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Abstract

Birthweight is of major interest because of its associations with the baby’s
survival rate in the first year of life, childhood development and the onset of
diseases in later adult life. Maternal characteristics are important in determining
a baby’s birthweight, and the fetal genotype is a crucial determinant of offspring
birthweight. However, the contribution of genetics on top of other determinants
of birthweight has not been explored before. The first part of this PhD
investigated the contributions of genetics in explaining variation in offspring

birthweight on top of routinely available clinical features.

An important feature associated with a baby’s survival rate and its adult health,
birthweight, varies across ethnic groups. It has been found that South Asian
babies are on average of lesser weight than European babies despite a higher
maternal fasting glucose level, a higher parity, and a lower rate of smoking in
the mothers. Genetic associations with birthweight within South Asians and
Europeans have been compared before but comparison between the
contributions of genetics on top of other clinical features in the two ethnic
groups has not been done before and this is what the second part of this thesis

aimed at investigating.

Finally, to cater for antenatal and postnatal care, it is important to be able to
predict a baby’s birthweight. Current clinical practice uses the mother’s fasting
glucose level as a means of assessing the risk of a baby being born large-for-
gestational age (LGA), but this determinant of birthweight has not been used in
a prediction of LGA before in healthy pregnancies. The final part of this PhD
aims at building a clinical prediction model, using maternal fasting glucose and
other routinely available clinical features for estimating the risk of LGA in babies
in a European and South Asian population. In conclusion, this thesis has
investigated the associations of genetics with birthweight, on top of other
routinely available clinical features in European and South Asian babies as well

as the prediction of risk of delivering a baby with LGA in these two ethnicities.
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1.1 Why is it important to study birthweight?

Birthweight is a key factor in epidemiological studies as this phenotype is freely
and widely available, low birthweight has a strong relationship with infant
mortality (Wilcox, 2001) and both low and high birthweight are associated with

poor perinatal outcomes and poorer later-life health outcomes.

According to a study (Biks et al., 2021), birthweight data is easily and freely

available and is mostly collected from household surveys. In the UK, neonatal
data is stored on electronic patient records (EPR), on a web-based platform,

BadgerNet and managed by an approved NHS (National Health Service)
supplier, Clevermed Ltd (Battersby et al., 2018) and overall, birthweight data is

easily accessible.

The strong relationship between low birthweight and a baby’s survival rate can

predict a baby’s risk of mortality. Low birth weight is associated with poor

perinatal outcomes (for example, stillbirth, pre-term birth and SGA) (Dutton et

al., 2012) and poorer later-life health outcomes such as diabetes,

cardiovascular diseases, cancers and other problems. High birthweight is
associated with type 2 diabetes (T2D) and cardiometabolic risks in the long
term. Thus, by studying birthweight, it makes it easier to understand the causes

of these adverse health outcomes and work towards prevention.

Complications with birthweight can occur due to both a lower and higher birth
weight than average and expand to health problems in childhood and
adulthood. Common complications at birth with both low and high birthweight
include shoulder dystocia, risk of c-section for the mother, still birth and
eventually, there is the risk of developing type 2 diabetes, cardiometabolic
diseases, and other diseases such as musculoskeletal traits and cancers.
Overall, using birthweight which is freely available to study the associated risks
of diseases and health complications and use those findings for prevention is

what makes this phenotype so important.

The following section addresses the complications associated with variations in
birthweight.
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Small-for-gestational age (SGA)

A baby is termed as small-for-gestational age (SGA) if its birthweight is less
than or equal to the 10th centile in a group of other babies of the same
gestational age(Saenger et al., 2007). An alternative way of defining SGA is
birthweight being less than or equal to the 5th centile in a group of babies of the
same gestational age(Saenger et al., 2007). Babies can be termed
“constitutionally normal” infants who are SGA or those who are SGA because of
growth restrictions (Osuchukwu and Reed, 2023). Constitutionally SGA infants
are smaller than the 10th centile because of fundamental factors such as
mother’s height, weight, ethnicity, and parity, whereas infants with SGA due to
growth restriction are smaller because of placental factors, infections (such as
HIV) or medical conditions (such as hypertension)(Osuchukwu and Reed,
2023). There are several complications related to SGA which include stillbirth,
neonatal asphyxia, hypoglycemia at birth and the risk of developing type 2
diabetes in adulthood (Osuchukwu and Reed, 2023).

Large-for-gestational age (LGA)

A baby is termed as large-for-gestational age (LGA) if its birthweight is greater

than or equal to the 90th centile in a group of other babies of the same
gestational age(Monari et al., 2021). There is another way of defining LGA
such as birthweight being greater than or equal to the 95th centile in a group of
babies of the same gestational age (Plasencia et al., 2011). This is to focus on

the group with the highest risk. Similarly, to SGA, there are associated
complications with infants born LGA, for example, higher risk of shoulder

dystocia and associated brachial plexus injury, perinatal asphyxia, meconium
aspiration, hypoglycemia and fetal death(Weissmann-Brenner et al., 2012).
Later in life, babies born with LGA are at higher risk of becoming obese or
developing type 2 diabetes(Scifres, 2021). For the mother, the associated risks
include prolonged labor, caesarean delivery, and coronary heart disease (Boyd

et al., 1983).

14



Cardiovascular risks in later life

There are increased cardiovascular risks in later life, associated with being born
either SGA or LGA. Cardiovascular diseases are a group of common and often
preventable diseases which affect the cardiovascular system, that is, the heart
and circulation of blood and therefore, metabolic health. While SGA is more

related to cardiovascular risk later in life, the risk with LGA is not entirely defined
(Dong et al., 2018), (Renom Espineira et al., 2011). SGA infants have more
catching up to do while LGA infants have catching down to do in terms of
growth in the early phase of life. The intensity of this offsetting growth can
cause negative health outcomes as early growth patterns highly influence
cardiovascular health(Nordman et al., 2020). The “rapid catch-up” growth
hypothesis states that SGA born infants who experience rapid catch-up growth

develop higher risk of cardiovascular diseases later in life (Cauzzo et al., 2023).

Another study investigated the predictors of catch-up growth (Ong et al., 2000)

and showed that infants who showed catch-up growth were smaller and thinner
at birth and became heavier than other children at five years of age. The study
concluded that factors affecting catch-up growth could, therefore, be related to
the underlying mechanisms of the fetal origin’s hypothesis. This hypothesis
builds on the fact that undernutrition in the womb results in improper fetal
growth and this makes the baby more susceptible to certain diseases (for

example, cardiovascular diseases) in adulthood(Morley, 2006). This, therefore,
shows a causal relationship between birthweight and the development of
cardiovascular diseases. Another study showed that insufficient “catch-down”

growth leads to higher chances of being overweight and consequently this

increases chances of cardiometabolic problems in both childhood and
adulthood(Renom Espineira et al., 2011). Babies born SGA and LGA are at
higher risk of being overweight and obese throughout childhood and adulthood,

having alterations in glucose metabolism, developing dyslipidemia,

hypertension, and low-grade inflammation which all negatively affect

cardiometabolic health(Belbasis et al., 2016).
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Type 2 Diabetes

Previous research showed that there is an association between low birth weight
and an increased risk of type 2 diabetes (T2D)(Barker and Osmond, 1986). The
same study has shown a similar association between high birth weight and an
increased risk in T2D (Wei et al., 2003). Initially, the “small baby syndrome
hypothesis” suggested an inverse linear relationship between birthweight and
type 2 diabetes (Harder et al., 2007). Conducted meta-analyses then showed a
U-shaped relationship between the risk of developing T2D and birthweight,
which implies that it is at higher risk of developing T2D with both low and high
birthweight and less likely to develop it within what is assumed to be a normal
range for birthweight (2,500—4,000 g)(Pettitt and Jovanovic, 2001). Finally, it

was found that the relationship is actually inverse J-Shaped (Mi et al., 2017).

Current research is still trying to pin down the underlying mechanisms between
birthweight and the risk of T2D. Theories of malnutrition in the perinatal period

have explained neonatal overfeeding for low offspring birthweight which could

lead to neonatal weight gain which then, in turn relates to adult overweight and
diabetogenic disturbances throughout life (Mi et al., 2017).

In terms of lower birthweight, this could also relate to the fetal insulin
hypothesis. The hypothesis states that the relationship between low birthweight
and adult insulin resistance is genetically mediated, that is, low birthweight and
the onset of adult- T2D are two phenotypes from the same genotype (Hattersley
and Tooke, 1999). This then leads to low insulin mediated fetal growth in the
utero and insulin resistance in both childhood and adulthood, which causes low
birthweight. Insulin resistance refers to the fact that the human pancreas tends
to produce more insulin to help the uptake of glucose into the cells when the
cells are not able to absorb glucose on their own. Hence, glucose intolerance
and diabetes are results of the same insulin-resistant genotype. The decreased
ability to secrete and respond to insulin then results in higher risk of adult-onset
T2D. Recent genetic and epidemiological studies have found evidence to
support this hypothesis: heterozygous mutation in the glucokinase gene (GCK)
causing MODY has been able to explore how the fetal genotype determines
insulin-mediated growth in the utero, single genes (for example, INS, INSR)
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have been found to affect insulin secretion (Garin et al., 2010) (Krook et al.,
1993) and loci that are associated with risk of T2D are also associated with
lower birthweight and some of the loci that showed very strong associations (for
example, ADCY5 and CDKALL1) also affect pancreatic beta cell function
(Mahajan et al., 2018).

Principles of the fetal insulin hypothesis compared with the thrifty phenotype
hypothesis

Thrifty phenotype Fetal insulin
hypothesis hypothesis

4Supply of
nutrients
leading to

Jfetal growth

Lower birthweight

Genes
influencing
insulin secretion
and action

}Fetal
insulin

Poor
maternal
nutrition

mediated
growth

}Capacity to
secrete and
respond
to insulin

Intrauterine
programming of
metabolism

Higher risk of
adult-onset
type 2 diabetes

Figure 1: Principles of the fetal insulin hypothesis compared with the thrifty
phenotype hypothesis

Another interesting hypothesis is that of the “thrifty genotype hypothesis” (see
Figure 1(Hughes et al., 2021)), now termed as Developmental Origins of
Health and Disease (DOHaD), which states that poor maternal nutrition results
in the decrease in supply of nutrients, leading to a decrease in fetal growth.
Poor maternal nutrition also contributes to intrauterine programming of a
decreased metabolism. The baby is then susceptible to higher risk of T2D. The
evidence for this hypothesis has been backed by a study of monozygotic twins
in Denmark where the diabetic twin had a lower birthweight compared to the
normoglycemic co-twin and assuming the twins are genetically identical, the
difference in birthweight is explained then by the maternal intrauterine
environment (Martin-Gronert and Ozanne, 2010). Another study compared
individuals born before a period of famine in the Netherlands to those born after
the famine (who were in utero during the famine) and it showed that poor
maternal nutrition during the famine resulted in those born after to have higher

glucose levels and became obese in adulthood, supporting the statement that
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poor maternal nutrition results in the baby being susceptible to T2D or obesity in
adulthood(Martin-Gronert and Ozanne, 2010).

Research has also shown that a high birthweight is strongly associated with risk
of developing T2D. This association could be due to perinatal
“‘malprogramming” and the presence of maternal hyperglycemia (which leads to
an increase in fetal insulin levels) and fetal hyperinsulinism which are both
causes of fetal macrosomia (Harder et al., 2007). Maternal hyperglycemia is
caused by the mother not being able to produce enough insulin due to
impairments in B-cell function in producing insulin(Brown and Walker, 2016).
Since the offspring and mother share the same genotype, the baby is also then
unable to produce enough insulin which results in the development of T2D in
adulthood. The associations of birthweight with risk of T2D are various and
another reason for studying birthweight is to further investigate this relationship
and treating T2D.

Other health issues

Other than SGA, LGA and cardiometabolic diseases, there are other health
issues that are associated with the baby’s birthweight. The maternal intrauterine
environment is related to diseases in early life and disease traits in later adult
life. The relationship between birthweight and several diseases have been
extensively studied: anthropometry and metabolic diseases, cancers,
respiratory diseases, perinatal outcomes, and musculoskeletal traits. A
comprehensive assessment of 78 associations between birthweight and diverse
health outcomes (Belbasis et al., 2016) has shown that there exists convincing
evidence between associations of low birthweight and increased risk for all-

cause mortality, per 1 kg increase in birthweight.

1.3 What influences birth weight?

Birthweight is influenced by a lot of factors including maternal intrauterine
environment, environmental factors, genetics, parity, ethnicity, and race (Wilcox,
2001).
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Maternal intrauterine environment and maternal glucose

The maternal intrauterine environment can be seen as a site where the
maternal signals and that of the growing fetus converge. This site plays a
significant role in maintaining healthy fetal growth as this is where the fetus gets
its nutrition from (Masiakwala et al., 2023). To ensure appropriate fetal growth
trajectory, the placenta adapts itself to normal or modified intrauterine
environments (Hughes et al., 2023, Cetin et al., 2013). The maternal nutritional
status influences fetal growth primarily by the transmission of glucose and
nutrients to the fetus via the placenta. Although insulin does not cross the
placenta, maternal glucose is directly transmitted via the placenta and in cases
where the mother is diabetic or has gestational diabetes, a high glucose level
incites insulin secretion from the pancreas of the fetus to regulate its blood
glucose levels. A recent monogenic study has shown that insulin-mediated fetal
growth accounts for half of offspring birthweight at term(Hughes et al., 2023).
The intrauterine environment is also important in terms of complications
associated with birthweight such as intrauterine growth restrictions. In such
cases, the inhibition of pancreatic 3-cell replication results in reduced fetal
insulin production and affects fetal growth. Although this has not been properly
defined before but debates about adverse intrauterine environments causally
increasing the risk of future cardiometabolic diseases have also been raised
(Masiakwala et al., 2023, Hughes et al., 2023, Cetin et al., 2013).

Environmental factors

Environmental influences have been found to contribute to explaining about
25% of offspring birthweight (Johnston et al., 2002). There are also several
environmental factors that can cause adverse pregnancy outcomes; exposure
to air pollution, general as well as physical stress. Socioeconomic and
demographic factors influence the environment a person is surrounded with,
and this is also a risk factor for birthweight (Cramer, 1995). While video display
terminals, metals and aesthetic gases are associated with the risk of congenital
defects, childhood cancer, spontaneous abortion, and infertility, respectively,
the most influential environmental factor has been found to be the mother’s

smoking status during pregnancy (Triche and Hossain, 2007). Previous studies
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(Kataoka et al., 2018) have shown an increasing risk of low birthweight with
smoking during pregnancy, the possibility of intrauterine growth restriction,
delivery of preterm infants, the need for instantaneous abortion and problems
with the placenta. Smoking during pregnancy affects placental function and
affects fetal development by crossing the placenta to act as neuroteratogen.

Genetics

Genetics plays a crucial role in determining a child’s birthweight. A baby inherits
half of its genes from its mother and the other half from its father to build its own
genetic makeup. To identify associations between a trait and variants, genome
wide association studies (GWAS) have been devised. Recent GWAS of own
birthweight and offspring birthweight have identified 243 links existing between
the human genetic code and birthweight (Warrington et al., 2019) where the
fetal genotype has a direct effect on a child’s birthweight and the maternal

genotype affects a baby’s birthweight via the maternal intrauterine environment.

Genome Wide Association Studies (GWAS)

A genome-wide association study (GWAS) aims at identifying associations
between a trait and specific loci on the genome (Uffelmann et al., 2023); it is a
way of finding how genetics is linked to specific phenotypes. A meta-analysis of
a multi-ancestry GWAS for birthweight, identified 60 fetal genotype loci related
to birthweight (P <5 x 1078). The threshold for genome-wide significance was
determined as P <5 x 1078 previously but more recent studies use P< 6.6 x10°
as a new threshold(Warrington et al., 2019). The study comprised of the
following ancestries from UK Biobank: European, African American, Chinese,
Filipino, Surinamese, Turkish and Moroccan from six studies. The study also
found that there is a genetic association between fetal growth and later-life
diseases which influences variation on both the maternal and fetal genomes.
The study found these birthweight related loci to be associated with SBP,
cardiometabolic traits and T2D (Juliusdottir et al., 2021).
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Maternal genetics

The maternal genome contributes to half a baby’s birthweight via the maternal
intrauterine environment and the rest is passed on directly to the fetus. A study
has found that approximately 7.6% of offspring birthweight variation can be
explained by tagged maternal genetic variation (Warrington et al., 2019).
Previous research has shown that there is a strong, significant association
between the maternal genetic variant and offspring birthweight (after taking the
fetal genotype into consideration)(Juliusdottir et al., 2021) and this adds to the
proof that maternal exposure is causally related to birthweight. Mendelian
randomization analyses also show that indirect maternal effects of height-
raising genotypes contribute to higher offspring birthweight (Warrington et al.,
2019). Also, the maternal genome positively adds to birthweight through
variants related to glycemic traits such as T2D, HbA1C and glucose (Juliusdottir
et al., 2021, Haulder et al., 2022). In conclusion, maternal genetics has a

significant contribution to birthweight.

Fetal genetics

Direct effects from the fetal genome have a substantial contribution to
birthweight; height-raising alleles contribute to higher offspring birthweight and
blood-pressure raising alleles contribute to lowering birthweight through the fetal
genome (Warrington et al., 2019). Fetal genetics has also been found to explain
variation in birthweight on top of clinical features and about 146 direct links have
been established (Warrington et al., 2019) between the fetal genome and
offspring birthweight in a study. Other direct links exist between the fetal
genome and birthweight, for example in rare fetal mutations which cause
neonatal diabetes (Rubio-Cabezas and Ellard, 2013). A study estimating SNP
heritability called maternal-genome wide complex trait analysis (M-GCTA) and
divides SNP heritability distinctively into maternal and fetal components has
estimated that about 28.5 % of the variance in birthweight can be explained by

tagged fetal genetic variation(Warrington et al., 2019).
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Fetal Insulin

Another particularly important determinant of birthweight remains fetal insulin.
The fetal insulin hypothesis was put forward in 1999 (Hattersley and Tooke,
1999) and it stated that lower birthweight and adult-onset type 2 diabetes are
two phenotypes of the same genotype. Research following this hypothesis has
now shown that there are several genes affecting insulin secretion that induce
insulin-mediated growth (Hattersley et al., 1998, Flanagan et al., 2007, Garin et
al., 2010). This is important because the production of fetal insulin regulates
the uptake of maternal glucose from the placenta by the fetus in the maternal
intrauterine environment. Variants of certain genes such as glucokinase gene
(GCK-MODY) and HNF4A-MODY result in impaired pancreatic beta cell
function causing either reduced insulin secretion which in turn leads to lower
birthweight or increased insulin secretion which results in increased birthweight
(neonatal hyperinsulinism and macrosomia) (Hughes et al., 2021). Results have
shown that GCK mutations in beta-cells could alter insulin response to glucose
and thus, influence intrauterine growth as well as glucose metabolism after
birth(Terauchi et al., 2000). In the case of individuals with the HNF4A-MODY, a
higher inherited birthweight suggests the greater capacity of the individual to
secrete insulin. Overall, fetal insulin plays a crucial role in fetal growth in the

maternal intrauterine environment and therefore primarily influences birthweight.

Parity

In the UK, parity refers to the number of times a mother has previously given
birth to a fetus with a gestational age of 24 weeks or more, regardless of
whether the child was born alive or stillborn (Opara and Zaidi, 2007)and
nulliparity refers to the condition in which a mother has never given birth before
(Miranda et al., 2011). Birthweight and parity are inversely related with
nulliparous women delivering babies of lower birthweight and birthweight
increasing in subsequent pregnancies with multiparous women. A study (Hinkle
et al., 2014) has assessed the relationship between parity and birthweight
reporting selection bias as an explanation for low birthweight in nulliparous
women who do not have any other children. There is also the possible

explanation in physiological conditions associated with the body where the first
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pregnancy prepares the body for any subsequent ones and hence, the mother’s
body adapts itself for successive pregnancies and birthweight changes or first
offspring have an immune intrauterine environment which restricted growth, and
this changed with subsequent pregnancies and consistent paternity (Hinkle et
al., 2014).

Ethnicity and race

There is no defined pattern between birthweight and ethnicity, but this trait
varies across various ethnicities where the lowest birthweights were recorded in
Africa, India and the Far East and the highest birthweights were recorded
across Europeans and White Americans (Barron, 1983). In the UK, birthweights
vary across the different ethnicities: South Asian and Black mothers deliver
babies whose birthweights are on average 300g less than those of White
mothers. These differences in birthweights could firstly be explained by the
differences in maternal characteristics such as height, weight, and parity
between mothers of different ancestries. South Asian and Black women are on
average shorter and of lower weight as compared to women of White ancestry.
As such, the maternal intrauterine environment in the South Asian and Black
ethnicity is adapted to reproduce babies that are smaller than those from a
White ancestry. A study found that differences in birthweight in the ethnic
groups of Black Caribbean, Black African, Bangladeshi, and Pakistani infants
could be explained by socioeconomic differences and in Indian and
Bangladeshi groups, maternal and infant characteristics were more prevalent
(Kelly et al., 2009). Ethnic groups such as Black Carribean, Black African,
Bangladeshi, and Pakistani are often subjected to socioeconomic disparities
such as lower income. Since income is directly relevant to determining nutrition
and prenatal care, it then has a significant influence on birthweight (Cramer,
1995).

1.4 Why do we want to predict birthweight?

Epidemiological research has established birthweight as an important

phenotype and in current clinical practice, fetal growth is monitored by

ultrasound scans, which while providing valuable information, does not give us
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the most accurate estimate of birthweight due to the lack of accuracy in
calculating certain variables such as the estimated fetal weight (EFW)(Milner
and Arezina, 2018). Thus, to get a more precise estimate of a baby’s
birthweight, we want to predict it and thus cater for antenatal and postnatal

care.

1.5 What do we know about clinical prediction models for birthweight and
LGA?

Several clinical prediction models have been developed to predict LGA
(Meertens et al.). The use of a clinical prediction model ensures that a
combination of predictors is used together to model risk of LGA or birthweight. If
used on their own, the amount of information provided by the birthweight
predictors would provide limited information or not account for correlations
among the predictors. In previous research, clinical prediction models for LGA
have used maternal characteristics (maternal height, weight, age and smoking
status) as their main predictors and in addition to these, other predictors such
as medical history, biomarkers, ultrasound predictors and ethnicity have been
used. While a lot of these models are useful in providing estimates of the risk of

a baby being born LGA, none of these models are currently used in clinical

practice to predict the risk of LGA(Meertens et al., 2019).

1.6 What are the individual predictors of birthweight and LGA?

There are many predictors of birthweight, the main ones being maternal
characteristics such as maternal pre-pregnancy BMI and maternal BMI,
maternal weight, height, age, ethnicity, parity and smoking status during the
pregnancy. Other external factors include father’s height (Zhang et al., 2015),
for example. Maternal fasting glucose is also a main factor in predicting
birthweight (Mi et al. 2023). There are several causes of LGA including weight
gain during pregnancy, maternal diabetes, race and ethnicity. In addition, other
markers such as parity, biomarkers (PAPP-A and B-hCG), fetal biometry (Amark
et al., 2019) and maternal and paternal height(Takagi et al., 2019) are all
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predictors of LGA.

Mother’s height and Father’s height

Maternal height is directly related to offspring birthweight where an increase in
maternal height results in an increase in birthweight(Zhang et al., 2015). The
underlying mechanisms that relate maternal height to birthweight are defined by
fetal genetics. Data that includes paternal height is very limited and it has been
found that paternal height is a significant and independent predictor of low

birthweight in offspring (Magnus et al., 2001).

Mother’s weight (pre-pregnancy weight and weight at 28 week’s gestation)

Pre-pregnancy weight is defined as the mother’s weight before conception.
Mother’s pre-pregnancy weight and weight at 28 weeks’ gestation are both

strongly associated with birthweight (Metgud et al., 2012).

Mother’s BMI (pre-pregnancy and at 28 weeks’ gestation)

BMI (Body Mass Index) is a metric that is based on a person’s height and
weight and is used to measure body fat (Rothman, 2008). Similarly, to mother’s
weight and pre-pregnancy weight, mother’'s BMI and pre-pregnancy BMI are
strongly and positively associated with baby’s birthweight. (Gul et al., 2020,
Bahrami Taghanaki et al., 2016)

Fetal Sex

Fetal sex is an important component in pregnancy that influences intrauterine
growth, placentation and perinatal outcomes. Studies have reported a
difference in birthweight based on fetal sex with average birthweight in males
being 124 g (95% CI 122-126) higher than in females (3525 vs 3401 g; P <
0.001) (Voskamp et al., 2020). Fetal sex effects, for example, maternal glucose
metabolism and insulin sensitivity as well as differential placentation probably
due to imprinting of placental genes during pregnancy may be a factor in the
observed differences in birthweight (Poyrazoglu et al., 2017, Hattersley and

Tooke, 1999, Hughes et al., 2021, Terauchi et al., 2000).
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What is missing from current clinical prediction models?

Clinical prediction models have used maternal characteristics, ultrasound
scans, medical history and biomarkers as predictors of birthweight(Meertens et
al., 2019). Maternal fasting glucose has not been used before as a predictor for
LGA, when modeling healthy pregnant women but it has been used as a
predictor in women with gestational diabetes (GDM)(Wang et al., 2023, Cooray
et al., 2022). Maternal fasting glucose is an important factor that contributes to
offspring birthweight and implementing this predictor in future models would

help reproduce models of better quality.

Also, while it has been established that, genetics plays a crucial role in
explaining offspring birthweight, the variance explained by genetics in addition
to clinical risk factors has not been investigated. With GWAS’ becoming easily
available and hence, the creation of genetic scores becoming easy to
implement, genetics and more accurately genetic scores can also be added to
multivariable models explaining variation in birth weight -- to assess their
potential for future use in clinical prediction. Prediction models for LGA have
been built in all three trimesters with different predictors (Frick et al., 2016,
Monari et al., 2021, Wang et al., 2023). In terms of a model for predicting LGA,
it would be preferable to have a model that can predict LGA earlier rather than
later. If a baby is estimated to be born with LGA, altering the maternal fasting

glucose (Tennant et al., 2022)can help reduce the risk of LGA.

1.8 What are the aims of this PhD?

a. To compare the performance of multivariable prediction models for
birthweight that include genetic scores from mother and child alongside easily
available clinical features with those models that contain only easily available

clinical features in a European cohort.

b. To compare the performance of multivariable prediction models for
birthweight that include genetic scores from mother and child alongside easily
available clinical features with those models that contain only easily available

clinical features between South Asians and Europeans.
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c. To develop a risk prediction tool for large-for-gestational age (LGA) babies in
healthy pregnancies in a European cohort with readily available clinical
features, including glucose in the normal range and to externally validate this

model in a South Asian cohort.
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Chapter 2
Methodology
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2 Methodology

We needed to build statistical models based on data from mothers and their
babies at birth and hence, determine the utility of clinical features and genetics
for predicting birthweight. In this chapter, | describe the datasets we use, the
methods for developing the genetic scores for birthweight, and the statistical

approaches we used to develop the prediction models.

Datasets
Exeter Family Study of Childhood Health (EFSOCH)

The Exeter Family Study of Childhood Health (EFSOCH) was used as a primary
dataset for building multivariable linear regression models for birthweight
(Chapter 3) and then multivariable logistic regression models for prediction of
LGA (Chapter 5). This dataset is a cohort of 1017 families in Exeter with
homogeneous, non-diabetic participants of White European ancestry. The
participants were from central Exeter. The dataset comprised of detailed
anthropometric measurements for both parents and children at birth, 12 weeks,
1 year and 2 years of age. Insulin and other biochemical analysis were
measured in fasting parental samples at 28 weeks' gestation and an umbilical
cord blood sample was taken at delivery (Knight et al., 2006). The phenotypes
to be measured were identified prior to the commencement of the study and
protocols were written in terms of how to best collect data. Three part-time
midwives were responsible for data collection and repeat measures were taken
for the phenotypes to ensure reproducibility. Some of the key phenotypes
available in the original dataset that we used in this research project were
parental heights, which were measured three times, and an average value was
then computed for use in analysis. Similarly, other phenotypes were measured
thrice and an average was computed: mother’s weight was measured to the
nearest 100g, offspring birthweight was measured to the nearest 10g, and
parental birthweights were self-reported. Mother’s fasting glucose was recorded
from fasting blood samples taken at 28 weeks’ gestation, early morning, at the
parent’s house. Parity (recorded as first pregnancy vs not first pregnancy),
mother’s age, and smoking status (recorded as mother smoked during
pregnancy or did not smoke during pregnancy) were also self-reported.
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Gestational age was calculated based on the mother’s last menstrual period
and the date of birth. The difference between the two dates gave an accurate

measurement of the gestational period(Knight et al., 2006).

Collection and cleaning of additional data from medical records

We wanted to explore the contributions of blood pressure and fetal biometry to
LGA (Chapter 5), and at the start of this PhD, the raw data was only available in
EFSOCH medical records. To collect the data, | worked with a team of other
researchers to manually extract the systolic blood pressure (SBP) and diastolic
blood pressure (DBP) measurements including timings when these were
recorded, from patient notes for EFSOCH and stored in an online database
created in Access. Data was collected for 931 unique mothers with an average

of 20 readings per observation.

The blood pressure measurements had been noted at different time points
when the mother visited the clinic during her pregnancy (Minium 5 observations
and Maximum 20 observations). Missing blood pressure values were removed if
not eligible (any measurements higher than 120 for the upper limit and any
measurements less than 50 for the lower limit). Wrongly written EFSOCH IDs,
which are the main identifiers in this database, were corrected. These were IDs
with a missing digit. Similarly, wrongly written dates were also corrected by
referring to the original patient notes and noting them again. These were
identified by a negative gestational age or a gestational age that would be
realistically too long. The data was also checked for outliers by plotting two
phenotypes against each other and then removing any extreme values. Other
checks included generation of box plots to identify outliers.

Scan data from maternity records for EFSOCH were recorded for biparietal
diameter (BPD), Femur Length (FL), Crown Rump Length (CRL), Head
Circumference (HC), Abdominal Circumference (AC) and Estimated Fetal
Weight (EFW). The scan measure for EFW was at 20 weeks’ gestation and the
rest were at 12 weeks’ gestation. Similar to blood pressure measurements,

wrongly written dates and EFSOCH IDs were corrected for the observations
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that had a missing or additional digit and the data was checked for outliers and

those were then removed.

BiB (Born in Bradford)

The Born in Bradford (BiB) dataset is a deprived multi-ethnic cohort study
comprising of White Europeans and South Asians based in Bradford in the UK.
This dataset was used to make comparisons between birthweights, other
phenotypes, and genetic scores between the two different ancestries (Chapter
4) and in the external validation of the prediction model for LGA (Chapter 5).
The dataset consists of 13776 pregnancies which were followed up after these
were recruited when they were between 26- and 28-weeks’ gestation. The
maternal fasting glucose was recorded at 26-28 weeks' gestation after an OGTT
test and mother’s height, and weight were measured after their interview which
was offered alongside the OGTT test. Other anthropometric measurements
such as mother’s arm circumference and triceps skinfold were also taken from
the mother by a trained project worker at recruitment. Anthropometric
measurements such as head, arm and abdominal circumference measured,
along with subscapular and triceps skinfold thickness were taken from infants at
birth and followed up to 2 years of age. To ensure reliability of the
measurements, the same phenotype was measured twice by the same trained
worker or two separate measurements were taken for the same phenotype by
two different trained workers and an average computed. About 20% of the
population of parents in Bradford are of South Asian ancestry (Wright et al.,
2013). Birthweight was measured at birth in g and ethnicity, smoking status as

well as parity were all self-reported measures (West et al., 2013).

Growth charts

In this section, we want to address how the centiles were used to create the

LGA variable in Chapter 5. A growth chart is built on the idea that assessing a
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child’s height or weight against the distribution of heights or weights of a
reference sample provides evidence of the normality or otherwise of the

process of growth (Cameron and Hawley, 2010).

In the UK, the most used growth charts are the UK 1990’s and the UKWHOterm
and these were used in this thesis. Initially, the UK1990’s growth chart was
used to create the LGA variable in the EFSOCH dataset and the UKWHOterm

growth chart was used to create the LGA variable in the BiB dataset.

However, because the baseline risk was different when these two growth charts
were being used, external validation was not giving us a good mean predictive
probability close to the actual observed mean probability. Thus, we decided to
use the UKWHOterm growth chart uniformly. This growth chart was then used
to create the LGA variable in both EFSOCH and BiB. The package “zanthro”
was used to generate the z-scores for birthweight by using the UKWHOterm

growth charts in EFSOCH and LGA was defined as that group with birthweight
>90™ centile(Vidmar et al., 2013).

The UKWHOterm growth chart is constructed on WHO Child Growth Standards
which is based on the breastfed infant. One of the disadvantages of using this
growth standard to define LGA is the assumption that all assessed infants have
been breastfed, which is not always the case, especially in UK-born infants.
Also, defining LGA by a single international standard can result in inaccuracies
as what is considered as LGA in one ethnicity, for example in South Asians, is
not necessarily LGA in another ethnicity, for example in Europeans. Also, by
defining LGA based on a specific growth chart, it should be taken into
consideration that several changes could have occurred from the year the
growth chart was construed to when it is being used. The UK 1990’s growth
chart was devised in 1990 and people’s eating habits have considerably
changed since then. Hence, defining LGA based on a similar growth standard
for a cohort of babies born outside this time period might not accurately reflect

the real percentage of LGA for that cohort.

Creating genetic scores
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An important part of this research investigates the contribution of genetics in
explaining variation to birthweight. To include genetics in multivariable linear
regression models or multivariable logistic regression models, genetic scores

were created for both the mother and the child.

Genetic Scores (GS) were created using a weighted formula which averages all
the SNP’s that have crossed the threshold for genome wide significance
(P<6.6x10°)(Warrington et al., 2019) (Fadista et al., 2016)over a weighted
average. This can be represented by the following formula (Collister et al.,
2022):

GS=) iwigi

where GS is the genetic score, wi is the weight for SNP i and gi is the genotype
dosage at SNP i. The weights in this case were the effect estimates for each
SNP from the GWAS.

There were two sets of data from which genetic scores were created and these
were the genetic data from EFSOCH and BiB. In EFSOCH, genotyping had
been carried out using the lllumina HumanCoreExome array. This is a tool for
assessing the genotypes of approximately 500,000 variants across the genome
from a single DNA sample. Samples with low call rate, kinship errors, sex
mismatches, or ancestry outliers were removed. The included samples were of
European ancestry assessed using flashPCA. flashPCA (Abraham and Inouye,
2014)is a tool used to conduct principal component analysis (PCA) for
identification of genome-wide single-nucleotide polymorphism (SNP) data for
detecting population structure and potential outliers. Genotype call rates

were > 98% and phenotypic sex and kinship were validated using genotype data
(Hughes et al., 2018) assessed by KING (Manichaikul et al., 2010)software.

The included genotyped SNPs had call rates > 95%, Hardy-Weinberg p

>1 x 1075 and minor allele frequency (MAF) > 1%. The Haplotype Reference

Consortium (HRC) version rl.1 reference panel (Michigan Imputation Server)

was used to impute additional genotypes in all samples. We extracted

genotypes for a total of 209 SNPs (Warrington et al., 2019)from the genome-

wide genotype data to construct genetic scores for our analyses. A total of 98%
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of the SNPs included in the scores had an imputation quality > 0.4 and a Minor

Allele Frequency > 0.001.

In BiB, two separate microarrays, the lllumina HumanCoreExome array and the
Infinium Global Screening array (GSA), were used to obtain maternal and fetal
genomic data. Genotype data was imputed against the Haplotype Reference
Consortium panel, version rl1.1 using Minimac4, after quality control (minor
allele frequency > 1% and Hardy-Weinberg Equilibrium P

value > 1 x 1079 (Fadista et al., 2016).

Prediction Models

Prediction models are extremely useful for estimating the probability of an
outcome by using a set of predictor variables. In clinical practice, prediction
models are used to assess the risk of an outcome (in this case, occurrence of a
disease) given a set of patient characteristics (in this case, the predictors).
These are an easy and affordable way of assessing risk and hence, inform
diagnosis or prognosis in healthcare (Steyerberg, 2010). Common clinical
prediction models include models for predicting SGA (Kalafat et al., 2019),
LGA(Monari et al., 2021), the Framingham risk functions for cardiovascular
disease (Menotti et al., 2000), spontaneous pregnancy chances(Smeenk et al.,
2007), probability of renal artery stenosis (Lee et al., 2014) or deep venous
thrombosis. Prediction models have also been developed for the risk of breast
cancer and to inform surgical decision-making such as replacement of risky
heart valves (Ambler et al., 2005). There are more uses of prediction models,
including in public health (to target preventive interventions) and in research
(such as development of RCTSs). A project carried out for part of this thesis will

focus on clinical prediction model for predicting risk of LGA.

Model Building

There are several steps in building a clinical prediction model and these are:
consideration of the research question and initial data inspection, coding of

predictors, model specification, model estimation, evaluation of model
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performance, internal validation and external validation. Finally, to report clinical
prediction models, TRIPOD (Transparent reporting of a multivariable prediction
model for individual prognosis or diagnosis) reporting guidelines are used
(Collins et al., 2015).

Consideration of the research question and initial data inspection

The research question is devised by considering what message we want to put
across, and then the predictors are coded if these are not continuous. Smoking
was a binary variable not a past/present; primiparity was first pregnancy vs not

first baby.

Model Specification

Model specification includes choosing the type of model to be used. In this
thesis, we used two main types of regression analyses to build our prediction
models: linear regression and logistic regression. Other methods that are also
used to build clinical prediction models are ordinal regression analysis (that is,
the outcome variable consists of an ordinal response variable), survival
analysis, (that is, the modelling of time to event data) (Harrell et al., 1984) and
machine learning approaches(Sun et al., 2022). Regression analysis is used to
assess the relationship between variables. This statistical tool can be used as a
simple regression model or a multivariable regression model. In linear
regression, the outcome variable is a continuous variable, for example,
birthweight and in logistic regression, the outcome variable is binary, for
example, baby is LGA or not LGA. In a simple linear regression model, the
effect of one covariate is being assessed on the continuous outcome variable
and in a multivariable regression model, the combined effects of all the
covariates are being assessed on the outcome variable(Sykes, 1993). The
model returns the intercept and coefficients representing the weightings for the
slope of a linear association. For a logistic regression model, because the
outcome is binary the coefficients are for predicting the log odds ratio of the
outcome instead (because the association with log odds can be linear). The
next steps in model building are variable selection, checking of assumptions,

developing the model, internal and external validation.
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Variable selection

This is an important part of building a clinical prediction model as it assesses
which variables to include, and which ones are irrelevant so that a set of
variables is chosen to build the model with the best fit. Some of the main
methods include backward elimination, forward selection, and stepwise
selection. In this case, we used backward selection to select the optimal set of
variables. This implies adding all the variables in a model and then removing
the one with the highest p-value (that is, the variable which is not contributing to
the model). This is repeated until the model includes all the significant variables
(Chowdhury and Turin, 2020).

Checking of assumptions

There are several model assumptions that need to be verified depending on the
type of outcome variable and the model type. In linear regression as well as
logistic regression, there should be no multicollinearity between the variables,
and this is ensured by checking that the correlation coefficients between
individual predictors are of low magnitude. In linear regression, the QQ plot of
residuals can be used to check the normality assumption. If most of the points
fall on the reference line, normality can be assumed. Also, to check for
homoscedasticity, the residuals can be plotted. If no linear pattern is observed,
we conclude that there is no heteroscedasticity. The sample size (Riley et al.,
2020) should meet a certain number depending on several factors in the model
and this is verified by using the “psampsize” function in R, for example, by
specifying the prevalence of the outcome, the number of predictors to be used
in the model and a predicted minimum c-statistic. Additionally, we want to
ensure that the observations are independent of one another, and this is
achieved by removing duplicate observations and any observations from
matched data. Finally, to meet the assumption of the outcome variable being
binary, we denote it as baby being LGA (1) or not (0).

Assessing model performance
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Once the variables have been selected and the model has been built, it is also
important to assess how well the model performs. Measures of model
performance include model fit, discrimination and calibration (Labarere et al.,
2014). Model fit statistics include R-squared and adjusted R-squared statistics,
or the Brier score. Usually, the model that explains the most variance will be
chosen as the best one (that is, the model with the highest adjusted R-squared
statistic). The adjusted R-squared statistic is an estimate built on the natural
logarithm likelihood scale and the higher the value, the better is the fit. The Brier
score quantifies the average squared difference between the observed outcome
and observed probability and the closer the value is to zero, the better the
model fit is. Other useful statistics are the Akaike information criterion (AIC) and
Bayesian information criterion (BIC). These are log-likelihood based criteria that
include a penalty for additional predictors (BIC uses a bigger penalty) and are
used to check for overfitting. Therefore, AIC and BIC can be used to compare
nested models to find the best model with the smallest predictor set. The lower
the value of AIC or BIC, the better the model fit.

Discrimination is the model’s ability to categorize individuals with and without
the outcome of interest. The c-statistic is a good measure of discrimination and
is identical to the area under the receiver operating characteristic (ROC) curve.
A value of 0.5 indicates that the model is as good as a random prediction but
the closer the value of the c-statistic is to 1, the better is the discrimination

between individuals with and without the outcome.

Calibration refers to how close the actual observed probability for the outcome
of interest is to the predicted mean probability. This can be assessed by the
visual representation of observed probability versus predicted probability
(calibration plots). Assessment of calibration includes the assessment of a
modelling regression line with intercept (alpha) and slope (beta). For well
calibrated models, the intercept is usually zero or close to zero and the slope is
1 or close to 1. The Hosmer-Lemeshow test, while a goodness of fit test, might
not be statistically strong enough to assess good calibration (Labarere et al.,
2014).

Internal Validation
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Internal validation is used to validate the model that has been built in the same
data set it was constructed in. Measures of internal validation include split-
sample, cross-validation and bootstrapping. In this thesis, we have explored
bootstrapping as a measure of internal validation as it has been found to be the
best measure of internal validation (Steyerberg et al., 2001). Bootstrapping is a
method where new samples are drawn from the main sample, with
replacement. In each of these resampled cohorts, the model performance is
tested, and these results are pooled to determine internal validation
performance(Singh and Xie, 2008). Some statistics such as Emax or the
Somer’s Dxy can be used to assess optimism due to overfitting. Low levels of
optimism indicate good model fit. Overfitting refers to the fact that predictions for
new observations might not be valid which then causes optimism about the
model’s performance. Optimism can, therefore, be described as true
performance minus apparent performance, where true performance is the
actual population and apparent performance is the estimated performance in

the sample(Steyerberg, 2019).

External Validation

External validation is an important step in model building in terms of validating a
model in an external data set for generalizability. The ROC curve and
calibration curve are the measures of external validation for assessing model
performance in an external dataset. Compared to internal validation which
assesses the model performance in a similar setting in which the model was
built, external validation considers analysis in a completely independent dataset
which could include patients having one or more different characteristics for
generalizability. For example, patients may be from a different geographical
location, from a different type of care setting or have a different underlying

disease (Ramspek et al., 2021).

The ROC curve assesses sensitivity versus specificity, that is, true positive rate
versus true negative rate. A value close to 1 for area under the curve of an ROC
curve shows that the model is performing well in terms of differentiating true
positives from false positives (Hajian-Tilaki, 2013). The calibration curve

assesses how well the mean probability of the outcome occurring within specific
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groups matches the actual observed probability occurring within those specific

groups.

The next section of this thesis will expand more into the individual chapters:
assessing whether genetic scores explain extra variation in birthweight, when
added to clinical and anthropometric measures, the contributions of genetic
scores, maternal glycemia, and other maternal characteristics to variation in
birth weight in South Asian compared with European babies and developing
and validating a multivariable clinical prediction model for babies born LGA in

European and South Asian cohorts.
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Abstract

Background: Human birthweight is a complex, multifactorial trait. Maternal
characteristics contribute to birthweight variation by influencing the intrauterine
environment. Variation explained by genetic effects is also important, but their
contributions have not been assessed alongside other key determinants. We
aimed to investigate variance in birthweight explained by genetic scores in

addition to easily measurable clinical and anthropometric variables.
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Methods: We analysed 549 European-ancestry parent-offspring trios from a UK
community-based birth cohort. We investigated variance explained in
birthweight (adjusted for sex and gestational age) in multivariable linear
regression models including genetic scores, routinely measured maternal
characteristics, and parental anthropometric variables. We used R-Squared (R?)
to estimate variance explained, adjusted R-squared (Adj-R?) to assess
improvement in model fit from added predictors, and F-tests to compare nested

models.

Results: Maternal and fetal genetic scores together explained 6.0% variance in
birthweight. A model containing maternal age, weight, smoking, parity, and 28-
week fasting glucose explained 21.7% variance. Maternal genetic score
explained additional variance when added to maternal characteristics (Adj-R? =
0.233 vs Adj-R? = 0.210, p < 0.001). Fetal genetic score improved variance
explained (Adj-R? = 0.264 vs 0.248, p < 0.001) when added to maternal

characteristics and parental heights.

Conclusions: Genetic scores account for variance explained in birthweight in
addition to easily measurable clinical variables. Parental heights partially
capture fetal genotype and its contribution to birthweight, but genetic scores
explain additional variance. While the genetic contribution is modest, it is
comparable to that of individual clinical characteristics such as parity, which
suggests that genetics could be included in tools aiming to predict risk of high or

low birthweights.
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Introduction

Birthweight is a complex trait with considerable variability. It is important to
understand what contributes to this variability because babies born large for
gestational age (LGA) or small for gestational age (SGA) are at a higher risk for
adverse pregnancy and perinatal outcomes (Kc et al., 2015). There are also
well replicated associations between variation in birthweight and risks of later
life cardio-metabolic disease (Barker, 1995, Barker et al., 1993, Knop et al.,
2018) .

Previous research has shown that factors associated with the maternal
intrauterine environment, for example, maternal glycaemia, age, parity, weight
and smoking, account for some variation in birthweight, once fetal sex and
gestational duration have been accounted for (Catalano et al., 1995). Maternal
smoking during pregnancy is associated with lower birthweight (Kataoka et al.,
2018). Parity is also associated with birthweight (Seidman et al., 1988, Shah
and births, 2010), with babies of later birth order having higher birthweight, on
average. A low pre-pregnancy BMI increases the risk of SGA and a high pre-
pregnancy BMI has been found to increase the risk of LGA (Yu et al., 2013).
There is a positive continuous association between maternal fasting glucose
and birthweight(Breschi et al., 1993). However, each of these variables
contributes only modestly to birthweight variation. For example, maternal fasting
glucose levels have been reported to explain only a small fraction (10%) of
variation in birthweight(Breschi et al., 1993), and most LGA babies are not born
to mothers with glucose levels that are high enough to be classified as
diabetes(Sacks et al., 2006).
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Fetal genetic variation contributes to variation in birthweight independently of
the intrauterine environment and is therefore important to consider. Some of the
fetal genetic contribution to birthweight can be captured by measuring paternal
or maternal height. Height is a highly heritable trait, and the correlation between
birthweight and paternal height in particular, via fetal skeletal growth (Knight et

al., 2005)occurs due to genetic inheritance.

A recent genome-wide-association study (GWAS) identified 190 regions of the
genome where common single nucleotide polymorphisms (SNPs) are
associated with birthweight variation (Warrington et al., 2019). The associated
genetic variants at three-quarters of the 190 identified loci exert their effects
directly from the fetal genotype, with a small proportion of those showing
additional maternal effects. Associated variants at the other quarter of identified
loci originated from the mother’'s genome and showed indirect effects, via the
maternal environment. A fetal genetic score consisting of 58 variants was
shown to make a significant contribution to birthweight independently of
maternal glucose levels (Hughes et al., 2018), suggesting measurements of
fetal genetics could add to the variance in birthweight explained by other
factors. However, the contribution of genetic variation to birthweight has not
been assessed directly alongside other clinical variables. We therefore aimed to
assess the contributions of genetic scores to variation in offspring birthweight, in
addition to easily obtained clinical and anthropometric variables, in a UK

community-based study of mothers, fathers and children.

Methods
All methods were carried out in accordance with relevant guidelines and

regulations.

Study population

We used data from the Exeter Family Study of Childhood Health (EFSOCH)
(Knight et al., 2006). EFSOCH is a study based on children born between 2000
and 2004 in postcodes EX1-4 in central Exeter, UK.
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Inclusion criteria for the current analyses consisted of only those parent-
offspring trios where the offspring was born at term (237 and <42 weeks
gestation (Knight et al., 2006)) and complete clinical, anthropometric and
maternal, paternal and fetal genetic data were available. Most trios had
complete phenotype data, but following genotype quality control, and owing
mainly to lower availability of fetal DNA from cord blood compared with parental
DNA, complete genotype data was available for both parents and offspring in
60% of the trios. The final dataset consisted of 549 parent-offspring trios. The
selection of variables is illustrated by the flowchart in Figure 1. To check for any
differences between excluded and included participants, we used t-tests to
compare means of continuous variables of the excluded with the included
(maternal height, maternal weight, gestational duration, birthweight and
maternal age), and chi-square tests to compare the excluded categorical
variables with the included categorical variables (maternal smoking status,

parity and sex of the baby).
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EFSOCH dataset =947
European-ancestry parent-
offspring trios with term,
singleton births and no

parental diabetes
Missing data for mother’s fasting
glucose level, weight, age, smoking
status, parity or offspring birthweight
(n=34)

[ n =913 trios ]

( Missing data for mother’s height or
L father’s height (n=2)

»
»

v

[ n =911 trios ]

40% had genetic data missing for at
least one of the trio (n=362)

n = 549 trios with
complete genetic data for
both parents and offspring

Fig 1: Flowchart illustrating how the data was prepared for analysis
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Characteristics of participants

Full details of data collection are found in the EFSOCH study protocol (Knight et
al., 2006). Briefly, detailed anthropometric measurements and biochemistry from
the parents were taken at 28 weeks’ gestation. All measurements were taken three
times and an average value was calculated. Maternal and paternal heights were
measured to the nearest 0.1 cm. Maternal weight was measured to the nearest
100 g. Birthweights of the parents were self-reported. Offspring birthweight was
measured at birth, to the nearest 10 g and adjusted for sex and gestational age,
centred around 40 weeks, according to the UK 1990 birthweight standards (Cole et
al., 1998).

Maternal glucose was measured in fasting maternal samples (fasting for at least
10h prior to sampling), early morning at the parents’ home. Pregnancy details such
as parity were obtained from medical records. Information about the mother’s
smoking status was obtained via a questionnaire completed by the mother at

recruitment.

Genotyping
Parental and offspring DNA were extracted to allow molecular genetic analysis of

variants implicated in fetal growth. At birth, a sample of cord blood was taken at
delivery. DNA was extracted from the spun white cells. The EFSOCH sample
(consisting of 2,768 samples: mothers (n=969), fathers (n=937) and offspring
(n=862)) genotyping was carried out using the lllumina HumanCoreExome array. A
total of 106 samples were excluded due to low call rate, kinship errors, sex
mismatches or ancestry outliers. The 2662 included samples were of European
ancestry (assessed using flashPCA (Abraham and Inouye, 2014) with genotype
call rates >98% and phenotypic sex and kinship were validated using genotype
data assessed by KING software(Manichaikul et al., 2010)). The included
genotyped SNPs had call rates >95%, Hardy-Weinberg p > 1 x 107%, and minor
allele frequency (MAF) >1%. The Haplotype Reference Consortium (HRC) version
rl.1 reference panel (Michigan Imputation Server) was used to impute the

genotypes in all samples. A total of 98% of the SNPs included in the scores had an
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imputation quality > 0.4 and a Minor Allele Frequency > 0.001 in EFSOCH (see
Table S1; Supplementary Info).

Statistical Analyses

Genetic scores

We created independent maternal and fetal genetic scores for birthweight, and also
a paternal genetic score for father’'s own birthweight (analogous to a fetal genetic
score). We calculated the genetic scores (GS) according to Equation 1, where
Nsnp is the total number of SNPs, wi is the weight for SNP i and gi is the genotype
dosage at SNP i.

GS =X;w;gi; (1)

A total of 209 SNPs, identified at 190 loci in the most recent GWAS of birthweight
(Warrington et al., 2019), were used to calculate the maternal, paternal and fetal
genetic scores (see Table S1; Supplementary Info).Effect estimates for each
SNP were used as weights, and for the maternal score, these had been adjusted to
represent the maternal effects independent of fetal genotype effects using a
structural equation model (Warrington et al., 2019). For the fetal score, fetal effect
estimates independent of maternal genotype effects were used as weights, and for
the paternal score for father’s own birthweight, the fetal GWAS weights were
unadjusted so as to capture maximum information. Each genetic score variable
was then standardized to a mean of 0 and SD of 1. To validate the genetic scores,
we tested the associations between each standardized genetic score and its

respective phenotype using simple linear regression models.
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Linear regression models to estimate variance in adjusted birthweight by

genetic and other factors

We used multivariable linear regression models to model the variance in
birthweight explained by several clinical, anthropometric and genetic factors. We
ensured that the regression model assumptions were met and the model
assumptions were checked using diagnostic plots of residuals and fitted values. To
determine the additional variability explained by genetics, we examined the
following models, with birthweight (adjusted for sex and gestational age) as the

outcome variable:

Model 1: Genetic scores model: maternal and fetal genetic scores were included
as predictors to investigate their contribution to birthweight.

Birth weight ~ Maternal genetic score + Fetal genetic score

Model 2: Maternal clinical features (intrauterine environment) model: maternal
fasting glucose, age, weight, parity and the mother’s smoking status were used in

this model.

Birth weight ~ Maternal fasting glucose + Age + Weight + Parity

+ Mother'smoking status

Model 3: Maternal genetic score + maternal clinical (intrauterine
environment) features: The maternal genetic score was added to Model 2 to
investigate the additional contribution of maternal genetics to variance explained in
birthweight.

Birth weight ~ Maternal fasting glucose + Age + Weight + Parity

+ Mother'smoking status

+ Maternal genetic score

Model 4. Maternal clinical features + Parental anthropometric traits (genetics)

model: Maternal and paternal height are variables that capture the effects of fetal
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genetics and are easily measurable; these were added as predictors to Model 2 to

create Model 4.

Birth weight ~ Maternal fasting glucose + Age + Weight + Parity
+ Mother'smoking status + Maternal height + Paternal height

Model 5: Fetal genetic score + maternal clinical features + parental
anthropometric (genetic) traits: The fetal genetic score was added to Model 4 to
further investigate the contributions of the fetal genetic score in addition to parental

heights and clinical features.

Birth weight ~ Maternal fasting glucose + Age + Weight + Parity
+ Mother'smoking status + Maternal height + Paternal height

+ Fetal genetic score

Model 6: Parental genetic scores + maternal clinical features + parental
anthropometric (genetic) traits: Given that the fetal genetic score for birthweight
is not available prior to delivery, we analysed the contribution of the maternal
genetic score for offspring birthweight and the paternal genetic score for father’s

own birthweight in Model 6 in addition to clinical features and parental heights.

Birth weight ~ Maternal fasting glucose + Age + Weight + Parity
+ Mother'smoking status + Maternal height + Paternal height

+ Maternal genetic score + Paternal genetic score

Model 7: Fetal genetic score + maternal genetic score + maternal clinical

features + parental anthropometric (genetic) traits:

The maternal genetic score was added to Model 5 to further investigate the
contributions of the maternal genetic score in addition to parental heights and

clinical features.
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Birth weight ~ Maternal fasting glucose + Age + Weight + Parity
+ Mother'smoking status + Maternal height + Paternal height

+ Fetal genetic score + Maternal genetic score

Additional models: Parents’ own birthweights: We additionally investigated the
contribution of maternal and paternal self-reported birthweights because these may
also capture information about fetal genetics. These were available in a smaller

sample (n=425 trios).

We used the Adj-R? statistic to assess improvement in model fit based on any
added predictors. An F-test was used to compare nested models and check for any
improvements in the explanation of variance in birthweight. The R? statistic and its
95% confidence intervals were used to assess the overall explanation of variance
in birthweight by the predictors in the model. Confidence intervals were calculated
by bootstrapping. Multicollinearity between predictor variables in the models was

checked by using the Variance Inflation Factor (VIF).

As a sensitivity analysis to check for any potential impact of poor-quality SNP
genotype data, we repeated models containing genetic scores with only those
SNPs that had minor allele frequency > 0.1% and imputation quality r? > 0.4. We
used the statistical software R (version 3.5.2) to develop the multiple linear

regression models and to calculate the F-tests between nested models.
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Results

Descriptive characteristics for the 549 parent-offspring trios are shown in Table 1.

There was no strong evidence that individuals excluded from the analysis differed

in their basic characteristics from those included (see Table S2)

n =549 trios
Phenotype Mean or % (SD)
Maternal Height (cm) 165.0 (6.4)
Maternal Weight (kg) 76.3 (12.6)
Gestational Duration (weeks) 40.1 (1.2)
Birthweight (g) 3570 (444)
Maternal Age (years) 30 (5)
Maternal smoking status (%Yes) 14.6
Parity (%1%t pregnancy) 44.8
Sex of the baby (% Male) 52.2
Maternal Fasting Glucose(mmol/L) 4.4(0.4)
Father’s Height (cm) 178(5.1)

Table 1: Key characteristics of study population

The genetic scores all showed strong associations with their respective

phenotypes (Table S3).
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Maternal and fetal genetic scores contribute additively to offspring

birthweight variation

Change in
birthweight
(9) per 1 SD 95%
Variable changein Confidence | tvalue | p-value
independent Interval
variable
Intercept 3672 3530,3813 50.9 <0.001
Maternal genetic score for offspring
birthweight (adjusted for fetal effects) 81 45,116 4.4 <0.001
Fetal genetic score for offspring
birthweight (adjusted for maternal effects) 69 33,105 3.7 <0.001

Table 2: Model 1- Results of a multivariable linear regression model testing the

association between birthweight (adjusted for sex and gestational age), maternal

genetic score and fetal genetic score (n=549 parent-offspring trios).

R? = 0.060; Adj-R?=0.053

A multivariable linear regression model (Model 1; Table 2) showed that maternal

and fetal genetic scores have additive contributions to variance in offspring

birthweight. On its own, the fetal genetic score explained 2% of variation in

adjusted birthweight (R? = 0.020) and the maternal genetic score explained 3% of

variance in birthweight (R2 = 0.030). For comparison, the variables parity, mother’s

smoking status and paternal height each explained 3 % of variation.

Maternal genetic score for birthweight explained additional variance in

birthweight when added to easily measurable clinical variables

A multivariable linear regression model (Model 2; Table 3) including variables that

are readily available in the clinical setting (maternal fasting glucose, maternal age,

maternal weight, parity and the mother’s smoking status), showed that each

variable contributed to variance explained in birthweight. The total variation in

birthweight explained by these maternal characteristics (R? = 0.217) was higher

than that explained by genetic scores alone (R?= 0.06; Model 1).




Change in
birthweight ()

per 1 SD 95%
Variable changein Confidence | tvalue | p-value
independent Interval
variable
Model 2: maternal clinical characteristics (n=549 parent-offspring trios). R? = 0.217; Adj-
R?=0.210
Intercept 3691 3643, 3740 149.1 <2e-16
Maternal age -38 -73, -3 -2.1 0.04
Maternal weight 125 89, 161 6.8 2.09 e-11
Mother’s smoking status™ -280 -377,-182 -5.6 | 3.03 e-08
Parity* -187 -255, -118 -5.3 1.55e-07
Mother’s fasting glucose at 28 weeks’
gestation 87 51, 123 4.7 2.83e-06

Model 3: maternal clinical characteristics and maternal genetics (n=549 parent-offspring trios).
R? = 0.244; Adj-R?=0.233

Intercept 3790 3655, 3925 55.3 <2e-16
Maternal age -42 -77, -8 -2.4 0.026

Maternal weight 121 85, 156 6.7 1.18e-10

Mother’'s smoking status -273 -369, -176 -5.6 8.45e-08

Parity -194 -262, -126 -5.6 3.45e-08

Mother’s fasting glucose at 28 weeks’ 85 49, 120 4.1 8.93e-07
gestation

Maternal genetic score for offspring

birthweight (adjusted for fetal 68 36, 101 4.7 0.00023

effects)

* indicates a binary variable

Table 3: Results of multivariable linear regression models testing the association between
birthweight (adjusted for sex and gestational age) and maternal clinical characteristics,
with and without the maternal genetic score

The addition of the maternal genetic score for offspring birthweight to Model 2 as a
predictor (Model 3; Table 3) made little change to the coefficients of the maternal
clinical variables, which were very similar to Model 2, but there was an
improvement in the Adj-R? statistic when comparing the nested models (Adj-R?
=0.233 vs 0.210, p<0.001), indicating that the maternal genetic score captured

additional variance in birthweight.
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Maternal and paternal height explained additional variance in birthweight

when added to maternal clinical variables

The addition of maternal and paternal height variables, that can capture the effects
of fetal genetics, to Model 2 (routinely available clinical features only) showed that
the additional variables can further explain variance in birthweight (adjusted for sex

and gestational age) (Model 4; Table 4) with Adj-R? increasing from 0.210 to 0.248

(p<0.001).

Changein 95%
birthweight (g) | Confidence
Variable per 1 SD Interval t value | p-value
changein
independent
variable
Model 4: maternal clinical characteristics and parental heights (n=549 parent-offspring trios). R?
= 0.258; Adj-R?=0.248
Intercept 3697 3650, 3744 152.7 <2e-16
Maternal age -49 -84, -15 -2.8 0.00547
Maternal weight 101 64, 139 5.3 1.47e-07
Mother’s smoking status -251 -348, -155 -5.1 3.85e-07
Parity -210 -278, -142 -6.1 2.47e-09
Mother’s fasting glucose at 28 weeks’ 104 68, 140 5.7 2.03e-08
gestation
Maternal height 52 16, 87 2.9 0.00431
Paternal height 69 35, 102 4.0 6.88e-05
Model 5: maternal clinical characteristics (n=549 parent-offspring trios), parental heights, and
fetal genetic score. R? = 0.277; Adj-R?=0.264
Intercept 3799 3667, 3931 56.5 <2e-16
Maternal age -50 -84, -16 -2.9 0.00427
Maternal weight 97 60, 134 5.2 3.64e-07
Mother’s smoking status -241 -336, -146 -5.0 8.65e-07
Parity -216 -284, -149 -6.3 6.43e-10
Mother’s fasting glucose at 28 weeks’
gestation 106 71, 142 5.9 7.42e-09
Maternal height 49 14, 84 2.7 0.00681
Paternal height 66 33, 99 3.9 0.000121
Fetal genetic score for offspring
birthweight (adjusted for maternal 56 23, 88 3.4 0.000746
effects)

Table 4: Results of multivariable linear regression models testing the association between
birthweight (adjusted for sex and gestational age), maternal clinical characteristics and
parental heights, with and without the fetal genetic score (n=549 parent-offspring trios).

In a subsample of n=425 available trios, we found that mother’s and father’'s own

self-reported birthweights explained additional variance in offspring birthweight
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when added to a model that included parental heights (Table S4, Adj-R?=0.302 vs
0.258 without parent birthweights, p<0.001).

Fetal genetic score for birthweight explained additional variance in
birthweight when added to easily-measured anthropometric variables that

capture fetal genotype

With the addition of the fetal genetic score for offspring birthweight to Model 4 as a
predictor (Model 5; Table 4), there was little change in the coefficients of the
maternal clinical variables, or of the maternal and paternal heights, which were
very similar to Model 4, but there was an improvement in the Adj-R? statistic when
comparing the nested models (Adj-R?=0.264 vs. 0.248, p<0.001), indicating that
the fetal genetic score captured additional variance in birthweight. The fetal genetic
score also improved variance explained in the model containing parental
birthweights in a subsample of 425 trios (Table S5; P=0.09 comparing Adj-
R?=0.302 for the model with no fetal genetic score with Adj-R?= 0.310 for the model

with the fetal genetic score).

Maternal and paternal genetic scores further improved variance explained in

birthweight when added to clinical and anthropometric variables

When we added the maternal and paternal genetic scores to Model 4, (Model 6;
Table 5), both parental genetic scores explained variation in birthweight on top of
the basic clinical and anthropometric variables (Adj-R?=0.271 vs Adj-R?=0.248,
p<0.001).
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Change in
birthweight (g)
per 1 SD 95%
Variable changein Confidence |tvalue | p-value
independent Interval
variable
Model 2: maternal clinical characteristics (n=549 parent-offspring trios). R? = 0.217; Adj-
R?=0.210
Intercept 3691 3643, 3740 149.1 <2e-16
Maternal age -38 -73,-3 2.1 0.04
Maternal weight 125 89, 161 6.8 2.09 e-
11
Mother’s smoking status™ -280 -377,-182 -5.6 3.03 e-
08
Parity* -187 -255, -118 -5.3 | 1.55e-07
Mother’s fasting glucose at 28
weeks’ gestation 87 51, 123 4.7 2.83e-06

Model 3: maternal clinical characteristics and maternal genetics (n=549 parent-offspring trios).
R? = 0.244; Adj-R?=0.233

Intercept 3790 3655, 3925 55.3 <2e-16

Maternal age -42 -77, -8 -2.4 0.026
Maternal weight 121 85, 156 6.7 1.18e-10
Mother’s smoking status -273 -369, -176 -5.6 | 8.45e-08
Parity -194 -262, -126 -5.6 | 3.45e-08
Mother’s fasting glucose at 28 85 49, 120 4.1 8.93e-07

weeks’ gestation

Maternal genetic score for
offspring birthweight (adjusted for 68 36, 101 4.7 0.00023
fetal effects)

* indicates a binary variable

Table 3: Results of multivariable linear regression models testing the association between
birthweight (adjusted for sex and gestational age) and maternal clinical characteristics,

with and without the maternal genetic score

The addition of the maternal genetic score for offspring birthweight to Model 2 as a
predictor (Model 3; Table 3) made little change to the coefficients of the maternal
clinical variables, which were very similar to Model 2, but there was an
improvement in the Adj-R? statistic when comparing the nested models (Adj-R?
=0.233 vs 0.210, p<0.001), indicating that the maternal genetic score captured

additional variance in birthweight.
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Maternal and paternal height explained additional variance in birthweight

when added to maternal clinical variables

Variable

Changein
birthweight (g)
per 1 SD
change in
independent
variable

95%
Confidence
Interval

t
value

p-value

Model 4: maternal clinical characteristics and parental heights (n=549 parent-offspring trios).
R? = 0.258; Adj-R?=0.248

Intercept 3697 3650, 3744 | 152.7 <2e-16

Maternal age -49 -84, -15 -2.8 0.00547

Maternal weight 101 64, 139 53 1.47e-07

Mother’'s smoking status -251 -348, -155 -5.1 3.85e-07

Parity -210 -278, -142 -6.1 2.47e-09

Mother’s fasting glucose at 28 weeks’ 104 68, 140 5.7 2.03e-08
gestation

Maternal height 52 16, 87 2.9 0.00431

Paternal height 69 35, 102 4.0 6.88e-05

Model 5: maternal clinical characteristics (n=549 parent-offspring trios), parental heights, and
fetal genetic score. R2 = 0.277; Adj-R?=0.264

effects)

Intercept 3799 3667, 3931 56.5 <2e-16

Maternal age -50 -84, -16 -2.9 0.00427

Maternal weight 97 60, 134 5.2 3.64e-07

Mother’'s smoking status -241 -336, -146 -5.0 8.65e-07
Parity -216 -284, -149 -6.3 | 6.43e-10

Mother’s fasting glucose at 28 weeks’

gestation 106 71, 142 5.9 7.42e-09

Maternal height 49 14, 84 2.7 0.00681
Paternal height 66 33, 99 3.9 0.000121

Fetal genetic score for offspring

birthweight (adjusted for maternal 56 23, 88 3.4 | 0.000746

Table 4: Results of multivariable linear regression models testing the association between

birthweight (adjusted for sex and gestational age), maternal clinical characteristics and

parental heights, with and without the fetal genetic score (n=549 parent-offspring trios).
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The addition of maternal and paternal height variables, that can capture the effects
of fetal genetics, to Model 2 (routinely available clinical features only) showed that
the additional variables can further explain variance in birthweight (adjusted for sex
and gestational age) (Model 4; Table 4) with Adj-R? increasing from 0.210 to 0.248
(p<0.001).

In a subsample of n=425 available trios, we found that mother’s and father’'s own
self-reported birthweights explained additional variance in offspring birthweight
when added to a model that included parental heights (Table S4, Adj-R?=0.302 vs
0.258 without parent birthweights, p<0.001).

Fetal genetic score for birthweight explained additional variance in
birthweight when added to easily measured anthropometric variables that
capture fetal genotype

With the addition of the fetal genetic score for offspring birthweight to Model 4 as a
predictor (Model 5; Table 4), there was little change in the coefficients of the
maternal clinical variables, or of the maternal and paternal heights, which were
very similar to Model 4, but there was an improvement in the Adj-R? statistic when
comparing the nested models (Adj-R?=0.264 vs. 0.248, p<0.001), indicating that
the fetal genetic score captured additional variance in birthweight. The fetal genetic
score also improved variance explained in the model containing parental
birthweights in a subsample of 425 trios (Table S5; P=0.09 comparing Adj-
R?=0.302 for the model with no fetal genetic score with Adj-R?= 0.310 for the model
with the fetal genetic score).
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Maternal and paternal genetic scores further improved variance explained in

birthweight when added to clinical and anthropometric variables

When we added the maternal and paternal genetic scores to Model 4, (Model 6;

Table 5), both parental genetic scores explained variation in birthweight on top of
the basic clinical and anthropometric variables (Adj-R?=0.271 vs Adj-R?=0.248,

p<0.001).
Changein
birthweight ()
per 1 SD 95%
Variable change in Confidenc
independent e Interval | t-value | p-value
variable
Intercept 3796 3665, 3927 56.7 <2e-16
Maternal age -54 -88, -20 -3.1 0.00215
Maternal weight 97 60, 134 51 3.78e-07
Mother’s smoking status -241 -335, -146 -5.0 8.45e-07
Parity -211 --278, -144 -6.2 1.25e-09
Mother’s fasting glucose at 28 weeks’
gestation 104 69, 140 5.8 1.50e-08
Maternal height 44 9, 80 2.5 0.0138
Paternal height 61 28, 95 3.6 0.000349
Maternal genetic score for
offspring birthweight (adjusted for 57 25, 90 3.5 0.000567
fetal effects)
Paternal genetic score for father’s
own birthweight 39 6,71 2.3 0.0192

Table 5: Model 6-Results of a multivariable linear regression model testing the association

between birthweight (adjusted for sex and gestational age), maternal clinical

characteristics (n=549 parent-offspring trios), and parental heights and genetic scores. R?

= 0.285; Adj-R?=0.271
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Maternal genetic score further improved variance explained in birthweight

when added to fetal genetic score

When the maternal genetic score and the fetal genetic scores were added on top

of clinical variables (Model 7; Table 6), in Model 4 there was additional

improvement in explanation of variance in birthweight (Adj-R?=0.280 vs Adj-

R2=0.248, p<0.001).

effects)

Changein
birthweight (g) 95%
per 1 SD Confidence
Variable change in Interval t-value | p-value
independent
variable

Intercept 3799 3669, 3929 57.1 <2e-16

Maternal age -53 -87, -19 -3.1 0.00231

Maternal weight 98 62, 135 5.3 2.11e-07

Mother’s smoking status -241 -335, -147 -5.0 6.98e-07
Parity -217 -283, -150 -6.4 3.94e-10

Mother’s fasting glucose at 28 weeks’

gestation 101 66, 136 5.7 2.59e-08

Maternal height 39 4,74 2.2 0.0288
Paternal height 64 31, 96 3.7 0.000178

Maternal genetic score for
offspring birthweight (adjusted for 60 27,92 3.6 0.000314
fetal effects)
Fetal genetic score for offspring

birthweight(adjusted for maternal 57 25, 89 3.5 0.000449

Table 6: Model 7-Results of a multivariable linear regression model testing the association

between birthweight (adjusted for sex and gestational age), maternal clinical

characteristics (n=549 parent-offspring trios), parental heights, and maternal and fetal
genetic scores. R? = 0.294; Adj-R?=0.280

64




A summary of the R? values across all the main models is shown in Figure 2. This

indicates the improvement in R? with added successive variables.

There was a negligible difference between the models that contained genetic
scores with only those SNPs that had minor allele frequency > 0.1% and
imputation quality r> > 0.4 and the models that contained genetic scores with 98%

of the SNPs having minor allele frequency > 0.001 and imputation quality > 0.4.

Discussion

We have shown that maternal, paternal and fetal genetic scores contribute to
variation in sex- and gestational age-adjusted birthweight, in addition to variables
easily obtained in a clinical setting. We also showed that maternal and paternal
heights, which are easily measured and capture some of the genetic contribution to
fetal growth, explain variance in birthweight independently of routinely measured
maternal clinical variables. However, the maternal and fetal (or paternal) genetic
scores made additional, independent contributions to birthweight variance. GWAS
have established that fetal and maternal genetic variants are associated with
birthweight (Warrington et al., 2019), but as many of the underlying causal genes
are likely associated with clinical or anthropometric traits, such as height, weight,

and glucose, it has been important to quantify the added value.

Maternal and fetal genetics are known to be important determinants of fetal growth
but the contribution of genetic scores to variance explained in birthweight has not
been investigated previously using multivariable regression models containing
other clinical and parental anthropometric characteristics. We showed, consistent
with other epidemiological studies (Nahum et al., 1999, Makgoba et al., 2012), that
clinical variables, both routinely measured (glucose, weight, smoking), but also
parental height, can explain approximately 26% variation in birthweight that has
already been adjusted for sex and gestational age. The addition of the fetal genetic
score to the models explained a further 2% of variation in birthweight. For
comparison, the variables parity, mother’s smoking status and paternal height each
explained 3 % of variation individually, in sex-and gestational age-adjusted
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birthweight. The precise mechanisms through which most of the genetic variants in
the fetal score influence growth are not known, but evidence to date suggests they
are likely to capture variation in growth factors such as fetal insulin, as well as

variation in placental growth and function (Warrington et al., 2019).

Fetal genetic scores are not available before birth, so they are not informative for
predicting birthweight at present. However, we showed that maternal and paternal
genetic scores can also explain variation in birthweight. The parental genetic
effects are mediated both through direct effects of genes inherited by the fetus and
indirect maternal genetic effects on the intra-uterine environment. Some of these
effects will have been captured by clinical features. Previous research has shown
that associations between maternal height and offspring birthweight is
predominantly defined by fetal genetics (Zhang et al., 2015). Paternal height has
also been shown to influence offspring birthweight through fetal genetics (Knight et
al., 2006). We have shown that the parental heights explain further variation in
birthweight and that parental genetic scores for birthweight are contributing to
variation in birthweight independently of parental heights. The independent and
additive associations of the parental genetic scores with birthweight show that
these scores are offering additional predictive value. The fetal genetic score also

added information on top of self-reported parent birthweights.

It was unexpected that the R? value for the maternal GS was larger than that of
the fetal GS because previous work (Warrington et al., 2019) has shown that fetal
genetic variants explain more birthweight variation than maternal genetic variants.
However, further investigation showed that the R? values for maternal and fetal
genetic scores were not precise enough in this relatively small sample to be able to
infer confidently whether one was bigger than the other (as reflected in the 95%
confidence intervals), and point estimate values of R? fluctuated so that the fetal
estimate appeared larger than the maternal estimate when the models were re-run
in wider samples that did not require all family members to be genotyped (see
Table S6).

This study has benefited from the use of a well-phenotyped and genotyped sample

of parents and children. However, there are some limitations. Firstly, in the
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EFSOCH dataset, some clinical features known to contribute to variance explained
in birthweight in other studies (e.g. blood pressure (Catalano et al., 1995)) were not
available, so studies in additional samples would be needed to enable assessment
of the contribution of genetic scores in relation to those variables. In addition,
although we aimed to assess the contribution of parents’ own birthweights as
anthropometric variables in addition to parental heights, the parental birthweights
were self-reported and were not available in the full sample (they were available in
only 425 complete trios). However, when we created models using the dataset
containing 425 trios (Tables S4-5), the coefficients of the explanatory variables
were similar to those in the models created with the larger dataset of 549
observations, so the limited availability of self-reported birthweights did not impact

materially on the results.

Another limitation of this study is that we conducted the analyses in a UK-based,
northern European-ancestry population and it is likely that the associations
between birthweight and both genetics and parental clinical features will differ in
samples of other ancestries and in other settings. Further studies will be necessary
to investigate the contribution of genetic scores and other variables to birthweight

in other populations.

Since the EFSOCH study was part of the maternal GWAS study that identified
SNPs associated with birthweight (Warrington et al., 2019), there is a small risk of
overfitting in our models. However, we expect the risk of this to be minimal
because EFSOCH only made up 0.4% of the maternal GWAS meta-analysis

sample and was not included in the fetal GWAS.

We have shown that maternal and fetal genetic scores explain variation in
birthweight in healthy pregnancies, in addition to clinical and anthropometric
variables that are routinely or easily collected. While the individual contribution of
each genetic score is not large (e.g. 2% for fetal genetic score), it is comparable to
the individual contributions of variables such as parity or maternal smoking status.
This raises the possibility that genetic scores might be useful alongside clinical
characteristics in prediction models, for example, those aiming to predict risk of

LGA in pregnancies affected by gestational diabetes. Further work is needed to
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determine whether genetic information could improve a full clinical prediction model

over and above what is currently done routinely in clinical practice.

Model 7: Clinical factors+ Parental heights + Maternal G5 +
Fetal GS

Maodel 6: Clinical factors+ Parental heights + Maternal G5 +
Paternal GS

Model 5: Clinical factors+ Parental heights + Fetal GS

Model 4: Clinical factors+ Parental heights

Model 3: Clinical factors+ Maternal GS

Model 2: Clinical factors only

Model 1: Maternal and Fetal GS

! ' [
0.1 0.2 0.3

RS qu-ared

Fig 2: Plot showing R-squared values for each model with 95% confidence

intervals.
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Supplementary tables

Analysed Sample

Excluded Sample

Phenotype (n=549 trios) (n=398 trios) p-value
Maternal Height (cm) 165.0 (6.4) 165.1 (6.2) 0.776
Maternal Weight (kg) 76.3 (12.6) 75.0 (15.1) 0.169
Gestational Duration 40.1 (1.2) 40.1 (1.2) 0.793

(weeks)
Birthweight (g) 3570 (444) 3537 (436) 0.228
Maternal Age (years) 30.3 (5.3) 30.6 (5.1) 0.509
Maternal smoking status 14.6 10.8 0.133
(%Yes)*
Parity (%1% pregnancy)* 44.8 46.6 0.507
Sex of the baby (% Male)* 52.2 51.1 0.932

Table S2: Key characteristics of excluded participants and results of t-tests and chi-square

tests for comparison between the analysed sample and the excluded sample.

* indicates the p-value is for a Chi Square test
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Change

Outcome in trait Pearson’s
Variable | Genetic score | per 1l 95% CI | Correlation | p-value n
SD coefficient,
higher r
genetic
score
Offspring Maternal
birthweight | genetic score
adjusted for offspring 80.4g |43.7,117.1 0.18 2.03e-05 549
for sex and | birthweight (g),
gestational with weights
age adjusted for
fetal genotype
effects
Offspring Fetal genetic
birthweight score for
adjusted birthweight (g), | 68.0g | 31.3,104.9 0.15 0.000303 | 549
forsex and | with weights
gestational adjusted for
age maternal
genotype
effects
Paternal
Father’s genetic score
own self- for father’s 59.2g | 27.8,90.7 0.17 0.00024 504
reported own
birthweight birthweight
(generated
with
unadjusted
weights)

Table S3: Associations of maternal, fetal and paternal genetic scores with birthweight
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Changein 95%
birthweight | Confidence
Variable (g) per 1 SD Interval t value | p-value
changein X
variable
Intercept 3727 3654, 3778 142.9 <0.001
Maternal age -44 -81, -7 -2.3 0.02
Maternal weight 82 41,122 4.0 <0.001
Mother’'s smoking status -237 -350, -123 -4.1 <0.001
Parity -219 -291, -147 -6.0 <0.001
Mother’s fasting glucose at 28 weeks’ 105 67, 144 5.3 <0.001
gestation
Mother’s own birthweight 103 66, 140 55 <0.001
Father’s own birthweight 47 10, 83 2.5 0.01
Maternal height 23 -16, 62 1.2 0.25
Paternal height 60 23, 98 3.2 0.002

Table S4: Results of a multivariable linear regression model testing the association

between birthweight (adjusted for sex and gestational age), maternal clinical

characteristics (n=425 parent-offspring trios), and additional parental anthropometric
features that capture fetal genetics. R?=0.317; Adj-R?=0.302

Changein
birthweight (g)
per 1 SD 95%
Variable change in X Confidence t p-value
variable Interval value
Intercept 3870 3724, 4016 51.9 <0.001
Maternal age -43 -80, -6 -2.3 0.02
Maternal weight 81 41, 122 4.0 <0.001
Mother’s smoking status -230 -343, -117 -4.0 <0.001
Parity -226 -298, -154 -6.1 <0.001
Mother’s fasting glucose at 28 weeks’ 105 66, 143 5.3 <0.001
gestation
Mother’s own birthweight 94 57, 132 4.9 <0.001
Father ’'s own birthweight 46 9, 82 2.5 0.01
Maternal height 23 -16, 61 1.1 0.25
Paternal height 60 23, 97 3.2 0.002
Fetal genetic score for offspring
birthweight (adjusted for maternal 32 -4, 67 1.8 0.080
effects)

Table S5: Results of a multivariable linear regression model testing the association

between birthweight (adjusted for sex and gestational age), maternal clinical

characteristics (n=425 parent-offspring trios), additional features that capture fetal

genetics, and fetal genetic score. R? = 0.329; Adj-R?=0.310, (p=0.06 when compared to
Model in table S4)
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Change in

Included sample BW ing
(of those with per 1 SD
birthweight and | Total N Description of model higher X R? (95%ClI)
complete variable
phenotype data (95%CI)
available)
Outcome: birthweight 0.02432
Max sample with 820 (adjusted for sex and 66 (32-
maternal genetic gestational age) 100) (0.00513,
score X variable: maternal genetic 0.0502)
score
Max sample with 646 Outcome: birthweight 84 (50- 0.03634
fetal genetic score (adjusted for sex and 117) (0.0131,
gestational age) 0.0710)
X variable: fetal genetic
score
Max sample with Outcome: birthweight 73 (38- 0.02935
maternal and fetal 595 (adjusted for sex and 108) (0.00733,
genetic scores gestational age) 0.0595)
X variable: maternal genetic
score
Max sample with
maternal and fetal 595 Outcome: birthweight 78(43-113) 0.03307
genetic scores (adjusted for sex and (0.00941,
gestational age) 0.0654)
X variable: fetal genetic
score
Max sample with Outcome: birthweight 80 0.036
maternal, fetal and 549 (adjusted for sex and (44-117) (0.00966,
paternal genetic gestational age) 0.0697)
scores X variable: maternal genetic
score
Max sample with Outcome: birthweight 68 0.0269
maternal, fetal and 549 (adjusted for sex and (31-105) (0.00497,
paternal genetic gestational age) 0.0557)

scores

X variable: fetal genetic
score

Table S6: Summary of models describing the contribution of the genetic scores to

variation in offspring birthweight in different sample sizes.
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Chapter 4

The contributions of genetic scores,
maternal glycemia, and other maternal
characteristics to variation in birth weight in
South Asian compared with European

babies
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The contributions of genetic scores, maternal glycemia, and other maternal
characteristics to variation in birth weight in South Asian compared with
European babies

Maneka Haulder?!, Alice E Hughes?, Robin N Beaumont!, Brandon Lim?*, Daniel
Leirer, Andrew T. Hattersley!, Beverley M Shields?, Rachel M Freathy?.

1 Department of Clinical and Biomedical Sciences, Faculty of Health and Life
Sciences, University of Exeter, Exeter, UK

Abstract

Aim: Babies of South Asian (SA) ancestry have lower birth weights compared with
those of European ancestry, despite higher mean maternal glucose levels. We
aimed to compare the associations with birthweight of fetal (fetal GS) and
maternal (maternal_GS) genetic scores (GS) and routinely available clinical
features between these two populations, as well as the contributions of the

different predictors to birthweight variance explained.

Methods: We analysed mother-child pairs of SA (n=1177) and European (n=1259)
ancestry from the Born in Bradford study, excluding typel and type2 diabetes,
preterm and multiple births. We compared multivariable linear regression models to
explain variance in birthweight adjusted for sex and gestational age: Modell
(maternal 28-week fasting plasma glucose [FPG], age, weight, smoking, parity,
Systolic Blood Pressure [SBP], Diastolic Blood Pressure [DBP], height); Model2
(Modell+maternal_GS+fetal GS). We used the R-squared statistic to assess the

contributions of different predictors in the two samples.

Results: Mean (SD) birthweight was lower in SAs compared with Europeans (3193
(445) g vs. 3475 (483) g; p<0.001), while mean FPG was higher (4.6 (0.5) vs. 4.4
(0.4) mmol/L, p<0.001). Associations between maternal FPG and adjusted
birthweight were similar in both populations (62g [95%CI: 35, 88] higher birthweight
per 1 SD higher FPG in SA vs. 819 [40, 123] higher birthweight per 1 SD higher

FPG in European; variance explained 2.2% v 3.3%, respectively). Other
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characteristics showed similar associations with birthweight in both populations,
though the distributions of smoking and parity were quite different. GS contributed
additional information in both populations, but the full model explained less overall
variation in birthweight in SA pregnancies compared with European (Adj-R? =
0.175 vs 0.223).

Conclusions: Genetic scores and maternal characteristics show similar
associations with birthweight in babies of SA and European ancestry. Further work
is needed to understand what contributes to birthweight differences between SA

and Europeans as this may ultimately inform antenatal care.
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Introduction

Birth weight varies across different ethnicities; African, Indian and East Asian
populations note a lower birthweight on average compared to white Americans and
Europeans (Barron, 1983). In the UK, healthy babies of White ethnicity weigh
about 3500 g on average and those of Indian, Pakistani and Bangladeshi ethnicity
weigh between 280-350g lighter, those of Black Caribbean ancestry are 150 g
lighter and those of Black African ancestry are 70 g lighter (Kelly et al., 2009).

A previous study (West et al., 2013) has shown that babies of South Asian (SA)
ancestry have lower birth weight than babies of European (Eur) ancestry. It has
been shown that some of this difference in birth weight can be explained by the
mother’s height and weight as South Asian women are shorter and weigh lighter on
average. When further comparisons were made between the two ethnicities, fewer
South Asian mothers smoked, their fasting glucose level was higher on average,

and there was a higher proportion of SA women who had delivered multiple babies.

These differences did not fully account for the difference in birth weight between
these two groups. To further investigate the differences in birthweight between
these two ethnicities, birthweight, skinfold thickness and cord leptin (West et al.,
2013) were compared. Results showed that similar skinfold thickness was
observed in both groups but SA babies had greater total fat mass. While maternal
height, BMI and gestational age were able to explain some of the differences,
glucose, parity, smoking and living with a partner masked the difference in a way

that the overall effect on birth weight was negligible (West et al.).

Genetic variation from both mother and fetus contributes to variation in birth
weight. Genome-wide association studies have now identified more than 240
regions of the genome where common variants are robustly associated with birth
weight(Juliusdottir et al., 2021). The vast majority of the data contributing to GWAS
of birth weight to date has been from people of European ancestry. However, a
recent large meta-analysis of individuals of Indian and Bangladeshi ancestry from

both the UK and Indian subcontinent showed that a fetal genetic score was
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strongly associated with birth weight with a similar effect to that in Europeans,
despite large differences in mean maternal BMI and mean birth weight. In that
study, there was, however, a weaker effect of a maternal genetic score on birth
weight in the South Asian studies compared with European, which may indicate
different intrauterine exposures (Nongmaithem et al., 2022).

Our previous work has demonstrated that both maternal and fetal genetic scores
explained further variation in offspring birth weight on top of clinical variables
(Haulder et al.) in a UK study of participants with European ancestry. Since genetic
scores identified in Europeans show similar associations with birth weight in
samples of European and South Asian ancestry, we would not expect them to
explain the significant differences in birth weight that are seen between these two
groups. However, it is not known whether these genetic scores explain a similar
amount of variation in birth weight when added to maternal characteristics in South
Asians, as they do in Europeans.

In this paper, we explored the associations with offspring birthweight and clinical
features in two groups of different ethnicities and further explored variables that
have not been investigated previously. We used the Born in Bradford (BiB) study
(Wright et al., 2013) which comprises of two different ethnic groups living in the
same area: White Europeans and South Asians (Bangladeshis and Pakistanis)
based in the city of Bradford in the UK, with data collected at the same time. This
was a replication of our first study in a different European cohort and, in addition
this time, to a South Asian group. We then included a maternal and fetal genetic
score on top of clinical features to investigate the contributions of genetics in
explaining variability in birthweight in the two groups.
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Methods
Study population
We used data from the Born in Bradford Study (BiB). The Born in Bradford cohort

represents the obstetric population in Bradford, which is a city in North of England
and contains data collected from 12453 women (with 13776 pregnancies) between
2007 and 2010. About 20% of the current generation of parents is of South Asian
origin (90% are from Mirpur in Pakistan)(Wright et al., 2013).

Inclusion criteria for the current analyses consisted of only those mother-child pairs
where complete clinical, anthropometric, and maternal and fetal genetic data were
available. Most pairs had complete phenotype data, but following genotype quality
control, and owing to lower availability of fetal DNA from cord blood compared with
parental DNA, complete genotype data was available for mothers and offspring in
50% of the pairs in both ancestries. We excluded patrticipants with preterm and

multiple births as well as pre-existing type 1 or type 2 diabetes.

We created two separate datasets for the Europeans (UK) ancestry and the South
Asians (Pakistani) ancestry. The final datasets consisted of 1259 mother-child
pairs for the Europeans and 1177 mother-child pairs for the South Asians,
respectively. The selection of variables is illustrated by the flowchart in Figure 1
and Figure 2. To check for any differences between excluded and included
participants, we used unpaired t-tests to compare means of continuous variables
(maternal height, maternal weight, gestational duration, birth weight and maternal
age), and Chi-square tests to compare categorical variables (maternal smoking

status, parity, and sex of the baby).
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BiB dataset = 3301
European-ancestry mother-
offspring pairs.

f Excluding data for preterm pregnancies
'L (n=196) and twins (n=28)
v
[ n = 3077 pairs ]
i >[ Excluding data for T1D and T2D (n=4) ]
[ n = 3073 pairs ]
50% had genetic data missing for at
'L least one of the pair (n=1549)
v
[ n = 1524 pairs ]
Excluding data for related mothers and
" children based on kinship analysis of
v genotype data. (n=173)
[ n = 1351 pairs ] N
Missing data for mother’s fasting glucose
level, weight, age, smoking status, parity
v L or offspring birthweight (n=92)

n = 1259 pairs with
complete genetic data for
both mother and offspring

Fig 1: Flowchart illustrating how the European data was prepared for analysis
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BiB dataset = 3318 Pakistani-
ancestry mother-offspring

pairs.
J Excluding data for preterm pregnancies
'L (n=189) and twins (n=28)
v
[ n =3101 pairs ]
i >[ Excluding data for T1D and T2D (n=2) ]
[ n = 3099 pairs ]
50% had genetic data missing for at
'L least one of the pairs (n=1359)
v
[ n = 1740 pairs ]
Excluding data for related mothers and
" children based on kinship analysis of
v genotype data (n=440).
[ n = 1300 pairs ]

Missing data for mother’s fasting glucose
level, weight, age, smoking status, parity
’L or offspring birthweight (n=123)

v

n = 1177 pairs with
complete genetic data for
both mother and offspring

Fig 2: Flowchart illustrating how the Pakistani data was prepared for analysis
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Characteristics of participants

Full details of data collection are found in the BiB study protocol(Wright et al.,
2013). Participants were recruited at their oral glucose tolerance test (OGTT)
appointment between 26 to 28 weeks’ gestation. Briefly, detailed anthropometric
measurements and biochemistry from the mothers were taken at recruitment.
Maternal height was measured to the nearest 0.1 cm. Maternal weight was
measured to the nearest 100g. Offspring birth weight was measured at birth, to the
nearest 10g. For the current analyses, birth weight was adjusted for sex and
gestational age by saving residuals on a regression model of birthweight against

sex and gestational age.

Maternal glucose was measured in fasting maternal samples offered at the OGTT
appointment. Information about the mother’s smoking status and parity was self-
reported. The ethnicity of the parents was determined by genetic similarity for the
analysis. The systolic blood pressure (SBP) and diastolic blood pressure (DBP)
measurements were taken closest to 28 weeks’ gestation and if that measurement
was not available, the median value between 27 and 29 weeks of gestation was

recorded as the blood pressure measurement.

Genotyping
Two separate microarrays, the lllumina HumanCoreExome array and the Infinium

Global Screening array (GSA), were used to obtain maternal and fetal genomic
data. Genotype data had been already imputed against the Haplotype Reference
Consortium panel, version rl.1 using Minimac4, after quality control (minor allele

frequency > 1% and Hardy-Weinberg Equilibrium P value > 1 x 1076),
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Statistical Analyses

Genetic scores

We created independent maternal and fetal genetic scores for birth weight. We
calculated the genetic scores (GS) according to Equation 1, where wi is the weight

for SNP i and gi is the genotype at SNP i.

GS =X;w;g;
(1)

A total of 209 SNPs, identified at 190 loci in a recent GWAS of birth weight
(Warrington et al., 2019), were used to calculate the maternal and fetal genetic
scores (see Table S1). Effect estimates for each SNP were used as weights, and
for the maternal score, these had been adjusted to represent the maternal effects
adjusted for fetal genotype effects using a structural equation model (Warrington et
al., 2019). For the fetal score, fetal effect estimates adjusted for maternal genotype
effects were used as weights. Each genetic score variable was then standardized
using its mean and standard deviation. To validate the genetic scores, we tested
the associations between each standardized genetic score and its respective

phenotype using simple linear regression models.
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Linear regression models to estimate variance in corrected birth weight

explained by clinical, anthropometric, and genetic factors

To compare associations of birthweight with maternal characteristics and the
genetic scores between the European and South Asian samples of mothers and
babies from the Born in Bradford study, we examined the following multivariable
linear regression models, with corrected birth weight (i.e., adjusted for sex and

gestational age) as the outcome variable.

Models 1a and 1b: Maternal clinical and anthropometric characteristics:
maternal fasting glucose, age, weight, height, parity, SBP, DBP and the mother’s

smoking status were used in the first model.

Models 2a and 2b: Fetal genetic score + maternal genetic score + maternal
clinical and anthropometric characteristics: the maternal and fetal genetic
scores were added to Models 1a and 1b to further investigate the contributions of

the genetic scores in addition to maternal height and clinical features.

We used the adjusted R-squared statistic to assess improvement in model fit
based on any added predictors. We used the R-squared statistic for assessing
individual contributions of each variable to birthweight in univariate regression
models. An F-test was used to compare nested models and check for any
improvements in the explanation of variance in birth weight upon adding the
genetic scores. The R-squared statistic and its 95% confidence intervals were used
to assess the overall explanation of variance in birth weight by the predictors in the
model. Multicollinearity between predictor variables in the models was checked by
using the Variance Inflation Factor (VIF).

Results

Descriptive characteristics for the mother-child pairs in the European (UK) ancestry
and South Asian (Pakistani) ancestry are shown in Table 1. There was no robust
evidence that individuals excluded from the analysis differed in their basic

characteristics from those included (see Table S2 and S3).
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European

South Asian
(UK) (Pakistani)
n=1259 _ p-value
. n=1177 mother-
mother-child : :
) child pairs
pairs
[0)
Phenotype Me?g[;))r & Mean or % (SD)

Birth weight (g) 3475(483) 3193(445) <0.001
Maternal Height (cm) 164.6 (6.2) 159.5(5.6) <0.001
Maternal Weight (kg) 79.0(16.4) 70.6(13.1) <0.001

Gestational Duration (weeks) 39.6(1.2) 39.4(1.2) <0.001
Maternal fasting glucose (mmol/L) 4.4(0.4) 4.6(0.5) <0.001
Maternal Systolic BP(mmHQ) 113.1(11.4) 107.1(11.1) <0.001
Maternal Diastolic BP(mmHQ) 66.6(8.6) 63.7(8.1) <0.001
Maternal Age (years) 27.2(6.0) 28.0(5.1) <0.001
Maternal smoking status (%Yes) 31.3 4.0 <0.001
Parity (%1st pregnancy) 49.6 33.9
Parity (%2" pregnancy) 32.5 24.9 <0.001
Parity (%More than two pregnancies) 17.9 41.2
Sex of the baby (% Male) 51.9 52.4 0.837

Table 1: Key characteristics of the study populations

Most characteristics showed differences, on average, between the two samples.

For example, in the South Asian group, maternal fasting glucose was higher (4.6

mmol/L) as compared to the Europeans group (4.4 mmol/L). We also observed that

in the South Asian group, fewer mothers smoked during the pregnancy (4%) when

compared to the Europeans (31.3%). We observed that there were more women

from the South Asian ancestry who had given birth more than once (41.2%) than in

the European group (17.9%). The genetic scores showed strong associations with

birthweight (Table 2).
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Ethnicity

Genetic score

Change in offspring
birth weight adjusted
for sex and
gestational age per 1
SD higher genetic
score (95% CI)

Pearson’s
Correlation
coefficient,

r

value

European
(n=1259)

Maternal genetic
score for offspring
birthweight (g),
with weights
adjusted for
fetal genotype
effects

36
(9, 63)

0.074

0.008

Fetal genetic
score for
birthweight (g),
with weights
adjusted for
maternal
genotype effects

96
(69,122)

0.20

<0.001

Pakistani
(n=1177)

Maternal genetic
score for offspring
birthweight (g),
with weights
adjusted for
fetal genotype
effects

25
(-1,51)

0.069

0.06

Fetal genetic
score for
birthweight (g),
with weights
adjusted for
maternal
genotype effects

79
(54,105)

0.19

<0.001

Table 2: Associations of the genetic scores with offspring birthweight.

88



Similar associations were observed between maternal clinical characteristics

and offspring birthweight in Europeans and South Asians

Multivariable linear regression models (Model 1a & 1b; Table 3) including clinical
and anthropometric variables (maternal fasting glucose, maternal age, maternal
weight, parity, mother’s systolic blood pressure, mother’s diastolic blood pressure,
mother’s height and the mother’s smoking status), showed that each variable
except for SBP, DBP and maternal age, contributed significantly to variance
explained in birthweight in the European and Pakistani samples. In the Pakistani
sample, the mother’s smoking status was also found to not contribute to explaining
variation in birthweight: there was no strong association between smoking status

and birthweight.

Similar associations were observed in both ancestries (the coefficient of one
sample is within the 95% CI of the coefficient for the other sample) except for the
maternal smoking status, which had less influence on birthweight in the South
Asian group as compared with the Europeans. This can be explained by the fact
that fewer mothers smoked in the South Asian group. The contributions to variation

of birthweight by maternal fasting glucose is similar in both populations.
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Europeans (UK)

South Asian (Pakistani)

Change in
Change in birthweight
birthweight (g) per 1 SD
(g) per 1 SD change in
change in independen
independent t
continuous continuous
Variable variable 95% CI variable 95% CI
Maternal age(years) -25 -53,4 -21 -51,9
Maternal weight(kg) 106 76, 135 96 67,124
Mother’s smoking
status*(smoker vs
nonsmoker) -259 -314, -203 -23 -150, 105
Parity(1S* pregnancy vs
3+ pregnancies)** -169 -242, -96 -173 -240, -106
Parity(2" pregnancy vs
3+ pregnancies)** -23 -96, 50 =77 -141, -13
Mother’s fasting glucose
at 28 weeks’ gestation
(mmol/L) 62 35, 88 81 40, 123
Maternal Systolic Blood
Pressure (mmHQ) -7 -36, 22 12 -19, 43
Maternal Diastolic Blood
Pressure(mmHQ) -15 -44, 13 -20 -52, 11
Maternal height(cm) 56 30, 83 74 48, 100

* indicates a binary variable
**indicates a multilevel variable

Table 3: Results of multivariable linear regression models testing the association

between birthweight (adjusted for sex and gestational age), maternal

characteristics Model 1a: Eur (n=1259 mother-child pairs) R? = 0.1877; Adj-R?=

0.1818

Model 1b: SA (n=1177 mother-child pairs). R? =0.1443; Adj-R?= 0.1374
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Maternal genetic score and fetal genetic score further improved variance
explained in birthweight when added to maternal clinical and anthropometric

variables

When the maternal genetic score and the fetal genetic scores were added on top
of clinical variables and maternal height (Model 2a & 2b; Table 4), there were
additional improvements in explanation of variance in birthweight in both ancestries
(Eur: Adj-R?=0.2233 vs 0.1818 p<0.001; SA: Adj-R?=0.1665 vs 0.1374, p<0.001
Table 5)
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Europeans (UK)

South Asian

(Pakistani)
Change in Change in
birthweight birthweight
(@) per 1SD 1 g5o o | (@ PEr1SD 1 o500
, change in change in
Variable : .
independent independen
variable t variable
Maternal age(years) -25 -52, 3 -19 -49, 10
Maternal weight(kg) 101 72,130 92 64, 121
Mother’s smoking
. -308,- -150,
status*(smoker vs -254 200 -25 101
nonsmoker)
i t
Parity(1* pregnancy vs 2+ -164 235,-93 | -172 16, 141
pregnancies)*
i nd - -
Parity(2"! pregnancy vs 2+ 6 78, 65 .83 157,
pregnancies)** 31
Mother’s fasting glucose at
28 weeks’ gestation(mmol/L) 65 39,91 103 50, 132
Maternal height (cm) 56 31, 82 70 45, 96
Maternal Systolic Blood 5 33, 23 3 23,39
Pressure(mmHgQ)
Maternal Diastolic Blood 18 46, 10 20 51, 11
Pressure(mmHg)
Fetal Genetic Score for
Offspring birth weight (per 98 74,122 75 51,100
unit GS)
Maternal Genetic Score for
Offspring birth weight (per 30 6, 54 25 1,49
unit GS)

Table 4: Results of a multivariable linear regression model testing the association
between birthweight (adjusted for sex and gestational age), maternal clinical
characteristics, maternal height, and maternal and fetal genetic scores.

Model 2a: Eur (n=1259 mother-child pairs) R? = 0.2301; Adj-R?=0.2233

Model 2b: SA (n=1177 mother-child pairs) R? =0.1747; Adj-R?=0.1665

The addition of a maternal genetic score and a fetal genetic score results in an

increase in the R-Squared statistic in both the European (R-Squared: 0.2301 vs
0.1877) and Pakistani (R-Squared: 0.1747 vs 0.1443) cohort. The associations of

the genetic scores were similar in both groups (the coefficient of one sample is

within the 95% CI of the coefficient for the other sample).
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B Eurcpean ancestry M South Asian ancestry

Fetal Genetic score ol
hiaternal genetic score &

Age =g
Weight -
Smoking Status —— [ ]

Parity ——

Systolic BP . =
Diastolic BP i

Fasting glucose

‘e

Height

Frrrrrrrrrr T T rTTTTT
=306 -256 -206 -156 -106 -56-31-6 19 44 69 94119

Change in birthweight (g) per 1 SD higher continuous trait. For binary traits: change in birthweight
(g) associated with king vs. non-. king, or first birth vs. subsequent (parity).

Figure 2: Forest plot illustrating the associations between maternal
characteristics and adjusted birthweight in Eur vs SA

Note: The parity variable is Primiparity compared with delivering 2 or more babies**
Error bars represent 95% CI

Associations between most maternal characteristics and adjusted birthweight were
similar in both samples, though smoking status and parity were less strongly
associated in South Asians than in Europeans (Figure 2).
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The genetic scores and maternal characteristics together explained less

variation in birthweight in the SA pregnancies compared with the European

pregnancies

Clinical Clinical Features +
Features Genetics
(Adj-R?) (Adj-R?) p-value
South Asian Ancestry 0.137 0.175 2x10%
European Ancestry 0.182 0.223 2x 101

Table 5: Summary of Adj-R?for the models.

The maternal and fetal genetic scores explained further variability in adjusted

birthweight in addition to the clinical features. However, in the South Asian group,

the genetic scores together with the maternal characteristics explained less
variation than in the European group (Adj-R2=0.175 vs 0.223). A summary of the

associations of maternal characteristics, maternal and fetal genetics with adjusted

birthweight across the two populations is shown in Figure 2.
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The R-Squared statistic for each variable was similar in Europeans and

Pakistanis with the only notable difference being in the smoking status

R-Squared European Pakistani
Smoking Status 0.0667 9.24e-06
Primiparity 0.0240 0.0297
Maternal fasting glucose 0.0330 0.0223
Maternal Weight 0.0904 0.0927
Maternal Height 0.0361 0.0482
Mother’s Systolic Blood 0.0104 0.00897
Pressure
Mother’s Diastolic Blood 0.00775 0.00399
Pressure
Mother’s genetic score 0.00546 0.00311
Fetal genetic score 0.0391 0.0320

Table 6: Summary of R-squared values from univariate linear regression for

The results show that the R-Squared statistic for univariate analysis between

birthweight (corrected for sex and gestational age) is similar for all the predictors

each variable.

used in the multivariable regression models. The smoking status notes a

considerable difference in explaining variation in birthweight between the two

groups with a higher contribution noted among Europeans.
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Discussion

We wanted to explore the contribution to offspring birthweight of routinely available
maternal characteristics alongside the maternal and fetal genetic scores in these

two groups despite the difference in mean birthweights.

Although maternal FPG levels were, on average, higher in SA than in Europeans,
the associations between maternal FPG and adjusted birthweight were similar in
both populations (SA v European regression coefficient 81g [95%CI: 40, 123] per 1
SD higher FPG vs. 62g [35, 88] per 1 SD higher FPG; variance explained 2.2% v
3.3%). Most other characteristics showed similar associations with birthweight in
both populations. We used the R-Squared statistic to assess the contribution of
each predictor to birthweight and we observed that most variables had similar level
of contribution in both ethnicities to variation in offspring birth weight, but the
smoking status had little contribution in the South Asian group, due to its low
prevalence (Table 5). We also observed that the addition of a maternal genetic
score and a fetal genetic score for offspring birth weight to routinely available
clinical features explained additional variation in birth weight (SA: Adj-R? = 0.137 vs
0.167; Eur: Adj-R? = 0.182 vs 0.223) in both groups.

Our results are similar to those of our previous study on a European ancestry
cohort in the southwest of the UK, a more affluent setting, where we showed that
adding maternal and fetal genetic scores to readily available clinical features
resulted in the improvement of explanation of variation in offspring birth
weight(Haulder et al., 2022).

Our current results show that findings are also consistent in a sample of SA
ancestry based in the UK. Previously, the fetal genetic score for birth weight was
shown to have similar associations to offspring birth weight in both SA and
Europeans(Nongmaithem et al., 2022), but in that study, the maternal genetic
score from a meta-analysis, was more weakly associated with birthweight in the
South Asians when compared to the Europeans. The reason suggested for this
was exposures to different intrauterine environments in the Europeans and SAs.
Contrary to this study, we found similar associations between Europeans and

South Asians for the maternal genetic score when it was considered in a model
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along with other maternal characteristics in two groups found in the same
environment. This result matches the point made before that when subjected to the
same maternal intrauterine environment, maternal genetic score does in fact
contribute to birthweight in SA to the same extent as in Europeans. The sample
sizes in the SA groups for the meta-analyses were greater than in this study and
therefore, had more power. The difference we observed could also be because the
sample used in this study was in the UK and the others were sometimes non-UK.
Previous research has shown that the difference in birthweight between these two
populations is not explained by the variables that have different associations
(mother’'s smoking status, parity and maternal fasting glucose level) (West et al.,
2013). While the height and weight of SA mothers are less than those of European
mothers, the study also showed that the difference in birthweight was not fully
explained by the differences in height and weight either.

We can observe that although the genetic scores were created using genetic
information from GWAS of European ancestry, the contribution of the genetic
scores to birth weight in the SA group was similarly informative as in the European
group (MGS R-Squared: Eur vs SA; 0.00546 vs 0.00311; fGS R-Squared: Eur vs
SA; 0.0391 vs 0.0320; Table 6).

This is further supported by the fact that the genetic scores were similarly
associated to birth weight in SA as in Europeans (Figure 2) and brings us to the
conclusion that the underlying difference in birth weight between these two
populations is not due to common variants associated with birth weight from
GWAS.(Nongmaithem et al., 2022)

Further work needs to be carried out to study the underlying mechanisms that
cause birth weight in South Asians to be less than that in Europeans. For example,
the contribution to birth weight of the genetic scores of favorable adiposity could be
compared in both ethnicities by using multivariable regression models. Adiposity is
defined as body fat, and it is more desirable for it to be stored under the skin than
around organs such as the liver and the heart. A study showed that Indians tend to
have central adiposity and higher body fat as compared to other ethnic groups and

are also at high risk of insulin (Yajnik, 2001)resistance syndrome and more
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susceptible to coronary diseases and diabetes Genes dictate where this fat is
stored, and this can then be termed as having “favorable adiposity” or “unfavorable
adiposity.” A previous study (Thompson et al., 2022)has shown that fetal alleles
that have a positive influence on favorable adiposity are associated with higher
birth weight.

Previous studies (Thompson et al., 2021)have used two sample-MR with GWAS
summary statistics to estimate the causal effects of maternal metabolically
favorable adiposity on offspring birthweight and have found higher maternal
adiposity to result in lower offspring birthweight if accompanied by a favorable
metabolic profile. It has also been shown before(Nightingale et al., 2011) that
adiposity patterns in South Asians differ from those in Europeans. This could be
useful in exploring if adiposity is linked to the difference in birthweight between

South Asians and Europeans.

Conclusion

The results of our study show that genetics help explain additional variability in
offspring birth weight on top of clinical features in both Europeans and South
Asians. This implies there is a possibility genetic scores could be added to
prediction models. Further work needs to be done to investigate what are the
underlying mechanisms that contribute to the discrepancy in offspring birth weight
for these two groups.
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Supplementary Information

European (UK)

mother-child pairs p-value
(n=2042)
Phenotype Mean or % (SD)

Birth weight (g) 3276(606) <0.001
Maternal Height (cm) 164.2(6.2) 0.04
Maternal Weight (kg) 77.3(16.0) 0.003

Gestational Duration (weeks) 39.0(2.1) <0.001
Maternal fasting glucose (mmol/L) 4.4(0.4) 0.0556
Maternal Systolic BP (mmHQ) 112.8(11.5) 0.596
Maternal Diastolic BP (mmHQ) 66.8(8.3) 0.504
Maternal Age (years) 26.5(6.0) 0.0009
Maternal smoking status (%Yes) 34.3 0.061
Parity (%1st pregnancy vs 2+ 18.7
pregnancy) '
Parity(%2" pregnancy vs 2+ 54.0 0.094
pregnancy) '
Parity (2+ pregnancies) 27.3
Sex of the baby (% Male) 50.6 0.565

Table S2: Key characteristics of the excluded Europeans
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South Asian (Pakistani)

mother-child pairs p-value
(n=2201)
Phenotype Mean or % (SD)

Birth weight (g) 3082(570) <0.001
Maternal Height (cm) 160.0(5.8) 0.0364
Maternal Weight (kg) 71.8(14.1) 0.0124

Gestational Duration (weeks) 38.9(2.0) <0.001
Maternal fasting glucose (mmol/L) 4.6(0.7) <0.001
Maternal Systolic BP (mmHQ) 108.1(11.3) 0.0224
Maternal Diastolic BP (mmHQ) 64.6(8.5) 0.0858
Maternal Age (years) 27.9(5.3) 0.3441
Maternal smoking status (%Yes) 3.4
Parity (%1st pregnancy vs 2+ 36.7
pregnancy) )
Parity(%2"? pregnancy vs 2+ 251 0.075
pregnancy) )
Parity (2+ pregnancies) 38.1
Sex of the baby (% Male) 50.2 0.675

Table S3: Key characteristics of the excluded Pakistani
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Developing and validating a multivariable clinical prediction model for babies

born LGA in European and South Asian cohorts

Abstract
Background

In current clinical practice, an Oral fasting glucose tolerance test (OGTT) detects
mothers at risk of gestational diabetes, and hence, at risk of delivering a baby
large-for-gestational age (LGA), but not all LGA babies are delivered to mothers
with gestational diabetes. In this case, a clinical prediction model is very useful in

using routinely available data from clinic visits to predict the risk of LGA.

Methods

Multivariable logistic regression models were built with the outcome variable LGA
or not LGA and the predictors as mother’s weight, height, fasting glucose, parity
and smoking status during the pregnancy. The model was built in a UK cohort
(n=906, EFSOCH), internally validated in the same cohort by bootstrapping and
then externally validated in a separate UK cohort with both European and Pakistani
mothers (n=1583, n=1115, BiB). Calibration curves and the ROC Curve were used
to assess the model fit. External validation assessed the generalizability of the

model.

Results

Higher weight and glucose and primiparity and not smoking were all associated
with increased risk of LGA. When combined in a prediction model, these features
showed reasonable discriminatory power (ROC AUC=0.761). In external validation,
the model calibrated well in Europeans, but overestimated in the Pakistani cohort,
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where the proportion with LGA was lower (7.1% v 3.5% in BiB). This improved

with model recalibration.

Conclusions

We developed and validated a model for detection of LGA using multiple clinical
features that can be used in everyone rather than just those at risk of gestational

diabetes.

Introduction

Babies born large-for-gestational age (LGA) are at higher risk of adverse
pregnancy outcomes, for example, shoulder dystocia which could result in
prolonged labor and obstetric emergency, mother requiring a caesarian section or
the baby developing type 2 diabetes in the long run(Mi et al., 2017, Wright et al.,
2010). To cater for antenatal and postnatal care, it is important to determine which

babies are at risk of developing this condition.

Predicting which babies will be LGA is challenging. In the UK, it is common to use
an oral glucose tolerance test (OGTT) in current clinical practice to detect mothers
at risk of gestational diabetes. These women are also at risk of delivering a baby
born LGA. However, not all LGA babies are delivered to mothers with gestational
diabetes(Hughes et al., 2018). When only mothers at risk of developing gestational
diabetes are followed up for LGA, the remaining proportion of those also at risk of

delivering a baby born LGA for other reasons are being dismissed.

LGA is usually a result of maternal factors, race and ethnicity, genetic factors,
maternal diabetes, obesity, and excessive weight gain during pregnancy (Hong
and Lee, 2021). Risk of a baby being born LGA has been found to be associated
with several routinely available maternal characteristics such as mother’s age,
weight, smoking status, maternal BMI, among others. In addition, other markers
such as parity (Meertens et al., 2019), maternal and paternal height(Frick et al.,
2016), biomarkers (PAPP-A, fetal NT, free B-hCG and UtA-PI) (Plasencia et al.,
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2012) and fetal biometry (the abdominal circumference (AC), head circumference
(HC), biparietal Diameter (BPD), fermur length (FL) and estimated fetal weight
(EFW) are all predictors of LGA (Papastefanou et al., 2012). In the UK, at least
two ultrasound scans are given to expectant mothers at 10 to 14 weeks and
between 18 and 21 weeks. Further scans can be allocated if required.

Clinical prediction models make use of a combination of predictors that can predict
LGA better than using features in isolation. These can be easily implemented in
clinical practice to estimate risk of LGA based on a criterion of available predictors.
A prediction model also enables everyone with the available required factors to be
assessed rather than just those at risk of gestational diabetes. Clinical prediction
models built previously have modeled prediction of LGA with maternal
characteristics, and usually included maternal height, weight, parity and smoking
status (Poon et al., 2011). Additional maternal characteristics used were mother’s
age, ethnicity and interpregnancy interval(Frick et al., 2016). Models have used
other types of predictors: biomarkers, medical history and fetal biometry to further
improve prediction of LGA(Frick et al., 2016). A prediction model for assessing
LGA based on maternal characteristics and medical history (Frick et al., 2016)
determined that parous women with previous gestational diabetes mellitus (GDM),
a history of type 1 diabetes mellitus, increased birthweight in previous pregnancy,
increased birth weight z-score and decreased interpregnancy interval were at
higher risk of delivering a baby born LGA. This risk also increased with height and
weight. It was also observed that the combined screening by maternal factors and
fetal biometry could predict a high proportion of pregnancies that would deliver
LGA neonates.

Prediction models that have used biomarkers before have all used Pregnancy-
associated plasma protein A (PAPP-A) as a common predictor. PAPP-A is defined
as a promising biomarker for identification and risk stratification for patients with
ACS (Gururajan et al., 2012). A first trimester model (Plasencia et al., 2012)
investigated biomarkers; fetal NT, PAPP-A, free B-hCG and UtA-PI's contributions

on top of the common maternal characteristics and maternal age and found that
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these factors combined allowed the detection of about 34% of women who
delivered LGA infants (AUCROC=0.72). In terms of fetal biometry, a first trimester,
and a second trimester (Plasencia et al., 2012)showed that maternal
characteristics alongside biomarkers were useful in predicting LGA and that fetal
ultrasound measurements improved the prediction of this condition when added on
top of maternal characteristics and biomarkers. A study carried out to investigate
the prediction of LGA based on ultrasound measurements such as EFW or fetal
AC showed that the prediction of a LGA neonate by EFW > 90th percentile was
modest(Plasencia et al., 2012).

The aim of this study was to develop a model for LGA using data from the Exeter
Family Study of Childhood Health (EFSOCH) ((Knight et al., 2006) and to validate
the model in an external European as well as a South Asian cohort (Born in
Bradford Study) ((Wright et al., 2013) for generalizability.

Methods

This study followed the Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline for prognostic

studies (see Appendix for checklist).

Study population: development cohort(Knight et al., 2006, Wright et al., 2013)
We used data from the Exeter Family Study of Childhood Health (EFSOCH)
((Knight et al., 2006); a prospective White European cohort based on children born
between 2000 and 2004 in postcodes EX1—4 in central Exeter, UK, for developing

the prediction model.

Figure 1 shows the inclusion criteria for this study. We included observations
where the offspring was born at term (=37 and <42 weeks' gestation) and had
complete clinical data for mother’s height, weight, fasting glucose level, smoking

status, parity and offspring’s birth weight. We excluded observations with mother’s
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fasting glucose higher than 5.6mmol/L. We excluded participants with preterm and
multiple births.

EFSOCH dataset = 1022
European-ancestry
parent-offspring

observations with
complete data

Removing observations with preterm,
twin births and parental diabetes
(n=81)
n = 941 observations

Missing data for mother’s fasting
glucose level, weight, height, smoking
— status, parity or offspring birthweight

(n=29)
n =912 observations
 ——

Removing outliers for mother’s fasting
glucose> 5.6mmol/L (n=6)

Y
n =906 observations

Figure 1: Flowchart of data preparation for EFSOCH

Study population: external validation cohort

For validating the prediction model, we used the Born in Bradford (BiB) study. Most
clinical prediction models have been built using data from European cohorts. The
risk of LGA is different between European and South Asian ancestries and the
model was developed so that it could be used in both a European and South Asian
population.

BiB consists of White British and Pakistani cohorts comprising of the obstetric
population in Bradford; a city in North of England. The BiB study contains data
collected from 12453 women (with 13776 pregnancies) between 2007 and 2010.
The participants from the BiB study were mainly from a White European
background and about 20% of the population was of South Asian origin (90% were

from Mirpur in Pakistan).

Model Outcome
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A newborn is considered large-for-gestational age (LGA) if he/she weighs more
than 90% of newborns of the same gestational age at birth (above the 90th
centile). We calculated sex- and gestational-age specific birth weight centiles
based on z-scores generated using the UKWHOterm growth charts (Wright et al.,
2010) with the outcome measure, LGA defined as >90th centile.

Model Predictors
Predictors used to build the model were those routinely available in clinics;

mother’s height, weight, fasting glucose level, parity and smoking status.

For the EFSOCH study, fasting blood samples were taken (fasting for at least 10 h
prior to sampling) on both parents at 28 weeks’ pregnancy in the early morning, at
the parents’ home. All measurements were taken three times on the same visits as
the blood samples, and an average value calculated and used in analysis. Height
was measured to the nearest 0.1 cm, using a Harpenden (Chasmors Ltd, London,
UK) pocket stadiometer. Weight was measured to the nearest 100 g, using Tanita
digital electric scales (model number THD-305). Parity and smoking status were
self-reported variables.

For the BiB study, blood samples were taken for a fasting oral glucose tolerance
test (OGTT) at 26 to 28 weeks' gestation. Anthropometric measures were recorded
at the same time with height measured to the nearest 0.1 cm and weight measured
to the nearest 10g by a trained project worker. Similarly, to EFSOCH, parity and

smoking status were self-reported by the mothers.
Sample size

A minimum sample size of 381 is required for a prediction model with a c-statistic
of 0.80, 5 parameters and an outcome prevalence of 0.10 (Riley et al., 2020). A
sample size of 906 participants was obtained after adjusting for missing data and

removing outliers (see Figure 1).
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Missing data

Analysis was conducted on a complete-case analysis basis. This means that any
missing data were removed for mother’s height, weight, fasting glucose level,
parity, and smoking status. No major differences were found between the included

participants and the excluded ones (see Supplementary table 5).

Statistical Analysis methods
Selection of predictors

Mother’s height, weight and fasting glucose were added to the model as
continuous predictors and mother’s smoking status and parity were added as factor

variables.

We identified mother’s systolic blood pressure (SBP) and diastolic blood pressure
(DBP) measures closest to 28 weeks’ gestation with a margin error of 2 weeks
because this coincided with routine scan visits when most blood pressure

measures are usually taken.

In the same way as blood pressure measurements were analyzed, the Abdominal
circumference (AC), Femur Length (FL) and Head circumference (HC) closest to

20 weeks’ gestation were estimated with a margin error of 2 weeks.

Checking of assumptions

Prior to model building, model assumptions for a multivariable logistic regression
model were checked. It was ensured that the minimum sample size was met. Data
was checked for multicollinearity by ensuring the independent variables were not
too highly correlated to each other. Duplicate observations were dropped to
remove those observations that come from repeated measurements or matched
data. Linearity of observations were checked by plots of log odds of LGA against
the independent variables (see supplementary figures 1-4). The outcome

variable was defined as LGA-whether the newborn has a weight considered as
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large for gestational age (1) or not (0) to ensure the condition is met for binary

logistic regression.
Model Development

Once the model assumptions were checked and the predictors (mother’s height,
weight, fasting glucose, smoking status and parity) were chosen, logistic
regression analysis was used to develop the prediction model with LGA as the
outcome measure. Two models were built, one which used features available
before the third trimester: mother’s height, pre-pregnancy weight, smoking status
and parity and another one which used easily available features in the third
trimester: height, weight at 28 weeks, fasting glucose level, smoking status and
parity. We used the receiver operating characteristic (ROC) area and the

calibration curve as the main indicators of model performance.

Overfitting occurs when a model is too complex, and the statistical model then
explains the random error in the model rather than the relationship between the
variables. Hence, once the model had been developed, it was important to
determine the degree of overfitting (optimism). To do this, bootstrapping was used.
Bootstrapping with 250 samples was used as a method of internal validation, with
measures of optimism and calibration performance assessed including Emax and
Dxy. Emax is the maximum absolute difference in predicted and calibrated
probabilities over the entire interval, that is Emax (0,1). A value close to zero would
indicate good model performance. Somer’s Dxy is a measure of unreliability where
this statistic provides an estimate of rank correlation of observed binary response
variable and the predicted probabilities. A value close to 1 would indicate good

model performance. (Harrell et al., 1984)

When the model was built in EFSOCH (Model 1), the coefficients of the model
were firstly applied to the BiB European cohort and then to the BiB Pakistani cohort
for external validation. Re-calibration was required for external validation in the BiB
Pakistani cohort due to differences in the proportions in LGA between Europeans
and South Asian ethnicities. This was done by setting the initial model (Model 1) as

a new linear predictor (LP1) and then fitting it into a new model (New Model) with
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LGA as outcome variable. The coefficients from this new model were then used to

re-calibrate Model 1.

Results
Participants

Table 1 summarizes the characteristics of the participants from EFSOCH (n=906).
Babies in the EFSOCH study had a mean birthweight of 3508 g and 52% were

males.

Phenotype Mean or %
Maternal Height (cm) 165.0 (6.3)
Maternal weight(kg) 76.1 (12.8)

Maternal pre-pregnanc
_p Preg Y 65(11.5)
weight (kg)
Gestational Duration
40.1 (1.2)
(weeks)
Birth weight (g) 3508 (475)
Smoking Status (% Yes) 13
Primiparity (%1%
parity (% 45
pregnancy)
Sex of the baby (% Male) 52
Maternal fasting
4.4(0.4)

glucose(mmol/L)

Table 1: Characteristics of participants in EFSOCH

Model development
The model was built using data from the EFSOCH after data cleaning as shown in
Figure 1. Out of 906 participants, 97 (10.7%) were LGA.

Model specification
The final model met the assumptions for a multivariable logistic regression model.
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After data preparation and the model assumptions check, the variables; mother’s
height, weight at 28 weeks’ gestation, fasting glucose at 28 weeks’ gestation were
found to be associated with an increased risk of LGA whereas parity and smoking
status were found to be associated with a decreased risk of LGA (Table 2).
Mother's average SBP, average DBP (see supplementary table 6,7,8) and the
scan measures of fetal head circumference (HC). Fetal abdominal circumference
(AC) and fetal femur length (FL) were not found to be associated with LGA. (See
supplementary table 9 and 10).

The final prediction model for LGA was summarized by the following equation:

Log (Odds of LGA) = - 19.55+(0.0398*mother’s weight) + (0.0630*mother’s
height) + (0.9495*mother’s fasting glucose-(0.7013*primiparity) - (1.0712*

mother’s smoking status)

To use the model and find the log odds for LGA for a particular baby, the variables
of mother’s height, weight, fasting glucose, parity and mother’'s smoking status are
inserted in the above equation, for that observation. Table 2 provides a summary of
the full model. Log odds can be converted to a probability using the equation
below:

Let the linear predictor, LP1

LP1 =-19.55+(0.0398*mother’s weight) + (0.0630*mother’s height) +
(0.9495*mother’s fasting glucose-(0.7013*primiparity) - (1.0712* mother’s

smoking status)
Odds of LGA =exp (LP1)

Probability of LGA =exp (LP1)/ (1+exp (LP1))
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Model description

Clinical features

Intercept

Mother's height (cm)
Mother's pre-
pregnancy
weight (kg)
Primiparity (1st
Pregnancy vs.
subsequent)
Mother's smoking
status

(Yes vs. no)

Standard
Coefficient Error
-15.72 3.08
0.068 0.019
0.040 0.0082
-0.824 0.25
-1.00 0.44

Odds ratio
(95%CI)
1.48e-07
(3.54e-10,6.25e-05)
1.07 (1.03, 1.11)

1.04 (1.02, 1.06)

0.439(0.271,0.711)

0.367
(0.154, 0.874)

Wald

-5.10

3.64

4.94

-3.34

Pr(>|z)
<0.0001

0.0003

<0.0001

0.0008

0.0236

Table 2: Summary of the multivariable logistic regression model, First Trimester

Model

The R? statistic for this First trimester model (Table 2) was 0.137. The odds ratio

for mother’s height and weight show that a unit increase in these features (by 1 cm

and 1 kg, respectively), would result in an increase in odds of LGA by 1.07 and

1.04, respectively. In terms of parity, the odds of LGA decrease by 56% for each

subsequent offspring and if the mother smoked during the pregnancy, the odds of

her delivering a baby born LGA decreased by a factor of 63%.
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Standar Odds ratio

Clinical features Coefficie Wald Z = Pr(>|z|)
d Error (95%Cl)
nt
3.24e-09
Intercept -19.55 3.47 (3.63e-12, 2.89%¢- -5.64 | <0.0001
06)
Mother's height (cm) 0.063 0.018 1.07 (1.03, 1.10) 4.61 0.0006

Mother's weight (kg) 0.040 0.0086  1.04(1.02,1.06)  3.43  <0.0001

Mother's fasting

0.950 0.33 2.58 (1.35, 4.95) 2.87 0.0042
glucose (mmol/L)
Primiparity (1st
parity ( 0.496 (0.309,
Pregnancy vs. -0.701 0.24 -2.91 0.0036
0.795)
subsequent)
Mother's smoking
-1.07 0.43 0.34 (0.146, 0.803) -2.47 0.0137

status (Yes vs. no)

Table 3: Summary of the multivariable logistic regression model, Model 1

Table 3 shows the model with the routinely available clinical features in addition to
maternal fasting glucose where glucose added significantly to the other routine
clinical feature with each mmol/L of glucose leading to 2.6 times increase in the
odds of LGA. The addition of glucose did not change the associations between the
other variables and risk of LGA. The R? statistic for this model was 0.160.

Assessment of model performance
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The area under the ROC curve for the model with glucose and clinical features was
found to be 0.761. This is illustrated by Figure 2; where the ROC curve shows a
plot of true positive rate (sensitivity) against true negative rate (specificity) and the
calibration curve assessed how well the predicted probabilities agreed with the
observed probabilities. The calibration curve illustrated that the predicted

probabilities were closely fitted to the observed ones in Figure 3.
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Figure 2: ROC Curve for model Figure 3: Calibration Curve for model
in EFSOCH in EFSOCH

Internal validation for model performance

The results of the bootstrap samples (sample size=250) indicated low levels of
optimism due to little error because of overfitting; the apparent Somer’s Dxy was
0.5219 and the bias-corrected Dxy was 0.5035. The maximum absolute error in
predicted probability, Emax, was estimated to be 0.0242. (Harrell et al., 1984,
Steyerberg et al., 2001)

Discrimination and validation in a European cohort

External validation was assessed by applying the final regression equation from
EFSOCH into BiB cohort. Table 4 summarizes the characteristics of the
participants from BiB (Europeans, n=1583 and Pakistanis, n=1115). On average,
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babies of European ancestry weighed about 200g heavier than those of South

Asian ancestry.

Europeans
(n=1583) Pakistanis (n=1115)
Phenotype Mean or % (SD) Mean or % (SD)
Maternal Height (cm) 164.5(6.3) 159.5(5.7)
Maternal weight(kg) 78.4(16.1) 70.6(13.1)
Gestational Duration (weeks) 39.7(1.2) 39.4(1.2)
Birth weight (g) 3470(492) 3195(445)
Smoking Status (% Yes) 31 4
Primiparity (%1% pregnancy) 49 34
Sex of the baby (% Male) 51 52

Table 4: Characteristics of participants in BiB (Europeans and Pakistanis)

In Europeans, the ROC area under the curve was 0.6745 (95% CI: 0.6351-0.7138).
The model calibrated well overall with the mean predicted probability for LGA was
found to be 0.110 which was similar to the actual percentage of LGA in the BiB
European cohort (n=1583) which was 11.4%. The calibration was generally good,
but the model overestimated slightly in the top decile. Mothers in the highest decile
in BiB were heavier but had lower rates of primiparity than mothers in EFSOCH
(Table 11). This showed that the model was performing well in a different cohort of

similar ethnicity, but caution may be needed at the highest probabilities.
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Figure 4: ROC Curve for external Figure 5: Calibration curve for external
validation in a European cohort validation in a European cohort

The model externally validated well in a South Asian cohort but required are-
calibration to ensure the probabilities reflected the overall lower population
risk of LGA in this cohort

External validation was assessed by the ROC curve and the area under the curve
was 0. 707 (95% CI: 0.637-0.7769). The mean predicted probability for LGA was
found to be 0.071 which was higher than the actual percentage of LGA in the BiB
Pakistani cohort (n=1115) which was 3.5%, suggesting the model was over-
estimating in this cohort with different ancestry. This is also further illustrated by the

calibration curve (see Figure 7).
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Figure 6: ROC Curve for external validation in the SA cohort

Re-calibration in the South Asian cohort

129



LP1 =-19.55+(0.0398"mother’s weight) + (0.0630*mother’s height) +
(0.9495*mother’s fasting glucose-(0.7013*primiparity) - (1.0712* mother’s

smoking status) [equation 1]
LGA~0+LP1 [equation 2]
Y = -1.3014 +0.8746 (LP1) [equation 3]

We applied recalibration, adjusting the intercept by —1.3014 and the slope by
0.8746(see Methods; equations 1-3) and the model fitted better in the South Asian
cohort (see Figure 8). The area under the curve was 0. 707 (95% CI: 0.637-
0.7769) and mean predicted probability for LGA was found to be 0.03498.
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Figure 7: Calibration curve Figure 8: Calibration curve with re-
without re-calibration calibration
Discussion

We have developed a clinical prediction model for LGA that discriminates well and
independently validates in an external European population, and, with recalibration,
in a South Asian population. Detection of LGA in current clinical practice includes

following up with additional ultrasound scans, expectant mothers that classified for
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an oral glucose tolerance test (OGTT) for risk of developing gestational diabetes
(Rani and Begum, 2016). However, not all women with gestational diabetes will
give birth to babies born LGA and not all LGA babies are born to women with
gestational diabetes. Hence, the idea of developing a clinical prediction model for
LGA for all women was considered. The model was built using data from the
Exeter Family Study of Childhood Health (EFSOCH), internally and externally

validated in the BiB European and South Asian cohorts.

This model was built to improve on prediction of LGA in current clinical practice,
where although clinical prediction models have previously been built, no actual
model is currently used to estimate LGA. Easily and routinely available clinical
features; mother’s height, mother’s weight, mother’s fasting glucose, parity and
mother’s smoking status were used to build this model. The outcome variable was
large-for-gestational age (LGA). Like most models for LGA, this model also used
the common predictors of mother’s height, weight, parity and smoking status and in
contrast to previous models, the model used maternal fasting glucose which had
not been previously used in prediction models. It achieved an area under the
curve of 0.761, which indicated a better performance than previously built clinical

prediction models(Meertens et al., 2019).

The key idea was to have a model that is easy to use with the available information
at hand in clinics. When a mother goes for a regular checkup at a clinic, it is easy
to obtain information about her height, weight at 28 weeks’, whether she has given
birth before or not (parity) and her smoking status during the pregnancy. Mother’s
fasting glucose is also easily obtained at 28 weeks’ on a clinic visit. Hence, the
availability of all these variables makes this model very easy to implement and
predict LGA. Another main strength of this model is the robust modeling that it
underwent before being built (data cleaning and checking of model assumptions).
The sample size for both the first trimester model (n=821) and the final model
(n=906) were very good with the requirement being only a minimum sample size of

351 observations. A good prediction model is one that makes valid predictions for
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new subjects in novel settings. and it was found that the model externally validated
well in a different cohort of the same ancestry (European); if Model 1 was applied
in a different population of similar ancestry, it would still perform well in estimating
the odds of LGA (probability of estimated LGA was 0.114). The predicted
probabilities were slightly overestimated for the top decile in BiB Europeans (about
0.4) as compared to the observed probability (about 0.2) and it is unclear why as
birthweights were lower on average in this decile in BiB, as maternal weights were
higher and there were lower rates of primiparity compared to EFSOCH (see Table
11).

Furthermore, external validation in a cohort of different ancestry (South Asian),
further improved on the generalizability of our prediction model. An initial try gave a
good discrimination, but the model overestimated on average (probability of
LGA=0.071) but this was easily resolved if a re-calibration was applied which then
produced a mean predicted probability of LGA very close to the actual probability
of LGA in a South Asian population (probability of LGA=0.035). In general, the
predictive performance of a prediction model is often decreased in new patients
because the outcome incidence is different in the validating cohort. Overall, this
model can be summarized as easy to implement in both a European and South

Asian cohort, with good predictive ability.

While this was a good model, there are still limitations that need to be addressed.
One of the limitations of this model is its use being limited to the third trimester,
when the variables for fasting glucose and weight were available. A first trimester
model that we developed (see Table 2) showed that while using mother’s pre-
pregnancy weight and excluding maternal fasting glucose could still give a good
prediction for LGA (R? =0.137, AUCROC=0.732), the addition of maternal fasting
glucose to the model did significantly improve prediction of LGA (R? =0.160;
AUCROC=0.761). Also, the model was built in a European population and only
tested in a South Asian population. LGA is a common problem affecting a lot of
other ancestries which this model did not address. In terms of other risk groups,

mothers with diagnosed gestational diabetes (Sridhar et al., 2013) and those who
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could classify as being obese (Hong and Lee, 2021) who are high risk groups for
LGA, were not considered. Finally, while the model was considered to have a good

predictive ability with an area under the curve of 0.761, this could still be improved.

While our model assessed the gap in literature in using maternal fasting glucose as
a predictor for LGA in a clinical prediction model, there remain other areas to be
explored. Other factors that interplay with fetal growth such as genetics,
intrauterine environment, nutrition, and placental function need to be further
assessed. No other clinical prediction models have assessed the contribution of
non-genetic and genetic factors in relation to LGA while being born LGA has been
found to be associated with increased global placental function of DNA
methylation(Dwi Putra et al., 2020, Haulder et al., 2022). Additionally, in order to
implement this model in clinical practice, an online calculator could be developed.
Finally, the model has considered only healthy mothers with no diabetes but in a
realistic population, some mothers would have diabetes and it would be worth

assessing how the model would work in a population with diabetic mothers.

In summary, we have found that improving on current clinical practice for predicting
LGA can be done using a clinical prediction model developed from routinely
available clinical features. This model can be easily implemented in a European
population. It can also be used to effectively predict LGA in a South Asian
population, with the application of a simple re-calibration. By building this model,
we were also able to explore the significant contribution of maternal fasting glucose
in a prediction model for LGA, which had not been assessed before. It was found
that the use of simple, routinely available clinical features could be used in
combination to predict LGA. The simple model also demonstrated that it was better
to use a combination of a few predictors to accurately predict LGA than a complex
model. Although the model had good predictive ability, it still contained several
limitations and there was still room for further improvement by the addition of other

factors such as genetics.
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Supplementary information

Linearity check in multivariable logistic regression model

mage
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~age

Figure 1: Plot of log odds of LGA against mother’s age

The plot shows that the variable of mother’s age in EFSOCH is linearly associated

with log odds of LGA.

mweight

Figure 2: Plot of log odds of LGA against mother’s weight

The plot shows that the variable of mother’s weight in EFSOCH is linearly
associated with log odds of LGA.
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Figure 3: Plot of log odds of LGA against mother’s age

The plot shows that the variable of mother’s height in EFSOCH is linearly
associated with log odds of LGA.
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Figure 4: Plot of log odds of LGA against mother’s fasting glucose

The plot shows that the variable of mother’s fasting glucose in EFSOCH is linearly

associated with log odds of LGA.

Excluded
Included (n=906)
(n=116) P-value
Phenotype Mean or %
Mean or %
Maternal Height (cm) 165.0 (6.3) 164.7 (6.1) 0.576
Maternal weight(kg) 76.1 (12.8) 75.0(12.8) 0.443
Gestational Duration (weeks) 40.1 (1.2) 37.5(2.7) <0.001
Maternal fasting glucose 4.3(0.4) 4.5(0.6) 0.003
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Birth weight () 3508 (475) 2972(694) <0.001

Smoking Status (% Yes) 13 17 0.354
Primiparity (%1% pregnancy) 45 53 0.602
Sex of the baby (% Male) 52 46 0.256

Table 5: Comparison between the included participants and the excluded

participants

Blood pressure exploration

Mother’s average SBP and DBP were computed and analyzed to determine their
relationship with LGA. The following tables show the analyses with several models
having been tested to determine the contribution of Mother’'s SBP and DBP in
predicting LGA.

Phenotype Coefficient Wald Pr(>|z|)
Intercept -18.6 -5.13 <0.0001
Mother's height (cm) 0.043 4.55 <0.0001
Mother's weight (kg) 0.056 2.90 0.037
Mother's fasting glucose
(mmoliL) 0.804 2.27 0.024
Parity (1st Pregnancy) 0.779 3.07 0.022
Mother's smoking status (Yes) -1.00 -2.13 0.033
Table 6: Multivariable logistic regression model with clinical features only
(n=775)
Phenotype Coefficient Wald Pr(>|z|)
Intercept -15.8 -5.13 <0.0001
Mother's height (cm) 0.052 4,55 <0.0001
Mother's weight (kg) 0.049 2.90 0.037
Mother's fasting glucose (mmol/L) 0.834 2.27 0.024
Parity (1st Pregnancy) 0.783 3.07 0.022
Mother's smoking status (Yes) -1.11 -2.13 0.033
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Mother’s systolic blood pressure

(Hg/mm)

-0.0103

-0.96

0.336

Table 7: Multivariable logistic regression model with clinical features and

systolic blood pressure (n=775)

(-0.068,-0.0077)

o Odds Wald
Phenotype Coefficient ) Pr(>|z|)
ratio 4
Intercept -15.76(-23.2,-8.31) 1.43x107 | -4.15 | <0.0001
Mother's height (cm) 0.049(-0.047,0.144) 1.05 5.08 0.0128
Mother's weight (kg) 0.052(0.032,0.072) 1.05 2.49 | <0.0001
Mother's fasting glucose (mmol/L) 0.834(0.14,1.53) 2.30 2.34 0.0192
Parity (subsequent pregnancy) 0.783(0.28,1.28) 2.19 3.07 0.0021
Mother's smoking status (Yes) -1.11(-2.04,-0.18) 0.33 -2.33 | 0.0199
-0.0381
Mother’s Diastolic BP 0.96 -2.45 | 0.0141

Table 8: Multivariable logistic regression model with clinical features and

diastolic blood pressure (n=775)

Mother’s systolic blood pressure was not found to be a good predictor of LGA and

was therefore, dropped from the final model.
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Scan data exploration

Abdominal circumference (AC) and head circumference (HC) were analyzed to

investigate their relationship with LGA. The following tables show the analyses with

several models having been tested to determine the contribution of AC and HC in

predicting LGA.

Phenotype Coefficient Wald Pr(>|z|)

Intercept -18.6 -4.82 <0.0001

Mother's height (cm) 0.043 4.41 <0.0001
Mother's weight (kg) 0.060 3.03 0.0024
Mother's fasting glucose (mmol/L) 0.944 2.57 0.0101
Parity (1st Pregnancy) 0.811 3.09 0.002
Mother's smoking status (Yes) -1.11 -2.18 0.029
Abdominal Circumference (mm) -0.0096 -1.38 0.167

Table 9: Multivariable logistic regression model with clinical features and abdominal

circumference (n=750)

Phenotype Coefficient Wald Pr(>|z|)

Intercept -18.1 -4.67 <0.0001

Mother's height (cm) 0.058 4.51 0.0038
Mother's weight (kg) 0.044 2.89 <0.0001
Mother's fasting glucose (mmol/L) 0.905 2.47 0.0135
Parity (1st Pregnancy) 0.792 3.01 0.0026
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Mother's smoking status (Yes)

-0.927

-1.95

0.0507

Head circumference (mm)

-0.0077

-1.16

0.248

Table 10: Multivariable logistic regression model with clinical features and head

circumference (n=747)

Analysis of the scan data from the EFSOCH study showed that the abdominal

circumference (AC) and the head circumference (HC) were not good predictors of

LGA, and they were therefore removed from the final model.

Comparison between last deciles of EFOSCH and BiB

Mean predicted probability range for last decile in EFSOCH (0.226,0.729]

Mean predicted probability range for last decile in BiB Europeans

(0.222,0.596]

Phenotype
Maternal Height (cm)
Maternal weight(kg)
Gestational Duration (weeks)
Maternal fasting glucose
Birth weight (g)
Smoking Status (% Yes)
Primiparity (%1% pregnancy)
Sex of the baby (% Male)

EFSOCH(n=91)

Mean or %
171.0(6.1)
96.3 (12.8)
40.1 (1.2)
4.7(0.3)
3905 (479)

BiB (n=159)
Mean or %
168.8(5.3)
105.8(14.8)

40.0(1.1)
4.7(0.4)
3793(502)
6
77
57

Table 11: Comparison of characteristics for the last decile between EFSOCH

and BiB

139




Appendix

140



TRIPOD Checklist: Prediction Model Development and Validation

SectionTopic Item Checklist fem
Tithe and abstract
Tille i ooy | dentify the study s developing andlor validaling a multivariable prediction meded, the
| Largel population, and he culcome o be prediclad
Absbract 2 o Pravide & summany of chjectves, study design, sefling, participants, sample size,
a prediciors, oulcome, stalistical analysis, resulls, and condusions.
Introduction
Explan the medical conbext (including whether diagnostic or prognaostic) and ratonale
Eackgraund 3a (RR ::::m:m;g:r vakdating the multivariable prediction meded, induding references 1o
-~ L] X
nd chjscives . o Specily the objectives, including whether the sludy describes the development or
i vahdation of the model or both.
Methods
4a o Describe the study design or scurce of data e.g., randomized bial, conort, or registry
Saures ol data a data), separately for the development and validation data sets, il applicable.
db o Specify the key siudy dates, including starl of accrual, end of acerual, and, il applicable,
' end of fallaw-up.
5 Specily key demenls of the sbudy setling (2., primary care, secondany care, genaral
& (LR - . .
Participants opulation _r!|:||1_d||| nu!'nber zl'u:l_ll_.t.ﬁlluﬂ ol caniras.
j1+] DV | Describe eligibdity criteria for paricipants.
5S¢ D)W | Give details of reabments recaived, il relevant.
Ba ooy | Cleary define Me culcome il is predicled by the prediction meded, including how ard
Duboome | wihen assassed.
=15 (=R} Report any aclions o blind assessment of the outcame 1o be pradicied.
78 ooy | Cleary define all prediclons wsed in developing o validating the mullivasiable prediclion
Pradactars model induding hew and when they were measured.
B o Report any aclions o blind assessment of predichons for the outoome and alher
r prediciors.
Sample size [] D)W | Explan how e siudy sise was amived al
s Describe how mstng dala were handled (e.g.. complebe-case analyss, single
Missing data B Dv impulation, muliple :Enpu'mliml wilh uelails Lg any qulpuIa'Iiun |n|:ﬂ'|2d;’: g
1da 7] Describe how predicions were handled in the analyses.
10b o Specily type of model, all model-building procedures (induding any predictor selection),
Saatistical and mefod for internal validation.
analysis 10e W Far validalion, deschibe how 1he predicions were caloulated.
methads 104 o Specily all measures used lo assess model performance and, if relevant, o compare
| mullige models.
10e W Descrbe amy model updating (e.q.. recalibralion) ansing from the validation, if done.
Risk groups 11 D)W | Provide details on how risk groups were created, il done.
Development 12 v For validalion, identify any differences from the development data in s&tling, eligibdity
wa. validabion crilesia, oubcame, and prediclon.
Results
Dezribe the fow of paricipants through the Study, ncluding the number of partici pants
13a DV | with and without the outcome and, iT applicable, a8 summary of the follow-up lime. A
diagram may be helphul.
Parlicipants De=cribe the characienislics of the parlicipants (basic demographics, cinical featunes,
136 (RS available prediciors ), mcluding the number of panticpants with missing data for
pradiciars and oubbame
13e v For validalion, show a comparison wilh the developmeni data of the dstribution of
impanant variables (demographics, prediclon and oulcome).
Mesded 14a o Specily the number of paricipants and oulcome events in each anakysis.
devslopment 14b o uumrﬁ;rrzp-m'l the unadjusted association between each candidate predicior and
Mesded 158 o Present the full prediction model o allow prediclions for individuals (i.e., all regression
spechcalion coeflicients, and model inbercepl or baseling survival &l & gven lime point).
15b 1] Explan how 1o the use the prediction madel.
M:?:mﬂ"m 16 (RS Report peformance measures (with Cls) for fe predichion model,
Il done, repart the resulls from any modal updaling (i.e., model spacification, model
Model-updating | 17 Vo | peomacie. L poting pac
Discussion
-~ Discuss any imilasong of the study (such as nonmepresentalive sample, few avenks per
Limilaticns 1B (RS predeor nﬁs&iu data), " P P e
198 v Far validalion, discuss !hl.*_resun:: wilh reférence o perfarmancs in the development
Intarpretation data, and any ofer validalion data
196 o Gave an overall inberpretation af the resulls, considenng objectives, imitations, resulls
N from similar studies and obher relevant evidence.
Implications 20 D)W | Discuss the potential cinical use of the model and mphcations for fubune neseandh.
Other information
Supplementary 24 o Pravide information about the availabiity of supplementary resources, such as study
infarralaan . probacal, Wab caloulator, and data ssis.
Funding 23 D)W | Give the source of funding and the role of the funders far Ihe presant shady.

“Nems relevant only o the development of a prediclion model ane denated by D, ilems relaling solaly 1o a validation of a predicion mada| are
denoted by W, and ilems relating o both are denaled D0V, 'We rscommend using e TRIPOD Checklist in conjunclion with the TRIPOD
Explanalion and Elabaration document.

References

141



Dwi Putra, S. E., C. Reichetzeder, A. A. Hasan, T. Slowinski, C. Chu, B. K. Kramer,
B. Kleuser and B. Hocher (2020). "Being Born Large for Gestational Age is
Associated with Increased Global Placental DNA Methylation.” Sci Rep 10(1): 927.
Frick, A. P., A. Syngelaki, M. Zheng, L. C. Poon and K. H. Nicolaides (2016).
"Prediction of large-for-gestational-age neonates: screening by maternal factors
and biomarkers in the three trimesters of pregnancy.” Ultrasound Obstet Gynecol
47(3): 332-339.

Gururajan, P., P. Gurumurthy, P. Nayar, G. S. Rao, R. S. Babu, A. Sarasabharati

and K. M. Cherian (2012). "Pregnancy associated plasma protein-A (PAPP-A) as
an early marker for the diagnosis of acute coronary syndrome." Indian Heart J
64(2): 141-145.

Harrell, F. E., Jr., K. L. Lee, R. M. Califf, D. B. Pryor and R. A. Rosati (1984).
"Regression modelling strategies for improved prognostic prediction.” Stat Med
3(2): 143-152.

Haulder, M., A. E. Hughes, R. N. Beaumont, B. A. Knight, A. T. Hattersley, B. M.

Shields and R. M. Freathy (2022). "Assessing whether genetic scores explain extra

variation in birthweight, when added to clinical and anthropometric measures."
BMC Pediatr 22(1): 504.

Hong, Y. H. and J. E. Lee (2021). "Large for Gestational Age and Obesity-Related
Comorbidities.” J Obes Metab Syndr 30(2): 124-131.

Hughes, A. E., M. Nodzenski, R. N. Beaumont, O. Talbot, B. M. Shields, D. M.
Scholtens, B. A. Knight, W. L. Lowe, Jr., A. T. Hattersley and R. M. Freathy (2018).
"Fetal Genotype and Maternal Glucose Have Independent and Additive Effects on
Birth Weight." Diabetes 67(5): 1024-1029.

Knight, B., B. M. Shields and A. T. Hattersley (2006). "The Exeter Family Study of
Childhood Health (EFSOCH): study protocol and methodology." Paediatr Perinat

Epidemiol 20(2): 172-179.

Meertens, L., L. Smits, S. van Kuijk, R. Aardenburg, I. van Dooren, J. Langenveld,
I. M. Zwaan, M. Spaanderman and H. Scheepers (2019). "External validation and
clinical usefulness of first-trimester prediction models for small- and large-for-

gestational-age infants: a prospective cohort study.”" BJOG 126(4): 472-484.

142



Mi, D., H. Fang, Y. Zhao and L. Zhong (2017). "Birth weight and type 2 diabetes: A
meta-analysis." Exp Ther Med 14(6): 5313-5320.

Papastefanou, I., A. P. Souka, A. Pilalis, M. Eleftheriades, V. Michalitsi and D.
Kassanos (2012). "First trimester prediction of small- and large-for-gestation

neonates by an integrated model incorporating ultrasound parameters, biochemical

indices and maternal characteristics." Acta Obstet Gynecol Scand 91(1): 104-111.

Plasencia, W., E. Gonzalez Davila, V. Tetilla, E. Padron Perez, J. A. Garcia
Hernandez and N. L. Gonzalez Gonzalez (2012). "First-trimester screening for
large-for-gestational-age infants." Ultrasound Obstet Gynecol 39(4): 389-395.
Poon, L. C., G. Karagiannis, V. Stratieva, A. Syngelaki and K. H. Nicolaides (2011).
"First-trimester prediction of macrosomia.” Fetal Diagn Ther 29(2): 139-147.

Rani, P. R. and J. Begum (2016). "Screening and Diagnosis of Gestational
Diabetes Mellitus, Where Do We Stand." J Clin Diagn Res 10(4): QE01-04.

Riley, R. D., J. Ensor, K. I. E. Snell, F. E. Harrell, Jr., G. P. Martin, J. B. Reitsma, K.
G. M. Moons, G. Collins and M. van Smeden (2020). "Calculating the sample size

required for developing a clinical prediction model." BMJ 368: m441.

Sridhar, S. B., A. Ferrara, S. F. Ehrlich, S. D. Brown and M. M. Hedderson (2013).
"Risk of large-for-gestational-age newborns in women with gestational diabetes by
race and ethnicity and body mass index categories." Obstet Gynecol 121(6): 1255-
1262.

Steyerberg, E. W., F. E. Harrell, Jr., G. J. Borsboom, M. J. Eijjlkemans, Y.

Vergouwe and J. D. Habbema (2001). "Internal validation of predictive models:
efficiency of some procedures for logistic regression analysis." J Clin Epidemiol
54(8): 774-781.

Wright, C. M., A. F. Williams, D. Elliman, H. Bedford, E. Birks, G. Butler, M. Sachs,
R. J. Moy and T. J. Cole (2010). "Using the new UK-WHO growth charts." BMJ
340: ¢1140.

Wright, J., N. Small, P. Raynor, D. Tuffnell, R. Bhopal, N. Cameron, L. Fairley, D.
A. Lawlor, R. Parslow, E. S. Petherick, K. E. Pickett, D. Waiblinger, J. West and G.
Born in Bradford Scientific Collaborators (2013). "Cohort Profile: the Born in
Bradford multi-ethnic family cohort study.” Int J Epidemiol 42(4): 978-991.

143



144



Chapter 6

Discussion, future results, and

conclusions

145



Discussion

There are several factors that influence a baby’s birthweight: the fetal genotype
and the maternal genotype directly influence birthweight via transmission to the
fetus and indirectly influence maternal characteristics such as glucose levels which
may then affect birth weight. Several maternal characteristics and environmental
factors influence birthweight via the maternal intrauterine environment. Conducted
GWAS of own birthweight and offspring birthweight have identified 243 loci directly
associated with birthweight, indicating the importance of genetics in relation to
birthweight. Previous studies carried out have demonstrated that there are several
other key factors that explain the variation in offspring birthweight: maternal
characteristics, environmental factors, and social demographics. The third chapter
of this thesis covers the gap between assessing the contribution of genetics to
birthweight alongside other clinical features. Ethnicity is also an important predictor
of birthweight and what constitutes a small baby in one ancestral link might not be
a small baby in a different ancestry. While previous research has demonstrated
similar contributions of genetics to offspring birthweight in White Europeans and
South Asians, the fourth chapter of this thesis compares the contribution of
genetics in these two ethnic groups alongside other clinical features. It is desirable
to be able to predict a baby’s birthweight before its birth to cater for complications
with delivery. Thus, it is possible to accommodate for any adverse pregnancy
outcomes or postnatal care. Methods used in current clinical practice are not
entirely effective in assessing small and large-for-gestational age babies. The fifth
chapter expands on building a clinical prediction model for large-for-gestational age
babies in European babies by using routinely available maternal characteristics in
clinics and validating it in both European and SA mothers and babies. In summary,
this thesis addresses some of the main questions in relation to contribution of
genetics to birthweight alongside other predictors of birthweight, and it also
investigates the implementation of a clinical prediction model which uses maternal
fasting glucose as one of its main predictors in determining risk of LGA in

Europeans and South Asian populations.
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Chapter 3: Assessing whether genetic scores explain extra variation in

birthweight, when added to clinical and anthropometric measures

Summary

This chapter addresses the contribution of genetics alongside other key maternal
characteristics to offspring birthweight. Several maternal characteristics such as
mother’s weight, BMI, height, fasting glucose, smoking status during pregnancy
and parity have previously been found to influence birthweight through the
maternal intrauterine environment (Cogswell and Yip, 1995). We also know that a
baby’s birthweight is partly explained by its inherited set of genes. It has been 18
years since the publication of the first Genome Wide Association Study (GWAS) in
2005 (Klein et al., 2005) and this method of making genetic information easily
accessible has enabled us to quantify genetic information and create genetic
scores. Individually, maternal characteristics and genetics have been analyzed in
terms of their effects on birthweight (Cogswell and Yip, 1995) but the genetic
effects that contribute to birthweight alongside clinical features have not been
assessed. To do this, we aimed to investigate variance in birthweight explained by
genetic scores in addition to easily measurable clinical and anthropometric
variables in a European group by using multivariable linear regression models. It
was found that genetics explain additional variance on top of that explained by

routinely available clinical features.

Conclusions

This study, which is now published (Haulder et al., 2022) found that a multivariable
linear regression model containing maternal age, weight, smoking status, parity,
and 28-week fasting glucose explained 21.7% of variation in birthweight in a
European population. Maternal and fetal genetic scores together, just on their own,
explained a 6.0% variance in birthweight. Also, the maternal genetic score
explained additional variance in birthweight when added to maternal characteristics
(Adj-R?=0.233 vs Adj-R? = 0.210, p < 0.001) similarly to the fetal genetic score
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which also improved explanation of variance in birthweight (Adj-R? = 0.264 vs
0.248, p < 0.001) when added to maternal characteristics and parental heights.
Mother’s height and father’s height partially explain the fetus’ genetic contribution

to birthweight but in general, the genetic scores explain additional variance.

Implications of the findings

The results clearly demonstrate how genetics play a key role in explaining the
variation in birthweight independent of what is captured from routinely available
clinical features. On their own, a small proportion of variation in birthweight is
explained (6.0%) whereas in addition to other clinical features, the explanation in
variation is much more (21.7%). This result highlights how clinical features play a
significant role in explaining offspring birthweight and the contribution of genetics
on their own is not as high. This is in line with other findings which state that
offspring birthweight is a product of several factors such as environmental and
genetic rather than just one set of predictors (Spencer and Logan, 2002). Also,
while the contribution of genetics is not a lot (3% of variance explained for maternal
genetics and 2% for fetal genetics), it is still comparable to other predictors such as
parity (3% of variation explained) which makes it an important variable in
explaining birthweight. The association between maternal height and fetal growth
has been found to be mainly defined by fetal genetics (Zhang et al., 2015) and it is
also important to note that some of the maternal height effect is independent of
fetal genetics(Warrington et al., 2019). Paternal height has been found to
independently (but not independently of fetal genetics) influence birth size (Knight
et al., 2005). Our results show that parental heights with clinical features explained
24.8% of variance in birthweight as compared to clinical features on their own
which explained 21.7% of variance. However, when fetal genetics is added to a
model with clinical features and parental heights, there was additional variance
explained (27.7%) which suggests that parental heights capture features of fetal
genetics only partially. Maternal genetics with paternal genetics on top of clinical

features are only slightly better at explaining birthweight variation and the best
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model uses clinical features, parental heights, maternal genetics and fetal genetics

for the maximum explanation of variance in birthweight.

We also found that in contrast with a previous study(Griffiths et al., 2007) where
the parental heights made similar contributions to birthweight, father’s height
makes a higher and significant contribution to birthweight when compared to
mother’s height, that is a unit change in father’s height resulted in 60g (23, 98)
increase in birthweight as compared to only 23g (13, 62) for a unit increase in
mother’s height. Mother’s birthweight has a stronger association with birthweight
compared to father’s birthweight where a unit increase in mother’s birthweight
resulted in 103g (66, 140) increase in birthweight and a unit increase in father’s
birthweight resulted in 479 (10, 83) increase in birthweight. The results for parental
birthweights are not statistically significant as the confidence intervals for both
maternal and paternal birthweights do not include the values of paternal birthweight
and maternal birthweight, respectively. This could be due to the small sample size
available for parental birthweights. In contrast, a previous study found that parental
birthweights significantly influenced offspring birthweight (Little, 1987).

Strengths and limitations of the work

This study comprehensively assessed the contributions of maternal characteristics
to birthweight alongside maternal and fetal genetics whereas previous studies have
either assessed the contributions of clinical features on their own (Cogswell and
Yip, 1995) or genetics on their own(Beaumont et al., 2018). It gave insight on the
contributions of maternal, paternal and fetal genetics to birthweight on top of

routinely available clinical features.

In addition to this, this study further investigated the contributions of paternal
genetics as well as the father’'s and mother’s height, father’'s and mother’s
birthweight to birthweight using multivariable linear regression models. Previously
carried out studies related to birthweight focused more on the child and mother
rather than the father as there is limited amount of paternal information available
(Magnus et al., 2001).
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The genetic scores used in this study were created using GWAS of European
ancestry(Warrington et al., 2019) and if applied to other ancestries, the GS created
for these other ethnic groups would not explain variation in birthweight as well as
when GS are created for Europeans using GWAS of European ancestry because
the underlying genetic associations might be different in every ethnic group
(Uffelmann et al., 2021).

The smoking status of the mother is the only environmental factor considered in
this study while other factors such as social demographics, such as education
level, have not been assessed. Previous studies (Cogswell and Yip, 1995) have
shown that a parent’s education level is an important factor in determining variance
in birthweight. This was not available in EFSOCH and therefore, was not included

in modeling of birthweight.

Also, the parental birthweights were self-reported which resulted in smaller sample
sizes and less accurate models. It is important to have an accurate sample size
because this minimizes the risk of a false-negative finding, that minimizes the risk

of Type 2 error, or it helps estimate how precise the study is (Biau et al., 2008).

Future work

Other predictors of environmental factors and social demographics such as
education level attainment could also be included in a multivariable linear
regression model in future work to assess their contributions in explaining
birthweight on top of clinical variables and genetics. Education level is an indication
of the quality of life of the mother or the possible lifestyle she would be eligible for;
for example, a higher education level would signal better access to healthcare
facilities and better diet. This could then give us an indication of whether a specific

lifestyle significantly influences variation in birthweight.

Fetal genetics were included in the analyses in the form of fetal genetic scores, but
the genetic information of the baby is usually not available before birth. Currently

used in the screening of down syndrome, cell-free fetal DNA (cffDNA), that is, fetal
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DNA which freely circulates in the blood, can be the source of fetal genetic material
for prenatal diagnosis (Everett and Chitty, 2015). In the future, this could be used
for extracting fetal genetic information prior to birth and moving forward this would
be a significant step in making genetic information available for use in pregnancy.
At the moment, this is being done to test for Down Syndrome and other rare
conditions. Also, currently, the availability of genetics in pregnancy is limited to
studies that have investigated genetic disorders in the prenatal period (Wojcik et
al., 2020) (Hoffner and Surti, 2012),the genetic conflicts of gene expression in
pregnancy, genetic abnormalities that could cause pregnancy loss (Tise and Byers,
2021)and the genetics and epigenetics of pregnancy-associated diseases such as

pre-eclampsia(van Dijk and Oudejans, 2013).

Limited studies have investigated common SNPs that influence both birthweight
and another trait in the mother. The GCK gene has a common haplotype that
influences both birthweight and maternal fasting glucose (Weedon et al., 2006) but
there is still a lot to uncover in terms of the genetics and common SNPs that
influence birthweight and other traits.
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Chapter 4: The contributions of genetic scores, maternal glycemia, and other
maternal characteristics to variation in birth weight in South Asian compared

with European babies

Summary

Babies of South Asian ancestry weigh less than (about 200g difference) those of
European ancestry even though South Asian (SA) mothers have higher maternal
fasting glucose levels, higher parity, and lower smoking levels. The genetic
associations alongside other maternal characteristics with birthweight were
compared between the two groups. We have previously assessed the contributions
of routinely available clinical features to birthweight in babies of European ancestry
and the contributions of genetics on top of these features(Haulder et al., 2022).
The contributions of maternal and fetal genetics to birthweight have been explored
in the SA group (Nongmaithem et al., 2022) but the contributions of genetics on top
of clinical features have not been assessed before nor compared to the European
group. The main aim of this project was to compare the associations with
birthweight of mother’s age, height, parity, smoking status during the pregnancy,
maternal genetics and fetal genetics between SA and European babies. Maternal
and fetal genetics were represented by maternal and fetal genetic scores (GS),
and these were derived from the same GWAS of birthweight of European ancestry
for both groups. Multivariable linear regression models were then used to build
separate models in the two ethnic groups and make comparisons. Overall, the

associations were similar in both groups except for parity and smoking status.

Conclusions

In both ethnic groups, fetal and maternal genetic scores showed similar
associations with birthweight. Birthweight, on average, was lower in SAs compared
with Europeans (3193(445) g vs. 3475 (483) g; p<0.001), and Fasting Plasma
Glucose (FPG) was higher (4.6(0.5) vs. 4.4(0.4) mmol/L, p<0.001). Except for

smoking and parity, the other characteristics had similar associations with
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birthweight in both groups. Maternal FPG and adjusted birthweight demonstrated
similar contributions in both populations (SA v European regression coefficient 81g
[95%CI: 39, 102] per 1 SD higher FPG vs. 629 [39, 91] per 1 SD higher FPG;
variance explained 2.2% v 3.3%). GS explained additional information to variation
in birthweight but the full model in SA explained less overall variation in birthweight
compared to Europeans (Adj-R? = 0.175 vs 0.223). Overall, we also found that the

underlying difference between birthweights cannot be explained by genetics.

Implications of the findings

The characteristics all had similar associations to birthweight in SA and Europeans
except for smoking and parity. This implies that birthweight is mostly explained to
the same extent in both ethnic groups by the assessed characteristics. Smoking
contributes less to birthweight variation in Europeans as compared to SA, likely
due to the low prevalence of smoking in the SA group (add the amount). This is in
line with previous findings that have found that only about 1-2% (0-7-1-7) SA

mothers smoke during pregnancy (Lange et al., 2018).

Despite a higher mean fasting glucose level in SAs, higher parity and lower rate of
smoking among the pregnant mothers, mean birthweight of SA babies is smaller
than that of European babies. It was suggested to explore the genetic associations
on top of the routinely available clinical features, and since they were the same,
this was consistent with a previous study (Nongmaithem et al., 2022) where it has
been found that the underlying difference in birthweight between SAs and

Europeans was not explained by genetics.

In the SA group, mothers tend to deliver more babies than in the European group
and it has been found that birthweight increases with increasing parity (Hinkle et
al., 2014). Birthweight is larger with increasing parity. The results show that the

association between birthweight and parity is less in SAs than in Europeans since
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a higher number of babies means overall, less influence on reducing birthweight.

The fetal genetic score showed a slightly stronger association with birthweight in
Europeans than in the SAs and the maternal genetic score had a similar
association with birthweight in both SAs and Europeans. Similarly, to what has
been found before, fetal genetics contributes more to birthweight than maternal
genetics (Warrington et al., 2019) and the genetic scores give more accurate
results when they have been created from GWAS of matching ancestry(Warrington
et al., 2019). In this case, since both the scores were created with GWAS of
European ancestry, although the associations are not far apart in the two ethnic
groups, Europeans show a slightly stronger association, most likely as the genetic

score was more accurate for that ethnic group.

The maternal genetic score was associated with birthweight to the same extent in
South Asians and Europeans. This was different from what was found in a previous
study where the maternal GS was less strongly associated with birthweight in SA
than in Europeans when the GS were assessed on their own. The one possible
explanation for different findings could be because in this study, the samples being
analysed were from the same city in the UK, hence making them similar to one
another while in the other study, the samples were from various locations (mostly
outside the UK). (Nongmaithem et al., 2022)

Strengths and limitations

This study assessed SA and European babies who share the same environment
(City of Bradford). Comparisons of the contributions of maternal characteristics in
both ethnic groups are more accurate than studies which have used cohorts from
different geographical locations (Babies of South Asian and European ancestry
show similar associations with genetic risk score for birth weight despite the
smaller size of South Asian newborns(Nongmaithem et al., 2022). When these
groups share the same environment, the differences due to environmental
exposures are removed and hence, makes the groups quite comparable. Both

cohorts had a good sample size for accurate comparisons to be made and these
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were consistent with previous studies where the sample sizes were about the

same and generated similar power(Nongmaithem et al., 2022).

The study addressed an ethnic group which is at high risk of adverse pregnancy
outcomes. A study carried out has found that women of SA ethnicity are at higher
risk of adverse pregnancy outcomes such as prenatal death (De Graaff et al.,
2023). It gave useful insight on how genetics further explain variance in birthweight
on top of other routinely available clinical features. Previous studies have explored
interventions in terms of diabetes in this group (Greenhalgh et al., 2015),
prevalence of GDM in women of SA ancestry and other related pregnancy
complications (Ahkter et al., 1996) low birthweight in the SA group (Metgud et al.,
2012)and genetic studies have assessed the relationship between DNA

methylation and cardiometabolic traits (Fragoso-Bargas et al., 2021).

One of the limitations to this project was the fact that the individual contributions of
the predictors to birthweight could not be directly comparable from the linear
regression models. This is why the R-squared statistic from univariate analysis

were used to make direct comparisons.

The genetic score in SA was created from GWAS of European ancestry. The
accuracy of these genetic scores were, therefore, not as good as the genetic score
for the European group as the two ethnicities have different underlying genetics
(Tekola-Ayele et al., 2018).

Future work

Despite their lower birthweights, SAs have higher skinfold thickness(Anand et al.,
2016). Further exploration of this could lead to better understanding of what causes
the difference in birthweight between these two groups. One way of measuring
skinfold thickness is by the measurement of favorable adiposity. Adiposity is also
defined as body fat, and it is more desirable for it to be stored under the skin than
around organs such as the liver and the heart. Genes dictate where this fat is
stored, and this can then be termed as having “favourable adiposity” or

“unfavourable adiposity” (Martin et al., 2021).
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Favorable adiposity could be the next step in investigating the underlying
mechanisms that causes the difference in birthweight as it has different patterns in
SAs and Europeans (Anand et al., 2016). SAs have greater skinfold thickness than
Europeans due to a higher glucose level and higher levels of maternal body fat.
The thin-fat phenotype that has been put forward previously (Kurpad et al., 2011)
suggests that it is possible to have lower birthweight despite a greater amount of
fat and it amounts to the fat being added to an already thin frame. To investigate
whether this hypothesis holds true in SAs as compared to Europeans, the
contribution of adiposity to birthweight could be assessed by adding it to
multivariable linear regression models alongside other characteristics. It would be
interesting to compare the contribution of the genetic score of favorable adiposity
to birthweight, in SAs and Europeans. To do this, we would need access to data
that has recorded favorable and unfavorable adiposity and the GWAS of favorable

and unfavorable adiposity to create the genetic scores.
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Chapter 5: Developing and validating a multivariable clinical prediction

model for babies born LGA in European and South Asian cohorts

Summary

It is important to be able to predict if a baby is at risk of LGA to reduce and prevent
adverse pregnancy outcomes. Prediction models for LGA have been developed
before but these are not used in clinical practice due to their limited clinical utility.
The aim of this project was to develop a model for LGA using data from the Exeter
Family Study of Childhood Health (EFSOCH) and to validate the model in an
external European as well as a South Asian cohort (Born in Bradford Study) for
generalizability. Compared to other prediction models that used a varied selection
of predictors such as ultrasound, biomarkers and medical history in addition to
maternal characteristics, the idea of this prediction model was that it would improve
on current detection of LGA in everyone, and not just in mothers at risk of
gestational diabetes and because it uses routinely available clinical features,
including maternal fasting glucose, it would be fairly easy to implement in clinical
practice. The final model achieved a good level of predictive performance
(AUC=0.761), but it was not good enough to be implemented in clinical practice. It
validated well internally, as well as externally in a European cohort but required a

re-calibration to externally validate well in a South Asian cohort.

Conclusions

This clinical prediction model for LGA had an ROC curve of 0.761, suggesting
good discrimination, but its predictive power as it stands, is not strong enough for it
to be adopted in clinical practice as it did not reach 0.80. It also has a good
predictive ability indicated by its internal validation of bootstrapping where Emax
was 0.0242 and Somer’s Dxy was 0.5035, respectively. Emax represents the
maximum error in predicted probabilities and since the model's Emax was close to
0, this shows that there were not a lot of errors in predicted probabilities. Somer’s
Dxy is the rank correlation assessing the difference between predicted probabilities

and observed responses; a value close to 1 indicates that the model can make
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predictions close to actual values. The model externally validated well in a South
Asian cohort with the area under the curve as 0. 707 (95% CI: 0.637-0.7769), but it
required re-calibration as LGA was less common in the SA. The mean predicted
probability for LGA was found to be 0.071 and 3.5% of LGA was determined after

re-calibration.

Implications of the findings

The area under the curve of the model is 0.761 which is better than current
published models for LGA built in European cohorts. Examples include AUC
between 0.60 and 0.69 for six models in Netherlands(Meertens et al., 2019), AUC
between 0.66 and 0.75 for twelve models in a Canadian population(Kuhle et al.,
2018) and AUC was 0.67 for a prediction model based on the SCOPE study.
(SCOPE is an international prospective cohort study involving centers in Auckland,
New Zealand; Adelaide, Australia; London, Manchester and Leeds, UK; and Cork,
Ireland (Vieira et al., 2017)).

The model’s c-statistic shows that while it makes good predictions, it is not good
enough to be used in clinical practice on its own (Shipe et al., 2019). However, in
line with additional information and monitoring, it could then be implemented. In
current clinical practice, pregnant women have their own customized growth chart
which has been prepared based on information about their height, weight, ethnicity
and parity. This chart is prepared to show the predicted pattern of growth of the
baby during the pregnancy. The symphysis fundal height (that is, the distance
between top of the womb and the bone at the front of the pelvis) is also measured
during antenatal visits for women pregnant over 26 weeks and compared to the
growth chart. If on more than two occasions, the measurement is greater than
expected, the woman is then set up for an ultrasound scan. If the baby is possibly
larger than the 90™ centile, the mother is given an OGTT if she is less than 36
weeks pregnant (Okonofua and Akaba, 2021). This implies that only women with
specific criteria based on their symphysis fundal height and ultrasound scan are
further monitored or have preventive measures taken for risk of LGA. A study

assessed the accuracy of ultrasound measurements in calculating the Estimated
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Fetal Weight (EFW) and has found that while a Mean Percentage Error (MPE)
within 5% of accuracy is desirable in practice, currently, the level of errors
associated with ultrasound scan estimates of fetal birthweight is below 10% (Milner
and Arezina, 2018). In contrast, this prediction model assesses any pregnant
woman for risk of delivering a baby born LGA and not only those that meet certain

criteria, and it avoids the uncertainty generated by ultrasound scans.

Other models for LGA have used the same predictors that have been used in this
one (mother’s smoking status, parity, mother’s weight, mother’s height(Meertens et
al., 2019), but none of these that assess healthy pregnant women have used
maternal fasting glucose. Models assessing mothers with GDM have used

maternal fasting glucose as a predictor (Wang et al., 2023, Cooray et al., 2022).

The model uses maternal fasting glucose as one of its predictors and it added
significantly to the other routine clinical feature with each mmol/L of glucose
leading to 2.6 times increase in the odds of LGA. In line with what has been found
before, maternal fasting glucose is a key driver of fetal growth (Tyrrell et al., 2016)
and therefore, provides valuable additional predictive power in predicting LGA as
compared to other prediction models that did not use maternal fasting glucose as a
predictor.

The prediction model was developed in a European cohort and externally validated
in both European and South Asian groups. While it validated well in the European
group, providing a probability of having a baby born LGA as 0.110 which is very
close to the true mean probability in the actual population (10%), a re-calibration
was required in the SA group. This model can be used in both a European

population and a SA one (but with the application of a re-calibration).

Strengths and limitations

This prognostic model was built based on a cohort of healthy pregnant women and
can easily be used in two distinct ethnic groups, which makes it very good for
generalizability. The model is, therefore, able to correctly reflect the new target

population. As compared to other published models, only the models in one study
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performed external validation (Meertens et al., 2019) and this was still within the
same ethnic group. The other models only go as far as internal validation(Wang et
al., 2023, Wahab et al., 2022, Kuhle et al., 2018).

In terms of different ethnic groups, the model was successfully validated in a group
with high risk of GDM(Fragoso-Bargas et al., 2021). This model uses maternal
fasting glucose as a predictor in healthy pregnant women whereas this predictor
has only been used before, in models with women having GDM (Cooray et al.,
2022).

Many of the previously published models do not mention checking of assumptions
such as sample size. The sample size for this model is very good when compared
to many prediction models where model assumptions like these were not checked
before the model was created. About 73% (95% CI: 63—-82%) of 94 assessed
prediction models with binary outcomes used smaller sample sizes than required to
estimate risk of event(Dhiman et al., 2023). The clinical usefulness of this
prognostic model was not checked. While a value of 0.761 for the c-statistic can
indicate that a model would not be clinically ideal, this statistic on its own is not

enough to assess the clinical usefulness of the model (Shipe et al., 2019).

Future work

The next step in this project would be to use decision curve analysis to formally
evaluate the clinical utility of this model. This is to assess whether this model is
useful in making medical decision of classifying a baby of being at risk of LGA or
not. There is a specific threshold at which the probability of delivering a baby born
LGA could influence the mother to choose a certain clinical option-treatment or no
treatment. This potential relationship is used to derive the net benefit of the model
over a range of different threshold probabilities. Plotting net benefit against
threshold probability creates the “decision curve.” Currently, if detection of possible
LGA happens after 26 weeks, no further treatment is provided to the mother. By
choosing a certain threshold as the key factor, a decision curve could be designed

by plotting the net benefit over different various threshold probabilities (Vickers and

160



Elkin, 2006). This, then, helps to see over which range the model was of value and

the associated benefit.

To improve the model, other predictors could be added to this that are already
available. Clinical notes show that biomarkers are usually recorded in urinalysis.
Other types of models could also be used; for example, Machine Learning (ML) or
ordinal regression. In terms of ordinal regression (Singh et al., 2020), the model
could be further developed into predicting LGA (birthweight above the 90" centile
and below the 95" centile) or severe LGA (birthweight above the 95™ centile). ML
techniques such as Artificial Neural Networks (ANNs) and Decision Trees (DTs)
have been used in cancer detection(Kourou et al., 2015). Similarly, these could be

used for detection of risk of LGA.

Future work

This thesis extensively investigated the contributions of several factors to
birthweight, including parental birthweights and heights, blood pressure, maternal
genetics, fetal genetics, and maternal fasting glucose. Although it has not been
explored in this project, maternal BMI as well as pre-pregnancy maternal BMI
(Cogswell and Yip, 1995) mostly influence birthweight. However, BMI represents
the ratio of weight to the squared of height (weight/ (height)?) and this formula
could result in significant loss of information because it is using the inverse of
height rather than height itself (which has been shown to be a direct, significant
predictor of birthweight. In this case, we suggest that future investigations could
explore the contribution to birthweight by maternal height and weight alongside
other characteristics and compare this to the contribution of birthweight by

maternal BMI alongside other characteristics.

The second project explored the associations of several characteristics with
birthweight in two different ethnic groups, including maternal and fetal genetic

scores. As mentioned previously, data about fetal genetics would not be available
161



prior to a baby’s birth and the method known as cell-free fetal DNA (cffDNA)
genotyping could be used to extract genetic data about the fetus before birth.
cffDNA (Wang et al., 2021) is fetal DNA that circulates freely in the maternal blood.
This test is usually offered to mothers at 16 weeks’ gestation and the availability of
fetal genetic information before birth would make it possible to use this information
and increase the accuracy of predictions. This also improves the idea of genetic
scores being used in the future and expands on the potential this could bring about

in making genetics a readily accessible tool.

Finally, the risk of LGA has been explored in healthy, pregnant women and LGA
has been known to be a possible adverse outcome in women with gestational
diabetes (GDM). The Hyperglycemia and Adverse Pregnancy Outcomes (HAPO)
Study (Coustan et al., 2010) has shown that maternal glucose levels during
pregnancy vary significantly among women, and this could lead to adverse
pregnancy outcomes. For example, women with GDM have higher fasting glucose
levels and higher maternal glucose leads to increased fetal growth (Scholl et al.,
2001) as maternal fasting glucose explains about twice the amount of variance in
birthweight compared to the fetal genetic score(Hughes et al., 2018). This makes

this group of women susceptible to adverse pregnancy outcomes such as LGA.

Research has also found that not all women with GDM deliver big babies (Surkan
et al., 2004). Hence, being able to predict LGA in this group is quite important. The
model did not reach the threshold to be used in clinical practice but since glucose
is a more significant predictor in a group of women with GDM, the model might
make more accurate predictions. Glycemic control for women with GDM has been
found to influence birthweight (Langer et al., 1989) Therefore, being able to predict
the risk of LGA in this group and using this information for better glycemic control
could reduce the risk of LGA in women with GDM significantly.
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Conclusions

Modeling of birthweight and risk of LGA has been extensively done in this research
work. Different modeling approaches such as linear regression and logistic
regression have been used, and there are new findings as well as results that are
in line with previous research studies. The exciting novel findings include maternal
and fetal genetics contributing to about 6% to birthweight on their own and
explaining additional variance when added on top of routinely available clinical
features (15.7%).

We found possible evidence that supports the suggestion that the contribution of
maternal genetics to birthweight is influenced by the exposure of the maternal
intrauterine environment(Nongmaithem et al., 2022). When the maternal
intrauterine environment is the same, maternal genetics has similar contributions to
birthweight in SAs and Europeans (Born in Bradford European and Pakistani
groups had the same location and the maternal genetic score had similar
associations with birthweight) and when the environment is different, maternal
genetics contributes less to birthweight of SAs. Overall, most characteristics had

similar associations to birthweight in the two different ethnic groups.

Finally, the risk of LGA can be assessed using routinely available clinical features
in clinics and the model we developed can be easily implemented in a European
cohort and a South Asian cohort after re-calibration. Previously developed and
published clinical prediction models have not externally validated their models in a
different ethnic group to the one it was developed in. The model we developed was
found to perform better than currently published models for assessing the risk of
delivering a baby born LGA and can also easily be used in two separate ethnic

groups.
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