on the re-analysis that incorporated

a correlation structure between repeat measurements of the same individual were

similar. However, Wade et al. still cautioned that incorporating the correlation

structure is preferable to transforming the data into cross-sectional data, as this
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could severely affect centile precision and accuracy.

Selecting one observation at random from a set of measurements leads to data

wastage. Only 20% of the INTERGROWTH data were used in Model 3, which

transformed the longitudinal data into cross-sectional data. Kurmanavicius et

al. used only 25% of their data to develop fetal charts [179, 211]. Wade et al.

randomly selected one observation per individual to create a dataset of independent

measurements of CD4 lymphocyte counts that used only 76% of their CD4 count

data [208, 212]. Discarding data cannot be justified, considering the effort and

resources required to obtain it. There are many effective methods to deal with

such data complexities.

During study planning, the overall goal of the study must be determined and

an appropriate study design must be chosen to answer the specific questions or

hypotheses to avoid either wasted effort or later data wastage. For example, if

a study aims to develop references or standards, a well-designed cross-sectional

study with data collected specifically for this purpose is sufficient. Model choice

is dependent on the study aim and the question one is trying to answer rather

than the richness of the data.

5.6 Conclusion

In this chapter, I have demonstrated the application of different statistical meth-

ods for using repeated measures data on the FHC dataset collected during the

INTERGROWTH-21st FGLS. These methods, are not restricted to fetal data and

can be applied to other repeated measures data. The methodology and statistical

considerations discussed here have also been applied to other commonly measured

fetal dimensions, such as biparietal diameter, occipito-frontal diameter, abdominal

circumference, and femur length.

The use of all available data is encouraged as discarding data cannot be justified and
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effective methods are available to deal with most data complexities. It is important

to determine the main aim of a study from the outset and choose an appropriate

study design. These considerations and methodology were key to the development

of the recently published international standards for fetal growth [24].
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6
Estimation of gestational age in early

pregnancy from crown-rump length when

gestational age range is truncated

6.1 Background

Fetal ultrasound scanning is considered to be essential part of routine antenatal

care. First-trimester scans are recommended for confirming viability, determining

the number of fetuses, and accurately estimating GA [35, 36]. A reliable estimate

of GA is needed as it underpins clinical care and allows the expected date of delivery

to be estimated. GA in pregnancy can be measured using (a) a reliable first day of

the LMP alone, (b) CRL measured using an early (9+0 to 13+6 weeks) ultrasound

alone, (c) LMP and ultrasound combined, (d) the height of the uterine fundus,

or (e) methods for estimating the timing of ovulation based on changes in basal

body temperature and alteration in sex hormone profiles. The implications of these
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methods on research findings have recently been discussed [213, 28]. Ultrasound

can accurately determine the day of conception to within 5 days either way in 95%

of cases and may be on average 2–3 days more accurate than LMP in predicting

the date of a spontaneous delivery [35, 78, 214, 215, 39, 216].

Routine ultrasound measurements of fetal biometry are now common in many

settings and form the basis for GA estimation in clinical practice to date pregnancies,

either alone or in combination with LMP. It is not possible to measure the time of

conception precisely in spontaneously conceived pregnancies. LMP is widely used

as a proxy indicator for pregnancy dating and is based on the assumption that

pregnancy has a constant duration from the first day of the LMP, with ovulation

on the 14th day [34]. This method of dating pregnancies, has been shown to be

unreliable, even for women with a certain menstrual history [32, 33]. The LMP

approach is often criticised for its susceptibility to recall bias. It is dependent on

a woman’s ability to recall her dates. Accurate recall rates vary from as high as

79% [217] to as low as 32% [218]. Caution is recommended when using LMP

alone for dating because up to 50% of women are uncertain of their dates, have

an irregular cycle, have recently stopped taking the oral contraceptive pill, are

lactating, or did not have a normal LMP [31].

Assessment of GA based on ultrasound biometry was first introduced in 1969 by

Campbell [219], who used biparietal diameter. Ultrasound biometry has become

the preferred method for dating pregnancy. In 1973, Robinson and colleagues

developed pregnancy dating charts using CRL [220]. CRL is now widely accepted

as the method of choice for GA of a fetus. Ultrasound measured GA assumes that

fetal growth in early pregnancy is sufficiently uniform within a population that the

length of a fetus can be used as a proxy for GA [221]. The extent to which this

assumption is justified depends on: (a) the GA at which the biometry is measured,

(b) the choice of fetal biometry (e.g., CRL, height of the uterine fundus), and (c)
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a variety of technical factors related to image acquisition, sonographer skill, and

image quality [27]. It is important to acknowledge that there may be considerable

variation in the methods used to obtain apparently similar findings.

Robinson’s formula has been validated by subsequent studies in a range of settings

[27] using high-resolution ultrasound technology, including data acquired trans-

vaginally [222]. On the basis of such findings, ultrasound is now widely accepted as

a more accurate predictor of GA than LMP and is recommended as the standard

for dating pregnancies throughout the developed world [48, 223, 222].

In the UK, the National Institute for Health and Care Excellence Guideline for

Routine Antenatal Care (2008) and the International Society of Ultrasound in

Obstetrics and Gynaecology recommend that all pregnant women be offered an

early ultrasound examination to date pregnancies [35, 31, 224]. This should ideally

be performed by measuring CRL between 10 and 13+6 weeks, which can reduce

the need for induction of labour after 41 weeks of gestation. Although there is

always a margin of error in ultrasound-based estimates [225], this error is relatively

small compared with LMP-based estimates [224, 226]. The clinical consequences

of this error are unclear and it is generally accepted that any error associated with

ultrasound is less than that with LMP or other dating methods.

Since the validation of Robinson’s formula, many pregnancy dating charts using

CRL have been developed and are in use. However, they have been developed using

different populations, resulting in discrepancies when they are compared or applied

to a specific population. This has led to the need for an international reference

dating equation and chart [28, 213, 27, 227, 47]. The INTERGROWTH-21st

Project aimed to generate fetal growth charts and a new dating chart. GA was

based on first day of the LMP and corroborated with CRL using a known dating

equation [43]. Only women between 9+0–13+6 weeks gestation whose estimates from

the two methods agreed within 7 days were recruited into the FGLS component
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of the INTERGROWTH-21st Project.

6.2 Problem statement

CRL is modelled as a function of GA when developing charts of fetal size. For

dating charts, the variables are interchanged so that GA is modelled as a function

of CRL. McLennan and Schluter illustrated [46] the difference between the two

concepts using scatter plots derived from the same population. They reported

CRL (the independent variable) against GA to represent the regression analysis

fitting model for deriving the equation of GA estimation. They then reported GA

(the independent variable) against CRL for a size chart [78]. Sahota et al. [47]

elegantly demonstrated how the assessment of size and maturity should not be

considered to be interchangeable, as simply flipping a regression can lead to an over-

or underestimation of GA, especially at the extremes of the CRL range.

Regression modelling to derive an equation for GA as a function of CRL is

problematic if the available data are constrained by a restricted GA range [92].

One aim of the longitudinal study of the INTERGROWTH-21st Project was to

develop a new GA estimation equation based on the CRL from women recruited

between 9+0 and 13+6 weeks. The CRL data was truncated at both ends (i.e. at

9+0 and 13+6 weeks) which was a challenge in terms of modelling given the need for

obtaining estimates in the truncated regions. Ignoring the GA truncation would

lead to heavily biased estimates of GA. This restriction was part of the design of

the INTERGROWTH-21st study, as CRL measurements are less reliable outside

this GA range [35, 31, 40, 41, 42]. Restriction commonly exists, as fetal curling

prevents accurate measurement of CRL after 13+6 weeks.

Other examples in the literature of truncated measurements of interest originate

from military conscription registers. Conscription was introduced on a large scale

throughout Europe at the beginning of the 19th century. It was common for most
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armies to only admit conscripts whose height exceeded a certain threshold. As the

height of those not meeting the height threshold was rarely recorded, the shape

of the left tail of the height distribution was unknown. The problem is illustrated

in Figure 6.1, where the height distribution of a typical cohort of conscripts is

plotted. All observations below the truncation point, 157 cm in the plot, are not

available [228]. The truncation of the distribution has important implications for

estimating our parameter of interest (the mean) as the left tail of the distribution

may contain considerable probability mass.

Figure 6.1: Height distribution and truncation

The aim of this chapter is to explore strategies to overcome GA truncation when

developing equations and charts for dating pregnancies from CRL measurements. I

use the CRL data from the INTERGROWTH-21st Project to investigate this. I

explore three statistical approaches to overcome the truncation of GA. To evaluate

these strategies, I generate a dataset with no GA truncation that is similar to

the INTERGROWTH-21st CRL dataset. I use the simulated data to explore the

performance of different methods of analysis by imposing truncation at 9 and

14 weeks of gestation. The three methods are first tested in a simulation-based
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study using a previously published dating equation from Verburg et al. [36]: the

performance of each test model is compared with the performance of the model

that generated the data. The best approach is then tested on a sample of the

INTERGROWTH-21st data to estimate GA from CRL.

6.3 Methodology

Several reliable statistical methods already exist for developing age-related reference

centiles [67, 92, 163]. These can be applied in a straightforward way for developing

equations for fetal size as a function of GA. However, dating requires estimating GA

as a function of fetal size, measured with fetal CRL. The INTERGROWTH-21st

Project is the largest prospective study to collect good quality data on CRL in

geographically diverse populations to date and with a high level of quality control

measures in place. I used the INTERGROWTH-21st data to develop centiles for

the distribution of GA for CRL values between 15 and 100 mm, which was the

range of measurements for the CRL data. The statistical challenge was this: How

should the data be modelled when the outcome variable (GA) was truncated at

both ends (i.e. at 9+0 and 13+6 weeks)?.

I explored three statistical approaches to overcome the GA truncation. I generated

a dataset with no GA truncation that was similar to the INTERGROWTH-21st

Project CRL data and used it to evaluate the performance of the three methods

after imposing truncation at 9+0 and 13+6 weeks of gestation.

6.4 Statistical methods

Data were explored visually with scatter plots of CRL by GA and vice versa. The

relationship between GA and CRL is nonlinear, although the distribution of CRL

is conditionally normal at any given GA. In contrast, GA has a positively skewed

distribution for a given CRL [78]. I applied FP models by fitting separate models
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to the mean and SD of GA to account for the increase in variance with greater

CRL and gestation. I used FP models that have been shown to fit fetal data very

well, are very flexible, and extrapolate well [67, 163]. Equations of the mean and

SD allow any desired centiles and z-scores to be calculated:

pth centile = Median CRL+ (K × SD), (6.1)

where K is the normal equivalent deviate (z-score) corresponding to a particular

centile (e.g., K = 1.88 for the 97th centile and -1.88 for the 3rd centile) and SD

is the predicted estimate from the regression analysis.

Fitted curves for the 3rd, 50th, and 97th centiles from each model were assessed

visually and by comparing deviances to check for a good fit. The choice of centiles

presented was based on what is commonly reported in the literature and used in

clinical practice as standard centiles. The INTERGROWTH-21st Project aimed

to complement the WHO-MGRS, which produced reference standards for children

aged 0–5 years and presented the 3rd and 97th centiles [43]. Goodness of fit was

assessed with a scatter plot of the distribution of residuals in z-scores by CRL and

by counting the number of observations below the 3rd and above the 97th centiles.

The three approaches explored to deal with GA truncation at 9 and 14 weeks were:

(a) simulation, restriction and extrapolation; (b) simulation; and (c) inversion of the

model for predicting CRL from GA. Extrapolation was applied to obtain reliable

estimates between 9 and 14 weeks in the presence of truncation before 9 weeks and

after 14 weeks. The resultant equation cannot be used for dating before 9 weeks or

after 14 weeks as this is not recommended in clinical practice. The reliability of FP

models for extrapolation has been discussed previously by Royston and Altman who

showed that these models extrapolate well for fetal measurements [163]. The three

methods were first tested in a simulation-based study using a previously published

dating equation by Verburg et al. [36]. I evaluated how well each of the three
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approaches performed compared with the model that generated the data.

The Verburg et al. equation was selected from the many dating equations in use as it

is one of the four preferred dating equations according to a recent systematic review

of the methodology used for creating dating charts [27]. It is also recommended by

the International Society of Ultrasound in Obstetrics and Gynaecology. The great

strength of performing a simulation study based on a known dating equation is that

the performance of the proposed methods can be evaluated in a situation where the

’truth’ is known (i.e., the equations from which the simulated data were obtained).

After evaluating the three approaches using simulated data based on the Verburg

et al. equations, the best approach was applied to the INTERGROWTH-21st

Project data to estimate GA from CRL.

Data were simulated from the Verburg et al. dating equation [36]:

Mean of log GA = 1.4653 + 0.001737× CRL+ 0.2313× log CRL, (6.2)

SD of log GA = 0.04590 (6.3)

Here and throughout, all logarithms are natural logarithms.

Equations 6.2 and 6.3 assume that log GA has a normal distribution for any value of

CRL. From these equations, I simulated 100 observations of GA for each CRL value

from 5 mm to 110 mm (the range of CRL measurements in the INTERGROWTH-

21st Project) in 1 mm increments, resulting in 10,600 observations. A sample size of

100 was chosen as it represented the average number of CRL observations in each

complete week in the INTERGROWTH-21st data and was large enough to remove

sampling variation effects. The GA was between 5 and 17 weeks which is the GA

range of the original Verburg data from which the equations were obtained. GA

was log-transformed in all of the analyses to stabilise variance [36, 47, 67, 93].
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6.5 Validation of the simulated data

I modelled the simulated data using FP regression of log-transformed GA on CRL

and compared the FP terms and predicted median GA from the obtained equation

to the original dating equation reported by Verburg et al.. The equations obtained

from simulated data were remarkably similar to the original Verburg et al. equations:

Mean of log GA = 1.4612 + 0.001693× CRL+ 0.2332× log CRL, (6.4)

SD of log GA = 0.0458114− 0.00000198× CRL, (6.5)

Both equations for the median were FP models of degree 2 with powers 0 and 1

(i.e. terms in CRL and log CRL). The equation for SD was an FP model of degree

1, power 1 (linear), whereas the SD obtained by Verburg et al. was a constant. The

predicted GA from the two equations agreed within 0.08 days (Figure 6.2, Table 6.1).
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Figure 6.2: Simulated data for crown-rump length measurements in relation to
gestational age (grey circles) with 3rd and 97th fitted centiles. Blue continuous lines
represent the original equation fit reported by Verburg et al. [36] and from which the
simulated data were derived, whereas the red continuous lines represent model fit of the
simulated data.
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CRL Original Verburg et al. equation Equation from the simulated data Difference
(mm) Median GA (weeks) Median GA (weeks) GA (days)

predicted from CRL predicted from CRL
5 6.336 6.324 0.082
10 7.503 7.497 0.041
15 8.312 8.310 0.015
20 8.962 8.962 -0.003
25 9.519 9.521 -0.017
30 10.015 10.019 -0.026
35 10.469 10.474 -0.032
40 10.892 10.897 -0.035
45 11.290 11.296 -0.036
50 11.670 11.675 -0.036
55 12.034 12.039 -0.033
60 12.386 12.390 -0.029
65 12.727 12.731 -0.023
70 13.060 13.063 -0.016
75 13.386 13.387 -0.008
80 13.706 13.706 0.001
85 14.021 14.019 0.012
90 14.331 14.328 0.023
95 14.638 14.633 0.036
100 14.942 14.935 0.050

Table 6.1: Crown-rump length (CRL) measurements in relation to gestational age (GA)
for the original equation fit reported by Verburg et al. [36] compared with the model fit
of the simulated data.
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After successful validation of the simulated data, I truncated GA at 9 and 14 weeks

to match the INTERGROWTH 21st data set. As discussed previously, truncation is

only a problem when modelling GA as a function of CRL and not when modelling

CRL as a function of GA (size chart) (Figure 6.3). All three suggested approaches

make use of this fact, but in different ways. I applied the three proposed approaches

to the truncated simulated data shown in Figure 6.3. Figure 6.4 shows a flow

diagram summarising the three methods.
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Figure 6.3: Simulated data generated from the dating equation by Verburg et al. and
truncated at 9 and 14 weeks. Top figure shows crown-rump length versus gestational
age for creating a size chart and bottom figure shows gestational age versus crown-rump
length for creating a dating chart.
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Figure 6.4: A flow diagram summarising the process and methodology of the simulation
study to evaluate three methods to overcome the truncation problem inherent in the data
set.
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6.6 Approach 1: Simulation for small crown-rump

length, restriction and extrapolation

The simulation, restriction, and extrapolation approach was based on modelling

CRL as a function of GA (Figure 6.5, top figure). From the obtained equation

of the median GA, I simulated 100 CRL observations for each day of gestation

between 7 and 9 weeks, to overcome the truncation at the bottom end of the

distribution of CRL measurements. There were also 100 observations for each

day of GA in the untruncated dataset. The choice of 7 weeks as a lower limit for

extrapolation was based on the desire to obtain a good fit to the data at 9 weeks,

where the actual data was truncated. It was also the lowest limit at which the

fitted equations and range of GA remained plausible when extrapolated. Using the

augmented dataset, I modelled GA as a function of CRL, with CRL restricted to

lowest CRL measurement reported at 14 weeks in the INTERGROWTH-21st data

set, 65 mm, as there remained a truncation problem at the upper end of the CRL

distribution (Figure 6.5, middle figure). I then extrapolated the obtained mean and

SD equations to the rest of the data (Figure 6.5, bottom figure).

The predicted GA from this approach was compared with the GA reported by

Verburg et al. (Table 6.2). A sensitivity analysis was performed to establish whether

truncating CRL at a lower cut-off of 10 mm, 15 mm or 20 mm would give the best

prediction. It was performed by comparing the predicted GA obtained using the

derived equation to that reported by Verburg et al.. The choice of a cut-off affects

the fit for large CRLs and so has clinical implications, because it is desirable to be

able to predict GA from CRL between 15 mm and 95 mm (Table 6.2).
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Summary of Approach 1

1. Model CRL as a function of GA to obtain the mean and SD equations

2. Use this model to simulate CRL values for GA between 7 and 9 weeks

3. Model GA as function of CRL for CRL ≤ 65 mm using observed data

augmented by simulated CRL data

4. Extrapolate this model to extend the CRL range to 95 mm

Fitting the Approach 1 model to the simulated data gave the following equations:

Mean log GA = 0.81350 + 3.62375× CRL−1 + 0.40202× log CRL, (6.6)

SD of log GA = 0.04926− 0.0000946× CRL, (6.7)
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Figure 6.5: Crown-rump length measurements in relation to gestational age (grey circles)
with 3rd, 50th, and 97th fitted centiles (top figure). Yellow small crosses in the middle
and bottom figures represent data simulated from the fitted equation of the mean and
standard deviation from the top figure. The middle figure shows the model fit relating
gestational age and crown-rump length with crown-rump length restricted to ≤ 65 mm
and the bottom figure shows the model fit from the middle figure extrapolated to the full
range of crown-rump length (Approach 1).
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6.7 Approach 2: Simulation for small and large

crown-rump length

Approach 2 was very similar to Approach 1, as data were again simulated from

fitting a size equation and using the mean and SD equations of CRL by log GA

(Figure 6.6, top figure). I used the model for CRL to simulate 100 observations of

CRL for each day of gestation at both ends of the distribution, which was about

the same number of observations for each day of GA in the untruncated dataset.

Data were simulated for below 9 weeks (between 7 and 9 weeks) and above 14

weeks (between 14 and 17 weeks) of gestation (Figure 6.6, middle figure). I chose

a lower limit of 7 weeks and an upper limit of 17 weeks so that a good fit to the

data between 9 and 14 weeks, where the actual data were truncated, could be

obtained. The 7 and 17 weeks cut-offs were also the limits at which the fitted

equations and GA remained plausible when extrapolated.

The simulated CRL measurements below 9 weeks and above 14 weeks overcame

the truncation problem presented by the data, allowing GA to be modelled as a

function of CRL more efficiently and the respective median and SD equations to be

obtained (Figure 6.6, bottom figure). The predicted GA from this approach was

compared with the Verburg et al. reported GA (Table 6.3). A sensitivity analysis

assessment was performed on the value of the lower CRL cut-off.

Summary of Approach 2

1. Model CRL as a function of GA to obtain the mean and SD equations

2. Use this model to simulate CRL values below 9 weeks (GA between 7 and 9

weeks) and above 14 weeks (GA between 14 and 17 weeks)

3. Model GA as function of CRL using observed data augmented by simulated

CRL data
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Fitting the Approach 2 model to the simulated data gave the following equations:

Mean log GA = 0.595705 + 1.507363× CRL−0.5 + 0.421304× log CRL (6.8)

SD of log GA = 0.044991 (6.9)
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Figure 6.6: Crown-rump length measurements in relation to gestational age (grey circles)
with 3rd, 50th, and 97th fitted centiles (top figure). Yellow small crosses in the middle
and bottom figures represent data simulated from the fitted equations of the mean and
standard deviation from the top figure. The bottom figure shows the model fit relating
gestational age and crown-rump length (Approach 2).
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6.8 Approach 3: Interchanging the X- and Y-

axes from a model for size

The third approach did not require data simulation. As before, I modelled CRL

(the Y-axis) as a function of GA (the X-axis) using all of the available data. I

extrapolated the obtained equations to larger GAs to cover the desired CRL range

(Figure 6.7, top figure) and interchanged the X- and Y-axes to give GA (the Y-axis)

as a function of CRL (the X-axis) (Figure 6.7, middle figure). There were no

equations for the median and SD describing the relationship between GA to CRL.

Instead, three sets of X, Y coordinates of GA gave the predicted 3rd, 50th, and 97th

centiles for CRL. A new equation for the median was obtained by regressing GA

on the predicted median CRL. Similarly, equations for the 3rd and 97th centiles

were obtained (Figure 6.7, bottom figure). The predicted GA from this approach

was compared with that originally reported by Verburg et al. (Table 6.4). As

there was no equation for the SD, the full model cannot be written down simply.

I will describe how to obtain an equation for the SD as a function of CRL that

also allows any desired centiles to be predicted.

6.8.1 Computing an equation for the standard deviation

The equations for the 3rd, 50th and 97th centiles that relate log GA and CRL can be

used to estimate the SD. Two estimates of the SD can be obtained at a given CRL

from the difference between 97th and 50th centiles and the difference between the

50th and 3rd centiles. The two centiles will not be exactly the same but will be very

similar because GA was modelled on the log scale. It is thus reasonable to estimate

the SD for each value of CRL by simply taking the average of the two SDs. An

equation for SD relating GA to CRL was obtained by regressing the estimated SD
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of GA on CRL. Estimates of any desired centiles can then be obtained using:

pth centile = Median CRL+ (K × SD), (6.10)

where K is the normal equivalent deviate (z-score) corresponding to a particular

centile (e.g., K = 1.88 for the 97th centile and -1.88 for the 3rd centile) and SD is

the predicted estimate from the regression analysis just described.

Summary of Approach 3

1. Model CRL as a function of GA to obtain the mean and SD equations

2. Extrapolate this model beyond 14 weeks to 17 weeks GA

3. Interchange the Y- and X-axes from a model for size so that the plot becomes

GA (Y-axis) as a function of CRL (X-axis)

Fitting the Approach 3 model to the simulated data gave the following equations:

Mean log GA = 2.12294− 1.11877× CRL−0.5 + 0.068754× CRL0.5, (6.11)

SD of log GA = 0.0000063− 0.00000011× CRL, (6.12)
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I have shown that these rather ad hoc approaches corresponded very closely to

the real-world data reported by Verburg et al. (Figure 6.8). The Verburg et al.

dataset has similarities to the INTERGROWTH 21st Project CRL dataset (Figure

6.9). Figure 6.9 shows data from 1600 fetuses (v35% of the overall target sample)

included in INTERGROWTH 21st study, in the same format as Figure 6.3. The

close similarity between the two datasets is apparent.
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Figure 6.7: Crown-rump length (CRL) measurements in relation to gestational age (GA)
(grey circles) with 3rd, 50th, and 97th fitted centiles (top figure). The middle figure shows
the relationship between GA and CRL after interchanging the axes and fitting new models
to the three sets of coordinates. The bottom figure shows the model obtained by simply
taking the average of two standard deviations (SDs). An equation for the SD relating GA
to CRL can then be obtained by regressing this SD of GA on CRL and estimating outer
centiles by combining the model for SD with that for the median (Approach 3).
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Figure 6.8: Crown-rump length measurements in relation to gestational age for the
simulated data for crown-rump length from 9+0 to 13+6 weeks gestational age, comparing
each of the three approaches with Verburg et al. (top left, top right, and bottom left
figures) and all three approaches with Verburg et al. (bottom right figure).
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Results from the simulation study using truncated data have demonstrated that

these approaches can deal with the problem of truncation at 9 and 14 weeks. In

order to obtain reliable estimates based on the truncated INTERGROWTH-21st

CRL data, the three approaches were applied as demonstrated in the next section

(Figures 6.10–Figure 6.13). For demonstration purposes, I have used 35% of the

overall target sample in the FGLS data.
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Figure 6.9: Crown-rump length (CRL) versus gestational age (GA) for creating a size
chart (top figure) and GA versus CRL data for creating a dating chart (bottom figure)
using a sample of the INTERGROWTH-21st project data (v35% of the overall target
sample) for CRL from 9+0 to 13+6 weeks GA.
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Figure 6.10: Crown-rump length measurements in relation to gestational age (grey
small hollow circles) with 3rd, 50th, and 97th fitted centiles (top figure). Yellow small
crosses in the middle and bottom figures represent the INTERGROWTH-21st project
data for CRL from 9+0 to 13+6 weeks GA of the fitted equation of the mean and SD from
the top figure. The middle figure shows the model fit relating GA and CRL with CRL
restricted to ≤ 65 mm and the bottom figure shows the extrapolated model fit from the
middle figure to the rest of the data (Approach 1).
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Figure 6.11: Crown-rump length measurements in relation to gestational age (grey
small hollow circles) with 3rd, 50th, and 97th fitted centiles (top figure). Yellow small
crosses in the middle and bottom figures represent the INTERGROWTH-21st project
data for CRL from 9+0 to 13+6 weeks GA of the fitted equation of the mean and SD from
the top figure. The bottom figure shows the model fit relating GA and CRL (Approach
2).
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Figure 6.12: Crown-rump length measurements in relation to gestational age (grey
small hollow circles) with 3rd, 50th and 97th fitted centiles (top figure). The middle and
bottom figures shows the relation between gestational age and crown-rump length of the
INTERGROWTH-21st project data after interchanging the axes and refitting the model
(Approach 3).
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Figure 6.13: Crown-rump length measurements in relation to gestational age for the
INTERGROWTH-21st project data for crown-rump length from 9+0 to 13+6 weeks
gestational age comparing all the three approaches with one another (top figure) and with
Verburg et al. (bottom figure).
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6.9 Summary of results

The agreement between the median GA estimated by Approach 1 and by the

original fit reported by Verburg et al. was within 0.4 days when CRL was between

20 mm and 100 mm. The largest difference between the estimates was at the lower

range of CRL, with 4.8 days for CRL = 10 mm and 1.5 days for CRL = 15 mm

(Figure 6.5, Table 6.2, Figure 6.8). This pattern arose because the model was

first fit for CRL between 20 mm and 65 mm, then extrapolated to the rest of the

data. Model fits beginning with lower CRL values like 10 mm and 15 mm did not

perform as well when extended to the rest of the data. There were 135/4,600 (2.9%)

observations below the 3rd centile and 120/4,600 (2.6%) above the 97th centile for

CRL between 20 mm and 100 mm (Figure 6.5).

The predicted values of median GA from Approach 2 and from Verburg et al. were

within 1 day of each other for CRL between 15 mm and 85 mm. The largest

differences were seen at the two extremes of CRL, with 1.5 days for CRL = 10 mm

and 1.8 days for CRL = 100 mm (Figure 6.6, Table 6.3, Figure 6.8). There were

207/7,640 (2.7%) observations below the 3rd centile and 232/7,640 (3.0%) above

the 97th centile for CRL between 20 mm and 100 mm (Figure 6.6).

The predicted values from Approach 3 and from Verburg et al. were within 1 day

of each other for CRL between 15 mm and 100 mm. The largest difference was of

1.5 days, which was observed at CRL = 10 mm. Approach 3 underestimated the

predicted median GA across the whole range by 0.6 days (Figure 6.7, Table 6.4,

Figure 6.8). There were 128/6,448 (2.0%) observations below the 3rd centile and

221/6,448 (3.4%) above the 97th centile for CRL between 20 mm and 100 mm (Figure

6.7). The estimates obtained from calculating SD in Approach 3 were remarkably

similar to those obtained from the three sets of X, Y coordinates of GA and the

predicted 3rd, 50th, and 97th centiles for CRL (Figure 6.7, middle and bottom figures).
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6.10 Discussion

The main aim of this chapter was to explore the best methodology for modelling

data when the outcome variable (GA) was truncated at both ends, i.e. at 9 and

14 weeks. The statistical methodology work carried out in this chapter formed the

background for the INTERGROWTH-21st clinical paper detailing the construction

of an international equation for pregnancy dating. I have not discussed the results

of the INTERGROWTH-21st CRL data here as the final results of the full sample

and the new international dating equation have already been published [229].

To overcome the truncation problem, I evaluated three approaches by generating

data from an existing equation Verburg et al. [36]. Each approach provided a good

fit to the data (Figure 6.7) when compared with the original equation reported

by Verburg et al.. It is difficult to justify selecting one of these approaches over

the others through formal statistical testing alone. Approaches 1 and 2 both gave

excellent results. However, Approach 2 gave better results than Approach 1 at the

extreme ends of the CRL distribution: the Approach 2 estimates agreed within 1 day

for CRL between 15 mm and 85 mm with the largest difference of 1.8 days at the

very extreme ends of the distribution, whereas Approach 1 had a largest difference

of 4.7 days at the lower end of the CRL distribution. Approach 3 consistently

underestimated GA by about half a day over the entire range of CRL. Approach

2 can therefore be considered the best approach.

The INTERGROWTH-21st systematic review of CRL dating equations and charts

showed large variations in reporting quality between studies. Very few of the

studies reported complete information on inclusion/exclusion criteria, maternal

demographics, ultrasound quality control, last menstruation reliability, or sample

selection [27]. The resulting potential for bias, methodological heterogeneity, and

limitations can affect clinical decision-making depending on the equation used;
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hence the need for an international dating equation and chart.

The INTERGROWTH-21st population was carefully selected, actively followed up

during pregnancy, and had a known outcome at birth. It is therefore an ideal

population for developing an international standard equation and chart. The

INTERGROWTH-21st project is the biggest study so far to prospectively collect

data on CRL across eight geographically diverse sites. The data are of very

high quality, with ultrasound measurements made by highly trained sonographers

following a standardised protocol and using the latest ultrasonography equipment.

The lack of an international standard for relating CRL to GA was the motivation for

producing the first international standards for early fetal size and ultrasound dating

of pregnancy based on CRL measurement. The methodological work to address

the truncation problem presented here was background work for a clinical paper

targeting obstetricians. The methodologies discussed were later applied to the full

INTERGROWTH-21st CRL dataset to develop international standards for early fetal

size and pregnancy dating [24]. I produced an international prescriptive standard

for early fetal linear size and ultrasound dating of pregnancy in the first trimester

that can be used throughout the world. The relationship between CRL and GA

was given by the following two equations (in which GA is in days and CRL in mm):

Mean CRL = −50.6562 + (0.815118×GA) + (0.00535302×GA2), (6.13)

SD of CRL = −2.21626 + (0.0984894×GA). (6.14)

GA estimation is carried out according to two equations:

GA = 40.9041 + (3.21585× CRL0.5) + (0.348956× CRL), (6.15)

SD of GA = 2.39102 + (0.0193474× CRL). (6.16)
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GA estimation is an important component of clinical care and epidemiological

studies. I believe that, as in other fields of medicine, all available information should

be used for assessment: both LMP and ultrasound should be taken into account

and agreement between the two required to be certain of their validity. Rather than

automatically assuming that a discrepancy between LMP and ultrasound means

incorrect dates and simply re-dating, clinicians should be aware that discrepancies

can also indicate disturbances in early fetal growth.

There is wide agreement that CRL is the best measure for assessing GA, at least

up to 14 weeks GA, as LMP is affected by random error, a systematic tendency

to overstate the duration of gestation, biological variability, and method errors,

including recall bias, digit preference, and additional bleeding after conception

[32, 214, 215, 230, 231, 232, 233]. Ultrasound-based methods measure fetal size

and use reliable LMP-based formulas (of which many are in use) to estimate

GA. However, these formulas assume no biological variability as all fetuses of a

given size are estimated to have the same GA. Biological variability exists and is

compounded by variability due to measurement error from both equipment and

sonographer. Thus, accurate measurements of CRL require rigorous standardisation

before initiation of any study and continuous quality control measures should be

implemented similar to those routinely used in laboratory practices.

The unusual problem of truncation encountered in the INTERGROWTH-21st CRL

data has been present in other studies, but has never been adequately addressed.

This feature of the data had the potential to introduce considerable bias, mostly

at the extremes of CRL, unless analysed carefully. Altman et al. [92] addressed

a similar problem in the estimation of GA using FHC by restricting the range of

measurements included in the regression analyses. Their FHC data spanned 12–42

weeks GA. In contrast, the INTERGROWTH-21st CRL data spanned only 5 weeks.

I therefore could not simply use only the CRL data unaffected by truncation, as
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that would have led to a large loss of data and limited clinical usefulness.

6.11 Conclusion

Although the three approaches discussed here do not follow standard statistical

analysis paradigms for modelling, I have shown empirically that the results of

these rather ad hoc statistical methods correspond very closely to real-world data

from Verburg et al. [36] who used a dataset similar to the INTERGROWTH-

21st CRL dataset. These approaches are more suitable for reducing the effect

of sampling variation and ensuring reasonable extrapolation in large datasets. I

am thus confident that these approaches can be used to get reliable estimates

based on the INTERGROWTH-21st CRL data. Although the approaches were

only examined in the CRL context, they may offer a solution to other truncation

problems involving similar data. Their applicability to other settings would need

to be evaluated. Choosing the best approach is hard to justify through formal

statistical testing and is likely to depend on the data being analysed.

6.12 Future work

There is an existing body of literature on the truncated height distributions that are

common in the military following the purposeful recruitment of adults of a certain

height threshold. Some researchers have attempted to model these distributions

and some of the methods applied have followed similar reasoning to the approaches

presented here. For example, Jacobs et al. [234] analysed historical height data

for the Dutch province of Drenthe during 1826–1860. Although the height data

was collected for conscription purposes, height measurements of those not recruited

to the military were also recorded. This enabled the authors to calculate the

true sample mean in the untruncated distribution of height data (the true sample

mean, µ). They then discarded all observations below the truncation point and
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re-analysed the data. They used various estimation procedures to estimate the

mean on the truncated sample and compared the results compared to the true

sample. They explored six methods based on overviews by Komlos [235] and

A’Hearn [236]: the quantile bend estimator, truncated least squares, the Komlos

and Kim estimator, truncated maximum likelihood, restricted truncated maximum

likelihood, and converted truncated least squares.

As described in Chapter 4, Rigby and Stasinopoulos [237] developed the GAMLSS

framework for fitting regression type models in which the distribution of the

response variable does not have to belong to the exponential family and includes

highly skewed and kurtotic continuous and discrete distribution. The GAMLSS

framework is very flexible and offers several ways to extend the GAMLSS family of

45 distributions. Among the capabilities are (a) the creation of a new GAMLSS

family distribution, (b) truncating new distributions, (c) using a censored version

of an existing distribution, and (d) mixing different GAMLSS family distributions

to create a new finite mixture distribution. To create a new distribution, the

probability density function of the distribution needs to be known and easy to

evaluate. The add-on package gamlss.tr also allows existing distributions to be

truncated to the left, right, or in both tails of the range of the response y variable.

As part of future work, I would like to explore these methodologies and their

application to these data. The performance of these methods will be compared

with the three approaches described in this chapter.
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7
Fetal growth velocity standards

7.1 Background

Chapters 4 and 5 discussed in detail the design, methodological considerations,

and statistical methodology for cross-sectional and longitudinal studies for the

construction of human growth charts. Charts constructed from cross-sectional data

do not provide guidance for a longitudinal context. Clinicians sometimes need to

know, given a fetus’s current FHC, abdominal circumference or femur length, how

well it has grown since the last head circumference or femur length measurement.

Answering this question requires a velocity increment or velocity gain reference

constructed from longitudinal data collected prospectively [91, 238].

The INTERGROWTH-21st Project collected longitudinal data to construct such

references [11]. Its longitudinal component measured serial fetal growth scans

every 5 ± 1 weeks from recruitment at 9+0–13+6 weeks of gestation until, but not

beyond, 42+0 weeks of gestation [24]. The project comprised eight geographically

diverse health institutions [12]. For the data collected from the difference centres
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to be of the highest quality and comparable within and between the study sites,

the sonographers and anthropometrists were given standardised training and all

ultrasound measurements were performed in a standardised manner following strict

protocols. In Chapter 2, I discussed the procedures and methods that were employed

by the INTERGROWTH-21st Project to ensure the data collected was of good

quality [23]. For clarity, the table below summarises the terminology used in this

chapter with a brief description of what is implied.
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Terminology Definitions

Velocity Gain in attained fetal size adjusted for the time span between any

two measurements.

Reference Anthropometry of a given population at a particular time and place,

such as a hospital, region, or country. It includes an unselected group

of women with minimal exclusion criteria regarding risk factors for

optimal health.

Standard Anthropometry of a population considered to be of optimal health,

with good education, socioeconomic status, adequate nutritional

status, and at low risk of abnormal growth. It shows how humans

should grow independent of time and place.

Velocity

increment

Changes in anthropometry obtained by calculating the difference

between consecutive measurements (or z-scores) in fetal biometry

(e.g., FHC) divided by the time elapsed. The velocity increment is

usually plotted at the mean gestational age of the two measurements.

Velocity gain Changes in the z–scores of fetal biometry (e.g., FHC) between any

two time-points. The change in z-score is assessed to evaluate the

fetus’s centile or z-score position, given its known previous centile or

z-score position. Calculating a velocity gain depends on (a) the fetal

starting point at time 1, (b) the time interval between time 1 and

time 2, and (c) the correlation of the fetal measurements between

the two time-points. This approach takes into account the effect of

gestational age and regression to the mean.
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Various approaches have been described to evaluate the rate of change (change

in size) in fetal, neonatal or child growth. Milani et al. [239] published a review

of parametric models describing the velocity curves of an individual. Gasser et

al. [240] developed nonparametric velocity and acceleration curves for height and

weight focussing on methods that assessed changes in fetal size measurements using

centiles or z-scores. Argyle et al. [241] reviewed methodology for developing growth

velocity in infancy and childhood using changes in centiles or z-scores.

Previous work on velocity has focused on postnatal centile-crossing and tracking the

growth that occurs after birth [242, 243]. Studies have particularly focused on the

first year of life, when infants, released from the effects of the prenatal environment,

shift up (catch-up) and down (catch-down) across growth reference centiles as they

fine-tune their growth rates in the postnatal environment and become channelled

into their genetic potential for growth [244, 245, 246]. The prenatal triggers for

these patterns have received less attention. Some studies have suggested that the

relationship between upwards centile-crossing and small birth size [247], and the

association between preterm labour and small birth size [248] show that catch-up

growth in early infancy follows fetal growth faltering. The prenatal triggers of

postnatal growth are thus a logical future area of investigation.

7.2 Introduction

Using ultrasound to monitor fetal size – measured by femur length, FHC, and

abdominal circumference – is an accepted part of routine obstetric care. This

practice is based on the premise that some growth disorders, such as fetal growth

restriction, are manifestations of malnutrition, metabolic disorders, or infection [19]

and can be treated. Fetal biometry measurements are monitored to assess whether

a fetus’s attained size or growth is ‘normal’ when compared with a defined reference

population of the same age [249, 250]. These reference charts describe the average
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pattern of growth and the distribution of the measurement of interest (e.g., FHC),

and also show trends with GA in a prespecified population. A fetal chart usually

depicts a series of smooth fitted curves of selected centiles of a distribution, usually

the normal distribution. Fetal measurements falling in the extreme ends of the

distribution (for example, below the 3rd, 5th, or 10th centiles or above the 90th, 95th, or

97th centiles) are deemed to indicate fetuses at increased risk of a growth disorder or

with existing pathological conditions, such as intra-uterine growth restriction. Villar

et al. [3] classified intrauterine growth restriction into three types depending on the

timing of the fetal insult: (a) in the first trimester of pregnancy, due to a reduction

in sustenance, (b) around the 30th week of pregnancy when negative factors can

develop, and (c) in the last month of pregnancy, due to a reduction in food supplies

and a depletion of the fetal stored fat. Longitudinal data are recommended for

making such evaluations [59, 60, 91]. The INTERGROWTH-21st Project recently

published charts of fetal size standards based on repeated measurements [24].

The distinction between fetal size and growth is frequently ignored or misunderstood

[91], which has resulted in the inappropriate use of fetal size charts for monitoring

growth over time and the inappropriate use of cross-sectional data for classifying

growth retardation [73, 251, 252]. Some studies have reported that velocity

charts are more sensitive at detecting small-for-GA or large-for-GA fetuses than

attained size charts [80].

When considering true growth, the question of interest is: ’Given a measurement,

of some biometric variable, X, at a specified visit, what is the expected value

of X after a certain time?’ Answering this question requires a series of fetal

measurements taken on multiple occasions to assess changes in size based on

longitudinal data [79, 80, 253].

When the INTERGROWTH-21st Project was planned, fetal velocity standards did

not yet exist. These standards could be used to make judgements about fetal progress
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based on previous ultrasound or anthropometric measurements [80, 254, 255]. They

may not have been developed yet because it is not easy to illustrate or plot on a chart,

there may have been uncertainty about how standards would be used clinically, there

are inherent methodological complexities that must be considered when constructing

such standards, and there was lack of high-quality longitudinal data at the time.

A key difference between velocity and distance standards is that velocity standards

trace an individual’s growth pattern between any two time points. Those most

at risk and requiring medical intervention can be identified using the changes in

growth observed between two points. Serial measurements of fetal biometry are in

principle superior to single measurements, especially for classifying fetal growth

restrictions [73].

Recent studies on the assessment of fetal growth by serial ultrasound examinations

performed every 4 weeks from mid-gestation to birth have identified potential conse-

quences for postnatal health. Body composition and hormonal status were associated

with a decline in fetal growth velocity, irrespective of the final birthweight [256, 257].

Cameron et al. [258] investigated how much recovery can be expected after stunting.

They advocated for catch-up growth to be estimated using z-scores rather than

actual infant measurements and suggested that catch-up was only possible when

the change in z-score exceeded that predicted by regression to the mean. A WHO

expert committee recommended the use of z-scores was in a technical report on

the use and interpretation of anthropometry [77] that has been widely adopted.

Z-scores are thus recommended for assessing growth velocity as they can be used

to compare across GAs and different biometric measures [259, 260].

7.2.1 Overall aim

This chapter presents work aiming to develop fetal growth velocity standards from

ultrasound measurements of FHC, abdominal circumference, and femur length
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based on data from the FGLS component of the INTERGROWTH-21st Project

[24, 11]. These standards were developed using a different methodology from, but

should complement, the INTERGROWTH-21st fetal size standards that were the

primary output for the project. I used a two-stage approach. I first carried out

a systematic review of the literature on velocity charts and methodology applied

to fetal and child growth. I then used the identified methodology to develop fetal

velocity standards using the INTERGROWTH-21st dataset.

7.2.2 Justification

Velocity standards will form an important complement to the published INTERGROWTH-

21st International fetal growth standards (size charts) [24]. I used the same

dataset that was used to construct the international fetal standards to develop

the new velocity standards. Altman and Hytten [91] highlighted the clear and

urgent need for true measures of fetal growth from which deviations indicating

genuine growth retardation can be derived. Sovio et al. [261] sought to determine

the diagnostic effectiveness of universal ultrasonic fetal biometry in the third

trimester as a screening test for small-for-GA infants. They found that serial

assessment of fetal biometry in all pregnancies improved the detection of small-

for-GA neonates and identifies a subset at risk for morbidity and mortality. The

detection rate of small-for-GA neonates was tripled by screening women in the

third trimester. The authors recommended a combined approach using both fetal

biometry and fetal growth velocity (measured with abdominal circumference) to

identify a subset of small-for-GA fetuses that were at increased risk of neonatal

morbidity, mortality, or adverse outcomes.

Rates of growth differ across time and between individuals. A better characterisation

of insults during pregnancy requires identifying and characterising periods of rapid

growth [262, 3]. Although human growth is particularly rapid during fetal life,
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standard obstetric care does not include monitoring fetal growth in women with low-

risk pregnancies. A meta-analysis of seven trials that evaluated the effects of routine

late pregnancy ultrasound, defined as occuring at more than 24 weeks gestation,

on obstetric practice and pregnancy outcome in women with either unselected or

low-risk pregnancies concluded that there was no evidence of a beneficial effect [57].

The results of this systematic review led to the recommendation that late pregnancy

ultrasound should not be offered routinely in the third trimester [263, 264]. Sovio

et al. [261] conducted a prospective cohort study of unselected nulliparous women

with a singleton viable gestation and reliable dating in early pregnancy. They

confirmed the already-overwhelming evidence that fetal growth disorders are risk

factors for adverse neonatal outcomes and can predispose infants to adult chronic

diseases [265, 266, 267, 268]. The Royal College of Obstetricians and Gynaecologists

evidence-based recommendations for managing suspected fetal growth restriction

includes fetal monitoring, timing the induction of labour, and how to undertake

delivery. In light of these findings, a programme of screening that includes universal

ultrasonography and intervention has the potential to reduce the number of adverse

perinatal outcomes caused by fetal growth restriction [269]. In planning public

health activities such as nutrition interventions for developing countries, the type

of intrauterine growth retardation present in the target population should be

considered to determine which type of intervention would be most appropriate

and establish the correct timing.

To address some of the issues raised regarding fetal monitoring and the benefits

that can be deduced from prospective ultrasound measurements of fetuses in

improving detection of fetal growth restriction, a longitudinal study of a large

number of women that takes scheduled repeat measurements of fetal dimensions

such as FHC, abdominal circumference, and femur length using ultrasound has

been recommended [91].
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7.2.3 Velocity or increment reference values

Velocity reference charts (also known as increment reference charts) are the simplest

form of describing growth velocity. Velocity charts represent the distribution of

velocity as a function of GA. An alternative to the chart-based approach is the use

of incremental tables [270, 271, 271, 272, 273]. These tables present age range, for

example 0–1 months, versus the mean and SD of increments, for example birthweight

(g or kg/day) or length (cm/day), along with selected centiles (e.g. the 5th, 10th,

50th, 90th, and 95th centiles) for that age range.

According to Tanner [30], velocity represents what is happening now, whereas

attained size represents a summary of all that has happened in the past. The main

restriction in using velocity increment charts and tables is that fixed measurement

intervals are used. Healy [274, 106, 100] highlighted other shortcomings of this

approach in three papers. He noted that differences between any two measurements

may be unduly large because either the final or initial measurement is far from its

expected value. The usual practice is to take the difference between two values,

express it as a velocity, and compare it with a reference or standard chart. Growth

velocity is calculated as the difference between two measurements, Y1 and Y2, taken

at times t1, and t2 [274, 275, 276]. Velocity references are influenced by the time

interval between measurements, as the rate of growth is not constant over time.

For example, fetal growth is rapid in early pregnancy and slows down towards

term [277]. Relative measurement error is greater over shorter periods and during

saltatory growth [278, 277, 279]. Velocity charts are thus usually based on fixed

time periods. Velocity charts of height and weight during child growth have been

recommended to be based on minimum intervals of 1 year to avoid seasonal effects.

In contrast, intervals of between 1 week and 3 months have been recommended

for velocity charts for fetal and infant growth [80, 274, 280, 77, 281, 282]. The

choice of an appropriate interval is a trade-off between the noise (measurement
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error) and signal (ability to detect true growth velocity) [283]. A limitation of

these charts is that they can only be used for measurements taken very near the

specified intervals, e.g. 1-year intervals for the Tanner charts and weekly for the

Owen and Campbell fetal biometry charts.

The WHO, as part of the MGRS, published growth velocity increment charts for

birthweight, BL, and BHC for monitoring infants in the first 2 years of life [273]. The

increment references were derived from a longitudinal study of a cohort of children

who were examined in 21 visits from birth to 2 years of age [159]. The increments

on which the velocity standards were based were calculated using a longitudinal

sample of 882 children (428 boys and 454 girls) whose mothers complied fully with

the MGRS infant-feeding and no-smoking criteria and completed 24 months of

follow-up. The children were measured at birth; at weeks 1, 2, 4, and 6; monthly at

2-12 months; and bi-monthly in the second year. Weight increments were calculated

and presented for 1-month periods from birth to 12 months, and for 2- to 6-month

periods from birth to 24 months. Weight increments were also presented from

birth to 60 days in 1-week and 2-week intervals. Velocity references for length were

presented for 2- to 6-month periods from birth to 24 months. References for BHC

were presented for 2- and 3-month increments from birth to 12 months, and 4- to

6-month increments from birth to 24 months [273].

7.2.4 Velocity gain z-scores

Instead of incremental velocities, Healy suggested a reference approach that results

in centiles at time t2 given measurements at time t1. He argued that such centiles

are more valuable as they potentially have greater sensitivity for detecting fetal

growth restriction than increment velocities obtained by merely taking the difference

between any pair of measurements without accounting for the size of the previous

measurements. The approach also avoids ascribing abnormally low velocities to
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children who happen to be above their expected measurement at the start of

the interval or vice versa [106].

Another important aspect to consider when constructing velocity is the well-known

phenomenon of regression to the mean, first described by Galton in 1886. He related

the heights of children to the average height of their parents, which he called the

mid-parent height [284]. He noted, for example, that there was a tendency for tall

fathers to have shorter sons. This is a statistical phenomenon, whereby if individuals

or groups of individuals are measured on two occasions, the second measurement is

likely, on average, to be nearer the mean than the first measurement [242, 243, 285].

Regression to the mean occurs because there is never perfect correlation mainly

because of measurement error [285]. If two measures are weakly correlated, then

regression to the mean has a greater effect [286]. Suppose the z-score, Z1, of a fetus

is 2 at time t1, the fetus is 2 SD above the mean (∼97th centile) and if the correlation

between Z1 and the z-score Z2 at time t2 is 0.75. At time t2, I would expect the

fetus to be 2 × 0.75 = 1.5 SD above the mean, on average (∼93rd centile). This

reduction by 4 centiles is commonly referred to as ’catch-down’ growth. The reverse,

’catch-up growth’, also occurs [287]. On average, most, but not all, light fetuses

will ’catch-up’ and most, but not all, heavy fetuses will ’catch-down’ [243]. Centile

crossing, both upwards and downwards, has been used to describe growth rate

changes with respect to reference growth charts after growth retardation following

illness and acceleration of growth during recovery [288]. Centile-crossing has been

used more often in studies that assess postnatal growth patterns [244, 245, 247]

and less frequently in studies of prenatal growth [257, 289]. The term ’tracking’ is

commonly used to refer to the maintenance of rank order within a group of peers

over time [248]. The absence of centile crossing is called perfect tracking [290]

and can sometimes be used to refer to future predictions. A correlation coefficient

between two measurements can give an indication of centile tracking [290].
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Calculating a velocity gain z-score requires (a) a set of reference fetal size standards

to convert respective fetal measurements to z-scores and (b) the correlation between

any pair of z-scores for each fetal measurement [277]. The value of the correlation

will depend on the time interval between the pair of z-scores and the respective

GAs, which indicates whether the measurements were taken in early, mid, or

late pregnancy. The INTERGROWTH-21st dataset provides all of the required

information, except an estimate of the correlation. An estimate of correlation is

easy to calculate for situations in which data are collected at fixed time intervals.

However, this is seldom the case in normal practice as fetuses are seen and measured

at arbitrary time points over time. For pragmatic reasons it is impossible to see

and measure everyone on the same day i.e., at fixed time intervals.

Fetal size measurements tend to have a close to normal distribution at any GA

[92]. Data that are normally distributed can be summarised using the mean and

SD, from which any desired centiles or z-scores can be calculated. By definition,

z-scores are normally distributed, with mean = 0 and SD = 1. If the distribution of

reference values follows a normal distribution, the centiles and z-scores are related

through a mathematical transformation. The commonly used z-scores of -3, -2, and

-1 correspond to the 0.13th, 2.28th, and 15.8th centiles, respectively. Similarly, the 1st,

3rd, and 10th centiles correspond to the -2.33, -1.88, and -1.38 z-scores, respectively.

Once again, the question is: ‘Given a fetus’s previous FHC, abdominal circumference,

and femur length measurements, how likely are the current measurements?’

7.2.5 Presentation of size versus growth velocity standards

It is common practice to present fetal size standards in relation to GA as centile

curves, tabulated centiles, or both. Centile curves provide an easy way to track

individual growth patterns, but do not offer the same representation for growth

velocity. Growth velocity is highly variable between fetuses. It is not unusual for
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a fetus whose increment at one time point is on the 5th centile to be at the 75th

centile at the next measurement [273]. Interpreting fetal velocity is different from

interpreting the more commonly used fetal size charts. Fetuses do not necessarily

track on a fixed velocity curve, except perhaps in the median range [274, 281].

Tanner [291] recommended that velocity increments be used in conjunction with

size charts. An example of such an effort is the 3-in-1 weight monitoring chart

proposed by Cole [292], amongst others [242, 283].

7.3 Data

The FGLS component of the INTERGROWTH-21st Project generated a unique

dataset as it was the largest prospective study to date to collect data on fetal ultra-

sound measurements among optimally healthy pregnant women in geographically

diverse populations, with a high level of quality control measures in place. To ensure

that they collected accurate, reproducible ultrasound measurements, the study

centres used uniform methods, identical ultrasound equipment, and standardised

methodology to take fetal measurements, and they employed locally accredited

ultrasonographers who underwent standardisation training and monitoring [293].

Of the 13,108 pregnant women who were screened, 4,607 met the clinical eligibility

criteria and were enrolled in the study. All of the women were closely followed

up throughout pregnancy by the study team until delivery and discharge from

hospital. The target sample for the proposed analyses was formed by the enrolled

4,321 women had live singleton births in the absence of severe maternal conditions

or fetal congenital abnormalities detected by ultrasound or at birth. Individual

ultrasound measurements of FHC, biparietal diameter, occipitofrontal diameter,

abdominal circumference and femur length were taken at regular intervals (every 4

to 6 weeks) between the 14th and 40th week of gestation with between four and seven

measures per fetus. These data are suitable for evaluating ultrasound estimated
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fetal growth rates for the prediction of adverse perinatal outcomes and for studying

the rate of fetal growth between two defined time points (velocity).

The median number of ultrasound scans (excluding the dating scan) was 5.0 (mean

= 4.9, SD = 0.8, range from 4 to 7) and 97% of the women had ≥ 4 scans (mean =

5.0, SD = 0.6, range from 4 to 7), indicating that the participants adhered well to

the protocol. Eighty-five percent of the 20,313 ultrasound scans were performed

within the expected GA window of the protocol (range from 76% in India to 93%

in Oman) [24]. Although measurements were taken across GA from 14 to 40

weeks, the high protocol adherence rates in the FGLS meant that the intervals

between the adjacent measurements were mostly 4- (n = 3,836), 5- (n = 8,871),

or 6- (n = 2,411) week intervals. As most of the women were seen in 4- , 5-

, and 6- week intervals, shorter or longer follow-up intervals were unusual and

were therefore not considered in the analyses. The two diameters of the head,

the biparietal and occipito-frontal diameters, were not considered relevant for the

velocity analyses as they were already represented by the FHC. The 4,321 fetuses

contributed 20,030 fetal measurements. These data were used to construct fetal

growth velocity and to assess changes in fetal size standards [24]. As the main

focus of this thesis is methodology, I only present analyses and results based on

the two approaches using FHC data as an example. The same methodological

framework and analyses were applied to abdominal circumference and femur length

data without any problems (results are not shown).

Table 7.1 summarises the number of women and total number of follow-up visits of

FHC from 14 to 40 weeks of GA. Scatter plots of increments in raw FHC, abdominal

circumference, and femur length data (mm/week) according to GA (weeks) for

all of the sites combined are shown in Figure 7.1.
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Number of Number of Percentage Number of Percentage
visits women observations
1 39 0.92 4,233 21.13
2 55 1.30 4,194 20.94
3 203 4.80 4,139 20.66
4 810 19.14 3,936 19.65
5 2,724 64.35 3,126 15.61
6 402 9.50 402 2.01

Total 4,233 100.00 20,030 100.00

Table 7.1: Summary of the number of women and total number of follow-up visits
measuring fetal head circumference.

Figure 7.1: Increments in fetal head circumference, abdominal circumference and femur
length data (mm/week) according to gestational age (weeks) for all of the sites combined.
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7.4 Data analyses

The INTERGROWTH-21st fetal growth data were used to model velocity increment

centiles on a continuous scale. Centile curves were generated both graphically

and in tabular format for 4-, 5-, and 6-weeks intervals starting at 14 weeks of

gestation. Diagnostic plots of the model fit are shown, empirical values and fitted

centiles are compared across GA, and the differences between the empirical and

fitted centiles across GA are quantified for selected centiles. Quantile-quantile

plots of the fitted model and scatter plots of resultant z-scores from the fitted

model by GA are also presented.

7.4.1 Velocity or increment reference values

Pairs of consecutive measurements (Y1 and Y2) were considered for each fetus and

the time elapsed (time interval) between each pair of measurements calculated. The

average daily growth rate for each individual was obtained from the difference in

the measurement between the two time points (Y2 − Y1) and was plotted at the

mid-time-point of the two measurements, i.e., at time (t2 − t1)/2. The average

daily rate of growth was thus given by:

Y2 − Y1

(t2 − t1)/2 (7.1)

Growth was modelled as a function of gestation age by expressing FHC velocity at the

mid-time-point between any pair of observations using FPs [163]. The centiles and

z-scores for increment velocities were computed in the same way as in attained size

charts [24]. The mean and SD were fitted using FPs that were based on the normality

assumption. Each desired centile or z-score of increment x was calculated using:

z-score of x = x− µ(x)
σ(x) , (7.2)

212



where x refers to an increment in the size of a fetus at a specified time point,

µ(x) is the FP fitted mean velocity of all fetuses observed at that time point,

and σ(x) is the FP fitted average SD of all fetuses observed at that time point.

For example, to calculate a z-score for an 18-week-old fetus with an increment

in FHC of 42 mm between 14 and 18 weeks: increment = 42 mm, µ(x) =

50.71 mm, and σ(x) = 6.07 mm,

z-score of increment = (42− 50.71)
6.07 = −1.43. (7.3)

Any desired centile estimate can be calculated using the relation:

pth centile = increment±K×SD(x), (7.4)

where K is the normal equivalent deviate (z-score) corresponding to a particular

centile, e.g. K = 1.88 for the 97th centile and −1.88 for the 3rd centile, and the mean

and SD are the predicted estimates from the FP regression analysis. For example,

to convert the z-score calculated above to a corresponding velocity increment:

µ(x) = 50.71 mm, σ(x) = 6.07 mm, and z− score = −1.43,

Increment = 50.71 + (−1.43× 6.07) = 42.03 mm. (7.5)

7.4.2 Velocity gain z-scores

The velocity increment calculated above does not take into account an individual’s

size at time t1 and the correlation between the distribution of z-scores at the two

time points t1 and t2. In contrast, velocity gain does take these considerations into

account. All of the ultrasound data from the FGLS were converted to z-scores using

the international fetal growth standards [24]. The z-score values were normally
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distributed as the fetal standards were constructed using the same data. Using FHC

as an example, velocity can be assessed by considering the difference in z-scores

between any two time points, Z2 - Z1. Change is assessed to predict the fetus’s

centile or z-score position, given its known previous centile or z-score position. The

aim is to predict Z2 from Z1 and compare it with the observed Z2. A negative

value indicates a fall in the fetus’s position relative to the population. However, the

value of the difference should be interpreted considering the value of Z1 used in its

calculation. Fetuses with a small initial velocity, such as Z1 < -1 z-score, will on

average show an increased velocity when their FHC measurement is taken later,

and vice versa. Z2 is expected to become smaller (nearer to zero, the median) with

time. The correlation is a direct measure of regression to the mean [242, 243, 285].

Consider the distribution of the FHC z-scores Z1 and Z2 at time points t1 and t2,

and the correlation r between them. If Z2 is regressed on Z1, then:

Z2 = a + b× Z1 + ε, (7.6)

where a, b, and ε are the intercept, gradient, and residual error. As Z1 and Z2 are

z-scores derived from fetal size standards constructed using the same data, Z1 and

Z2 both have normal distributions with mean = 0 and SD = 1. The regression

coefficient, b, is equal to the correlation r between Z1 and Z2. The expected value

of Z2 given Z1 can thus be simplified to:

Z2 = r.Z1 + ε. (7.7)

The expression Z2 − r.Z1 is a measure of the difference between Z2 and its expected

value. The SD of Z2 − r.Z1 is given by
√

(1− r2) [287]. This leads to the
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velocity gain z-score:

Velocity gain z-score = Z2 − r.Z1√
(1− r2)

(7.8)

where t1<t2, Z1 is the initial FHC z-score at t1, Z2 is the later FHC z-score at

t2, and r is the correlation between Z1 and Z2 [243].

7.4.2.1 Implementation

Empirical correlations were calculated for all possible z-score pairs. Estimates

of correlation are unstable for small sample sizes, so the greater the number of

observations, the better the sample correlation approximates the true correlation.

Correlations were therefore only calculated for samples of at least 10 measurement

pairs. Fisher demonstrated that samples from a bivariate normal distribution with

sample sizes of 10 or more had z-scores with an approximately normal distribution

and a remarkably robust transformation [294]. Fisher’s transformation is a variance-

stabilising transformation:

Fisher’s z-statistic = 0.5× loge
{

1 + r

1− r

}
(7.9)

The empirical correlations were transformed with Fisher’s transformation and

modelled using FP regression [163]. The transformed correlations were then

modelled as a function of the two GAs, the mean GA of each pair of observations,

(t1 + t2)/2, and their difference, (t2− t1) [243]. This resulted in smoothed estimates

of the correlation as a function of GA. The predicted values from the FP regression

model were then back-transformed to the original scale for correlation using:

Correlation coefficient, r = exp(2z)− 1
exp (2z) + 1 (7.10)

where z is Fisher’s transformed correlation.
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7.4.3 Comparing the velocity increment approach with the

velocity gain z-score approach

The velocity increment and velocity gain approaches were compared by (a) plotting

empirical densities of the distribution of the z-scores from each method and (b)

comparing the distributions of all pairwise differences between the z-scores from

the two methods. The fetal data were also used to check for evidence of regression

to the mean. The fetuses were categorised as either below the lower cut-off (fetal

z-scores between -2.5 and -1.5) or above the upper cut-off (fetal z-scores between

+1.5 and +2.5) of the attained fetal sizes at t1 of 4-, 5-, and 6-weekly intervals.

The change in z-scores, Z2 − Z1, of the 4-, 5-, and 6-week intervals were examined

to assess the extent of regression to the mean in the data.

7.5 Results

7.5.1 Velocity or increments reference values approach

FHC velocity increments were modelled for 4-, 5-, and 6-week intervals, accounting

for GA. Tables generated from the 4-week increment curves contain estimated

centiles for GAs 14–18, 15–19, . . . , 36–40 weeks. Tables generated from the 5-week

increment curves contain estimated centiles for 14-19, 15-20, . . . , 35-40 weeks. Tables

generated from the 6-week increment curves contain estimated centiles for 14–20,

15–21, . . . , 34–40 weeks. Figure 7.1 shows the FHC velocity increments in mm/week.

7.5.1.1 Four-week increments

There were 3,836 4-week increments. The best FP model was an FP2 with powers

for the mean = 1, 1 and SD = 1. Repeat powers are allowed in FPs. Each time

a power repeats, one of the two terms is multiplied by loge(x) [163]. A summary

table with descriptive statistics for 4-week intervals showing their sample sizes is

216



presented in Table 7.2. Figure 7.2 shows the fitted 3rd, 50th, and 97th smoothed

centiles in mm/week according to GA. The associated diagnostic results are shown

in Figures 7.3 and 7.4. Figure 7.5 compares the fitted smoothed centiles with their

corresponding empirical centiles for selected centiles.

There was no evidence of bias when the fitted and empirical centiles were compared

or when the residuals for the selected centiles were assessed, including the extreme

centiles (e.g., the 3rd and 97th centiles) where the differences were expected to be

greatest (Figures 7.5 and 7.6). The differences between the fitted and empirical

centiles were within 3 mm from 14 to 39 weeks and were in the range 4 mm to 8

mm at 40 weeks. The greater range at 40 weeks was largely attributable to the

small sample size (n = 9). Table 7.3 presents the predicted 3rd, 10th, 50th, 90th, and

97th centiles for 4-week increment velocities between 14 and 40 weeks.
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Gestational age Minimum Maximum Mean SD Total
(completed weeks) (mm) (mm) (mm) (mm) (n)

14–18 39.09 70.08 53.08 6.14 58
15–19 38.46 67.98 52.85 6.00 126
16–20 35.11 67.93 50.40 5.63 218
17–21 32.58 70.22 49.03 6.57 217
18–22 36.13 66.59 49.90 6.01 139
19–23 34.99 66.88 49.62 5.75 99
20–24 32.86 61.69 48.08 6.00 147
21–25 29.38 63.63 48.02 6.62 151
22–26 31.81 69.52 48.26 6.40 144
23–27 34.60 66.96 48.03 6.57 124
24–28 28.23 58.73 43.31 6.87 105
25–29 25.92 59.96 43.54 7.29 144
26–30 20.01 56.51 40.46 6.68 195
27–31 20.17 58.55 37.76 7.45 160
28–32 13.69 54.67 34.45 7.71 180
29–33 13.58 59.58 31.99 7.00 195
30–34 11.48 50.04 28.43 7.43 193
31–35 3.38 54.92 25.69 8.04 230
32–36 1.64 41.76 23.84 7.23 208
33–37 0.77 50.18 20.31 6.98 462
34–38 1.77 40.96 18.94 7.95 191
35–39 1.04 35.58 15.99 7.23 141
36–40 5.15 25.48 15.87 6.67 9
Total 0.77 70.22 36.33 14.10 3836

Table 7.2: Descriptive statistics for the 4-week increments in head circumference (mm).
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Figure 7.2: Individual 4-week increments in fetal head circumference (mm) (FHC), with
the 3rd, 50th, and 97th centiles superimposed according to gestational age (weeks).

Figure 7.3: Quantile-quantile plot of the fitted model of 4-week increments in fetal head
circumference (mm).
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Figure 7.4: Scatter plot of individual 4-week increments in fetal head circumference
(mm) from the fitted model according to gestational age in completed weeks.

Figure 7.5: Comparison of fitted (solid lines) and empirical (open circles) 3rd, 10th,
50th, 90th, and 97th centiles for the 4-week increments in fetal head circumference (mm)
according to gestational age (weeks).
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Figure 7.6: Differences in fitted and empirical centiles (residuals) for 4-week increments
in fetal head circumference (mm) at 3rd, 10th, 50th, 90th, and 97th centiles according to
gestational age (weeks).
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Gestational age Total 3rd 10th 50th 90th 97th
(completed weeks) (n) centile centile centile centile centile

14–18 58 39.29 42.93 50.71 58.50 62.14
15–19 126 39.50 43.18 51.06 58.94 62.63
16–20 218 39.44 43.17 51.14 59.12 62.85
17–21 217 39.13 42.90 50.97 59.04 62.81
18–22 139 38.57 42.39 50.55 58.71 62.53
19–23 99 37.78 41.65 49.90 58.16 62.02
20–24 147 36.78 40.68 49.03 57.38 61.29
21–25 151 35.55 39.50 47.95 56.39 60.34
22–26 144 34.13 38.12 46.66 55.20 59.19
23–27 124 32.51 36.54 45.18 53.81 57.85
24–28 105 30.69 34.78 43.50 52.23 56.31
25–29 144 28.70 32.83 41.65 50.47 54.60
26–30 195 26.53 30.70 39.62 48.54 52.71
27–31 160 24.19 28.40 37.42 46.43 50.64
28–32 180 21.69 25.94 35.05 44.16 48.42
29–33 195 19.02 23.33 32.53 41.73 46.03
30–34 193 16.20 20.55 29.85 39.14 43.49
31–35 230 13.24 17.63 27.02 36.41 40.80
32–36 208 10.12 14.56 24.04 33.52 37.96
33–37 462 6.87 11.34 20.92 30.50 34.98
34–38 191 3.47 8.00 17.67 27.34 31.86
35–39 141 -0.06 4.51 14.28 24.04 28.61
36–40 9 -3.71 0.90 10.76 20.62 25.23
Total 3,836

Table 7.3: Fitted 4-week increments in fetal head circumference (mm) at the 3rd, 10th,
50th, and 97th centiles according to gestational age (weeks).

7.5.1.2 Five-week increments

There were 8,871 5-week increments. The best FP model was an FP2, with powers

for the mean = 2, 2 and SD = 1. A summary table with descriptive statistics for

the intervals and their sample sizes is presented in Table 7.4. Figure 7.7 shows

the fitted 3rd, 50th, and 97th smoothed centiles in mm/week according to GA. The

associated diagnostic results are shown in Figures 7.8 and 7.9. Figure 7.10 compares

the fitted smoothed centiles with their corresponding empirical centiles for selected

centiles. The difference were within 4 mm from 14 to 40 weeks (Figures 7.10 and

7.11). Table 7.5 presents the predicted 3rd, 10th, 50th, 90th, and 97th centiles.
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Gestational age Minimum Maximum Mean SD Total
(completed weeks) (mm) (mm) (mm) (mm) (n)

14–19 44.08 79.91 62.73 5.70 190
15–20 43.53 80.63 61.46 5.84 367
16–21 40.21 78.44 59.01 6.29 465
17–22 38.39 77.30 58.74 6.15 558
18–23 42.40 74.28 58.39 5.59 532
19–24 35.59 80.53 56.76 6.37 300
20–25 30.04 75.39 56.59 6.69 425
21–26 35.86 80.44 56.44 6.64 509
22–27 34.42 82.81 55.89 6.51 592
23–28 29.86 76.21 54.65 6.81 593
24–29 28.08 72.98 51.70 7.45 360
25–30 28.10 77.34 48.52 7.65 386
26–31 24.12 75.81 46.40 7.62 444
27–32 21.70 67.72 42.94 7.32 552
28–33 11.73 63.91 39.48 7.53 576
29–34 11.32 60.55 35.59 8.34 369
30–35 2.55 57.64 32.77 8.66 385
31–36 8.10 51.33 30.75 7.88 352
32–37 7.24 56.71 26.63 7.67 486
33–38 0.84 51.82 22.99 8.50 282
34–39 0.17 51.06 20.45 9.12 133
35–40 2.33 31.50 15.61 8.67 15
Total 0.17 82.81 47.84 13.91 8871

Table 7.4: Descriptive statistics for the 5-week increments in fetal head circumference
(mm).
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Figure 7.7: Individual 5-week increments in fetal head circumference (mm) (FHC), with
the 3rd, 50th, and 97th centiles superimposed according to gestational age (weeks).

Figure 7.8: Quantile-quantile plot of the fitted model of 5-week increments in fetal head
circumference (mm).
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Figure 7.9: Scatter plot of individual 5-week increments in fetal head circumference
(mm) from the fitted model according to gestational age in completed weeks.

Figure 7.10: Comparison of fitted (solid lines) and empirical (open circles) 3rd, 10th,
50th, 90th, and 97th centiles for the 5-week increments in fetal head circumference (mm)
according to gestational age (weeks).
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Figure 7.11: Differences in fitted and empirical centiles (residuals) for 5-week increments
in fetal head circumference (mm) at the 3rd, 10th, 50th, 90th, and 97th centiles according
to gestational age (weeks).
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Gestational age Total 3rd 10th 50th 90th 97th
(completed weeks) (n) centile centile centile centile centile

14–19 190 50.01 53.39 60.63 67.86 71.25
15–20 367 49.61 53.08 60.50 67.93 71.40
16–21 465 49.03 52.59 60.21 67.82 71.38
17–22 558 48.28 51.93 59.73 67.53 71.18
18–23 532 47.33 51.07 59.07 67.06 70.80
19–24 300 46.20 50.02 58.21 66.39 70.22
20–25 425 44.86 48.77 57.14 65.52 69.43
21–26 509 43.31 47.31 55.87 64.44 68.44
22–27 592 41.54 45.64 54.39 63.14 67.23
23–28 593 39.56 43.74 52.68 61.62 65.80
24–29 360 37.35 41.62 50.75 59.88 64.15
25–30 386 34.90 39.26 48.58 57.90 62.26
26–31 444 32.22 36.67 46.18 55.69 60.13
27–32 552 29.30 33.83 43.53 53.23 57.76
28–33 576 26.12 30.75 40.63 50.52 55.15
29–34 369 22.69 27.41 37.48 47.56 52.27
30–35 385 19.01 23.81 34.08 44.34 49.14
31–36 352 15.06 19.95 30.40 40.86 45.75
32–37 486 10.84 15.82 26.46 37.11 42.09
33–38 282 6.35 11.42 22.25 33.09 38.16
34–39 133 1.58 6.74 17.77 28.79 33.95
35–40 15 -3.46 1.78 13.00 24.21 29.46
Total 8,871

Table 7.5: Fitted 5-week increments in fetal head circumference (mm) at the 3rd, 10th,
50th, and 97th centiles according to gestational age (weeks).

7.5.1.3 Six-week increments

There were 2,411 6-week increments. The best FP model was an FP2, with powers

for the mean = 2, 3 and SD = 1. A summary table with descriptive statistics

for these intervals and their sample sizes is presented in Table 7.6. Figure 7.12

shows the fitted 3rd, 50th, and 97th smoothed centiles in mm/week according to

GA. The associated diagnostic results are shown in Figures 7.13 and 7.14. Figure

7.15 compares the fitted smoothed centiles with their corresponding empirical

centiles for selected centiles. Differences between empirical and fitted centiles are

shown in Figure 7.16. The differences were within 6 mm from 14 to 39 weeks
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and were in the range of 2 mm to 8 mm at 40 weeks. Again, the greater range

at 40 weeks was largely attributable to the small sample size (n = 7). Table 7.7

presents the predicted 3rd, 10th, 50th, 90th, and 97th centiles for 6-week increment

velocities between 14 and 40 weeks.
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Gestational age Minimum Maximum Mean SD Total
(completed weeks) (mm) (mm) (mm) (mm) (n)

14–20 55.12 85.96 71.47 5.99 90
15–21 55.88 89.14 71.08 6.11 114
16–22 54.85 94.58 69.70 6.04 209
17–23 50.84 88.92 67.83 6.49 252
18–24 54.17 81.64 66.75 6.49 119
19–25 46.87 79.97 63.54 7.60 65
20–26 51.13 87.76 66.14 7.06 123
21–27 46.51 78.24 65.47 6.40 147
22–28 44.09 79.35 63.31 6.63 183
23–29 43.14 86.58 63.48 7.16 166
24–30 37.77 75.20 58.14 7.36 102
25–31 35.80 74.97 55.87 7.69 112
26–32 35.89 81.23 52.62 8.23 122
27–33 25.44 68.64 46.74 7.95 132
28–34 15.13 72.88 45.90 9.49 113
29–35 16.78 58.91 39.41 9.38 94
30–36 14.99 59.75 37.49 7.99 86
31–37 8.53 60.18 33.72 8.88 87
32–38 14.09 45.62 30.46 7.34 72
33–39 11.25 46.63 23.59 8.68 16
34–40 5.43 35.12 21.97 10.60 7
Total 5.43 94.58 58.36 14.31 2411

Table 7.6: Descriptive staistics for the 6-week increments in fetal head circumference
(mm).
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Figure 7.12: Individual 6-week increments in fetal head circumference (mm) (FHC),
with the 3rd, 50th, and 97th centiles superimposed according to gestational age (weeks).

Figure 7.13: Quantile-quantile plot of the fitted model of 6-week increments in head
circumference (mm).
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Figure 7.14: Scatter plot of individual 6-week increments in fetal head circumference
(mm) from the fitted model according to gestational age in completed weeks.

Figure 7.15: Comparison of fitted (solid lines) and empirical (open circles) 3rd, 10th,
50th, 90th, and 97th centiles for the 6-week increments in fetal head circumference (mm)
according to gestational age (weeks).
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Figure 7.16: Differences in fitted and empirical centiles (residuals) for 6-week increments
in fetal head circumference (mm) at 3rd, 10th, 50th, 90th, and 97th centiles according to
gestational age (weeks).
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Gestational age Total 3rd 10th 50th 90th 97th
(completed weeks) (n) centile centile centile centile centile

14–20 90 59.45 62.97 70.48 78.00 81.51
15–21 114 58.78 62.41 70.15 77.89 81.52
16–22 209 57.95 61.68 69.65 77.63 81.35
17–23 252 56.94 60.78 68.98 77.18 81.02
18–24 119 55.74 59.68 68.11 76.55 80.49
19–25 65 54.34 58.39 67.05 75.71 79.75
20–26 123 52.72 56.87 65.76 74.65 78.80
21–27 147 50.86 55.12 64.24 73.36 77.62
22–28 183 48.76 53.13 62.48 71.82 76.19
23–29 166 46.40 50.88 60.45 70.03 74.50
24–30 102 43.77 48.36 58.16 67.96 72.54
25–31 112 40.85 45.55 55.58 65.61 70.30
26–32 122 37.64 42.43 52.69 62.95 67.75
27–33 132 34.11 39.01 49.50 59.99 64.89
28–34 113 30.25 35.26 45.97 56.69 61.70
29–35 94 26.05 31.16 42.11 53.06 58.17
30–36 86 21.49 26.72 37.89 49.07 54.29
31–37 87 16.57 21.90 33.30 44.71 50.04
32–38 72 11.26 16.70 28.33 39.97 45.40
33–39 16 5.56 11.11 22.97 34.83 40.37
34–40 7 -0.55 5.10 17.19 29.28 34.93
Total 2,411

Table 7.7: Fitted 6-week increments in fetal head circumference (mm) at the 3rd, 10th,
50th, and 97th centiles according to gestational age (weeks).

7.5.2 Velocity gain z-scores

Figure 7.17 shows a plot of FHC according to GA in completed weeks. It clearly

illustrates how measurements were taken at every point of gestation from 14 to 40

weeks. A histogram and scatter plots of the untransformed empirical correlations

and Fisher’s transformed correlation are shown in Figures 7.18 and 7.19. Plots of

empirical and fitted correlations starting at 14 weeks versus time, t2 connected by

points with the same t1, are shown in Figures 7.20 and 7.21. Figure 7.22 compares

empirical and fitted correlations for 4-, 5-, and 6-week correlations starting at 14

weeks GA. Figure 7.23 compares empirical and smoothed fitted correlations.
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Figure 7.17: Scatter plot of fetal head circumference (mm) according to gestational age
in completed weeks.

Figure 7.18: Histograms of fetal head circumference empirical correlations (untrans-
formed, left) and Fisher’s transformed correlations (right) for sets of paired fetal head
circumference data
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Figure 7.19: Scatter plot of fetal head circumference empirical correlations (untrans-
formed, left) and Fisher’s transformed correlations (right) for sets of paired fetal head
circumference data by gestational age.

Figure 7.20: Plot of fetal head circumference empirical correlations starting at 14 weeks
versus time, t2. Points with the same t1 are connected. Each colour represents a separate
starting point, for example a starting point of 14 weeks is shown in green.
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Figure 7.21: Fitted correlations from Table 7.10 starting at 14 weeks versus time, t2
(i.e., gestational age). Points with the same t1are connected. Each colour represents a
separate starting point, for example a starting point of 14 weeks is shown in green.

Figure 7.22: Comparing empirical (blue closed circles) with fitted (red closed circles)
correlations for sets of paired fetal head circumference data for 4-, 5-, and 6-week
correlations starting at 14 weeks gestational age. Correlations obtained from the 4-week
increments refer to gestational ages 14–18, 15–19, . . . , 36–40 weeks. Correlations obtained
from the 5-week increments refer to gestational ages 14–19, 15–20, . . . , 35–40 weeks.
Correlations obtained from the 6-week increments refer to gestational ages 14–20, 15–21,
. . . , 34–40 weeks.
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Figure 7.23: Plots comparing empirical (blue closed circles) versus smoothed fitted (red
closed circles) correlations for each completed week of gestation for head circumference
z-scores.
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7.5.3 Evidence of regression to the mean

The correlations below the diagonal in Tables 7.8 and 7.9 measure regressions to

the mean from one GA week to the next. For example, between 14 and 18 weeks,

the estimated correlation was 0.827. A typical fetus with an FHC Z1 = -2 at 14

weeks would regress to the mean by this amount, so the expected Z2 at 18 weeks

is −2 × 0.827 = −1.654. Between 18 and 22 weeks, the estimated correlation

was 0.817. The same fetus would then be expected to move from Z1 = −1.654

to Z2 = −1.654 × 0.817 = −1.351.

In general, the amount of regression to the mean over a series of measurements

taken every four weeks is obtained by multiplying the correlations between adjacent

measurements together. If measurements are taken every four weeks from 14 to 40

weeks, the amount of regression to the mean can be obtained by multiplying the six

correlations below the diagonal together, giving 0.264. An average fetus with an FHC

Z1 of -2 at 14 weeks would end up with Z2 near −2× 0.264 = −0.528 at 40 weeks,

which corresponds to approximately the 30th centile. Similarly, by symmetry, fetuses

starting at an FHC Z1 of +2 will tend to shift down to the same extent. Table 7.10

shows the FP regression analysis equation of the transformed correlation between

successive FHC z-scores as a function of the time interval between measurements

and the fetus’s mean GA (both measured in completed weeks).

In the INTERGROWTH-21st study, 359, 786, and 218 fetuses were seen every 4, 5,

or 6 weeks, respectively, from 14 weeks of gestation. The results were consistent

with expected regression to the mean across all three intervals (4-, 5-, and 6-week

intervals), as the FHC drifted towards the median. The majority of the fetuses

with z-scores between +2.5 and +1.5 drifted downwards towards the median for all

three intervals (74.6%, 72.3%, and 69.3% of fetuses seen every 4, 5, and 6 weeks,

respectively). Similarly, 70.7%, 76.8%, and 76.2% of fetuses with z-scores between

238



−2.5 and −1.5 seen every 4, 5, and 6 weeks, respectively, drifted upwards towards

the median (Tables 7.11–7.13). An example of observed FHC z-score measurements,

expected z-scores accounting for previous measurements, and velocity gain z-scores

for a fetus in the INTERGROWTH-21st study is shown in Figure 7.24.
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Variable Coefficient Standard
error

t-
statistic P-value

Constant 1.945 0.00812 85.16 <0.001
Time gap1/2 −0.302 0.0310 −29.75 < 0.001

Mean gestational
age −0.00864 0.00168 −4.34 < 0.001

The dependent variable is Fisher’s transformed correlation. To obtain the
corresponding correlation, the inverse of the transformation must be calculated:

r = exp(2Z)− 1
exp(2Z) + 1 . (7.11)

For example, the correlation between 14 and 18 weeks covers a gap of 4 weeks and
a mean GA of 16 weeks. Substituting these values into the regression equation in
Table 7.10:
Z = 1.945-0.302 ×(41/2)− 0.00864× 16 = 1.245

r = exp(2Z)−1
exp(2Z)+1,

r = exp(2× 1.245)− 1
exp (2× 1.245) + 1 = 0.834

Table 7.10: Regression analysis equation of the transformed correlation between
successive fetal head circumference z-scores, as a function of the time interval between
measurements and the fetus’s mean gestational age (both measured in completed
weeks).
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Figure 7.24: INTERGROWTH-21st fetus series of head circumference z-score measure-
ments (red solid circles and solid red line), expected z-scores accounting for previous
measurements (red open circles and red dashed line), and velocity gain z-scores (solid
blue circles and solid blue line) for two representative INTERGROWTH-21st fetuses.
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7.5.4 Comparing velocity or increment reference values and

velocity gain z-score approaches

The density distribution plots of the z-scores of the two approaches were generally

similar (Figure 7.25). Ninety percent of the differences between velocity gain

and velocity increment z-scores were between -0.93 and +0.71 z-scores for 4-weekly

correlations, between -0.76 and +0.87 z-scores for 5-weekly correlations, and between

-0.72 and +1.07 z-scores for 6-weekly correlations with a start point of 14 weeks

(Figure 7.26 and Table 7.14).

The WHO-MGRS reported differences observed between the two methods to be

between -0.33 and 0.34 z-scores at the 5th and 95th centiles respectively (90% of the

data were within these limits) in children aged up to 2 years [273]. When applied

to the INTERGROWTH-21st data,these limits corresponded to the 28th and 81st

centiles for 4-weekly correlations (including only 53% of the INTERGROWTH-21st

population), 21st and 76th centiles for 5-weekly correlations (including only 55%

of the INTERGROWTH-21st population), and 22nd and 68th centiles for 6-weekly

correlations (including only 46% of the INTERGROWTH-21st population).
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Figure 7.25: Comparison between velocity gain z-scores and velocity increments using
(A) 4-week intervals, (B) 5-week intervals, and (C) 6-week intervals.
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Figure 7.26: Differences between velocity gain z-scores and velocity increments using
(A) 4-week intervals, (B) 5-week intervals, and (C) 6-week intervals.
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Interval lengths
Distribution of pairwise differences between the
velocity gain z-scores and velocity increment
z-scores

5% Median 95% Average
4–weeks -0.93 -0.06 0.71 0.82
5–weeks -0.76 0.01 0.87 0.82
6–weeks -0.72 0.07 1.07 0.90
7–weeks -0.98 0.37 1.40 1.19
8–weeks -0.51 0.39 1.27 0.89
9–weeks -0.91 -0.10 0.58 0.75
10–weeks -0.55 0.12 0.84 0.70
11–weeks -0.99 0.08 0.94 0.965
12–weeks -1.84 0.70 2.64 2.24

Table 7.14: Summary of the pairwise differences between the velocity gain approach
and velocity increment approach, starting at 14 weeks gestational age.

7.6 Discussion

Though remarkable progress has been made in improving fetal, neonatal, and child

health since the turn of the century, there is still considerable improvement to be

achieved. Every day an estimated 16,000 children <5 years of age die, amassing to

5.9 million deaths annually. The vast majority of these deaths could and should

have been avoided [295]. Most of them can be attributed, either directly or

indirectly, to undernutrition [296].

The study by Schwinger et al. [297] assessed whether growth velocity was a good

indicator for predicting child mortality. Their growth assessments were based on the

WHO child growth velocity standards [273] and were applied to a historical cohort

data in the Democratic Republic of Congo(1989–1991) to predict adverse health

outcomes. They found that weight and length velocity z-scores had better predictive

abilities (area under the curve = 0.67 and 0.69, respectively) than static measures of

weight-for-age (area under the curve = 0.57) and length-for-age (area under the curve

= 0.52) z-scores. They concluded that assessing a child’s recent growth trajectory

provided a more accurate prognosis of likely death than the use of static measures
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of nutritional status. Although repeated growth measures are slightly more complex

to implement, their ability to predict mortality suggests that they could be used for

identifying children at increased risk of death. Velocity standards would be valuable

for improving the prediction of poor perinatal outcomes, assessing individuals’

progress, and identifying those at risk of requiring medical intervention based on

changes in growth observed from previous ultrasound measurement [298, 299, 80].

This chapter focused on fetal growth velocity and how best to calculate it. The

methods described assess change in fetal size measurements using centiles or z-scores.

Two approaches for calculating velocity were discussed and applied to the FGLS data

from the INTERGROWTH-21st Project [24, 11]. The methodologies discussed have

previously been applied to child growth data [242, 243, 273], but not to fetal data, to

the best of my knowledge. The primary objective was to construct, for the first time,

fetal growth velocity standards. Such standards were not currently available largely

due to lack of appropriate populations studied following the WHO recommended

prescriptive approach and good quality longitudinal fetal data. Growth velocity has

been shown to be a more sensitive indicator of growth faltering than attained size

and therefore has the potential to contribute to effective pregnancy management

when used alongside attained size charts [79].

Velocity increments are limited by their rigidity, as they require estimates to be

developed within specified intervals, are only applicable in the specified fixed time

intervals, are subject to measurement error, and do not account for regression to

the mean [241]. Their use is not practical in clinical settings, as measurements

are usually taken at unstructured times. If an individual has a measurement time

outside the intervals covered in the tables, clinicians have to rely on estimates that

closely approximate the interval of interest, with the risk of biased estimates.

An alternative approach is the velocity gain first proposed by Wright [242] and

later used by Cole using routinely collected data [243]. The velocity gain approach
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is flexible and does not require fixed time intervals. However, large variations

are expected over short periods mainly due to measurement error [243]. This is

a practical problem in antenatal care as repeated measures are done in fetuses

suspected to be at risk to decide appropriate clinical interventions. Determining the

appropriate time interval between successive measurements is a trade-off between

the noise-to-signal ratio with the goal of minimising measurement error, to avoid

biased estimates.

The calculation of a velocity gain depends on (a) the fetal measurement at t1, (b)

the time interval between t1 and t2, and (c) the correlation of the fetal measurements

between t1 and t2. The fetal measurements must be converted to z-scores, which

was done here using the INTERGROWTH-21st international fetal standards [24]

previously published using the same data set. The correlation between any specified

two time points must also be calculated. Fisher’s transformed correlation of fetal

measures from 14 to 40 weeks was modelled here using FPs. An equation for

estimating the correlation between any two measurements within this GA range

was presented. The calculation of growth velocity and changes in velocity expressed

as z-scores requires two measurements, and therefore combines the imprecision of

the two measurements [287, 300, 301]. Single estimates of velocity are not useful

as they only identify fetuses or children whose growth is so extreme that their

calculated centile is outside the cut-off point chosen. In growth monitoring, multiple

measurements are better than just two measurements for identifying, measuring

and plotting errors, and for recognising truly abnormal patterns.

Various operational definitions of ‘abnormal growth velocity’ have been proposed.

A change of more than plus or minus one centile band ( 0.67 SD) has been proposed

as abnormal [302, 303], as it represents the width of centile bands on growth charts

(the distance between the 3rd, 10th, 25th, 50th, 75th, 90th, and 97th centiles). It thus

corresponds to the clinically salient event of an individual changing by one major
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growth reference centile, e.g., from the 25th centile to 10th centile [304].

Ong et al. [247] also used a change in reference-based standard scores greater than

+/- 0.67 as clinically significant in their study to identify predictors of postnatal

catch-up growth from birth to 2 years and its relation to size and obesity at 5

years. They found that children who showed catch-up growth of 0.67 SD or more

between 0 and 2 years were fatter and had more central fat distribution at 5 years

than other children. Lampl et al. [248] considered a higher criterion of 0.73 SD

to take into account inherent measurement error when investigating whether an

episode of preterm labour compromised fetal growth.

The WHO report on standards for the velocity of child growth compared the velocity

increment and velocity gain methods using longitudinal weight data from birth

to 2 years. They concluded that recording growth in snapshots of 1- or 2-month

intervals was affected by regression to the mean between birth and 1 or 2 months,

but that regression to the mean was less evident at later ages [273]. They found

a minor difference between the two methods of ±0.34 SD and therefore opted for

the velocity increment approach for practical reasons that are also relevant for

pregnancy care. They also provided sex-specific centiles for weight increments on

birthweight in 1- and 2-week intervals from birth to 2 months, which is the period

known to be most affected by regression to the mean [273].

In this chapter, a similar analysis to the WHO report was conducted, comparing

the two methods but applying them to fetal data. Ninety percent of the differences

between the velocity gain and velocity increments z-scores were between -0.93

and +0.71 SDs for 4-week correlations, between -0.76 and +0.87 SDs for 5-week

correlations, and between -0.72 and +1.07 SDs for 6-week correlations with a start

point at 14 weeks. The differences observed between the two approaches were two to

three times greater using FHC data than those reported by the WHO for child weight.

The differences of -0.33 and 0.34 reported by the MGRS corresponded to the 28th
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and 81st centiles for 4-week intervals (including only 53% of the INTERGROWTH-

21st population), 21stand 76th centiles for 5-week intervals (including only 55%

of the INTERGROWTH-21st population), and 22nd and 68th centiles for 6-week

intervals (including only 46% of the INTERGROWTH-21st population).

The main difference between the velocity increments and velocity gain approaches is

that the latter adjusts for both GA and regression to the mean [242, 243, 292]. The

results in this chapter have demonstrated that fetal data measured in 4-, 5-, and 6-

week intervals do indeed demonstrate the well-known phenomenon of regression to

the mean. This finding reiterates the need to account for regression to the mean in

the calculation of velocity. Failure to so this may lead to bias, especially in fetuses

with high or low starting velocities at any given GAs. The literature has suggested

that differences of ±0.67 SD are ’clinically significant’ for risk profiling neonatal

outcomes [247, 248, 304, 305]. This cut-off is based on statistical convenience

and is not a direct measure of clinical relevance.

Despite their potential usefulness, velocity standards have not been widely used

by clinicians because they have not been readily available. If they were available,

uptake may be low as they often require computerisation, are challenging to use,

and clinicians would have to learn how to use them. The uptake of velocity

standards remains to be seen if they are clinically useful or how they would be used.

Growth velocities pose other technical difficulties, for example, how frequently such

measurements ought to be obtained. There are inherent trade-offs: the shorter the

interval, the higher the variability in growth and in the measurement error compared

with the actual growth. Extending the period loses the benefit of assessing velocity

for informing clinical decisions. Frequent measurements also have implications

for cost, staff numbers, and workload.

The WHO recommended using velocity increment standards in infants and children

rather than velocity gain standards, as they are simple and are presented easily
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using charts and tables. They also rightly argued that the velocity gain approach

will require computerisation if it is to be clinically useful [273].

The main challenge in computing velocity gain is in the computation of a correlation

matrix representing the whole time-space when measurements are taken. I have

shown that this is achievable with careful modelling. Empirical correlations of fetal

measurements were modelled and showed that fitted correlations offer a good fit

to the empirical correlation structure. The correlations were modelled in weekly

intervals on the assumption that the correlations were reasonably stable within

each week of gestation. Linearity of the fitted correlation structure was assumed

as correlation was seen to decrease with increasing GA. Estimates for unobserved

measurement times in an interval could therefore be interpolated based on the model

fit and assumed to decrease in a linear fashion. The closed form formula representing

the correlation structure between 14 and 40 weeks enabled the calculation of velocity

gain given any two time points in that age range. To aid the use of the velocity

gain approach, an application will be developed and made freely available. It will

have to be incorporated into ultrasound machine software to be clinically useful.

Correlation modelling is uncommon in the statistical literature [306]. Correlations

are usually modelled when accounting for non-independence of observations, typically

in a multi-level framework. Wade et al. [208] modelled a dataset exhibiting a strong

correlation structure between the CD4 counts of the uninfected children of HIV-1

infected women using five correlation models: zero correlation; constant correlation;

continuous time-dependent correlation; discrete time-dependent correlation; and

both age- and time-dependent correlations. They explored the effect of incorporating

correlations between measurements into estimates of age-related centiles and

concluded that there was little effect on model choice, fitted centiles, or precision.

In another study, Wade et al. [?] re-analysed fetal abdominal circumference and

bi-parietal diameter data previously published by Kurmanavicius et al. [179, 211].
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This was a prospective study of pregnant women examined routinely three times

during pregnancy and every 2–3 weeks for high-risk pregnancies. The original

analysis used only the first of each series of measurements taken during pregnancy

to create each chart. Wade et al. incorporated all of the measurements, which

led to an 8-fold increase in the number of abdominal circumference and biparietal

diameter measurements. The original centiles reported by Kurmanavicius et al.

[179, 211] were very similar to those based on the re-analysis by Wade et al., which

incorporated a correlation structure between repeat measurements of the same

individual [?]. However, incorporating the correlation structure was preferable

to transforming the data to the cross-sectional form, as the latter could severely

affect the precision and accuracy of the centiles.

Argyle [306] modelled the correlation for monitoring child growth data. She used

the same data used by Wright (the Newcastle infancy data [242]) and Cole (the

Cambridge infant study [243]) to define a normal rate of weight gain in infancy

and develop reference charts to assess weight gain in British infants, respectively.

Argyle modelled the correlation using a simple two-parameter Markov correlation

model. As a consequence of the Markov property, conditioning was only based on

the most recent previous measurement to assess the development of a child’s growth

profile. Inferences about the correlation parameters were derived from the likelihood

methods based either on observed z-scores or, if raw data were unavailable, on

an observed correlation matrix [306]. The Markov model was compared with a

previously derived six-parameter correlation model by Cole [243]. Argyle concluded

that the predictive performance of the two models was very similar.
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8
General conclusions

Human growth has become an increasingly key area of interest over the last century.

Establishing the expected attained size at a given age has become the norm for

classifying ‘normal’ versus ’abnormal’ growth. Therefore the statistical analysis of

growth data has been of interest to many academics, from a wide range of disciplines,

over the last century. In this thesis, I have focused on growth in the prenatal period,

namely fetal and newborn growth. The thesis assessed approaches for attained size

at a given age and the velocity gain (rate or speed of growth) of a fetus.

Methods for attained size have been discussed extensively in the literature. I

have demonstrated their application using the INTERGROWTH-21st data to

construct international standards for fetal and newborn growth. The methodology

for calculating velocity gain is more complex and has never been tested with fetal

data. In Chapter 7, I applied an approach based on the conditional velocity gain

z-score using fetal data from the FGLS to assess a fetus’s current HC z-score

given their previous HC z-scores.
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8.1 General introduction

In Chapter 1, I presented the results of three systematic reviews conducted by

the INTERGROWTH-21st team to identify gaps in the literature. These reviews

showed that even basic concepts like study design are still problematic and not

well addressed by most studies in this field. The reviews revealed deficiencies

in the statistical methodologies used in some studies, even though data analysis

issues have been addressed before.

The distinction between a reference and a standard chart is important as it guides

how the charts should be used and interpreted. These two terms have been used

interchangeably even though the two chart types are based on different population

constructs. This is a key concept that requires clarity for researchers when designing

similar studies in future. A sample population used to produce a reference chart

should consist of women at low risk of developing pathologies in pregnancy. It is

therefore reasonable to choose a reference equation for use in a clinical service from

a publication with the lowest risk of methodological bias.

The heterogeneity observed in the three systematic reviews was mainly due to

considerable methodological heterogeneity between the studies in terms of sample

selection, methodology, and statistical modelling methods. Very few studies used a

quality control process or standardisation of the sonographers and anthropometrics

who were involved in obtaining measurements. The use of standardised instruments,

measurement protocols, and trained staff were not common.

I highlighted the potential pitfalls in reporting studies that aim to create charts.

I proposed a checklist for evaluating the methodological quality of studies that

provides a rough guide of the minimum information that should be reported in

these studies. This checklist is not intended to commend or discard studies but

rather to act as a consensus guideline to improve consistency and as a guide for
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evaluating similar studies for future research in human growth studies.

8.2 Design and methodological considerations for

the construction of human fetal and neonatal

size and growth charts

The numerous systematic reviews conducted by the INTERGROWTH-21st team

revealed that many studies aiming to construct charts are still poorly conducted.

This motivated Chapter 2, in which I discussed some of the key issues in study

design, statistical methods, and reporting that should be considered when designing

such studies and builts upon similar work by Altman and Chitty [67], and Royston

and Altman [93].

The aim of this chapter was to stress some of the concepts that have already

been addressed in the literature and to address concepts that have not been

discussed before, such as the importance of taking repeat measurements and blinding

sonographers when taking ultrasound measurements. The issues were largely

informed by the experience of conducting the large prospective INTERGROWTH-

21st study. There have been improvements over time in the quality of studies,

shown by positive correlations between quality scores and year of publication. The

methodological quality of these studies is therefore steadily improving, thanks to

the earlier efforts by Altman and Chitty, and Royston and Altman.

There is as yet no guidance on sample size calculations for studies aiming to construct

references centiles. More work is needed on calculating the sample size required for

fetal growth studies. In particular, aspects of longitudinal studies have not yet been

considered, such as the effect of correlations between measurements of the same

individual at different ages, the number of replicates per measurement, the timing of

measurements (in general more measurements are needed in periods of more rapid
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growth to accurately capture the pattern of growth), and the number of observations

per individual. The majority of the studies considered in the INTERGROWTH-21st

reviews did not provide a statement on how their sample size calculations were

done. This is crucial as precision of centiles is dependent on an adequate sample

size, especially for the outer centiles that are the target for clinical decisions.

8.3 Assessing the combinability of linear growth

data

It was important to check whether the data from the eight sites in the INTERGROWTH-

21st project were similar enough to be combined before using them to construct

a global standard. This challenging problem was addressed in Chapter 3. It is

relatively easy to assess how comparable data from multiple sites are when only

considering the homogeneity of the populations across the different sites. However,

the INTERGROWTH-21st project standardised the populations across its multiple

sites. The combinability of the data could only be assessed by looking at the

actual measurements, which were continuous measurements that varied by GA.

There was no standard methodology available to determine the combinability of

such data. There was also no consensus on how best to compare sets of centiles

across a range of GAs.

The challenge here was identifying the time points at which to determine the

combinability of the data. For example, the data could be compared on the

smallest unit of GA, which is a day. As the women were recruited at 9 weeks

and term delivery is considered to be 40 weeks, there were 217 days over which

the data could be compared. This introduced issues associated with multiple

testing. The other challenge was judging what would be considered a significant

difference at each time point.
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I conducted an extensive literature search and could not find any such evalua-

tions previously done on fetal data. The MGRS experienced a similar problem

and used three methods to assess the similarity of child growth data collected

from six sites. I successfully applied these three methods (variance component

analysis, FP regression, and SSD analysis) and applied them successfully to the

INTERGROWTH-21st fetal data. I also considered a fourth, complementary

method, meta-analytic assessment using regression.

The results of the four somewhat-related approaches were consistent and confirmed

that the data were largely similar enough to be pooled together for the construction

of a unified standard. The results were in remarkable agreement with those of the

WHO-MGRS, and suggested that the differences in fetal growth and newborn size

reported in the literature are more likely due to environmental and socioeconomic

differences than genetic variation, as has been demonstrated for infants and children.

8.4 Statistical methodology for cross-sectional stud-

ies of human growth: Using the INTERGROWTH-

21st Project as a case study

The choice of an appropriate statistical methodology for creating fetal standards

was important as inaccurate centiles resulting from inferior methods can lead to

mis-judgements about fetal size development and result in sub-optimal clinical care

[34]. Choosing the best model from among many is not trivial, especially when

dealing with large datasets such as the INTERGROWTH-21st data (N = 20,302).

Normally, significance testing and goodness-of-fit statistics like the likelihood ratio

test or the AIC are used to discriminate between models. However, these methods

tend not to be useful when examining large datasets, as very small differences will

be statistically significant even if they are indistinguishable on actual centile plots.
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The desire for centiles that are both smooth and precise is a trade-off between the

statistically best model and factors such as the aesthetic appeal and complexity

of the model. The analysis of the INTERGROWTH-21st Project benefited from

past experiences of similar work conducted by the senior statistician on the project

(Professor Douglas G. Altman). Statistical input was available from the design

stage of the project. This invaluable input helped to ensure good data quality.

The focus of this thesis was the analysis of a single biometric measurement,

such as FHC. It is intuitive that biometric measurements are correlated. As

several fetal biometry measurements were collected at each visit, a multivariable

model that considers all of the measurements collected at each visit may give a

better understanding of fetal attained size and growth patterns than a model that

considers just one measurement. The added value of considering all of the collected

measurements in a multivariable analysis has not yet been evaluated.

8.5 Statistical methodology for longitudinal stud-

ies of human growth: Using the INTERGROWTH-

21st Project as a case study

Longitudinal studies pose an extra challenge over cross-sectional studies as they

require more complex statistical models that take into account the correlation

structure of repeat observations. Ignoring multiple measurements per subject is

likely to lead to overestimated centile precision, resulting in narrower centiles [?].

Many methods exist that can take into account the non-independence of observations.

Despite the availability of such methods, the INTERGROWTH-21st reviews revealed

that some studies with repeated measures do not use these methods. Instead, they

simply select one observation at random, discarding the rest. Discarding data

cannot be justified, considering the effort and resources required to obtain it. This
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is data wastage and should be highly discouraged.

The analysis of the INTERGROWTH-21st repeat measurements data in Chap-

ter 5 revealed that there was hardly any difference in centile estimates when

data dependency was or was not accounted for. This was somewhat expected

given the homogeneity of the women included in the FGLS component of the

INTERGROWTH-21st study, which resulted in a balanced dataset. Measurements

were taken following a unified protocol, 95% of the subjects were measured four

to six times, and the frequency of the measurements was independent of previous

measurements [?]. The homogeneity of this cohort and the small variation in

the number of repeat measurements per woman explain the minimal differences

observed when using different modelling approaches.

It is important to fully account for repeat measurements as important differences

may emerge in other datasets that are not similar to the INTERGROWTH-21st

data. It is therefore important to determine the main aim of a study from the

outset and choose an appropriate study design based on that aim.

8.6 Estimating gestational age from crown-rump

length in early pregnancy when gestational

age range is truncated

I encountered an unusual problem when modelling the CRL data, as the outcome

variable, GA, was truncated at both ends, at 9 and 14 weeks. This feature of the

data had the potential to introduce considerable bias, mostly at the extremes of

GA, unless analysed carefully. This problem is not commonly encountered in most

analyses of medical data. Altman et al. [78] addressed a similar problem when

estimating GA using FHC by restricting the range of measurements included in

the regression analyses. However, their FHC data had a substantial GA range
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of 12—42 weeks. In contrast, the INTERGROWTH-21st CRL data spanned only

5 weeks. Using only the GA data unaffected by truncation would have led to a

large loss of data and limited clinical usefulness.

In Chapter 6, I created three ad hoc approaches to circumvent the problem of

truncation. Although these approaches did not follow standard statistical analysis

paradigms for modelling, I showed empirically that they dealt sufficiently with the

problem of data truncation. I was therefore able to avoid or reduce bias in the

modelled estimates as a consequence of data truncation.

Although only examined for CRL, these methods may be able to solve other

truncation problems involving similar data. Their applicability to other settings

needs to be evaluated. The choice of which approach is best is hard to justify through

formal statistical testing, and is likely to depend on the specific data being analysed.

8.7 Fetal growth velocity standards

The work presented on fetal velocity in Chapter 7 is novel as there are currently

no fetal velocity standards in existence. Most of the work that has been done

on velocity has focused on postnatal growth, i.e., child growth velocity. A few

studies have looked at fetal velocity, but not in detail. This is mainly due to lack of

appropriate data and perhaps the complex statistical methodology required.

All that is needed to calculate a conditional fetal biometry gain z-score is a growth

standard to convert fetal measurements to z-scores and the correlation structure

of the fetal measurement z-scores during pregnancy. I modelled the correlation

structure of the FHC, abdominal circumference, and femur length z-scores, allowing

the correlation for any pair of GAs during pregnancy to be calculated. The two

approaches that I used had not been tested with fetal data before.

The correlation matrix of expected fetal velocities for FHC, abdominal circumference,
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and femur length will be useful for determining the expected velocity for a particular

fetus at any two time points conditional on previous measurements.

8.8 Future work

The approaches used to address the truncation problem in Chapter 6 did not follow

the conventional statistical approaches for analysing such data. Although I have

demonstrated that the proposed methods were fit for purpose in this scenario,

more work is needed to formalise these ideas based on statistical theory. Ideally,

appropriate flexible, nonlinear, double-truncated distributions that represent the

truncated dataset would need to be identified first. This is important for making

statistical inferences on the identified distribution to estimate mean, SD, and

any desired centiles.

The work on fetal velocity in Chapter 7 requires extension to better understand how

these velocities relate to newborn outcomes. I calculated the expected velocities for

a fetus from 14 to 40 weeks. This information can be used to define a fetus that is

growth faltered and relate its growth to outcomes. Modelling individual growth

trajectories for longitudinal data is another area of interest, as it would highlight

the spurts, troughs, and levelling off that are characteristic of the growth process.

Such an approach would enable important patterns and sources of variation to be

explored. The work on pooling data from multiple sites presented in Chapter 3

requires extension on what clinically meaningful differences should prevent data

from being combined. Pertinent questions, such as how to determine an acceptable

difference, remain unanswered. Applying the same methodology to datasets that

have not been carefully selected and in more heterogeneous populations may be

useful in understanding and assessing the differences we expect in the general

population and whether these differences can be predictive of newborn outcomes.
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