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Abstract 

Childhood obesity is a global health problem and is associated with an increased risk of type 2 

diabetes (T2D), cardiovascular disease and premature mortality. The prevalence of childhood and 

adolescent obesity is rising in New Zealand with the most recent health survey estimating 10% of all 

children (aged 2-14) are obese (2014/2015 New Zealand Health Survey). However, obesity varies 

with ethnicity, with the Māori (14.8%) and the Pacific Island (29.7%) children exhibiting higher rates 

of obesity when compared to the Asian (7.2%) and European/Other (7.7%) children. Although this 

obesity trend is underpinned by the presence of an ‘obesogenic’ environment, it is facilitated by the 

individual’s genetic susceptibility to excessive weight gain. This helps to explain some of the 

individual phenotypic variations in development. Further characterisation of these obesity related 

gene variants would assist with unravelling the molecular mechanism of an affliction that affects 

approximately 10% of New Zealand children, opening up new avenues in the management of a 

disease for which no effective treatment currently exists. 

The aim of this thesis was to characterise the relative contributions between 80 putative genetic 

variations and obesity traits (BMI z-scores and Percentage Body Fat) in the Auckland Children of 

SCOPE cohort; a follow-up cross sectional survey of six year old children whose mothers were 

participants of the landmark SCOPE study. In addition, we investigated the interplay between genetic 

and modifiable environmental influences (‘healthy’ dietary pattern, physical activity levels and 

average sleep duration) on the predisposition to childhood obesity. Recently, a genome wide study in 

the Samoan population has identified a protein-altering variant (p.Arg475Gln) in CREBRF as being 

associated with discordant risks of BMI and T2D. We have tested for the presence and association of 

CREBRF –rs373863828 using the “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa” 

case-control study recruited by the University of Otago. 

This study has shown that genetic variants identified in adult studies, were also associated with 

obesity traits in six year old New Zealand European children. This would suggest that gene variants 

that influence weight gain in adults, may direct growth patterns and adiposity from childhood. We 

have also captured additional loci (not previously detected in our earlier genetic association analysis) 

from the gene-by-environmental interaction analyses. From this research, we propose that there is a 

role for these gene variants to control body weight through satiety, energy extraction from diet and 

dissipation of energy as heat, and therefore act as the underlying cause behind the increased weight 

gain in children. We have also confirmed the presence of the CREBRF –rs373863828 variant in the 

broader Polynesian population residing in Aotearoa New Zealand and replicated the association with 

increased BMI and reduced odds of T2D. This emphasises a need for obesity genetic research away 

from European dominant studies.  
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This study offers a unique opportunity to advance our understanding of the complex relationship 

between genetic influences, and environmental factors, in relation to childhood obesity. The health 

importance for New Zealand is from identifying potentially modifiable risk factors for childhood 

obesity, which can then be evaluated in future intervention studies. Factors identified early in the life 

cycle may be more amenable to interventions compared with strategies which target children who are 

already overweight or obese.  
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   CHAPTER 1

Introduction 

 

 

 Childhood obesity in New Zealand 1.1

Concurrent with other countries, New Zealand has experienced a surge in obesity prevalence among 

adults and children [1]. Current trends suggest that obesity is gradually rising and recent health 

surveys estimate a 2.4% population increase (2006-2015) in obesity rates among children aged 2-14  

(2006/2007:8.4% ~ 2014/2015: 10.8%) (Figure 1.1) [1]. However, obesity prevalence varies with 

ethnicity, with the Māori (14.8%) and Pacific Island (29.7%) children exhibiting higher rates of 

obesity when compared to the Asian (7.2%) and European/Other (7.7%) children (Figure 1.1) [1]. 

Several theories have been proposed to account for the ethnic disparities in obesity rates among the 

Māori and Pacific Island population. A simplistic yet contentious explanation is the existence of 

‘thrifty genes’ (reviewed in section 2.5) to aid survival by efficiently storing fat during prolonged 

periods of starvation when migrating to Aotearoa, New Zealand [2, 3]. Obesity was not a problem in 

the pre-Westernised Māori and Pacific Island population and the propensity towards excessive weight 

gain appears to coincide with the adoption of a European lifestyle and dietary habits under more 

affluent conditions [2, 3]. 
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Figure 1.1:  Ethnic-rates of obesity (%) in New Zealand children (aged 2-14) from 2006-2015. A 2.5% overall increase of obesity prevalence has occurred from 2006 to 2015 in all New 

Zealand children. Obesity related ethnic disparities are also apparent with Māori and Pacific Island children showing higher rates of obesity over each time period. Data obtained from The 

Health of New Zealand Children 2014/15: Key Findings of the NZ Health Survey [1]. 
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In spite of this, there is ongoing debate on the actual existence of ‘thrifty’ genes within modern 

society. Alternative hypotheses suggest that the high incidence of maternal obesity during pregnancy 

among susceptible populations may alter developmental programming of the fetus leading to poorer 

health outcomes (reviewed in section 2.7) [4, 5]. Further reasons describing obesity-related ethnic 

differences may include the widening inequalities associating socioeconomic status with increased 

obesity risk and whakama- a self-perceived stigma restricting opportunities for social support [6]. 

Despite high rates of obesity among the Māori and Pacific Island children, the burden of obesity has 

not improved in New Zealand across all ethnic groups (Figure 1.1). Comprehensive public health 

policies’, including culturally appropriate weight management strategies is essential to curb the 

current trend of obesity in Aotearoa, New Zealand [6, 7]. 

 Measurements of obesity 1.2

Put simply, obesity is the excess accumulation of fat facilitated by greater food intake and reduced 

energy expenditure [8]. However, clearly determining excessive body fat limits remains challenging 

given the heterogeneous nature of obesity. Therefore, in most clinical and scientific settings, relative 

measures of weight are used as a proxy of fat to guide recommendations for weight loss and control.   

 Body Mass Index (BMI) 1.2.1

Body Mass Index (BMI) - expressed as weight/height
2
- is used as the standard diagnostic procedure to 

assess obesity status worldwide [9]. The World Health Organization (WHO) international rankings of 

BMI in describing obesity for adults with normal body frames are presented in Table 1.1 [10]. The 

simplicity and applicability of BMI as a non-invasive surrogate marker makes it an attractive method 

for diagnostic purposes in clinical practices [9]. Yet the failure of BMI to provide accurate estimates 

of body composition limits its effectiveness as a marker of obesity. In particular, BMI may be 

misclassifying individuals as having unacceptable body fat due to elevated muscle mass and bone 

density [11, 12]. Furthermore, the anatomical changes of body composition associated with aging and 

gender may compromise accuracy of BMI [12]. BMI also makes generalised assumptions of body fat 

composition among different ethnic groups [11]. It has been shown that universal BMI thresholds do 

not necessarily correspond to accurate body fat levels among the Māori and Pacific Island  population 

[13]. Indeed, Duncan et al. found that the fat-to-fat-free mass phenotype describing the Māori and 

Pacific Island females is lower, albeit retaining higher BMI when compared to other ethnic groups 

[13]. Ethnic-specific BMI cut-off points might provide more accurate depiction of obesity in multi-

ethnic groups and reduce misclassification that differ from the standard European population [13]. 

Although BMI provides a convenient population level measure of weight status, it is subjected to 
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several interpretational limitations and should be used as a preliminary screening tool for weight-

related risks. 

Table 1.1: Adult weight status according to WHO standard definitions. Adapted from WHO international guidelines 
(2000 and 2004) [14, 15]. 

Definition BMI (kg/m2) principal cut-off values 

Underweight 

Severe ‘thinness’ 

Moderate ‘thinness’ 

Mild ‘thinness’ 

Normal 

Overweight 

Pre-obese 

Obese 

Obese class 1 

Obese class 2 

Obese class 3 

<18.50 

<16.00 

<16.00-16.99 

<17.00-18.49 

18.50-24.99 

≥25.00 

25.00-29.99 

≥30.00 

30.00-34.99 

35.00-39.99 

≥40.00 

 BMI in children 1.2.2

The BMI paradigm is further complicated when assessing obesity status in children. Specific 

characteristics related to the use of BMI needs to be considered. Normal growth and maturation of 

children influences adiposity rebound (rise in BMI early in childhood) altering BMI values in the 

prediction of obesity [16, 17]. Age and gender adjusted growth charts are needed to determine 

meaningful BMI values and for the accurate measurement of obesity in children [18, 19]. This has led 

to the development of National and International BMI reference standards for the definition of 

childhood obesity [18, 19].  

National reference data exist in many countries and use either age-sex adjusted standard deviation 

BMI scores (BMI z-scores) or BMI-for-age percentiles (>85
th
 overweight, >95

th
 obese) to define 

obesity [18-20]. However, these cut-off values may be inappropriate for admixed ethnic groups which 

use a system based primarily on European criterions [20].  

The International Obesity Taskforce (IOTF) released global standard BMI parameters for children, 

built on reference data from six countries; UK, Brazil, Hong Kong, the Netherlands, Singapore and 

the USA [19]. Through regression modelling, absolute BMI values were derived from an ethnically 

diverse database, that uses adult’s overweight and obesity clinical definitions (BMI>25kgm
2
 

overweight, BMI>30kgm
2 
obese) as an index of obesity for children [20, 21].  
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These cut-off points for BMI are age (6 month periods) and sex specific and represent new childhood 

obesity categories designed to pass through adult BMI values [21]. Although the IOTF BMI 

definitions are currently being used in paediatric research, several limitations exist that may reduce its 

usefulness. The IOTF definition does not necessarily capture all ethnic and population characteristics, 

highlighted by the absence of BMI information among the Pacific Island and African populations 

[21]. In addition, several studies comparing the use of both growth charts showed large differences in 

estimating childhood obesity prevalence, suggesting that there are sensitivity concerns with IOTF 

definitions [22]. The IOTF derivation of BMI also uses reference growth data from developed 

countries and may not be suitable for use in developing countries. Defining obesity in children is 

extremely challenging, even if such standards were perfectly representative of the chosen population. 

Variations in timing of puberty onset (changes in body composition), seasonal changes and fixed 

timing of the outcome being measured, introduces additional problems with studies involving 

childhood obesity [23, 24] 

 Markers of obesity 1.2.3

Several other non-invasive anthropometric indices are used to clinically measure obesity. Skinfold 

thickness is frequently used in epidemiological and association studies to estimate subcutaneous body 

fat [25]. Moreover, distribution of fat can be explained by the sum of skinfold measurement taken at 

specific body regions [26]. Total truncal fat is often measured using sites surrounding the chest, mid-

axillary, suprailiac, subscapsular and abdomen [26]. Sum of skinfold-thickness taken across the limbs 

(biceps, triceps, medial calf and mid-thigh) is indicative of total peripheral fat [26]. However, the use 

of skinfold-thickness measurements to approximate body fat, poses several methodological 

limitations. The prediction of total body fat is reliant on equations often dictated by the availability of 

population reference data and is often prone to errors when used on samples from other populations 

[27]. Furthermore, skin texture and compressibility varies according to age, site, sex and direct 

adiposity levels of subjects, thereby affecting the reliability of skinfold measurement [25, 27]. While 

the sum of skinfold measurement does predict body fat distribution, it does not provide information 

describing subcutaneous fat to internal fat relationship. Constitutional differences in actual 

measurements may also limit the accuracy of collected data. 

Elevated distribution of central fat is associated with increased risk of cardiometabolic diseases. Waist 

circumference and waist-to-hip ratio are commonly used indices of regional adipose tissue 

distribution [28-30]. However, both waist circumference and waist-to-hip measurements are subjected 

to age, gender and ethnic variances. Obesity-related sexual divergence is an inherent feature in the 

human population [31, 32]. Women have substantially greater total body fat suggesting an essential 

necessity for the high-energy demands required for pregnancy and lactation [32]. Most studies, 
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demonstrate that, men had a greater propensity to amass adiposity within the abdominal cavity 

whereas women had a higher gluteofemoral fat storage, thus affecting waist-to-hip measurements 

[31]. Careful considerations of ethnicity, age and gender should be taken into account for all 

measurements of obesity.   

 Direct measurements of obesity 1.3

The direct measurement of body composition is considered to provide a better estimate of obesity 

classification. Several methodologies exist and are separated based on shared properties used to 

describe body composition (Table 1.2) [33]. While these techniques have been validated in various 

studies, cost-effectiveness and reference population data have limited its use in clinical settings [34]. 

Furthermore, the majority of these techniques do not measure proportions of subcutaneous-to- visceral 

fat – a known cause of obesity related comorbidities [34].  

The association between BMI and Percentage Body Fat (PBF) in the paediatric population has been 

extensively studied to ensure the accuracy of BMI as an index of adiposity. General consensus 

indicates that the precision of BMI varies with adiposity level and is only predictive of excess body 

fat [35]. The curvilinear relationship between BMI and PBF in children may reflect differences in the 

fat free mass among relatively ‘thin’ children [35]. The standard anthropometric measures of obesity 

coupled with direct measurement of adiposity should be used to target high health risk children for 

prioritised interventions.    
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Table 1.2: Techniques used to directly measure adiposity levels. Most methodologies have shared properties and are classified according to that particular group [33] 

Methodology Technique Explanation References 

Density based 

Hydrodensitometry 

Body composition is measured by underwater immersion. Archimedes principle of 

buoyancy is applied to measure displacement of water according to fat mass and fat free 

mass   

[36] 

Air Displacement Plethysmography (ADP) 
The volume of air displaced by the subject within an enclosed chamber is used to indirectly 

measure body density.   
[37] 

Scanning  

Magnetic Resonance Imaging (MRI) 

The procurement of images allows both techniques to assess not only adipose tissue but 

regional fat distribution. CT uses ionising radiation whereas MRI uses magnetic fields 

interaction with biological tissue to generate images.    

[38] 

Computed Tomography (CT) 

Dual-Energy X-ray Absorptiometry (DEXA) 
Low energy rays passing through tissues will be absorbed at different rates according to 

elemental composition. 
[39] 

Electrical Bioelectrical Impedance assay (BIA) 
Body composition is measured through electrical current resistance passing through fluids 

contained in tissue.   
[40] 
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 Obesity and its associated co-morbidities 1.4

Longitudinal studies have shown tracking of obesity from childhood to adulthood [41]. Of more 

immediate concern is the appearance of obesity-related comorbidities in children and the potentially 

lifelong risk obese children harbour in maintaining these faults later on in life [42, 43].   

 Metabolic disease 1.4.1

The secular trend of obesity worldwide parallels the rise of metabolic disorders, suggesting 

overlapping factors influencing their development. Metabolic complications including dyslipidaemia, 

hypertension, hyperglycaemia and insulin resistance are often associated with high levels of obesity. 

These complications cluster with obesity to form metabolic syndrome [44]. The rapid transition to an 

‘obesogenic’ environment fuelled by changes in nutritional and physical activity behaviours are 

responsible for the expansion of metabolic diseases and obesity, exacerbated by susceptible genetic 

influences [45] 

Obesity is an important determinant of insulin resistance and contributes to the progression of 

impaired glucose tolerance and diabetes [43, 46]. However, the occurrence of insulin resistance in 

certain ethnic groups that normally exhibit low BMI indicates partitioning of body fat may be a 

critical feature associated with insulin associated anomalies [47]. This dissociation was highlighted in 

the screening of metabolic syndrome within the Indian population using conditions specifically 

developed for Europeans [48]. The prevalence of obesity was grossly under-estimated in Indians 

using BMI as a proxy of adiposity (men: 7.9%, women: 17.5%) when compared to ethnicity adjusted 

waist circumference guidelines (men: 36.4%, women: 46.4%) [48]. Indeed, numerous studies have 

found that visceral adiposity and not total fat mass serves as the fundamental marker of glucose 

homeostasis [49, 50].  

The sequence of events leading to insulin resistance centres on the detrimental effects conveyed by 

free fatty acid production combined with adipocyte-mediated inflammation [47, 51, 52]. Free fatty 

acids, shed by excess visceral fat deposits, may shift the metabolic profile of tissues leading to insulin 

signalling saturation and the alteration of appropriate biological processes [53]. In addition, the 

secretion of pro-inflammatory cytokines (TNF and IL6) accompanied by the decreased expression of 

adiponectin alters lipid and glucose metabolism favouring insulin resistance [54]. Increased 

circulating macrophages in fat depots could further aggravate insulin resistance by aiding systemic 

inflammation [55]. However, the absence of macrophage infiltration in adipose tissue, immediately 

following high-fat diet, suggests an alternative pathway unrelated to inflammation [56]. Local and 
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ectopic accumulation of toxic free fatty acid derivatives (long chain Acyl-CoA and diacylglycerol) in 

adipocytes and other tissues may induce lipotoxicity negatively impacting insulin sensitivity [53, 57] 

Obesity is associated with dyslipidaemia characterised by elevated levels of triglycerides and low 

density lipoprotein (LDL) cholesterol, alongside decreased expression of high density lipoprotein 

cholesterol (HDL) [58]. Epidemiological studies of obese children showing abnormal lipoprotein 

profile had early stage atherogenic lesions of the aorta and coronary arteries, accelerating the 

atherosclerotic process later on in life (reviewed in section 1.4.2) [59]. Interestingly, several studies 

underpinned the importance of insulin resistance and its association with dyslipidaemia. Variations in 

triglycerides, LDL and HDL cholesterol were significantly influenced by insulin resistant children 

through defective processing of lipogenesis and lipolysis increasing free fatty acid flux [60-62]. 

Dyslipidaemia is pronounced in children with high visceral adiposity [63]. Research has found 

increased production of triglycerides coinciding with reduced expression of HDL cholesterol and 

insulin sensitivity in children with elevated visceral fat [63]. The mechanistic pathway surrounding 

the development of insulin resistance and dyslipidaemia in children centres on central fat stores which 

often persist to further metabolic complications in adulthood.    

 Cardiovascular disease 1.4.2

The clustering of cardiovascular abnormalities have been well documented in obese adults. Large 

epidemiological studies have strongly correlated cardiovascular traits in overweight and obese 

population cohorts [64]. However, the presence of advanced atherosclerotic lesions, symptomatic of 

cardiovascular disease (CVD), begins early in childhood and is augmented by established risk factors 

[65, 66]. Ascertaining the ‘early origins of CVD’ has been the focal purpose of the International 

Childhood Cardiovascular Cohort (i3C) Consortium, which embodies several large-scale longitudinal 

cohorts including the Muscatine and Bogalusa Heart studies, Australian Schools Health and Fitness 

Survey and Cardiovascular Risk in Young Finns [67]. Several key findings have uncovered lasting 

consequences of coexisting risk factors in children that places them on a course to lower health-

related quality of life [67] 

Perturbations in vascular constitution may facilitate the acceleration of CVD, imposing lifelong 

burden as children track towards adulthood [66]. Deterioration of endothelial functioning together 

with remodelling of the arterial walls including the ‘thickening’ and ‘stiffening’ of the carotid intima-

media, was frequently found in obese adolescents [68-70]. In addition, geometrical differences in the 

cardiac structure characterised by enlarged left ventricular mass and left atrial size are apparent, 

further enhancing the cumulative load of CVD [71-73]. The vascular changes exacted by the sum 
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effects of atherogenic promoting influences may vary according to length and severity of early-life 

obesity.  

However, a recent systematic review suggested that the presence of obesity and its association with 

atherogenic markers is not indicative of adult CVD [74]. Instead the rate of weight change and its 

exposure to critical periods of development (infancy, puberty and adulthood), may direct patterns of 

cardiovascular health [74]. This is highlighted in studies that show the lack of protection against 

detrimental metabolic effects in ‘lean’ children as they become obese adults. Furthermore, under-

reporting of the negative relationship, with little consideration of adult BMI adjustments may 

attenuate current associations [69, 74]. This is exemplified in the Young Finn study, showing the 

removal of asymptomatic carotid intima-media as a marker of lifelong CVD once correcting for adult 

BMI [75, 76]. Vascular adaptation in pre-pubertal children may also arise, to diminish the detrimental 

effect transmitted by hemodynamic adiposity [77]. However, sustained obesity, puberty, and 

influences from other risk factors may overwhelm this ‘vascular adaptation’ leading to poorer 

metabolic outcomes [78].   

Despite disagreement of the effects of childhood obesity on lifelong risk of CVD, there is no dispute 

on its prevention. Factors identified early in the life cycle may be more amenable to interventions, 

curbing the progression of obesity and its associated co-morbidities.  

 Other complications associated with obesity 1.4.3

While the main outcomes associated with obesity centres around the decline of metabolic fitness and 

progression to CVD, other lesser known complications are influenced by elevated levels of body fat in 

children. Gastrointestinal, respiratory, renal and orthopaedic health are compromised in obese 

children. Furthermore, persistent risk of childhood obesity is correlated with increased rates of cancers 

and fertility issues. Figure 1.2 presents the current and enduring problems imposed by excessive fat 

levels on different human organ systems.     
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Figure 1.2: Other current and long-term complications associated with obesity (adapted from Ebbeling et al.[79]. 

Section 1.4.1 refers to insulin associated anomalies, section 1.4.2 refers to cardiovascular health and section 1.4.4 refers to 
psychological issues associated with obesity.  

 

 Psychological effects of obesity 1.4.4

Perceptions on what is considered ‘normal’ weight are changing due to the continual exposure of  

obesity to society [80]. This misperception has often encouraged obese people to be more accepting of 

their current body weight with the added belief of being ‘healthy’. A similar understanding of weight 

status within the Pacific Island population exists in Aotearoa, New Zealand. Significant 

inconsistencies (34%) exist between self-awareness of ‘normal’ bodyweight with BMI-related 

guidelines [81]. Much of the literature discussing Pacific Island body ideals addresses the socio-

cultural perspective of ‘largeness and attractiveness’ often symbolic of status and hierarchy [81]. The 

supposition behind this notion relies on subjective ‘Western’ ideals of body standards and is strongly 

influenced by physical norms of current societal trends.  
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Despite this trend, the concurrent existence of body image dissatisfaction (BID) has created an 

additional burden of psychological tension associated with weight stigmatisation [82]. BID refers to 

the discontent of one’s own body, usually related to concerns about excessive weight not normally 

conformed to the ideal standard of attractiveness [83]. Traditionally, this phenomenon is prominent in 

females, starting early in life. However, recent evidence suggests that adolescent males are also 

experiencing BID, albeit different patterns of optimal body image [84]. In women, dissatisfaction 

typically arises from the desire to be ‘thinner’ whereas men’s body ideal forms a dual pathway of 

weight and muscularity anxieties [84-86]. BID is becoming more common in populations that are 

inherently ‘larger’. Māori and Pacific Island women show comparable BID trajectories to European 

women reflecting a shift in socioeconomic status and cultural ideals [87, 88].  

Obesity is associated with sequelae of adverse labels that often cause severe psychological damage to 

the individual. Obese children often suffer the erroneous stigma of ‘weight’ causing psychological 

stress, thereby negatively impacting social and professional decisions later on in adulthood [45, 89]. 

Sub threshold depression, social anxiety and low self-worth are all common features found in obese 

children [90]. In addition, bullying, loneliness and poor academic scores may aggravate the 

psychological symptoms conveyed by obesity [90]. Many of these children undergo extreme 

behaviours, including harmful dietary regimes and obesity-related eating disorders, in the attempt to 

change their body shape to fit the current societal norm [91]. Obesity tracks into adulthood and co-

morbidities experienced during childhood may alter psychological functioning affecting everyday life. 

Obese adults have reported interpersonal and work-related discrimination coupled with strains in 

maintaining relationships both professional and romantic [92]. The inefficiency of achieving ‘normal 

weight’ in children may have lasting psychological and behavioural issues resulting in detrimental 

consequences [45]. A multidisciplinary approach to the treatment of obesity that addresses 

psychological, social, environmental, and biological factors is critical to ensure appropriate 

comprehensive care.  

 Aetiology of obesity-the ‘obesogenic’ environment 1.5

Childhood obesity is a multifactorial disease involving the complex interaction between maternal 

adiposity, intra-uterine experiences, and genetic susceptibility with the rapidly growing ‘obesogenic’ 

environment [93]. While, profound changes surrounding dietary and physical activity practices are the 

principal factors driving global weight gain, individual genetic susceptibility may explain the variance 

observed with obesity phenotypes [93]. Physiologically, obesity is a consequence of energy-

imbalance facilitated by greater food intake and reduced energy expenditure. Any disruption 

undermining the foundation of energy stability can lead to abnormal metabolic processing and 

increase the risk towards obesity [8].  
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 The maternal environment 1.5.1

This section discusses clinical features of maternal health and its contribution to the early origins of 

childhood obesity. Maternal nutrition during pregnancy and its association with fetal metabolic 

programming is introduced in Chapter 2.7.  

The widespread increase of maternal obesity is a public health issue resulting in suboptimal outcomes 

for both mother and child. Obesity, at time of conception, increases risk of pregnancy complications 

including gestational hypertension and diabetes mellitus, preeclampsia, caesarean delivery and large-

for-gestational-age infants [94, 95]. In addition, excessive gestational weight gain is associated with 

postpartum weight retention, development of macrosomic babies and increased risk of congenital 

abnormalities [96, 97].  

The intra-uterine fetal exposure to the maternal environment is a developmentally sensitive period for 

the growth and programming of the fetus [98]. However, the high rates of maternal obesity have now 

created an unfavourable environment producing long-lasting fetal changes in neuroendocrine 

functioning and energy metabolism [99, 100]. This has led to the formation of congenital defects and 

greater birthweight along with long-term health consequences including obesity with accompanying 

risks of metabolic complications and CVD [99]. The susceptible phenotypes imposed by maternal 

obesity not only affect the exposed individual but extend to subsequent progenies [101]. The 

transmission of gestational programming patterns together with continued environmental exposures 

further propagates the cycle of obesity [101]. Trans-generational obesity may be an extrinsic process 

resulting from maternal phenotype and the associated nutrient alterations occurring within each 

successive pregnancy [101].  

 The culture of over-eating 1.5.2

The procurement of food during periods of ‘food scarcity’ was essential to ensure the survival of the 

human race. Often these foods were low in energy, nutrients and palatability [102]. However, the 

relative abundance of ‘energy dense’ food under conditions of plenty (‘obesogenic’ environment), has 

coincided with elevated rates of obesity at a population level [103, 104]. The increased exposure to an 

unfavourable ‘food’ environment parallels changes in feeding practices that lead to poor dietary habits 

and elevated body fat deposition.  

Childhood is a critical period for adequate weight gain to achieve expected milestones of development 

[102]. Breastfeeding is an important physiological process that provides the essential nutrients for 

new-born infants and is associated with improved health outcomes for both mother and child [105]. 
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Indeed, a growing body of evidence has found a protective association between breastfeeding duration 

and reduced childhood obesity [106]. Breastfeeding has been suggested to regulate appetite in 

children through monitoring of energy intake, mediated by an increase in responsiveness to internal 

satiety cues [107, 108]. 

Undesirable eating behaviours are established early in life where local surroundings (micro-

environment) including homes, schools and neighbourhoods have influenced cognitive development 

in relation to the ‘food’ environment [109]. This has resulted in a high energy influx that has led to a 

state of positive energy balance [110]. Children appear capable of self-regulating their energy intake 

under free-living conditions suggesting caloric compensation [111]. However, this regulatory capacity 

appears to be easily undermined by the degree of parental control towards the child's food intake 

[111]. Therefore, parenting practices serve as a nexus in the formation of food preferences in children 

that eventually leads to lifelong dietary patterns [112]. Different parental conducts exist, and how 

children respond to that particular management may affect dietary choices [112].   

Cross-sectional surveys have found parental intake and household availability of wholesome foods are 

associated with increased consumption of these food groups by children [113]. In addition, positive 

social interactions, including ‘family meal times’ and limitation of television use, was found to have a 

beneficial effect towards the nutritional habits of children [114-116]. Conversely, restrictive parenting 

that primarily uses a reward system with palatable food as an incentive is strongly correlated with 

disinhibited eating behaviours [112]. Restrictive feeding practices have been shown to impede the 

ability to self-regulate energy thereby teaching children to eat in the absence of internal hunger cues 

[117, 118]. Alternatively, limiting access to certain food may have a counterproductive effect, of 

making those “forbidden” foods more desirable [119]. Increased serving sizes, usually consisting of 

highly dense food has resulted in aberrant energy processing and weight gain in children [120, 121]. 

This notion arises from the belief ‘a growing child needs more’ and has affected parental feeding 

practices in relation to age-appropriate portion size being served [120]. Reinforcing values of food 

and social modelling that comprises less permissive parenting behaviours may be an effective practice 

for promoting favourable eating habits in children. 

 The reduction of physical activity 1.5.3

The worldwide increase of obesity rates is also fuelled by the rapid decline of physical activity levels 

resulting in reduced energy expenditure [122]. Habitual physical activity models are well established 

across many populations and strong evidence suggests that global health is reliant on adequate levels 

of physical exertion. Activity, in itself, is an intricate construct and can be summarised as “all bodily 

actions produced by the contraction of skeletal muscle that increase energy expenditure above basal 
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rate” [123]. Human movement is defined as a continuum (Figure 1.3) that can be qualitatively 

classified into sedentary, light, moderate and vigorous behaviours [123, 124]. Effective activity refers 

to any movement of at least moderate intensity, expressed as >3 metabolic equivalent tasks (METs) 

[124]. Conversely, sedentary activity commonly described as any waking behaviour of minimal 

physical movement (sitting, television viewing etc.) is typified by an energy expenditure of ≤1.5 

METs [124].  

 

Figure 1.3: The movement spectrum demonstrating the different categories of physical activity and their associated 

metabolic equivalent tasks (METs).   

 

Global recommendations of physical activity have been proposed to improve cardiovascular, 

muscular fitness and metabolic health for both adults and children. In brief, adults aged 18-65, are 

encouraged to partake in approximately 150 min of moderate intensity aerobic activity per week, in 

addition to muscle strengthening exercise on two days a week [125]. The integration of varying types 

of exercise in adults is complementary to the production of health benefits [125]. However, physical 

activity patterns are wholly different in children and involve more social based events including sports 

and games. Therefore, a separate standard was recommended for developmentally appropriate 

physical activity for children aged 5-17 [126]. Children should amass 60 min of moderate-to-vigorous 

daily activity, approximately three times a week in order to have beneficial effects on health outcomes 

[126]. 

Physical activity is further complicated by the separate distinction of sedentary behaviour as a unique 

and independent marker of human metabolism, physical function and health [127, 128]. Everyday life 

typically accumulates large amounts of activity across the spectrum and studies have found qualitative 

differences of biological processes imposed by activity type (sedentary versus moderate-vigorous 

activity) [124, 129]. Sedentary behaviours in children are often supported by excessive television 
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viewing and recreational computer use [130]. However, contemporary lifestyle that promotes large 

amount of sitting in schools and transport also inadvertently fosters work-environment sedentary 

behaviours [130, 131]. With the multiple constraints of physical activity, reducing leisure-time 

sedentary behaviours may be an amenable goal for increasing movement and energy expenditure 

[124].  

The rates of physiologically relevant physical activity in Aotearoa New Zealand children are 

disturbing and current trends shows a gradual decline of activity levels across all ethnic groups. 

Recent data have found a decreased amount of active travel in children (aged 5-14) to and from school 

(Figure 1.4) along with a high proportion (90%) of secondary school students not meeting daily 

physical activity recommendations [1]. 

Surprisingly, television viewing by children (>2hrs per day) has also decreased over recent years in 

Aotearoa New Zealand (data not shown) [1]. However, the information technology landscape has 

advanced rapidly, impacting on how children consume and disseminate media content. [130, 132]. 

Alternative portable platforms (mobile phones, internet, computer usage), have provided opportunities 

for additional sedentary behaviours in the context of the current environment. It may no longer be 

appropriate to infer sedentariness purely from self-reported television viewing and future studies 

should incorporate other determinants of sedentary behaviour in the development and evaluation of 

lifestyle interventions.  
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Figure 1.4: Unadjusted prevalence of active travel to and from school stratified by the major ethnic groups in Aotearoa New Zealand children. Despite higher rates of active travel observed 
among the Māori and Pacific Island children, the prevalence of active travel to and from school has gradually decreased from 2006-2015 across all ethnic groups [1]. 
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The implementation of physical activity in obese children is not as simple as encouraging sustained 

participation in moderate exercise. Differences in body composition have been shown to influence a 

cascade of biological and structural changes directly impacting activity levels in obese people [133]. 

However, very little research investigating the biological adaptations of obesity and physical activity 

performance has been conducted in children, although several mechanisms have been proposed. The 

biological component of physical activity often corresponds to the plastic nature of skeletal muscle 

and its role in oxidative capacity [133]. 

It is well recognised that muscle fibre composition differs among individuals, consequently providing 

researchers important information on the functional characteristics of physical activity levels. Three 

pure fibres exist (slow-twitch type 1, fast-twitch type 2a and 2b) and are differentiated based upon 

maximum shortening velocity and mitochondrial activity [134]. Type 1 fibre content are often 

characterised by ongoing endurance and greater oxidative capacity, favouring aerobic metabolism 

[134]. By contrast, type 2a and 2b muscle profiles are large, fast and capable of exacting strong 

contractions symptomatic of high glycolytic capacity [134]. Obesity causes morphological changes in 

adult skeletal muscle resulting in decreased proportion of type 1 fibre [135, 136]. The inability to 

efficiently oxidise fat is thought to contribute to the decline in exercise performance thereby 

accelerating weight gain.  

Adjustments of pulmonary oxygen uptake (VO2) to increased energy demands (VO2 kinetics) are 

often considered indices of oxidative metabolism that is related to skeletal muscle fitness and 

workload [137]. Pulmonary kinetics is comprised of two components (‘primary’ and ‘slow’) 

associated with muscle metabolic stability and exercise tolerance [133]. Under normal physiological 

(low-moderate activity) conditions, VO2 uptake follows a systematic manner often described in three 

phases [133]. Phase 1 (cardio-dynamic phase) occurs immediately after a shift towards physical 

activity preparing pulmonary and cardiovascular adaptations for oxygen uptake [133]. This is 

followed by the exponential increase of VO2 (Phase 2) that drives towards a steady state (VO2max) and 

is referred to the ‘primary’ component of VO2 kinetics [133]. Individuals participating in high 

intensity activity, above gas exchange threshold, induce the manifestation of the ‘slow’ component in 

Phase 3, rising over the steady state level [133].  It seems that the Phase 3 component is responsible 

for greater O2 deficit above the gas exchange threshold resulting in reduced muscle contractions and 

fatigue [133]. 

Obese children are in a prolonged state of deconditioning that limits functional motor activity 

entailing to widespread fatigue [137]. This is mediated, in part, by a low gas exchange threshold, a 

relaxed ‘primary’ component and a ‘slow’ component above gas exchange threshold at a lower 

percentage of VO2max [137].  All of these factors allude to a greater oxygen deficit negatively 
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impacting exercise tolerance and oxidative performance of skeletal muscle [137]. The reduction of 

pulmonary oxygen kinetics together with the shift of type 2 muscle fibres may correspond to longer 

rest periods and fewer activity sessions in obese children.  

Despite established health benefits, a substantial proportion of the global population fail to meet 

public health requirements for adequate physical activity. More importantly, children’s participation 

in physical activity declines during the transition from childhood to adolescence and is facilitated by a 

habituated sedentary lifestyle [138]. Creating healthy environments for young children who are still 

forming physical activity patterns are necessary to break the ‘detrimental cycle’ of demand for 

nutrient poor foods and a sedentary lifestyle.  

 Sleep and obesity 1.5.4

Sleep is increasingly recognised as an emerging modifiable risk factor for obesity that alters both 

components of energy balance [139]. Globalisation has introduced convenient food systems that 

provides consumers 24hr access to highly dense and inexpensive foods [140]. In addition, 

technological advancement in-built within the environment is associated with sedentary behaviours 

that affects a growing proportion of people worldwide [140]. Both these modern processes have 

affected sleep duration which is now considered a common behavioural trait in the present-day 

environment [141]. The increased prevalence of obesity and metabolic diseases parallels the 

progressive decrease in sleep duration suggesting a shared relationship between them [141]. Human 

energy expenditure has three major components: resting energy, the thermic effect of food and the 

dissipation of heat as physical activity [142]. Sleep loss is known to affect each component and may 

predispose susceptible individuals to increased weight gain (Figure 1.5). 

Disturbances of endocrine regulation and energy homeostasis underlie the association between sleep 

curtailment and obesity [143]. The temporal organisation and release of several metabolic hormones 

involved in appetite are closely aligned with sleep quality and length [144]. The most extensively 

studied model of sleep deprivation on appetite involves leptin and ghrelin and their role in the central 

control of energy balance [145, 146]. Habitual expression of leptin and ghrelin is an index of energy 

sufficiency that influences feeding behaviours [145]. Numerous studies have discerned the role of the 

endogenous biological clock and the synchronisation of leptin and ghrelin peaks during sleep [147]. 

Adequate sleep is shown to inhibit appetite via the nocturnal rise of leptin together with the 

simultaneous suppression of ghrelin to curb hunger signals [147]. By contrast, sleep deprivation has 

misaligned the internal clock leading to de-synchrony of leptin and ghrelin profiles along with the 

increased risk of obesity.  
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Obesity is further compounded by differential secretion of cortisol in a state of sleep debt. Normal 

24hr profile of cortisol is characterised by elevated peaks in early mornings and late night (quiescent 

period) with declining levels throughout the daylight [144]. However, corticotropic activity appears to 

be delayed in individuals with insufficient sleep, with a shift toward high levels of evening cortisol 

and short-term inhibition in the mornings [144]. This suspended response may promote increased 

food intake and accumulation of fat in sleep deprived individuals [148].  

Independent of appetite, sleep deprivation is associated with reduced energy expenditure mediated in 

part by the manipulation of the hypothalamo-pituitary-thyroid axis [149]. The thyroid’s role in obesity 

has been the focus of several studies and the release of thyroid stimulating hormone (TSH) may 

control energy balance in humans, shaping basal metabolic rate [150, 151]. Similar to the other 

hormones described here, TSH oscillation follows a diurnal pattern, reaching a nocturnal peak just 

after sleep onset [152]. Sleep loss is known to shift the thyroid axis resulting in decreased TSH levels 

and diminished basal metabolic rate altering cognitive and physical demands [148]. In addition, the 

disruption of neural circuits that maintain appropriate body weight may also be the result of sleep 

restriction on TSH outputs [153].     

Sleep restriction is directly related to longer waking periods that provide extra opportunities for 

unfavourable ‘obesogenic’ behaviours that promote weight gain. Intermittent snacking of readily 

available food, accompanied by increased sedentary behaviours has fostered excessive fat deposition 

[154]. Furthermore, people with low sleep often experience fatigue and sleepiness throughout the day, 

which may decrease motivation to engage in physical activity [155, 156]. Instead a high consumption 

of energy drinks to counteract tiredness has contributed to high rates of obesity [153].  Promotion of 

adequate sleep along with dietary and activity interventions may improve efficacy of current 

programs.  
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Figure 1.5: Aetiology of obesity associating the diverse components of the ‘obesogenic’ environment towards the predisposition of atypical energy processing and childhood obesity.
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 The genetics of obesity 1.6

While the trend of decreasing physical activity and increased caloric intake is responsible for the 

recent rise of obesity worldwide, it is acting on populations with a pre-existing genetic susceptibility 

to excess adiposity [157]. Twin and family studies have suggested that adiposity is heritable (40-

70%); however it is the genetic traits that influence the individual’s response to environmental factors 

that form the basis of obesity [158]. Several underlying genetic causes exist, allowing the clinical 

distinction made between three core types: syndromic, monogenic and common forms of obesity.  

 Syndromic obesity 1.6.1

Severe obesity that arises in the context of a group of associated clinical phenotypes is commonly 

referred to as a syndromic disorder [159]. Approximately 25 syndromes have been established and are 

often characterised by impaired intellectual ability, dysmorphic features and obesity caused by 

discrete genetic mutations or chromosomal abnormalities [160, 161]. The most frequent syndromic 

forms of obesity with clear modes of pathogenesis are presented in Table 1.3.  Here we describe 

Prader Willi syndrome (PWS) as an example of a syndromic disorder, associated with early onset 

obesity. 
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Table 1.3: Common forms of syndromic disorders that harbour severe obesity as one component of its clinical 

phenotype. 

Mode of Inheritance Disorder Gene 

Autosomal dominant 

Prader-Willi syndrome (PWS) 
Contiguous gene disorder involving 

chromosome 15. 

AHO syndrome GNAS 

Fragile X syndrome FMR1 

Ulnar mammary syndrome TBX3 

WAGR syndrome BDNF 

Autosomal recessive 

Bardet-Biedl syndrome BBS1-BBS12 (genetic heterogeneity) 

Alstrom syndrome ALMS1 

Cohen syndrome VPS13B 

X-Linked 

Borjeson-Forssman-Lehmann syndrome PHF6 

MEHMO syndrome - 

Simpson-Golabi-Behmel syndrome - 

Wilson-Turner syndrome - 

 

PWS is a complex neurogenetic disease that arises from aberrations in the genomic imprinting region 

of chromosome 15 [162]. Most PWS individuals harbour a de novo deletion of the paternally inherited 

15q11-q13 locus that represents approximately 70% of all cases [163]. The remaining subjects either 

have maternal uniparental (15) disomy, defects in the imprinting region or other chromosomal 

rearrangements resulting in a loss of paternally expressed genes [162]. Clinical symptoms of PWS 

typically manifest before birth and are associated with delayed motor movement and low muscle tone 

(hypotonia) [164]. Unappeasable desire for food (hyperphagia) accompanied by uncontrolled obesity 

ensues in childhood and is the major cause of morbidity and mortality in PWS sufferers if left 

untreated [164]. The obesity phenotype within PWS is distinctive as it harbours several unique traits 

to predispose individuals to increased weight gain including hoarding/stealing food, delayed meal 

cessation, pica cravings (substances with no nutritional value) and frequent hunger bouts [164]. As 

hyperphagia seems to be the primary basis of obesity in PWS, interventions targeting components 

underlying excessive eating are needed to alleviate the burden of obesity in PWS.  
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  Monogenic forms of obesity 1.6.2

Monogenic obesity is characterised by mutations within a single gene that result in excessive weight 

gain in the absence of other clinical anomalies. Due to its high penetrance and homogenous nature, 

many monogenic forms of obesity have been well established; usually involving genes associated 

with the central nervous system regulation of whole-body energy homeostasis [165]. Indeed, the first 

documented case of a single gene disorder of elevated body fat mass centered on leptin and its 

modulation of food intake [166]. Since then, a plethora of genes harbouring deleterious mutations 

within the leptin-melanocortin pathway (reviewed in section 1.6.3) were correlated with severe onset 

of obesity without any developmental delay [158]. Further characterisation of rare genetic defects 

involved with hypothalamic functioning and neural programming were also found to cause 

monogenic forms of obesity [157]. It is evident that the underlying basis of monogenic obesity derives 

from hyperphagia resulting in distortion of bodily energy balance towards increased food intake and 

reduced energy expenditure.  

 Genetics of whole-body energy homeostasis 1.6.3

The hypothalamus acts as the system-mediated regulator of converging nutritional cues and energy 

expenditure conveyed by hormonal signals from the periphery. Within the hypothalamus lies the 

leptin-melanocortin neurotransmission pathway, which serves as a nexus between the brain-gut axis in 

regulating whole-body energy balance [167]. It is therefore unsurprising that any abnormalities 

disrupting proper feedback of energy balance can cause monogenic forms of obesity.  

However, for simplicity, in this review we will discuss the role of leptin and its relationship in the 

hypothalamic control of appetite. Mechanistically, the regulation of acute energy balance relies on 

leptin and its action on the long form leptin receptors (LEPRB) located on the agouti-related protein 

(AGRP) and proopiomelancortin (POMC) first order neurons within the arcuate nucleus (Figure 1.6) 

[167]. In times of nutritional fulfilment, the rise of leptin exerts differential effects by suppressing 

AGRP synthesis accompanied with the increased production of POMC and its associated anorexigenic 

peptide derivatives,  and  melanocyte-stimulating hormone [167]. These neuropeptides project 

towards the paraventricular nucleus and compete for the MC4R substrate binding site, which underlies 

the effects of energy intake and expenditure [167]. Consequently, other circulating peripheral inputs 

including gut hormones (ghrelin, peptide YY cholecystokinin), insulin and adiponectin have provided 

further insights into the mechanistic attributes involved in regulating energy homeostasis. 
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Many genetic defects within the leptin-melanocortin pathway have been found to cause extreme forms 

of obesity. Genetic studies have characterised rare mutations localised within leptin, LEPR and 

POMC that have led to autosomal recessive forms of obesity with an early onset [168]. Perhaps the 

most common of these single-gene disorders lie within MC4R owing to the fact that these mutations 

do not appear to interfere with reproductive fitness and fertility [168]. However, many of these 

‘proposed’ defects also harbour additional phenotypical manifestations that are mild in nature [169]. 

Instead of perceiving them as ‘true’ monogenic forms of obesity, it may be more appropriate to view 

them as high risk genes that convey a strong lifetime risk of obesity.  
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Figure 1.6: The central nervous system’s role in regulating energy homeostasis through the brain-gut axis. In times of nutritional fulfilment, the rise of leptin released by adipose tissue 

binds to leptin receptors expressed by the first order neurons (AgRP and POMC) in the arcuate nucleus of the hypothalamus. The binding of leptin inhibits AgRP production along with the 

simultaneous expression of POMC and its associated anorexigenic peptide derivatives,  and  melanocyte-stimulating hormones. AgRP and -MSH competes for MC4R binding site localised 

within the second order neuron of the periventricular nucleus. The binding of -MSH stimulates MC4R activity which generates anorexigenic signals that governs energy balance via higher 

cortical centres. Conversely, AgRP supresses MC4R activity thereby leading to increased hunger signals and increased energy intake.  
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 Common (polygenic) forms of obesity 1.6.4

A large proportion of obesity does not obey Mendelian genetics (monogenic) nor is it accompanied by 

marked changes in non-food related behaviours and cognitive development (syndromic). Instead, the 

complicated segregation pattern imposed by common obesity indicates a polygenic influence, 

consequent of many genes with small effect sizes [169]. However, genetic susceptibility towards 

excessive weight gain is governed by an environment that promotes energy intake over expenditure 

[170]. Much research has focused on identifying variations associated with body weight status and 

have resulted in several candidate genes symptomatic of obesity outcomes.  

 The progression of obesity-related genetic studies 1.6.5

The novel insights determined through examinations of monogenic obesity has extended its use for 

analysing common forms of obesity. Two customary approaches (hypothesis-driven and hypothesis-

free) currently exist and have been validated over recent years in identifying numerous obesity related 

genes. The hypothesis-driven methodology relies on prior knowledge of a candidate gene and its 

pathophysiology underlying the susceptibility to particular diseases [171]. It is often cited as an 

effective technique to detect common variants of low-to-modest penetrance associated with  complex 

diseases [172]. The actual processing of candidate gene studies is relatively simple and follows a 

norm of: gene-to-phenotype identification, a polymorphic marker and a suitable cohort for analysis 

[173]. With the advancement of molecular tools and the access to publicly available gene enriched 

data (International HapMap, Ensembl, dbSNP and traseR) identifying and expediting the testing of 

gene candidacy is of relative ease [174]. 

The novel finding of leptin mutations leading to extreme cases of obesity has provided valuable 

insights of hypothalamic signalling molecules [166]. Further candidate genes for obesity-related traits 

were obtained through hypothesised roles in metabolic pathways and on evidence from experimental 

designs [175]. This has led to annual accounts of obesity-associated genes being reported in the 

‘Human Obesity Gene Map’, with the final update (12
th
) showing 127 gene submissions [175]. 

Among them, 12 putative genes (PPAR, ADRB3, ADRB2, LEPR, LEP, GNB3, ADIPOQ, HTR2C, 

NR3C1, UCP1, UCP2 and UCP3) showed significant replications in 10 or more studies, with the 

majority of them involved in whole-body energy balance [175]. Although many of these genes have 

shown associations with obesity traits, reproducing these results in separate cohorts have proven to be 

difficult; limiting the effectiveness of the candidate gene approach. Several reasons have been 

postulated including low statistical power, incomplete coverage of genetic region and restricted 

biological understanding providing  the basis of gene candidacy [176]. The ‘Human Obesity Gene 
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Map’ was last updated >10 years ago and genes identified through this process were for genes with 

hypothesised roles with obesity, rather than those containing variants known to be robustly associated 

with obesity.    

Recent epidemiological studies for the identification of genetic variations has shifted towards genome 

wide (hypothesis-free) strategies. Initial approaches focused on large-scale typing of families’ 

genomic profiles and examining specific chromosomal regions and disease trait across generations 

(genome-wide linkage). While several linkage studies have determined susceptibility loci, no 

consistent genes for obesity traits have been unequivocally identified by this method [177, 178]. 

Instead the assimilation of linkage type analysis across the entire genome has led to the advent of 

genome-wide association studies (GWAS) [179]. The first comprehensive GWAS, as part of the 

Wellcome Trust Case Control Consortium (WTCCC), strongly associated the FTO gene with 

increasing BMI in both children and adult cohorts [180]. This association was observed from 7 years 

upwards and reflects specific increases in fat mass [180]. Since then many genome-wide waves have 

been performed and has led to the expansion and cataloguing of approximately 100 BMI 

susceptibility loci primarily in the European population [181, 182]. Further independent and meta-

analysed genome wide scans testing other obesity traits to discern body fat distribution uncovered 

additional gene variants not previously detected using BMI status alone [183].  

A large fraction of genetic variance remains undetermined suggesting novel loci influencing obesity 

traits are yet to be found [182]. Missing heritability, as explained by incomplete tagging of causal 

variants, heterogeneity, and copy number (CNVs) are not routinely captured in conventional GWAS 

[183]. These observations provide support for the implementation of high-throughput DNA 

sequencing platforms for the elucidation of rare variants that are thought of as the primary drivers of 

common diseases [182-184]. The introduction of next generation sequencing techniques has allowed 

for the absolute exploration of coding regions (exomes) or whole-genome providing extensive 

coverage in the identification of disease predisposing variants [185]. Despite cost issues, several 

studies using next generation sequencing have found rare coding variants, suggesting that unique 

structural changes in the genome is associated with increased susceptibility towards measured 

metabolic traits [186, 187]. 

 The numerous waves of BMI associated GWAS-FTO leads the way 1.6.6

As discussed in section 1.6.5, the first GWAS obesity gene was FTO (rs9939609), which over time 

has established itself as the archetypical marker of obesity [180]. Subsequent studies have succeeded 

in replicating the susceptible signal conveyed by FTO variants, largely in European cohorts. Genome 

wide findings showed that people homozygous for the FTO-rs9939609 risk variant were on average 
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3kg heavier while heterozygotes (carriers of the minor allele) exhibit an intermediary weight gain of 

1.5kg [188]. Although, FTO physiological role remains unknown, the widespread expression across 

multiple tissues suggests broad functions involving a spectrum of biological processes.  

The majority of FTO variants are found to be localised within intron 1; a genomic region that is 

highly conserved among species, suggesting important regulatory interactions [189]. However, the 

reverse proximity and the high linkage disequilibrium (LD) of FTO variants to the transcriptional start 

site of RPGRIP1L may indicate a co-regulatory impact on obesity phenotype [190]. The RPGRIP1L is 

described as a transitional zone of the primary cilium that is associated with energy homeostasis 

[191]. Current evidence alludes to the transcriptional activity of both FTO and RPGRIP1L through 

binding of putative CUX1 sites. Increased expression of FTO and RPGRIP1L is found to affect leptin 

sensitivity by receptor recruitment at neuronal ciliary poles leading to reduced energy intake [192]. 

Variations within the FTO gene, as shown by the rs8050136 variant, are associated with decreased 

FTO and RPGRIP1L binding affinity resulting in differential energy homeostasis mediated by 

suppression of leptin clustering [193, 194]. However, the lack of replication and absence of clinical 

obesity in Joubert and Meckel syndromes (loss-of-function mutations in RPGRIP1L) warrants further 

investigation.  

After the initial discovery of FTO, the realisation of a larger population cohort to detect novel obesity 

loci led to the formation of the Genetic Investigation of Anthropometric Traits consortium (GIANT), 

which used meta-analysed data from seven genome-wide scans for BMI (n=16,876) [195, 196]. 

Despite increased statistical power, only one novel locus downstream of MC4R in conjunction with 

FTO was unequivocally confirmed [196]. The susceptible association of the near-MC4R variant 

(rs12970134) was also identified in a separate study consisting of Asian Indians and further tested in a 

combined cohort of Asian Indian and European ancestry suggesting an important genetic role of 

MC4R in the increased burden of adiposity [197].   

A third effort and an increased sample size (n=32,387) of European ancestry in the GIANT 

consortium led to the identification of six novel genetic loci along with the reproducible association of 

FTO and MC4R with BMI [198]. Similarly, the deCODE study (n=31,392) also determined strong 

associations for ten BMI-related loci, in which four overlapping variants were detected in the previous 

GIANT genome-wide scan [199]. These include the established FTO and MC4R loci and ten novel 

loci: TMEM18, KCTD15, GNPDA2, SH2B1, MTCH2, NEGR1, FAIM2, SEC16B, ETV5, and BDNF.  

Although, many of these new associations with BMI have previously been observed, their replication 

has been problematic, likely attributable to the large cohorts needed to detect genetic signals with 

obesity traits.  
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A fourth wave was subsequently performed comprising of 123,865 individuals from 46 population 

cohorts of European ancestry. Along with the confirmation of the twelve already known BMI 

associations established in the previous studies, a further twenty were identified making a total of 

thirty two loci explicitly related with BMI at that point in time [200]. However, as genetic studies 

progressed and the cost of GWAS gradually declined, studies utilising unique cohorts identified 

numerous BMI-associated loci further refining the biology of obesity. The most recent BMI meta-

analysed GWAS which encompassed 125 studies (n=339,224) determined a total of 97 susceptibility 

loci in which 56 were considered novel [181]. The progression of obesity associated genetic studies is 

presented in Figure 1.7. 

To date, GWAS has determined approximately 100 genetic loci harbouring single variants associated 

with BMI yielding new biological insights into obesity development [181]. Using other measures of 

obesity has also revealed novel genes associated with that particular trait resulting in phenotypic-

specific associations [201]. It seems many of the genes identified in these studies provide support for 

a role of the central nervous system to regulate whole-body energy homeostasis. As larger population 

cohorts are recruited for studies of common genetic differences, improved technology in detecting 

rare variations and advanced computational tools in analysing large-scale data, studies will continue 

to identify susceptibility loci associated with obesity traits [181].   
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Figure 1.7: The progressive timeline of obesity associated genetic studies. Genetic of obesity began by the initial discovery of the obese mouse in the 1950’s by positional cloning to the 

ongoing research using next generation sequencing technology to detect rare variants. Numerous GWAS waves typified by increased sample-size have discovered approximately 100 BMI 

associated loci. Parallel to large genome wide scans of adult BMI, other measures of obesity (PBF, waist circumference and waist-to-hip ratio) using unique population cohorts (children and 

ethnic-specific datasets) have unearthed additional obesity-related loci not previously detected in the initial studies. 
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 The ethnicity paradigm 1.6.7

To date, most large scale GWAS of obesity traits have primarily focused on European cohorts, usually 

to counteract the problem of population admixture and the high genetic variability associated with 

ethnic-based genomes [202]. Therefore, findings typically arising from European studies do not truly 

represent genetic susceptibility of obesity in other population cohorts. This is best illustrated by the 

null association of FTO markers in the predisposition of obesity within the Māori and Pacific Island 

population [203]. The discovery of FTO has led to the replicated association of variants with BMI in a 

multitude of European cohorts. However, numerous candidate gene studies have reported a negative 

association between FTO variants and BMI among the Māori and Pacific Island people surmising that 

FTO is not likely a major obesity locus in populations of Polynesian descent [203-205]. Instead, a 

very recent study has found a common obesity-associated variant unique to the Samoan people (minor 

allele frequency (MAF) =0.259) with a large effect size, not previously detected in other populations 

[206]. Studies of different ancestral populations have the opportunity to capture additional genetic 

diversity not normally present in only European cohorts.  

A further complication intrinsic with GWAS is the existence of admixture in people with two or more 

ancestral populations [207]. This is of particular concern in Aotearoa New Zealand, as the majority of 

Māori and Pacific Island people are considered ‘less pure and homogenous’ due to inter-marriages 

with Europeans [208]. Often admixed populations have high genetic variation that differs in 

proportion to their ancestry leading to apparent associations at markers that are unlinked to disease 

loci [209]. Heterogeneity of admixture has created a barrier to genetic mapping of disease 

susceptibility in association studies. However several statistical based techniques have been used to 

prevail over population sub-structure and inferring genetic ancestry including structured association 

(STRUCTURE and STRAT) and principal component analysis of ancestral specific genetic markers to 

cluster analogous ethnicities together [210].    

 The gene-environment paradigm  1.6.8

While conventional GWAS has provided novel insights into the biological mechanisms underpinning 

disease traits, a common feature overlooked is the effect of modifiable environmental exposure on the 

clinical presentation of disease phenotype [211]. Several proposed gene-by-environmental systems 

have been described to increase power of detection of novel variants, which otherwise may be missed 

when environmental interaction is disregarded (reviewed by Perusse et al [212]). Furthermore, 

established variants may have varying effect sizes once certain components of the environment have 

been ascertained. This is best exemplified by the pronounced attenuation of FTO association on 
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obesity when physical activity and dietary influences were accounted for [213-215]. The identification 

of gene-by-environmental interactions may aid the development of predictive models and can advance 

personalised medicine by assessing an individual’s response to a particular treatment regime. 

However, it is theorised that the effect of the genetic component for certain complex diseases is 

simpler in children, where the relative environmental exposure is substantially lower [216]. Therefore, 

a child demonstrating greater adiposity is likely due to occur because of genetic influences rather than 

the relative timing of environmental contact.    

 Testing adult discovered loci in children  1.6.9

A common perception in many GWAS is the continued association of genetic variations that tracks 

from childhood towards adult life. However, patterns of obesity change may be phasic such that 

associations are altered over the life course [217]. Several studies have highlighted the age-related 

trends of FTO and MC4R, such that strong associations were evident during childhood, peaked in 

early adulthood and declined thereafter with increasing age [217-219]. Therefore, identification of 

specific genetic loci limited to early life is an ideal approach for targeted intervention compared to 

variants that only appear later in adulthood.  

The concept of distinct association was tested by Zhao et al. in which 32 variants of genome-wide 

significance with BMI (GIANT consortium) was extended towards a large cohort of European 

children, aged 2-18 [220]. Significant associations were found for nine gene variants (FTO, TMEM18, 

NRXN3, MC4R, SEC16B, GNPDA2, TNNI3K, QPCTL and BDNF) that contribute to the pathogenesis 

of common childhood obesity [220]. Furthermore, a total of 28 variants yielded directionally 

consistent effects to that of the adult BMI meta-analysis [220]. Additional studies investigating 

obesity trajectories over time have found that the majority of obesity conferring variants found in 

adult cohorts are also operating in early-life [221-223]. 

However, several studies did find separate associations present only in childhood suggesting a 

different subset of genes driving some paediatric obesity. Both the SDCCAGB and TNKS/MSRA loci 

were robustly associated with early-onset extreme obesity (BMI>97th percentile, with most cases 

having BMI>99th percentile) in European children, which were only mildly associated with BMI in 

adults [200, 224]. A subsequent meta-analysed study using lower BMI cut-off limits to represent 

common obesity also found two novel genetic loci (HOXB5 and OLFM4), in addition to seven already 

known adult loci (FTO, POMC-ADCY3, MC4R, FAIM2, TNNI3K  and SEC16B) in a paediatric 

setting [225]. Most recently, a genome wide meta-analysis of approximately 47000 children across 33 

studies identified 15 loci associated with childhood BMI in which three were considered novel (ELP3, 
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RAB27B and ADAM23) [226]. The use of a paediatric approach was able to identify novel loci below 

detection threshold in adult GWAS, suggesting age-dependent determinants of weight gain.  

 Summary 1.7

The first section of this literature review has explored the aetiology of obesity and its associated 

health implications. It is evident that obesity is a multifaceted complex disease and is the consequence 

of the interplay between genetic influences with the ‘obesogenic’ environment. Historically however, 

obesity was not an issue in the pre-Westernised era and may be considered an advantageous trait 

during times of environmental hardship and periodic food shortages- a response that is now 

maladaptive in the present-day world where famine is uncommon and food plentiful. The second 

section of this literature review outlines genetic related hypotheses explaining the evolutionary 

precedent of childhood obesity.  
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   CHAPTER 2

The evolution of obesity  

 

 

 Abstract 2.1

Obesity is a major global issue, associated with a range of health problems, including an increased 

risk of type 2 diabetes mellitus (T2D), cardiovascular disease (CVD) and premature mortality. While 

there are clear environmental drivers of obesity, several genetic and epigenetic theories co-exist to 

explain the recent worldwide increase in obesity. This review summarises the mechanistic evidence 

behind current genetic and epigenetic hypotheses around the underlying causes of obesity, in the 

context of early life development. We discuss both the epigenetic evidence underpinning the ‘thrifty’ 

phenotype and genetic evidence underpinning the fetal insulin hypothesis, which explain the 

observations linking birthweight and adult obesity/T2D developing within an increasingly obesogenic 

environment.
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   Introduction 2.2

Obesity is a public health epidemic and its global prevalence is increasing rapidly [227]. It was 

estimated that worldwide, approximately 37% of adults were considered either overweight or obese 

(BMI≥25) [228]. Moreover, predictive studies based on current population have projected a 33% 

increase in worldwide obesity prevalence by 2030 [229, 230]. Higher-income members of the 

Organisation for Economic Co-operation and Development (OECD) countries are expected to show 

an even higher prevalence [231].  

Of concern, is the alarming increase in childhood obesity.  Cross sectional surveys from 188 countries 

determined a marked global increase of overweight and obesity rates in children from 1980 (16%) to 

2013 (23%) [228]. Furthermore, there are apparent variations in the levels and trends of childhood 

obesity with distinct global patterns indicating significant demographic differences. In Aotearoa New 

Zealand, the prevalence of childhood obesity, which increased from 8% in 2006/2007 to 10% in 

2013/2014, is unevenly distributed within different ethnicities, with higher rates of obesity observed 

among New Zealand Māori (18%) and Pacific Island children (26%) [1]. Similar disturbing trends are 

also observed in both the United Kingdom (UK) and the United States of America (USA). Despite, 

obesity being high among USA (16.9%) and UK (13%) children, ethnic disparities account for 

differences in obesity prevalence, with Caribbean, Hispanic and African American subpopulations 

being particularly at risk [232-234].  

A spectrum of non-communicable chronic diseases including type 2 diabetes mellitus (T2D), cancer, 

sub-fertility, cardiovascular and autoimmune disorders are associated with obesity and have generally 

been attributed to metabolic changes related to increased adipose tissue [235]. Increasing obesity rates 

and its associated co-morbidities have led to substantial increases in health-care requirements and 

economic resources [236]. Furthermore, pervasive weight-related stereotypes and stigma are inherent 

in the obese population, creating additional emotional burden and negative social attitude towards 

obesity [237, 238].   

While changing dietary practices and sedentary lifestyles are the primary contributors to the rising 

obesity epidemic other factors, such as education and socio-economic status are also known be 

involved [3, 239]. At the most basic level, obesity is a direct consequence of energy-imbalance 

resulting from greater food intake and reduced energy expenditure [8]. A state of positive energy 

balance worldwide has contributed to the increase prevalence in obesity. The underlying cause of 

positive energy balance can be considered an apparent bias of the homeostatic mechanisms that 

control body weight through satiety, energy extraction from diet and dissipation of energy as heat, 
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against storage into fat (both at a cellular mitochondrial uncoupling level and at the macro level as 

resting energy expenditure) [240].  

Genetic evidence directed towards the asymmetric control of long-term weight stability is highlighted 

by leptin and its role within satiety responses and energy balance. Low level of leptin is an index of 

energy insufficiency that influences biological actions into increased energy intake accompanied by 

reduced energy expenditure [240]. Positive associations between low leptin levels and decreased 

resting energy expenditure (at low adiposity) reflect an adaptive mechanism of leptin to conserve 

energy in times of nutritional deprivation [241]. Yet an increase in leptin above normal range, 

normally associated with higher levels of adiposity, was without effect of metabolic adaptations [241]. 

This is consistent with the experience that there are stringent homeostatic mechanisms in place, to 

control weight loss but not with weight gain. Other monogenic examples of satiety and energy 

balance, including POMC and MC4R, may follow the same trajectory as leptin in terms of biological 

control of weight and stability. 

Furthermore, the biological control of body weight can be aggravated by current lifestyle habits, 

especially alterations in the ability to extract energy from the diet. In the present environment, the 

heightened response for energy dense food is considered a reward-seeking behaviour favouring fat 

deposition in times of affluence. This effect may be mediated by genetic variation involved with 

‘reward circuitry responsiveness’ resulting in associated changes with selection of food and weight 

status [152, 242].  

These homeostatic mechanisms prevent people from gaining weight at more rapid rates than are 

currently seen amongst the most sedentary individual who practices eating restraint within the 

‘obesogenic’ environment. Those with tighter homeostatic mechanisms that promote normal body 

weight have the benefit of either “getting away from unhealthy lifestyles” or attribute their normal 

weight to the variable practice of a “healthy lifestyle”. Therefore, the continual source of debate 

largely surrounds the relative contributions of the factors such as genetics, epigenetics, and 

metagenomics. 

Over time, the population distribution of obesity has positively skewed towards increased BMI such 

that the upper limits of the curve has lengthened with a shift of the mean and prevalence of extreme 

obesity but with little to no changes at the lower thresholds (Figure 2.1) [243]. This increased 

skewing may be attributed to how an individual responds to the obesogenic environment with larger 

people gaining weight much easier compared to smaller people [243]. This trend fits with the 

hypothesis that homeostatic mechanisms can be shifted upwards (promotion of increased bodyweight) 

but it is difficult to reset at a lower threshold (hence harder to lose and maintain weight loss). 
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The trajectory to childhood obesity starts before birth, and it is now proposed that subtle differences 

within the human genome may modify developmental programming and increase risk towards obesity 

[244, 245]. More specifically, these include epigenetic alterations in regulatory pathways that control 

‘thrifty’ homeostatic mechanisms that predisposes towards increased energy storage as opposed to 

depletion [246]. In contrast, the fetal insulin hypothesis proposes that genetically determined insulin 

resistance or defects in insulin secretion results in both impaired insulin-mediated growth in the fetal 

(hence low birthweight) and subsequent disorders linked to insulin resistance or low insulin secretion 

in adult life (hence propensity to T2D) [247]. 

  

Figure 2.1: The projected distribution of BMI in the context of the current ‘obesogenic environment’. A skewed 

distribution of BMI towards the upper limit (lengthening of the upper tail) with a subsequent shift of the mean and 

prevalence of extreme cases of obesity is observed. No changes occur towards the lower end (left) suggesting that 

homeostatic mechanisms can be shifted upwards (promotion of increased bodyweight) but difficult to reset at a lower 
threshold. 
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 Review selection 2.3

This narrative review focusses on the genetics and epigenetics of obesity in the context of early life 

development. Relevant literature reporting evidence for genetic and epigenetic causes of obesity was 

identified through an electronic search of papers in PubMed. Keywords such as “thrifty gene”, “thrifty 

phenotype” “fetal insulin” and “childhood obesity” were used. We further extended our search to 

include original papers on the recent rise of obesity focussing on those with a genetic, epigenetic and 

programming premise. 

 Genetics of obesity 2.4

The global increase of obesity is primarily due to the environmental factors that promote prolonged 

positive energy balance [248-250]. This includes the constant availability of energy-dense food, in 

conjunction with unhealthy lifestyle choices, usually typified in association with low physical activity 

[250]. Although amplified by the ‘obesogenic’ environment, obesity may also be facilitated by an 

individual’s inherited predisposition to excessive weight gain [249, 250]. Familial studies have found 

that obesity is heritable (40%~70%), and that this is explained by genetic traits that influence the 

individual’s response to diet and activity [248-250]. Extreme examples include the excessive 

accumulation of fat associated with syndromic forms of disease, including Prader-Willi and Bardet-

Biedl syndromes [251]. Mutations in genes associated with appetite signalling have also given rise to 

rare monogenic forms of obesity usually defined by excessive weight gain in the absence of other 

clinical abnormalities. Family and animal studies have determined defects within the leptinergic-

melanocortinergic (MC4R, Lep) pathway that have resulted in extreme early-onset obesity [168]. 

However, for the purpose of this review, we will focus on common polygenic forms of obesity usually 

attributed to multiple genetic factors.   

 ‘Thrifty’ gene hypothesis 2.5

One theory postulated for the modern emergence of obesity suggests that obesity is the result of an 

ancient predisposing genetic capacity to withstand starvation under extraordinary conditions [252]. 

This was first suggested in relation to the hunter-gatherer populations in the late Palaeolithic era 

where episodic periods of ‘feast’ and ‘famine’ were common [251, 253]. It states that early humans, 

who had the genetic tendency to deposit fat in times of ‘feast’, had greater survival and reproductive 

rates during ‘famine’, resulting in the preferential selection of ‘thrifty’ genes [251, 253].  
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Similar to the selection of ‘thrifty’ genes that increased survival during famine, there is a strong 

likelihood that certain genes were also selected to support obligatory physical activity [254]. The 

procurement of food to ensure the existence of the human race was dependent on physical activity, 

and selection of gene variants associated with physical activity and energy efficiency would favour 

survival. It was therefore suggested, that early humans had developed efficient metabolic pathways 

driven by cycles of ‘feast-famine’ and ‘physical activity-rest’ [254]. Adaptive mechanisms necessary 

for cycling and replenishing of fuel stores during food shortages being punctuated by episodic 

physical activity and storage of fat [254]. The combined effect of these processes would provide a 

much larger genetic drive for the inheritance of thrifty genes. The benefit conferred by thrifty 

genotypes that provided a survival advantage during human evolution is now presented as a 

potentially detrimental trait favouring fat deposition in times of affluence. Without the concomitant 

periods of fasting and constant physical activity to maintain appropriate body weight, metabolic 

processes have stalled resulting in excessive storage of fuel and the development of chronic diseases 

[254]. 

However, against the thrifty gene hypothesis is that the time course of increasing common obesity is 

very recent, suggesting that it could not be due to changing alleles over that period [255]. Genes 

predisposing some individuals to be more susceptible to the recent environment could be at work as 

can the impact of genotype, epigenotype and metagenomics. This review summarises the role of 

genetic influences on obesity and how this may affect the development of obesity in the context of 

early life development. As it will be discussed, current genetic data obtained from genome wide 

association studies (GWAS) does not provide unequivocal evidence for the actual presence of the 

‘thrifty’ gene hypothesis.  

 Obesity associated hypotheses 2.6

The genetic basis of obesity is not disputed. Many obesity-associated loci identified through GWAS 

and replicated in candidate studies allude to gene variants as an important determinant in the 

development and progression of childhood obesity. However, it’s the concept of ‘genetic thrift’ and 

the lack of concrete evidence that has reduced support for its use as a credible cause of obesity [255]. 

Researchers have questioned whether episodic periods of famine could provide sufficient pressure for 

selection of ‘thrifty’ genes [246, 253, 255] and alternative hypotheses have been proposed which 

challenge the original simple concept [255]. For the purposes of this review, discussion will be 

confined to the ‘thrifty’ phenotype and ‘fetal insulin’ hypotheses [247, 256] 
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 ‘Thrifty’ phenotype hypothesis 2.7

The ‘thrifty’ phenotype hypothesis was developed based on associations between fetal metabolic 

programming and increased risk of obesity and T2D determined by the nutritional status of the mother 

[256, 257]. Maternal nutritional deficiency during pregnancy would lead to metabolic ‘programming’ 

in the developing fetus which leads to a bias towards energy conservation [246]. Developmental 

programming would therefore confer an advantage, promoting fetal survival in times of nutritional 

deprivation [257, 258]. However, the thrifty phenotype stated that if there was relative abundance in 

postnatal life, the protective mechanisms promoting energy conservation would predispose towards 

obesity. This was later extended to the still controversial ‘mismatch hypothesis’ which proposes a 

‘predictive adaptive response’ so that when the postnatal environment does not continue to match that 

experienced, and adapted to, by the fetus in utero then there is an increased risk of adverse health 

outcomes later on in life [257-259]. The ‘thrifty’ phenotype hypothesis can be summarised as the 

manipulation of the offspring’s growth, aligned with the mother’s environmental experience during 

pregnancy, although in its original form it was centred around maternal nutrition [260]. Several 

alternate versions of the ‘thrifty’ phenotype hypothesis were proposed since its initial proposal, 

including the maternal fitness, weather forecast and predictive adaptive models [260-262]. While they 

may differ slightly in their interpretation, all agree that information gathered about the external 

environment in utero may persistently affect metabolic pathways in early fetal or postnatal life with 

consequences for the health of the child, including obesity.  

Improved understanding of the environmental control of gene expression through epigenetic pathways 

has led to the suggestion that the epigenome may serve as the nexus between structural genetic 

changes and the ‘thrifty phenotype’ hypotheses. The ‘epigenotype’ hypothesis was proposed to 

describe the complex interaction between aspects of the human genome and the environment to aid 

fetal survival during times of hardship [263]. The environmentally triggered phenotypes in the 

developing fetus are thought to undergo epigenetic modification which includes genome-wide 

changes in methylation patterns and histone structures [264, 265]. This epigenetic regulation, is 

proposed as the molecular basis of early plasticity and mediates metabolic programming of the 

offspring [265]. The epigenome is most sensitive during embryonic and fetal life; indeed precise 

coordinated changes in methylation play a fundamental role in genetic imprinting in the early embryo, 

and contribute to development during fetal life [264]. The main evidence for this has been found in 

umbilical cord samples that examined Retinoid X Receptor (RXR) methylation which was related to 

maternal nutritional status and also to subsequent obesity [266]. Further evidence of epigenetic 

regulation in the aetiology of human disease relates to methylation signatures identified in the Insulin-

like Growth Factor 2 (IGF2) from offspring of those who lived through the Dutch famine [267]. 
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Several animal models also suggest that maternal nutritional deprivation during pregnancy can induce 

alterations in the epigenome as an adaptive mechanism for the predicted environment [268, 269].  A 

mismatch between the fetal adjusted epigenome with a nutrition rich environment can lead to 

disrupted development, resulting in disease susceptibility [264, 270]. Epigenetics was not explicitly 

mentioned in the original paper by Hales and Barker, but it is now considered an integral component 

of the ‘thrifty phenotype’ hypothesis.  

 Fetal insulin hypothesis 2.8

This hypothesis proposes that genetically determined insulin resistance which results in impaired 

insulin-mediated growth in the fetal (hence low birthweight) is thereby linked to insulin resistance in 

adult life (and propensity to T2D hypertension, coronary artery disease, and potentially also obesity) 

[247]. Insulin secreted by the fetal pancreas in response to maternal glucose concentrations is a key 

growth factor. Studies have shown that glucose levels during pregnancy are directly correlated with 

birthweight, suggesting the secretion of fetal insulin in response to maternal glucose is a critical 

determinant in the progression of fetal growth [271, 272]. Monogenic diseases that impair sensing of 

glucose, lower insulin secretion or increase insulin resistance are all associated with impaired fetal 

growth [247].  

The evidence for the fetal insulin hypothesis comes from several genetic studies that have shown that 

polygenic influences resulting in T2D through either insulin resistance or reduced beta cell insulin 

secretion in the normal population are also demonstrated to result in lower birthweight [273].  

Evidence for a genetic contribution to the association between low birthweight and susceptibility to 

T2D stems from studies showing that genetic variants in the CDKAL1 and HHEX-IDE genes that 

predisposes to diabetes, if present in the fetal, are associated with reduced birthweight [274, 275]. 

  Direct genetic influence of birthweight 2.9

Maternal genotypes may have opposing effects on offspring birthweight compared to fetal genotypes. 

A recent Mendelian randomisation study provided evidence of a causal association between 

genetically mediated maternal traits and offspring birth outcomes in both directions. Genetic variants 

associated with increasing maternal BMI and blood glucose were directly linked with higher offspring 

birthweight, whereas, genetically mediated elevated blood glucose was correlated with lower 

birthweight [276]. 

Fetal genotypes can also directly influence fetal growth. Very recently, a meta-analysis of 37 genome-

wide studies have identified 60 loci associated with birthweight [277]. The underlying genetic 
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contribution between birthweight and life-course associations indicate positive correlations with 

obesity related-traits including waist circumference and BMI [277]. The impact of the maternal 

genome may be in part, mediated by the perturbation of the early life environment [277]. Exposures 

influencing intrauterine growth could be on the causal pathway to susceptibility to T2D and obesity 

because genetic variants related to low birthweight also segregate with risk of metabolic disease.  

 The transition of obesity hypotheses 2.10

Conditional to the actual presence of ‘thrifty’ genes (and there is no explicit testing to support its 

application), historical evolutionary pressures would allow certain genetic variations to possess 

‘thriftier’ metabolic qualities than others [263]. If these ‘thrifty’ genes provided a greater advantage 

for early humans to survive periods of ‘famine’, we would expect the constant preservation of these 

‘alleles’ during human evolution. As a consequence, the modern population would inherit these 

ancient ‘thrifty’ alleles resulting in clinical obesity when exposed to the ‘obesogenic’ environment. 

However, the presence of ‘wild-type’ phenotype (non-obese individuals) in the natural population 

suggests a reduced sensitivity of allelic variation, rendering it invariant to different environments- a 

phenomena termed genetic canalisation [263]. Furthermore, the ‘thrifty’ gene hypothesis has been an 

oft-cited and recurring argument in populations that exhibit high rates of obesity and T2D including 

the Pacific Island, Pima, Asian Indians and Latin Americans [278]. It seems that the only people to 

not fit this hypothesis are European populations [278]. Instead, epigenetics has evolved to maintain 

structural integrity of the genome while adapting to extreme environmental conditions to aid fetal 

survival [263].  

Most hypotheses outlined in this review (‘thrifty’ gene and ‘thrifty’ phenotype) describe scenarios in 

times of nutritional deprivation, a common feature of history. Over-nutrition is a newer and 

increasingly prevalent example of a detrimental environmental condition relevant to today’s society, 

especially during perinatal life [279, 280]. Studies in experimental animals have shown that transient 

over-nutrition during early life development has severe persistent effects on the neuroendocrine 

system resulting in increased morbidity [281].  

Populations in developed countries are exposed to a common environment under conditions of 

affluence and plenty. According to the ‘thrifty’ phenotype hypothesis, metabolic adaptations of the 

fetus to the expected environment are determined by the mother’s experience of the environment 

during pregnancy [260]. This is considered a contentious point as some may believe there is no 

evolutionary precedent for over-nutrition. Instead it would be considered not as an adaptation but a 

pathological consequence of an environment of plenty. However, we believe it would result in an 

inversely normally distributed profile between birth weight and risk of developing obesity later on in 
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life. Initially, the ‘thrifty’ phenotype hypothesis will act as a short-term adaptation to increase the 

survival of the fetus, in times of nutritional deprivation [260, 264, 265]. Over-nutrition and the 

presence of maternal obesity and gestational diabetes mellitus during pregnancy has conversely 

resulted in the altered developmental processes of the fetus, not necessarily advantageous, and 

increased risk of chronic disease later on in life, similar to the under-nutrition end of low birthweight. 

The problem herein lies with the individual’s genetic make-up that has been shaped throughout 

evolution during times of hardship, but now is considered detrimental in today’s environment of 

nutritional surplus [282]. The world has undergone a dramatic nutritional and industrialised transition 

characterised by the availability of high caloric foods and reduced physical activity [282]. Our genes 

cannot adapt to the fast-paced environmental transition, resulting in metabolic stall. In addition, there 

has been no reproductive compensation for this situation, as obesity only has a mild effect on 

reproductive outcomes. This has not led to a marked decrease in fertility, which would allow for the 

reduction in the frequency of these genes variants. With the rise of medical assistance and the use of 

reproductive technologies for those with obesity and metabolic syndrome, including poly-cystic 

ovarian syndrome, traditional mechanisms of natural selection may not allow for this situation to 

change. Developmental plasticity remains the problem. The differences is that the fetus is not 

adapting but responding adversely to the stimuli, there is no evolutionary genotype ‘break’ or adaptive 

process which might prevent fetal overgrowth.  

 Combined gene-environment (in-utero and ex-utero) interaction 2.11

As summarised above, it is increasingly apparent that there is not one all-encompassing mechanism to 

explain the recent rise in obesity. Instead, it involves a complex interaction between genotype, 

epigenome, maternal traits and environmental factors from the earliest stages of life to adulthood. 

Additionally, the nature of the environmental exposure will have different effects in different 

individuals. We consider that early metabolic programming by the in-utero environment (‘thrifty 

phenotype’) combined with fetal genotypes and maternal traits (underpinned by both maternal 

genotype and environmentally influenced behaviour), resting on a lifetime ex-utero exposure to 

inherited genetic factors (genotype) play overlapping roles in the development of obesity. However, 

the relative contributions of each of these factors towards obesity development are very much 

different. Numerous GWAS of obesity has identified a plethora of susceptibility loci, yet these 

differences only account for ~2.7% of variation [181]. Similarly, we hypothesise that the in-utero 

environment also has a smaller contribution on the predisposition of obesity when compared to ex-

utero environmental factors. It is clear, that the degree of influence by the ex-utero environment is the 

strongest drivers of obesity, but it is acting on populations with a pre-existing genetic susceptibility to 

excess adiposity [157].  
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The individual structural differences within the human genome will allow certain people to possess 

‘thriftier’ qualities than others. When this is combined with the mother’s environment from 

conception to birth, there will arise a super-imposed effect between genetic and epigenetic regulation 

to alter the risk of obesity during childhood, which may persist into adulthood (Figure 2.2). It is 

proposed that the progression to an obese phenotype is determined by the epigenetically influenced 

molecular pathways in-utero, in response to the expected external environment [263, 265]. This risk is 

further compounded by the individual’s fixed genetic make-up, which may directly enhance 

susceptibility to obesity or alter fetal growth and birthweight (correlated with later life obesity) 

resulting in a dosage effect. In addition, associations between fetal genetics and birthweight may 

reflect through genetically determined maternal traits and its modification of the intrauterine 

environment [277]. Mendelian randomisation studies have shown genes associating with insulin 

resistance manifest as hypertension or higher blood glucose resulting in lower or higher birthweight, 

but common to both in later life of obesity, T2D and hypertension [276]. The plasticity of epigenetic 

modification may allow subsequent generations to re-interpret their developmental processes in 

accordance with the environment irrespective of their genotypes. This adaptation can be viewed as a 

‘refresh’ button and is crucial in terms of the fetal reprogramming which improves optimal fitness in 

future generations without altering our genetic information.  
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Figure 2.2: Super-imposed effect of genetic variation with epigenetic modification giving rise to differences in obesity 

risk. Depending on the number of risk/protective alleles- most people would lie within the shaded area. SGA represents 

small-for-gestational age and LGA represents large-for-gestational age babies. 

 

The robust quantification of the environmental exposures over the recent years has given us the 

unique opportunity to study how gene-environment interactions may improve models of disease 

development. Accessibility to environmental information in dated studies is often conceptualised as a 

binary or a frequency variable questionnaires, which introduces systematic bias when establishing 

disease-by-environmental relationships [283]. However, with novel technological frameworks for 

information collation and use, the collection of environmental data has improved over the 

conventional means of standard questionnaires in recent times [283].  

The inclusion of environmental variables in large cohorts may allow us to identify novel variants 

previously not detected in basic association analysis. Most GWAS studies have compiled a list of 

variants associated with disease phenotype without accounting for environmental exposure. The 

common FTO variant has been shown to be associated with BMI status in several large studies and is 

considered the archetypal gene of obesity [180, 284-286]. However the detrimental association 

conveyed by the FTO gene variant was dampened by increased physical activity suggesting gene-
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environment interactions is ubiquitous in complex genetics [287]. It would not be surprising to 

discover additional gene variants by investigating gene-environment interactions and understanding 

how they contribute to disease risk. One of the questions we have to address in the future is how the 

genotype would be prone to epigenetic modification mechanistically. Variations in our genome may 

alter chromatic structure or cause differences in methylation rates in CpG islands. Understanding the 

mechanistic attributes of genetic differences within putative epialleles can provide us with an 

improved understanding of disease development. 

 GWAS-Is there any evidence for ‘thrifty’ gene? 2.12

The presence of many as yet undefined genetic differences located in the human genome may provide 

evidence for the existence of the ‘thrifty’ gene hypothesis. The utilisation of GWAS across different 

populations coupled with the recent advancement of next generation sequencing is consistently 

identifying novel genetic variations associated with obesity traits [181, 186] . The possibility of 

GWAS yielding insights into the evolutionary perspective of conserved common gene variants may 

provide important information about gene selection, presumably some of them ‘thrifty’. Early GWAS 

was initially used as a tool to identify genetic variations associated with the obese phenotype. 

However, the systematic cataloguing of genetic variation with disease trait has provided us with a 

quantitative opportunity to understand the structure and spread of potential ‘thrifty’ alleles. The first 

comprehensive obesity related GWAS was performed by Frayling et al 2007, which led to the 

discovery of FTO association with BMI [180]. Since then a plethora of GWAS across many large 

population cohorts have led to the association of many gene variants with different measurements of 

obesity [181, 200, 288].  The most recent GWAS of BMI has identified 97 BMI-associated loci, yet 

the impact of these loci is markedly low, explaining approximately ~2% of BMI variation [181]. 

Furthermore, genome-wide estimates suggest that common variation accounts for less than 20% of 

BMI [181]. It would not be surprising that some of these variants (or unidentified variants) may 

harbour ‘thrifty’ qualities. The presence of ‘thrifty’ alleles within and between populations may be a 

result of a historical positive selection that was conserved in the human genome during evolution.  

However several studies investigating GWAS as a means to evaluate the presence of genetic ‘thrift’ 

has failed to unequivocally provide evidence on consistent patterns of selection with disease traits 

[289-291]. Moreover, the majority of GWAS have been conducted in large European cohorts; yet the 

‘thrifty’ qualities seem to only apply for the minority groups especially in populations that 

experienced periodic food shortages, migrated away from central European locations and have 

become more exposed to natural selection for survival [278]. It may be that the genetic susceptibility 

to obesity is more profound in populations that are in the transition stage towards a contemporary 

‘obesogenic’ environment. Further characterisation of genetic variants determined by GWAS and 
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replicated in candidate gene studies may unearth novel ‘thrifty’ alleles which could be common risk 

factors for obesity among specific indigenous populations suggesting a need for genetic research away 

from European dominant studies.  

 Revisiting the ‘thrifty’ gene hypothesis- the Polynesian population 2.13

A great deal of disagreement surrounds the presence of ‘thrifty’ genes and its effect within the 

‘obesogenic’ environment. The lack of conclusive evidence suggests ‘thrifty’ alleles would not exist 

in a stable polymorphic state under the current conditions where evolutionary selection in modern 

times is relatively undeveloped [292, 293]. However, ethnic groups, whose ancestors experienced 

vastly different environmental niches have shown differential patterns of growth and susceptibility to 

later life obesity. This observation is particularly true in the context of the New Zealand population, 

where the rates of childhood obesity are markedly high among the Māori (15%) and Polynesian (30%) 

children when compared to New Zealand European children (7.7%) [1]. One could argue that an 

underlying genetic susceptibility unique to the Polynesian people is the source of substantial 

variability in weight gain as the environmental exposure to the general populace remains stable.  

The Polynesian people represent a distinctive population cohort with a high prevalence of obesity 

making them important for studying to gain valuable insights into the potential complex interactions 

of genetics and environment [206]. Putative selection pressure in ancestral life when seasonal and 

climatic changes resulted in periodic shifts of food availability could shape the genome that favours 

greater energy intake as opposed to expenditure [292, 293]. However, the propensity towards 

excessive weight gain seemed to coincide with the adoption of a European lifestyle and dietary habits 

under affluent conditions.  

The environmental selection of the PPARGC1A (rs8192678) risk allele among the Tongan people was 

suggested as a prospective ‘thrifty’ gene that promotes increased fat storage and adaptive 

thermogenesis during prolonged starvation [205]. Moreover, the high allele-frequency gradient of the 

rs8192678 variant among the Polynesian people compared to global averages further supports the 

positive local disposition of PPARGC1A [205]. Despite some evidence for potential ‘thrifty’ 

tendencies, the low statistical power may weaken the level of evidence supporting the potential 

association of the ‘thrifty’ gene. 

Until very recently there were no confirmed associations of any loci with weight measures in any 

Pacific population. By GWAS, the identification of a novel missense variant (rs373863828) localised 

within the CREBRF gene was found to be associated with increased BMI in the Samoan population 

[206]. Similar to PPARGC1A, the CREBRF-rs373863828 variant is relatively widespread only within 
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the Samoan population (MAF=0.259) and is known to induce a large effect size (1.36-1.45kg/m
2
) not 

previously detected in other common obesity risk variants [206]. Functional studies have determined 

important cellular bioenergetics of the CREBRF-rs373863828 variant through the promotion of 

energy conservation and decreased expenditure [206]. Furthermore, the absence of this gene has led to 

the clinical presentation of the ‘leanness’ phenotype in animal models suggesting a pivotal role in 

organismal energy homeostasis [294]. Unlike the initial Myles et al study, the CREBRF-rs373863828 

was determined through GWAS and functional assays provides further support for the ‘thrifty’ gene 

hypothesis as an explanatory mechanism in the development of obesity.  

While these studies shed some novel insights into the impending mechanism of genetic ‘thrift’, other 

ethnicities facing similar evolutionary pressures have considerably lower frequency of obesity when 

compared to the Polynesian people [293]. Furthermore, the absence of selection signature and 

replication of the PPARGC1A [295] and the lack of replication of the CREBRF locus across other 

Polynesian populations suggests that these genes are not necessarily ‘thrifty’. Instead the high allele 

gradients observed in these studies are more consistent with the presence of serial founder 

populations. While we are not discounting the effects of nutritional exposures in the advantageous 

disposition of gene variants, alternative historical selection forces, such as resistance to viral 

epidemics, are more likely to underpin novel genes associated with obesity [278].  

 Environment is the key 2.14

It is well known that epigenetic modification is an inherent feature of all organisms. Much research is 

exploring the process of how environmental influences can alter the epigenome which can lead to 

adverse health outcomes later on in life. The timing (both in-utero and ex-utero) and intensity of 

environmental exposures also appear to be important and their effects operate for variable periods of 

time on the epigenotype [296]. These systemic epigenetic imprints are prone to variability brought 

about by maternal exposures that could lead to differential rates of childhood obesity and may 

transcend towards the health of subsequent generations [297].  

However the exact mechanism on how the epigenome exerts its effects remains poorly understood. 

Animal models have offered valuable insights on how epigenetic changes, when exposed to extreme 

environmental conditions, can alter developmental programming resulting in increased risk of 

obesity-related diseases by altering homeostatic mechanisms. However, the underlying issue with 

these animal models is that they do not accurately represent daily lifestyle patterns of human beings. 

Most animal studies have subjected their test models to severe nutritional change (high-fat, low-

protein), to test whether alteration in their epigenetic profile could lead to the development of obesity 

[298-303]. While these studies have demonstrated that disturbances in early life are critical in 
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determining disease susceptibility in adulthood, they do not fully bridge the gap between animal 

behaviour and the complexities of the human condition.  

  Conclusion 2.15

There is evidence for a combined effect of both fixed maternal and fetal genetic variations and 

epigenetic variations which collectively impart a ‘thrifty’ phenotype process, that when facilitated by 

an ‘obesogenic’, environment gives rise to obesity. All individuals will be subjected to intra-uterine 

modification and will subsequently have different metabolic activity based on the offspring 

experience of the maternal uterine (minor contribution) and ex-utero environments (major 

contribution). Obesity, in today’s population is a reflection of both genetic (both maternal and fetal) 

and metabolic influences during pregnancy assisted by the modern environment to promote excess 

energy intake and storage of this as fat.  
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 CHAPTER 3

Research Objectives 

 

 

 Objective 1: Genetic association with obesity traits 3.1

Obesity has an enormous impact in New Zealand, which is the third most obese among OECD 

countries. Of concern, is the significant increase in childhood and adolescent obesity. Currently, 10% 

of all New Zealand children (aged 2-14) are obese and are on the trajectory to becoming obese adults 

later in life [1]. Factors identified early in the life cycle may be more amenable to interventions 

compared with strategies which target children who are already overweight or obese. The focus of this 

thesis is on the comprehensive characterisation of the relative contribution of susceptibility genetics 

and obesity traits in New Zealand children. We have performed a candidate gene approach using pre-

specified genes that have previously been associated or were suspected to harbour a biological role 

predisposed towards obesity development.  

1) To investigate putative associations between genetic variations selected on the basis of 

prior association and suspected roles with BMI standardised scores (BMI z-scores) and 

Percentage Body Fat (PBF) using 6 year old European children of Screening for 

Pregnancy Endpoints (SCOPE) cohort. 

 Objective 2: Gene-by-“healthy” diet interactions on obesity traits 3.2

Global shifts characterised by poor nutritional intake and reduced physical activity levels have 

drastically impacted the biological systems resulting in atypical energy processing and obesity [157]. 

While detrimental changes in these factors are considered the primary attributable cause of obesity, it 

is acting on populations with an underlying genetic susceptibility to excess fat deposition [157]. 

However, genetic studies rarely investigate the environmental influence on genetic association 

resulting in imprecise effect sizes in describing obesity. We further expanded this study by examining 

genetic variants and their relationship to modifiable environmental factors (gene-environment 

interactions) in relation to obesity. These findings will provide further evidence on the complex 

interaction between genetics and the environment and how their relationship contributes to indicators 

of childhood health.  
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Optimal nutrient intake is essential to fuel bodily maintenance, adequate growth and mental health of 

the child [102]. However, the ‘obesogenic’ lifestyle has introduced diets of low nutrient quality and 

dense in calories. Traditionally, single-nutrient approaches were used to model the nutritional aspect 

of obesity and its associated co-morbidities [304]. However, inconsistencies and the inability to detect 

small effects have limited its effectiveness. Furthermore, human feeding behaviours are an 

unstructured network comprising of a mixture of food items and a cognitive awareness of the ‘food’ 

environment [304]. Instead focus has shifted towards habitual dietary pattern analyses as an 

alternative method to describe human feeding complexities and their association with obesity traits 

[305]. Despite general relationships of nutritional aetiology of obesity, substantial variability in body 

weight is evident suggesting that genetic susceptibility to obesity interacts with dietary influences 

[306].  

2) To investigate gene-by-dietary interaction patterns on differences in BMI standardised 

scores (BMI z-scores) and PBF using the 6 year old European children of Screening for 

Pregnancy Endpoints (SCOPE) cohort. 

 Objective 3: Gene-by-physical activity interactions on obesity traits 3.3

Concomitant with poor dietary intake is the reduction of daily recommended physical activity in 

children [157]. This is further aggravated with the rapid technological advancement introducing novel 

media platforms (mobile phones, internet) that promotes sedentary behaviours and increased risk of 

obesity [130]. Similar to a genetic influence on dietary patterns, susceptibility loci can also interact 

with physical activity levels attenuating effects of obesity outcomes in children. Recent studies have 

found that the genetic burden predisposing towards obesity development is higher in physically 

inactive children compared to their active counterparts [307-309]. 

3) To investigate gene-by-activity (sedentary against moderate) interactions on differences 

in BMI standardised scores (BMI z-scores) and PBF using the 6 year old European 

children of Screening for Pregnancy Endpoints (SCOPE) cohort. 

 Objective 4: Gene-by-sleep interaction on obesity traits 3.4

Sleep is emerging as a modifiable risk factor that affects both components of energy balance of the 

obesity paradigm [139]. The general consensus agrees that short sleep during childhood is associated 

with later life obesity. Several different mechanisms has been proposed to explain the detrimental 

effects of reduced sleep and obesity including shifts in satiety responsiveness and metabolic rate 

compounded by decreased participation of physical activity due to tiredness [139, 153]. It is well 
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established that daily sleep cycles are governed by the central circadian rhythm system. This ensures 

the temporal organisation of biological processes with the physical environment to allow for 

coordinated responses at appropriate times [310]. Studies investigating the misalignment of the 

biological clock have found a spectrum of metabolic diseases, including obesity, associated with 

circadian arrhythmicity [310].   

4) To investigate gene-by-average sleep interactions on differences in BMI standardised 

scores (BMI z-scores) and PBF using the 6 year old European children of Screening for 

Pregnancy Endpoints (SCOPE) cohort. 

 Objective 5: Genetic association of CREBRF-rs373863828 with obesity 3.5

and its related co-morbidities in the Polynesian population. 

Most GWAS of complex diseases have been performed primarily in populations of European ancestry 

[311]. However, not all markers associated with obesity traits in the Europeans have the same effect 

in non-European populations, typified by the null association of the FTO loci with obesity in the 

Polynesian people [203, 204]. Very recently the novel discovery of the CREBRF-rs373863828 variant 

in the Samoan population has reopened the discussion towards the genetic capacity of fat storage to 

withstand starvation among the indigenous populations (thrifty gene hypothesis). A GWAS of the 

CREBRF-rs373863828 variant with BMI showed a much larger effect size (1.36-1.45kg/m
2
) 

compared to other known risk associated variants accompanied by a high allele frequency gradient 

unique among the Samoan people [206]. However, this study has only investigated the Samoan 

people and has not extended the presence of this variant among the broader Polynesian population. 

Therefore, we aim to test the association of the CREBRF-rs373863828 variant using the “Genetics of 

Gout, Diabetes and Kidney Disease in Aotearoa” case-control study recruited by the University of 

Otago, which comprises of East Polynesian (New Zealand Cook Island Māori and New Zealand 

Māori) and West Polynesian (Tongan, Samoan and Niuean) ancestries.      

5) To investigate the association between the CREBRF-rs373863828 with obesity and its 

related co-morbidities using the “Genetics of Gout, Diabetes and Kidney Disease in 

Aotearoa” case-control study recruited from the University of Otago. 
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 CHAPTER 4

General Methods 

 

 

 The Children of SCOPE study 4.1

Each chapter throughout this thesis outlines the methods used to analyse associations between genetic 

variation and environmental factors on obesity traits. Therefore in this chapter we aim to provide an 

overview of the Children of SCOPE study used as a representative cohort of European children to 

investigate the effects of genetic variation and environmental influences on differences in obesity 

traits.   

The Children of SCOPE study is a follow-up cross sectional survey of 6 year old children with 

prospectively collected detailed pregnancy data from 15 and 20 weeks gestation and birth outcomes 

72 hours postpartum. These children are the offspring of nulliparous women who were participants of 

the landmark Screening for Pregnancy Endpoints (SCOPE) study. In the Auckland SCOPE study, 

2065 nulliparous women with singleton pregnancies were recruited and their children born over a 

three year period from April 2005 to March 2008. Of these, 4% have been excluded due to being lost 

to follow up (n=23), fetal and neonatal death (n=27) or were live born babies with major congenital 

abnormalities (n=34). Of the remaining 1981 (96%) children, 1208 (61%) children were successfully 

recruited to the follow-up study and comprise the study population. The children were interviewed at 

approximately 6 years of age at which time clinical and lifestyle information including general 

demographic data, physical activity, dietary patterns and sleep habits were collected. In addition, 

specimens of saliva and blood were also collected from these children, multi-alliquoted and stored in 

a -80°C bio bank for further use. A flow chart of the Children of SCOPE data collection and 

processing is shown in Figure 4.1. 

The Children of SCOPE study data is stored in an internet accessed secure central database hosted by 

MedSciNet and accessed by the research team via www.scopestudy.net. Using self-reported parental 

ethnicity, we separated the children accordingly into eight core ethnic groups (European, New 

Zealand Māori, Pacific Island, Asian, Indian, Middle Eastern, Other and Admixed) and used the 

European children (n=962) as the primary cohort for analytical purposes. The baseline characteristics 

of the Children of SCOPE cohort are shown in Table 4.1. Informed written consent was obtained 

http://www.scopestudy.net/
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from all women whose children participated in this study. Recruitment was approved by the Northern 

X Regional Ethics committee (NTX/10/10/106).  
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Figure 4.1: Flowchart of the Children of SCOPE recruitment, data collection and processing for use in the 

subsequent genetic association studies. 
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Table 4.1: Baseline characteristics of the children that participated in the Children of SCOPE study separated by self-reported ancestry. The variables used to test for association 

(genotypes, ‘healthy-dietary patterns, sedentary behaviours against moderate activity and average sleep duration) with obesity traits are presented for only the European children (eligible study 

cohort) in each subsequent chapter. Testing for associations in the other ancestral groups was not performed due to limited sample-size and the absence of ‘data cleaning’. *   P-values indicate 

statistical significant differences between ethnicities with Europeans set as the reference group. 

The whole cohort of children who participated in Children of SCOPE  

(n=1208) 

Characteristic (s.d) European Māori Pacific Island Asian Indian Middle Eastern Other Admixed p-value 

Gender 

 

Male 

(n=488) 

Female 

(n=474) 

 

Male 

(n=1) 

Female 

(n=6) 

 

Male 

(n=3) 

Female 

(n=3) 

 

Male 

(n=6) 

Female 

(n=12) 

 

Male 

(n=14) 

Female 

(n=16) 

 

Male 

(n=3) 

Female 

(n=0) 

 

Male 

(n=1) 

Female 

(n=4) 

 

Male 

(n=94) 

Female 

(n=83) 

 

0.131 

 

Age of Assessment 

 
6.00 (0.186) 

(n=961) 

 

 
6.10 (0.124) 

(n=7) 

 

 
6.07 (0.221) 

(n=6) 

 

 
6.11 (0.191) 

(n=18) 

 

 
6.04 (0.174) 

(n=30) 

 

 
6.07 (0.121) 

(n=3) 

 

 
6.00 (0.240) 

(n=5) 

 

 
6.02 (0.180) 

(n=177) 

 

0.138 

Height in cm 
117.86 (4.77) 

(n=961) 

119.43(6.45) 

(n=7) 

118.61 (4.27) 

(n=6) 

116.93 (5.71) 

(n=18) 

117.49 (5.40) 

(n=30) 

118.33 (2.52) 

(n=3) 

116.13 (7.87) 

(n=5) 

118.52 (5.15) 

(n=177) 
0.623 

 
Weight in kg 

 

21.92 (2.88) 

(n=961) 

 

25.14 (7.67) 

(n=7) 

 

27.68 (7.33) 

(n=6) 

 

21.76 (3.33) 

(n=18) 

 

22.06 (3.29) 

(n=30) 

 

22.60 (3.29) 

(n=3) 

 

22.60 (3.28) 

(n=5) 

 

22.79 (3.91) 

(n=177) 

 
<0.001 

 

BMI z-scores 

 

0.075 (0.891) 

(n=961) 

 

0.898 (1.41) 

(n=7) 

 

1.87 (1.07) 

(n=6) 

 

0.151 (0.865) 

(n=18) 

 

0.0642 (1.29) 

(n=30) 

 

0.289 (0.908) 

(n=3) 

 

0.710 (0.861) 

(n=5) 

 

0.286 (1.02) 

(n=177) 

 

<0.001 

 
PBF 

 

22.39 (5.81) 

(n=935) 

 

26.96 (7.04) 

(n=7) 

 

30.46 (8.83) 

(n=5) 

 

22.37 (5.81) 

(n=17) 

 

25.12 (8.67) 

(n=30) 

 

25.50 (5.12) 

(n=3) 

 

23.67 (8.83) 

(n=5) 

 

24.03 (7.14) 

(n=174) 

 
0.0009 
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 Selection of genes used for association testing 4.2

Genes were selected on the basis of prior association with obesity traits from large-scale genome wide 

studies, candidate gene studies and suspected roles they may have in obesity development. A full list 

of gene variants used to test for association of BMI z-scores and PBF in six year old New Zealand 

European children are presented in Table 4.2. Collection of demographic characteristics of children 

including dietary patterns, physical activity levels, sleep duration and maternal factors were taken into 

consideration prior to targeted selection of gene loci used for testing in this study.  
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Table 4.2: Complete list of gene variants used to assess association with BMI z-scores and PBF using European 

children from Children of SCOPE. Twenty-eight genes selected for this study were from GWAS and are considered 

strong candidate genes of obesity. The remaining genes were selected on prior knowledge and suspected roles it may have in 

obesity development. These include candidate genes involved in appetite regulation, energy metabolism fetal development 

and circadian rhythm. CEU_minor allele frequencies (MAF) were obtained from 1000GENOMES:phase_3: CEU in 

Ensembl (www.ensembl.org). We have tried to represent a good coverage of relevant genes across the genome to provide 

novel insights into associations with obesity traits in New Zealand children. Furthermore, collection of demographic 

characteristics of children including dietary patterns, activity levels and sleep were also taken into consideration prior to 
targeted-selection for gene-by-environmental interaction testing.   

CHR GENE rs number Selection criteria CEU_MAF Reference 

1 SEC16B rs10913469 GWAS 0.242 [199] 

1 TNNI3K rs1514175 GWAS 0.470 [200] 

1 NEGR1 rs2815752 GWAS 0.364 [200] 

1 FAAH rs324420 Candidate 0.207 [312] 

1 LEPR rs1137101 Candidate 0.485 [313] 

1 LEPR rs1045895 Candidate 0.399 [313] 

2 INSIG2 rs7566605 Pre-GWAS 0.242 [314] 

2 TMEM18 rs6548238 GWAS 0.167 [198] 

2 POMC rs1009388 Appetite 0.212 [315] 

2 ADCY3 rs753529 Candidate 0.465 [316] 

2 NPAS2 rs1811399 Sleep 0.222 novel 

2 MCM6 rs4988235 Dietary 0.263 [317] 

2 POMC rs1042571 Appetite 0.212 [74] 

2 NPAS2 rs11123857 Sleep 0.258 novel 

2 NPAS2 rs2305160 Sleep 0.303 novel 

3 ADIPOQ rs1501299 Candidate 0.313 [318] 

3 ADIPOQ rs266729 Candidate 0.303 [318] 

3 ADAMT-S9 rs4607103 GWAS 0.217 [319] 

3 FASN rs4246444 Candidate 0.253 [320] 

3 PPAR rs1801282 Diabetes 0.096 [321] 

3 ETV5 rs7647305 GWAS 0.227 [199] 

3 PPAR rs3856806 Diabetes 0.015 [321] 

3 TMCC1 rs2811337 GWAS 0.131 [319] 

3 GHRELIN rs696217 Appetite 0.086 [322] 

3 CCNL1/LEKR1 rs900400 Birthweight 0.414 [323] 

3 ADCY5 rs9883204 Birthweight 0.237 [323] 

4 CLOCK rs1801260 Sleep 0.253 [324] 

4 GNPDA2 rs10938397 GWAS 0.424 [200] 

http://www.ensembl.org/
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4 CLOCK rs4864548 Sleep 0.409 [325] 

5 ADRB2 rs1042713 Energy 0.348 [326] 

5 ROBO1 rs1455832 Candidate 0.318 [327] 

5 PCSK1 rs6235 Candidate 0.308 [328] 

5 TSLP rs3806933 Immune 0.429 [329] 

5 NR3C1 rs56149945 Candidate 0.015 [330] 

6 TFAP2B rs987237 GWAS 0.167 [200] 

6 IGF2R rs8191754 Birthweight 0.172 [331] 

6 ENPP1/PC-1 rs1044498 Candidate 0.131 [332] 

6 RSPO3 rs11154383 GWAS 0.288 [319] 

7 NYP rs17149106 Appetite 0.040 [333] 

7 NYP rs16139 Appetite 0.040 [333] 

8 MSRA rs545854 GWAS 0.167 [288] 

8 FABP4 rs1054135 Candidate 0.116 [334] 

10 PFKP rs6602024 GWAS 0.101 [335] 

11 UCP2 rs659366 Candidate 0.364 [336] 

11 KCNJ11 rs5219 Diabetes 0.384 [337] 

11 ARNTL rs3816358 Sleep 0.101 novel 

11 ARNTL rs11022775 Sleep 0.091 novel 

11 ARNTL rs969485 Sleep 0.253 novel 

11 BDNF rs6265 GWAS 0.197 [199] 

11 LRP5 rs634008 Candidate 0.429 [338] 

11 IGF2 rs3741205 Birthweight 0.278 [331] 

11 H19 rs2251375 Birthweight 0.303 [331] 

11 MTCH2 rs4752856 GWAS 0.354 [198] 

12 TIMELESS rs4630333 Sleep 0.389 novel 

12 FAIM2 rs7138803 GWAS 0.323 [199] 

12 HOXC10 rs7302703 GWAS 0.182 [319] 

12 ITPR2 rs1049376 GWAS 0.232 [319] 

12 BHLHE41 rs121912617 Sleep 0.000 novel 

13 OLFM4 rs9568856 GWAS 0.126 [225] 

13 MTIF3 rs4771122 GWAS 0.247 [200] 

15 MAP2K5 rs2241423 GWAS 0.202 [200] 

16 SH2B1 rs7498665 GWAS 0.364 [199] 
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16 FTO rs9939609 GWAS 0.444 [180] 

16 FTO rs1421085 GWAS 0.455 [339] 

16 AGRP rs5030980 Candidate 0.035 [340] 

16 MMP2 rs243865 Candidate 0.253 [341] 

16 GPRC5B rs12444979 GWAS 0.157 [200] 

17 HOXB5 rs9299 GWAS 0.364 [225] 

17 NR1D1 rs2071427 Candidate 0.303 [342] 

17 SREBF-1 rs2297508 Candidate 0.303 [343] 

17 PEMT rs936108 GWAS 0.475 [319] 

17 SPACA3/SPRASA rs16967845 Candidate 0.030 novel 

17 STAT3 rs8069645 Candidate 0.258 [344] 

17 SPACA3/SPRASA 691 G_C Candidate - novel 

18 NPC1 rs1805081 GWAS 0.480 [339] 

18 MC4R rs17782313 GWAS 0.258 [196] 

18 MC4R rs2229616 Candidate 0.005 [345] 

19 KCTD15 rs29941 GWAS 0.308 [199] 

19 APOE rs429358 Candidate 0.177 [346] 

19 APOE rs7412 Candidate 0.066 [346] 
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 Ethnicity in the Children of SCOPE cohort 4.3

Genetic associations of certain complex diseases may be altered by underlying ethnicity issues by 

introducing variations in allele frequencies and differences in trait distribution. In the context of the 

New Zealand population, high rates of obesity are apparent within the Māori and Pacific Island 

children suggesting that these ethnic groups harbour different cultural, geographical and biological 

dimensions. Analysing all children as ‘one body’ may result in spurious associations between gene 

variants and obesity traits. Here we provide evidence of how small subsets of high-risk non-European 

ethnic groups may drive association towards increased risk of obesity.  

When analysing the total cohort of children (n=1208) we determined significant genotype 

associations of several variants with BMI z-scores (Table 4.3). However, after separating these 

children into their respective self-reported ethnic groups according parental ethnicity and testing only 

the New Zealand European cohort (n=962) we found the loss of association for several gene variants 

(OLFM4-rs9568856, MCM6-rs4988235 ADIPOQ-rs266729 and TFAP2B-rs987237) and the presence 

of a novel variant (HOXB5-rs9299) not previously detected in our earlier analysis (Table 4.4).  



63 
 

Table 4.3: Significant uncorrected associations (p<0.05) of genotype models with BMI z-scores using all the children that were recruited for the Children of SCOPE (n=1208) study. A 
total of seven gene variants showed significant associations with differences in BMI z-scores. 

Model CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 

Genotypic q 

value 

Genotypic 13 OLFM4 rs9568856 

G/G 

G/A 

A/A 

861 

286 

24 

- 

0.13[0.0052~0.26] 

0.53[0.15~0.91] 

- 

0.041 

0.0062 

0.0045 0.324 

Genotypic 16 SH2B1 rs7498665 

A/A 

A/G 

G/G 

471 

588 

120 

- 

0.11[-0.0015~0.23] 

0.27[0.078~0.45] 

- 

0.053 

0.0055 

0.012 0.333 

Genotypic 2 MCM6 rs4988235 

T/T 

T/C 

C/C 

513 

483 

180 

- 

0.0043[-0.11~0.12] 

0.22[0.059~0.38] 

- 

0.943 

0.0073 

0.018 0.333 

Genotypic 18 NPC1 rs1805081 

A/A 

A/G 

G/G 

412 

574 

185 

- 

-0.16[-0.28~-0.044] 

-0.13[-0.29~0.034] 

- 

0.0074 

0.120 

0.025 0.333 

Genotypic 3 ADIPOQ rs266729 

C/C 

C/G 

G/G 

638 

459 

81 

- 

-0.15[-0.26~-0.035] 

-0.0059[-0.22~0.21] 

- 

0.010 

0.956 

0.032 0.333 

Genotypic 8 MSRA rs545854 

G/G 

G/C 

C/C 

750 

373 

51 

- 

0.15[0.030~0.26] 

0.17[-0.094~0.44] 

- 

0.014 

0.201 

0.032 0.333 

Genotypic 6 TFAP2B rs987237 

A/A 

A/G 

G/G 

795 

351 

33 

- 

0.074[-0.044~0.19] 

-0.36[-0.69~-0.034] 

- 

0.22 

0.031 

0.032 0.333 

 



64 
 

Table 4.4: Significant uncorrected associations (p<0.05) of genotype models with BMI z-scores using only the New Zealand European children that were recruited for the Children of 

SCOPE (n=962) study. We lost association signals for four gene variants (OLFM4-rs9568856, MCM6-rs4988235 ADIPOQ-rs266729 and TFAP2B-rs987237) and detected the association of a 
novel variant (HOXB5-rs9299) not previously established in the earlier total cohort analysis. 

Model CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 

Genotypic q 

value 

Genotypic 17 HOXB5 rs9299 

A/A 

A/G 

G/G 

379 

435 

119 

- 

-0.0097[-0.13~0.11] 

-0.26[-0.44~-0.072] 

- 

0.877 

0.0064 

0.017 0.653 

Genotypic 16 SH2B1 rs7498665 

A/A 

A/G 

G/G 

359 

484 

97 

- 

0.13[0.0072~0.25] 

0.25[0.052~0.45] 

- 

0.038 

0.013 

0.020 0.653 

Genotypic 18 NPC1 rs1805081 

A/A 

A/G 

G/G 

305 

463 

166 

- 

-0.17[-0.30~-0.041] 

-0.098[-0.27~0.071] 

- 

0.0099 

0.254 

0.036 0.653 

Genotypic 8 MSRA rs545854 

G/G 

G/C 

C/C 

639 

267 

29 

- 

0.17[0.039~0.29] 

0.10[-0.23~0.43] 

- 

0.011 

0.546 

0.036 0.653 
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Using the OLFM4-rs9568856 gene variant as an example, we show that the significant association 

conveyed by this variant in relation to increased BMI z-scores is being driven by the small cohorts of 

the Pacific Island and Indian sub-groups (Figure 4.2). From this perspective, adequate correction for 

potential population structure is required for the accurate identification of genetic determinants of 

complex traits and diseases. 

 

Figure 4.2: Interaction plot of the OLFM4-rs9568856 with self-reported ethnicity in relation to BMI z-scores. The low 

frequency yet large BMI z-scores of the Pacific Island and Indian children harbouring the minor (A/A) genotype is driving 

the association signal conveyed by the OLFM4-rs9568856 variant.  
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 Power calculations 4.4

A post hoc power calculation was performed for both BMI z-scores and PBF using the PASS2008 

(NCSS software, Odgen, UT, USA) genetic analysis package (Figure 4.3 and Figure 4.4). For BMI 

z-scores, group sample sizes of 150 (minor allele) and 575 (major allele) achieved 33% power to 

detect significance when the margin of equivalence is from -0.1 to 0.1 and the mean difference is 0. 

For PBF, we were able to achieve 94% power using a group sample size of 25 and 700 to detect 

significance when the margin of equivalence is from -4.0 to 4.0 and the mean difference is 0. The 

significance threshold used was 0.05 using two one-sided T-tests.  

 

Figure 4.3: Equivalence of two means power analysis for BMI z-scores using simulation. Group sample sizes 150 and 

575 achieve 33% power to detect equivalence when the margin of equivalence is from -0.1 to 0.1 and the mean difference is 

0.3. The significance level is 0.050 using two one-sided T-tests. N1 represents the frequency of the minor allele and M0 
represents the mean difference. 
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Figure 4.4: Equivalence of two means power analysis for PBF using simulation. Group sample sizes 25 and 700 achieve 

94% power to detect equivalence when the margin of equivalence is from -4.0 to 4.0 and the mean difference is 0. The 

significance level is 0.050 using two one-sided T-tests. N1 represents the frequency of the minor allele and M0 represents 
the mean PBF. 
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 CHAPTER 5

Genetic association with obesity  

 

 

 Foreword 5.1

It is well established that the global shift towards an ‘obesogenic’ environment characterised by the 

availability of highly caloric foods and sedentary lifestyle are the principal contributors to the 

worldwide increase of childhood obesity [249]. However, it seems to be acting upon children with a 

pre-existing genetic susceptibility to excess adiposity [249]. Numerous genetic studies have identified 

multiple gene variants associated with obesity measures across many different adult population 

cohorts [181]. The genetic variants underlying obesity traits in children are less studied and it is 

generally presumed that susceptibility loci identified through large-scale GWAS in adults share a 

common genetic setting with children [226].  

Indeed, studies delineating the association of common adult gene variants in children found the 

majority of obesity conferring loci also operate in early-life [220]. However, a number of gene loci 

are limited towards childhood obesity suggesting age-specific associations or patterns of association 

altered over one’s life course [225, 226]. We have therefore performed association testing on eighty 

gene variants selected on the basis of prior association or ‘suspected’ roles predisposed towards the 

development of obesity with BMI z-scores and PBF in a cohort of 962, 6 year old New Zealand 

European children. 
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 Abstract 5.2

Childhood obesity is a public health problem, which is associated with a long-term increased risk of 

cardiovascular disease and premature mortality. Several gene variants have previously been identified 

that have provided novel insights into biological factors that contribute to the development of obesity. 

As obesity tracks through childhood into adulthood, identification of the genetic factors for obesity in 

early life is important. The objective of this study was to identify putative associations between 

genetic variants and obesity traits in children at 6 years of age. We recruited 1208 children of mothers 

from the New Zealand centre of the international Screening for Pregnancy Endpoints (SCOPE) study. 

Eighty common genetic variants associated with obesity traits were evaluated by Sequenom assay.  

Body mass index standardised scores (BMI z-scores) and percentage body fat (PBF; measured by bio-

impedance assay (BIA)) were used as anthropometric measures of obesity. A positive correlation was 

found between BMI z-scores and PBF (p <0.001, r=0.756). Two subsets of gene variants were 

associated with BMI z-scores (HOXB5-rs9299, SH2B1-rs7498665, NPC1-rs1805081 and MSRA-

rs545854) and PBF (TMEM18-rs6548238, NPY-rs17149106, ETV-rs7647305, NPY-rs16139, 

TIMELESS-rs4630333, FTO-rs9939609, UCP2-rs659366, MAP2K5-rs2241423 and FAIM2-

rs7138803) in the genotype models. However, there was an absence of overlapping association 

between any of the gene variants with BMI z-scores and PBF. A further five variants were associated 

with BMI z-scores (TMEM18-rs6548238, FTO-rs9939609 and MC4R-rs17782313) and PBF (SH2B1-

rs7498665 and FTO-rs1421085) once separated by genetic models (additive, recessive and dominant) 

of inheritance. This study has identified significant associations between numerous gene variants 

selected on the basis of prior association with obesity traits in New Zealand European children.
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 Introduction 5.3

Obesity is a major public health issue and its prevalence is escalating rapidly [227]. This epidemic has 

an enormous impact in Aotearoa, New Zealand, which is the third most obese country among the 

member countries of the Organisation for Economic Co-operation and Development. Of particular 

concern, there has been a significant increase in childhood and adolescent obesity [227]. Current 

trends suggest that obesity is rising in Aotearoa, New Zealand and recent health surveys estimate a 

2.4% population increase (2006-2014) among children aged 2-14 (2006/2007:8.4% ~ 2014/2015: 

10.8%) with a disproportionate increase in New Zealand Māori (15%) and Pacific Island (30%) 

children when compared to those of Asian (7%) and European/Other (7%) ethnic groups. [1]. In 

recent years, a spectrum of common diseases including type 2 diabetes mellitus (T2D), cancer, sub-

fertility, cardiovascular and autoimmune disorders have been correlated with excessive rates of 

obesity [347]. Overweight children are now frequently presenting with obesity-related chronic 

diseases which upon reaching adulthood are associated with an increased risk of premature death and 

disability [347, 348]. Rising rates of such complications in obese New Zealand children are creating a 

large and potentially avoidable burden on health resources. 

 It is well established that the obesity trend  is very much driven by the presence of an ‘obesogenic’ 

environment and it is facilitated by the individual’s genetic susceptibility to excessive weight gain 

[349]. The use of large scale genome-wide association studies (GWAS) have found common genetic 

variations that contribute to the development and progression of obesity [349]. The first 

comprehensive GWAS, as part of the Wellcome Trust Case Control Consortium (WTCCC) strongly 

associated the FTO gene with increasing BMI in both children and adult cohorts [180]. This 

association was observed from 7 years upwards and reflects specific increases in fat mass [180]. To 

date, many genome-wide studies have been performed and have led to the expansion and cataloguing 

of approximately 100 BMI susceptibility loci primarily in the European adult population [181, 182]. 

Meta-analyses of further independent GWAS testing other obesity traits to discern body fat 

distribution revealed additional gene variants not previously detected using BMI status alone [183].  

While no large-scale GWAS has been performed in Aotearoa, New Zealand, these associations likely 

reflect the New Zealand European population. However, these findings may not represent genetic 

susceptibility of obesity in the Māori and Pacific Island population residing in Aotearoa New Zealand, 

indicated by the null association of the FTO variants among the Polynesian populations [203]. Trans-

ancestral comparison studies are important in defining whether genetic susceptibility variants are 

involved in the disproportionate prevalence of obesity across different ethnic groups, even when they 

live in the same environment.    
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These genetic changes may mediate the effectiveness of metabolic action by enhancing body fat 

storage capacity and energy balance [350, 351]. Many of these studies have been reproduced in 

separate populations to ensure credibility of association, which have resulted in several candidate 

genes being consistently correlated with obesity [352, 353]. However the genetic loci contributing to 

childhood obesity are less investigated. 

Further characterisation of these genes according to their relationship with different aspects of body 

weight, storage and regulation would assist with unravelling the molecular mechanism of a 

detrimental condition that affects approximately 10% of New Zealand children, opening up new 

avenues for the management of obesity. An underlying concern in most genetic studies is the 

inconsistent phenotypic description used to define obesity in different populations. Several 

anthropometric measurements are used to assess obesity and these include body mass index (BMI), 

percentage body fat (PBF), waist circumference and skinfold thickness [354-356]. However 

individual measures may not necessarily be a true indicator of excess adiposity resulting in biased 

associations.  

The most commonly used measure to diagnose obesity in clinical practice is BMI, defined as the ratio 

of body weight to body height squared. Yet, the failure to identify differences in body composition 

which includes skeletal size, muscle mass and fat limits its effectiveness as a marker of general 

adiposity [357]. This has been highlighted in many studies which have reported inconsistencies when 

using BMI as a measure of adiposity compared to other techniques used to directly measure body fat 

composition, especially in children [12]. PBF is more predictive of adiposity and is considered a 

better marker of obesity than BMI [40]. The identification of loci associated with PBF may underlie 

novel pathways that may have not been previously associated with BMI in large scale GWAS [358].  

Here we report the results of an analysis of 80 gene variants, selected on the basis of prior association 

and suspected roles with obesity traits, with BMI standardised scores (BMI z-scores) and PBF using 

the 6 year old European children of Screening for Pregnancy Endpoints (SCOPE) cohort . Alongside 

the usual gene variations commonly associated with obesity traits we aim to identify unique variants 

novel to childhood obesity not previously shown in other cohorts of children.  

 Methods 5.4

 Study population  5.4.1

The Children of Screening for Pregnancy Endpoints (SCOPE) is an Auckland led prospective cohort 

study for the prediction of obesity in New Zealand children. In brief, children were born over a three-

year period from April 2005 to March 2008 and are offspring of healthy nulliparous pregnant women 
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(n=2065) who were participants in the landmark SCOPE study (scopestudy.net). Of these participants, 

4%, have been excluded due to loss to follow-up (n=23), fetal/neonatal death (n=27) and live births 

with major congenital abnormalities (n=34). The remaining 1961 (95%) children comprised the 

eligible study population for the follow-up study. A total of 1208 (62%) of those eligible were 

successfully recruited. Children were 6 years of age at recruitment and all had detailed prospectively 

collected pregnancy data at 15 to 20 weeks and birth from their pregnancy. Ethnicity of these children 

was determined through self-reported maternal and paternal ethnicity collected in the original SCOPE 

cohort. Informed written consent was obtained from all women whose children participated in this 

study. Recruitment was approved by the Northern X Regional Ethics committee (NTX/10/10/106).  

 Outcome measures 5.4.2

Weight and height were measured by trained nurses following a standardised protocol. BMI 

(weight/height
2
) was the standard method used to assess obesity status in the Children of SCOPE 

study. BMI z-scores were created according to age and gender, using the UK 1990 (UK90) BMI 

growth reference population curve. Percentage Body Fat was measured using the BIA method using 

the SBF7 (Impedimed Ltd, QLD, Australia). Fat free mass (FFM) was extracted using the single-

frequency 50 kHz data from the SBF7. Resistance, reactance and impedance were recorded, and FFM 

is calculated as follows: FFM=(0.65*(height
2
/impedance)+0.68*Age(years)+0.15) [359]. PBF was 

calculated using (weight-FFM)/weight*100). 

 SNP selection  5.4.3

Samples were analysed for 80 gene variants that were reported to be associated with BMI, weight and 

fat mass from adult and children cohorts (Supplementary Table 11.1). Genes were selected based on 

significant associations in large genome-wide and candidate gene studies and suspected roles they 

may have in obesity development. Based on the ethnic frequencies of these children using self-

reported parental ancestry, only European children were considered for eligibility in this study. 

Information regarding genotypes and allele frequencies in the European population was obtained 

using the 1000 Genomes Project Phase 1 in Ensembl (www.ensembl.org). Genes that harbour 

multiple genetic variants were assessed for linkage disequilibrium (LD) scores using Haploview 4.2 

program (www.broadinstitute.org). A pairwise LD score over 0.8 was considered to be in high 

disequilibrium in which only one variant was selected for analysis [360].  
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 Genotyping 5.4.4

Genomic DNA was isolated from saliva and buffy coats using the Oragene DNA purification and the 

QIAamp DNA Mini kits respectively and was stored at -80°C. Genotyping was performed using the 

Sequenom iPlex MassARRAY platform which used a matrix assisted laser desorption/ionization-time 

of flight (MALDI-TOF) primer extension assay according to the manufacturer’s instructions 

(Sequenom, New Zealand). All plates contained samples for testing and non-template controls. 

Quality control measures included a non-template control to ensure the absence of cross 

contamination and primer cross reactivity and correlation of the minor allele frequency (MAF) with a 

reference population in HapMap Phase 3. A small sample subset (n=384) was checked for quality 

control using TaqMan pre-designed assay (Applied Biosystems) for LEPR-rs1137100 to confirm 

accuracy of genotyping.    

 Statistical analyses 5.4.5

Analyses were stratified for self-identified ethnic groups (based on self-reported maternal and paternal 

ethnicities) and adjusted for age (continuous) and gender. Pearson’s correlation coefficient (r) was 

measured to assess the degree of relation between BMI z-scores and PBF. The Hardy-Weinberg 

equilibrium (HWE) test was performed across each genomic marker to assess the genotype 

distribution across the population. The gene variant was considered to be in HWE if p-value was 

above 0.05. We tested for differences between genotype groups by applying genotypic models for 

each variant with BMI z-scores and PBF.  Gene variants then were further separated into one of three 

genetic models (additive, recessive or dominant) to ensure a better overall model of fit.  

A p-value of less than 0.05 was considered statistically significant. The direction of the regression 

coefficient () represents the effect of each gene variant. P-values were corrected for multiple testing 

using the False Discovery Rate (FDR) test as explained by Benjamini and Hochberg (1995) [361]. 

Adjusted p-values (q-values) were calculated for the total number of tests using the null hypothesis 

fraction estimated by a ranking method. Equivalence of two means power was calculated for a 

nominal p-value of 0.05. The power to detect a mean standard deviation difference of 1 at a minor 

allele frequency ranging from 0.01 to 0.5 was 85% to >99.9% in the total European children sample-

set (n=962) (Supplementary Figure 1). All analyses were performed using PLINK version 1.07 

(http://pngu.mgh.harvard.edu/purcell/plink/) and SAS. 

http://pngu.mgh.harvard.edu/purcell/plink/
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 Results 5.5

 Characteristics of population cohort 5.5.1

Table 5.1 summarises the baseline characteristics by participation status in Children of SCOPE 

separated by self-reported ethnic groups. Based on sample-size, only the New Zealand European 

children (n=962) were considered as our eligible population cohort. 

Table 5.1: Baseline characteristics of the Children of SCOPE cohort separated by the eight core ethnic groups. All p-

values were obtained using generalised linear models. Genetic testing was performed only in the New Zealand European 

children (n=962) of Children of SCOPE. Testing for associations in the other ancestral groups was not performed due to 
limited sample-size. 

The whole cohort of children who participated in Children of SCOPE  

(n=1208) 

Characteristic 

(s.d) 
European Māori 

Pacific 

Island 
Asian Indian 

Middle 

Eastern 
Other Admixed p-value 

Gender 

 

Male 

(n=488) 

Female 

(n=474) 

 

Male 

(n=1) 

Female 

(n=6) 

 

Male 

(n=3) 

Female 

(n=3) 

 

Male 

(n=6) 

Female 

(n=12) 

 

Male 

(n=14) 

Female 

(n=16) 

 

Male 

(n=3) 

Female 

(n=0) 

 

Male 

(n=1) 

Female 

(n=4) 

 

Male 

(n=94) 

Female 

(n=83) 

 

0.131 

 

Age of 

Assessment 

 

6.00 

(0.186) 
(n=961) 

 

 

6.10 

(0.124) 
(n=7) 

 

 

6.07 

(0.221) 
(n=6) 

 

 

6.11 

(0.191) 
(n=18) 

 

 

6.04 

(0.174) 
(n=30) 

 

 

6.07 

(0.121) 
(n=3) 

 

 

6.00 

(0.240) 
(n=5) 

 

 

6.02 

(0.180) 
(n=177) 

 

0.138 

Height in cm 
117.86 
(4.77) 

(n=961) 

119.43 
(6.45) 

(n=7) 

118.61 
(4.27) 

(n=6) 

116.93 
(5.71) 

(n=18) 

117.49 
(5.40) 

(n=30) 

118.33 
(2.52) 

(n=3) 

116.13 
(7.87) 

(n=5) 

118.52 
(5.15) 

(n=177) 

0.623 

 

Weight in kg 

 
21.92 

(2.88) 

(n=961) 

 
25.14 

(7.67) 

(n=7) 

 
27.68 

(7.33) 

(n=6) 

 
21.76 

(3.33) 

(n=18) 

 
22.06 

(3.29) 

(n=30) 

 
22.60 

(3.29) 

(n=3) 

 
22.60 

(3.28) 

(n=5) 

 
22.79 

(3.91) 

(n=177) 

 

<0.001 

 

BMI z-scores 

 

0.075 

(0.891) 
(n=961) 

 

0.898 

(1.41) 
(n=7) 

 

1.87 

(1.07) 
(n=6) 

 

0.151 

(0.865) 
(n=18) 

 

0.0642 

(1.29) 
(n=30) 

 

0.289 

(0.908) 
(n=3) 

 

0.710 

(0.861) 
(n=5) 

 

0.286 

(1.02) 
(n=177) 

 

<0.001 

 
PBF 

 

22.39 
(5.81) 

(n=935) 

 

26.96 
(7.04) 

(n=7) 

 

30.46 
(8.83) 

(n=5) 

 

22.37 
(5.81) 

(n=17) 

 

25.12 
(8.67) 

(n=30) 

 

25.50 
(5.12) 

(n=3) 

 

23.67 
(8.83) 

(n=5) 

 

24.03 
(7.14) 

(n=174) 

 
0.0009 
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 Correlation between BMI z-scores and PBF 5.5.2

A positive correlation was found between BMI z-scores and PBF (r=0.756, p <0.001) in the dataset 

(Figure 5.1). The negative PBF values observed in the dataset may reflect certain subjects not 

conforming to the standard assumption built into the algorithm. However, as the analysis is effectively 

comparing relative changes, these few observations were retained in the analysis.  

 

Figure 5.1: Scatterplot of the relationship between BMI z-scores and PBF using the European children (r=0.756, 
p<0.001).   

 Genotype models of BMI z-scores and PBF 5.5.3

We evaluated the relationship between 80 previously known obesity-related gene variants with BMI 

z-scores and PBF in the Children of SCOPE cohort. Of the 80 variants selected for analysis, four 

variants (APOE-rs429358, MC4R-rs2229616, H19-rs2251375 and MTCH2-rs4752856) failed to 

produce any genotypes and another four variants (691G_C_SPRASA, APOE-rs7412, NR3C1-

rs56149945 and BHLHE41-rs121912617) were monomorphic. These gene variants were 

subsequently removed from the analysis. We obtained a final dataset that consisted of 72 gene 

variants across 962 children. 



76 
 

Most genomic markers were in accordance with HWE except for SH2B1-rs7498665 (p=0.0004), 

CLOCK-rs4864548 (p=0.009) and ADRB2-rs1042713 (p<0.001) in the cohort. Genotyping results 

obtained from Sequenom showed no evidence of genotyping error. We had no family history in the 

dataset, handling of samples followed a rigorous protocol and scatterplots obtained from Sequenom 

showed robust genotyping. The minor allele frequencies (MAF) for SH2B1-rs7498665 (0.361), 

CLOCK-rs4864548 (0.386) and ADRB2-rs1042713 (0.434) were comparable to the CEU population 

frequency of 0.329, 0.342 and 0.386 respectively (http://www.ensembl.org/index.html). Any deviation 

from HWE may represent a real genetic effect and may have resulted from population admixture, 

selection pressure or population stratification. Furthermore, disequilibrium can also result from a true 

association, such that genetic variants showing a departure of HWE, at any given significance 

threshold can occur by chance [362]. Therefore we have not eliminated these variants from our 

subsequent association analysis.   

To investigate the genetic association of these variants with BMI-z score and PBF, we modelled these 

obesity-related polymorphisms under genotypic models to describe patterns of inheritance. We have 

prioritised these associations according to overall genotype values and presented the strongest 

associations as an orderly list (Table 5.2 and Table 5.3). A full list of genotype models associated 

with BMI z-scores and PBF is found in Supplementary Table 11.2 and Supplementary Table 11.3.  

A total of four gene variants were found to be associated with overall differences in BMI z-scores 

(uncorrected p <0.05) (Table 5.2). Similarly, nine gene variants were also associated with overall 

differences in PBF (uncorrected p <0.05) (Table 5.3).  No variants showed overlapping association 

between genotype groups with BMI z-scores and PBF. After adjusting for multiple testing, the 

genotype models did not reveal any significant associations with both BMI z-scores and PBF.  The 72 

variants selected for joint multiple SNP analysis explained 20.2% and 20.1% of variance for BMI z-

scores and PBF respectively. Using the genotype models as a platform, we further separated these 

variants into one of three genetic models (additive, recessive and dominant) according to models of 

best fit. 
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Table 5.2: Significant uncorrected associations (p<0.05) of genotype models for HOXB5 (p=0.017), SH2B1 (p=0.020), NPC1 (p=0.036) and MSRA (p=0.036) variants with BMI z-scores 

of six year old New Zealand European children in Children of SCOPE. After adjustments for multiple comparisons no significant associations remained.   

Model CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 
Genotypic q value 

Genotypic 17 HOXB5 rs9299 

A/A 

A/G 

G/G 

379 

435 

119 

- 

-0.0097[-0.13~0.11] 

-0.26[-0.44~-0.072] 

- 

0.877 

0.0064 

0.017 0.653 

Genotypic 16 SH2B1 rs7498665 

A/A 

A/G 

G/G 

359 

484 

97 

- 

0.13[0.0072~0.25] 

0.25[0.052~0.45] 

- 

0.038 

0.013 

0.020 0.653 

Genotypic 18 NPC1 rs1805081 

A/A 

A/G 

G/G 

305 

463 

166 

- 

-0.17[-0.30~-0.041] 

-0.098[-0.27~0.071] 

- 

0.0099 

0.254 

0.036 0.653 

Genotypic 8 MSRA rs545854 

G/G 

G/C 

C/C 

639 

267 

29 

- 

0.17[0.039~0.29] 

0.10[-0.23~0.43] 

- 

0.011 

0.546 

0.036 0.653 
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Table 5.3: Significant uncorrected associations (p<0.05) of genotype models for TMEM18 (p=0.0042), NYP (p=0.0069), ETV5 (p=0.011), TIMELESS (p=0.016), NYP (p=0.021), FTO 

(p=0.023), UCP2 (p=0.034), MAP2K5 (p=0.042) and FAIM2 (p=0.046) variants with PBF of six year old New Zealand European children in Children of SCOPE. After adjustments for 
multiple comparisons no significant associations remained 

Model CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 
Genotypic q value 

Genotypic 2 TMEM18 rs6548238 

C/C 

C/T 

T/T 

669 

240 

26 

- 

-1.27[-2.18~-0.36] 

-2.65[-5.10~-0.21] 

- 

0.0063 

0.033 

0.0042 0.248 

Genotypic 7 NYP rs17149106 

G/G 

G/T 

T/T 

877 

62 

0 

- 

2.18[0.40~3.76] 

- 

- 

0.0069 

- 

0.0069 0.248 

Genotypic 3 ETV5 rs7647305 

C/C 

C/T 

T/T 

532 

345 

53 

- 

0.0037[-0.84~0.84] 

2.64[0.90~4.39] 

- 

0.993 

0.003 

0.011 0.252 

Genotypic 12 TIMELESS rs4630333 

G/G 

G/A 

A/A 

378 

325 

81 

- 

-1.36[-2.29~-0.43] 

-0.79[-2.28~0.71] 

- 

0.0041 

0.303 

0.016 0.274 

Genotypic 7 NYP rs16139 

A/A 

A/G 

G/G 

869 

62 

1 

- 

2.06[0.47~3.64] 

7.08[-4.96~19.12] 

- 

0.011 

0.249 

0.021 0.274 

Genotypic 16 FTO rs9939609 

T/T 

T/A 

A/A 

356 

441 

137 

- 

0.96[0.087~1.82] 

1.51[0.29~2.73] 

- 

0.031 

0.016 

0.023 0.274 

Genotypic 11 UCP2 rs659366 

C/C 

C/T 

T/T 

382 

432 

120 

- 

1.07[0.21~1.92] 

0.028[-1.25~1.30] 

- 

0.015 

0.966 

0.034 0.321 
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Genotypic 15 MAP2K5 rs2241423 

G/G 

G/A 

A/A 

524 

361 

50 

- 

-0.053[-0.89~0.78] 

2.25[0.45~4.05] 

- 

0.901 

0.014 

0.042 0.366 

Genotypic 12 FAIM2 rs7138803 

G/G 

G/A 

A/A 

382 

429 

121 

- 

1.07[0.21~1.92] 

0.86[-0.41~2.12] 

- 

0.015 

0.185 

0.046 0.366 
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 Genetic models of BMI z-scores and PBF 5.5.4

Genetic models of gene variants associated with BMI z-scores and PBF are shown in Table 5. 4 and 

Table 5.5 respectively. These associations were ranked on the basis of uncorrected significance 

values (uncorrected p <0.05). Three gene variants were found to be associated with significant 

differences in BMI z-scores under an additive model. The minor allele of both the SH2B1-7498665 

(=0.13[0.039~0.22], p=0.0053) and the FTO-rs9939609 (=0.085[0.0017~0.17], p=0.046] variants 

exerted a small susceptible effect, whereas the TMEM18-rs6548238 variant was found to exhibit a 

nominal protective effect (=-0.11[-0.22~-0.0028], p=0.044). The association described by the FTO-

rs9939609 and TMEM18-rs6548238 variants were only observed in the additive model. 

Similarly, five gene variants were found to be associated with differences in PBF under an additive 

model including the SH2B1-7498665 (=0.72[0.098~1.34], p=0.023), FTO-rs9939609 (=0.80 

[0.22~1.38], p=0.0067) and TMEM18-rs6548238 (=-1.29 [-2.06~-0.53], p=0.0009); all of which 

show consistent overlapping associations with BMI z-scores. The SH2B1-7498665 association with 

PBF was only established once separated into an additive model.  

Two novel variants localised within the NYP gene (NYP-rs16139 and NYP-rs17149106) also showed 

susceptible associations with PBF. A 2-marker haplotype analysis of the NYP gene was performed to 

assess the genetic effect of rs16139/rs17149106 combination with PBF (Supplementary Table 11.4). 

Haplotype analyses revealed that the changes observed in PBF differed significantly between the 

major (A/G) (Hap Score= -2.76, p=0.0058) and the minor (G/T) (Hap Score= 2.71, p= 0.0068) 

haplotypes of the NYP variants. The associations of the mixed haplotypes of the NYP gene are not 

shown here as the frequency of these haplotypes are markedly low. These rare haplotypes can result in 

instable variance estimates and may lead to unreliable test statistics. There was no evidence of 

association between the gene variants and BMI z-scores after correction for multiple testing. 

However, four variants (TMEM18-rs6548238, FTO-rs9939609, NYP-rs16139 and NYP-rs17149106) 

retained nominal significance with PBF after adjusting for multiple comparisons.  

Only the HOXB5-rs9299 variant exhibited a protective association with BMI z-scores under a 

recessive model (=-0.25[-0.42~-0.079], p=0.0042). A further two variants, ETV-rs7647305 (=2.64 

[0.93~4.36], p=0.0025) and MAP2K5-rs2241423 (=2.27 [0.51~4.04], p=0.012), showed susceptible 

associations with PBF under a recessive model. No overlapping associations were present between 

BMI z-scores and PBF. No significant associations remained after adjustment for multiple 

comparisons for BMI z-scores and PBF in the recessive models. 
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Three gene variants were found to be associated with significant differences with BMI z-scores under 

a dominant model. The presence of a single minor allele for the MSRA-rs545854 (0.16[0.037~0.28], 

p=0.011) and MC4R-rs17782313 (0.12[0.0043~0.24], p=0.042) variants was associated with a small 

susceptible effect. By contrast, the NPC1-rs1805081 (-0.15[-0.27~-0.029], p=0.015) variant was 

associated with a nominal protective effect.  

Similarly, three gene variants also showed a dominant inheritance pattern with PBF. The FAIM2-

rs7138803 (1.02[0.21~1.83], p=0.014) and FTO-rs1421085 (1.02[0.19~1.84], p=0.017) variants 

showed a susceptible association with PBF whereas the TIMELESS-rs4630333 (-1.25[-2.12~-0.37], 

p=0.0054) variant was associated with a protective effect. The MC4R-rs17782313 and FTO-

rs1421085 variants were not found to be associated with BMI z-scores and PBF in the genotype 

models respectively. Instead the association conferred by these variants were only established once 

separated into dominant models of inheritance.  No overlapping associations were found between any 

variants with BMI z-scores and PBF under the dominant model. No significant associations remained 

after adjustment of multiple comparisons.  
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Table 5.4: Genetic models of variants associated with differences in BMI z-scores of New Zealand European children in Children of SCOPE. Gene variants were separated according to 

one of three genetic models (additive, recessive or dominant) and models of best fit was applied based on effect sizes described in the earlier genotype models. Any variants that did not fit one 
of the three models were retained as genotype models. 

Model CHR Gene SNP Allele Tested Effect () p-value q-value 

Additive1 16 SH2B1 rs7498665 G 0.13[0.038~0.22] 0.0053 0.069 

Additive1 2 TMEM18 rs6548238 T -0.11[-0.22~-0.0028] 0.044 0.197 

Additive1 16 FTO rs9939609 A 0.085[0.0017~0.17] 0.046 0.197 

Recessive2 17 HOXB5 rs9299 G -0.25[-0.42~-0.079] 0.0042 0.130 

Dominant3 8 MSRA rs545854 C 0.16[0.037~0.28] 0.011 0.062 

Dominant3 18 NPC1 rs1805081 G -0.15[-0.27~-0.029] 0.015 0.062 

Dominant3 18 MC4R rs17782313 C 0.12[0.0044~0.24] 0.042 0.112 

 

1 Additive model indicates risk of disease is increased -fold for genotype (ref= A/A, =a/A, 2=a/a) 
2 Recessive model indicates that two copies of the minor allele is required for -fold increase in disease risk (ref= A/A-a/A, =a/a) 
3 Dominant model indicates that one copy of the minor allele is required for -fold increase in disease risk (ref= A/A, =a/A-a/a) 
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Table 5.5: Genetic models of variants associated with differences in PBF of New Zealand European children in Children of SCOPE. Gene variants were separated according to one of 

three genetic models (additive, recessive or dominant) and models of best fit was applied based on effect sizes described in the earlier genotype models. Any variants that did not fit one of the 
three models were retained as genotype models. 

Model CHR Gene SNP Allele Tested Effect () p-value q-value 

Additive1 2 TMEM18 rs6548238 T -1.29[-2.06~-0.53] 0.0009 0.014 

Additive1 7 NYP rs16139 G 2.15[0.61~-3.68] 0.0061 0.026 

Additive1 16 FTO rs9939609 A 0.802[0.22~1.38] 0.0067 0.026 

Additive1 7 NYP rs17149106 T 2.18[0.60~3.76] 0.0069 0.026 

Additive1 16 SH2B1 rs7498665 G 0.72[0.098~1.34] 0.023 0.070 

Recessive2 17 ETV5 rs7647305 T 2.64[0.93~-4.36] 0.0025 0.070 

Recessive2 15 MAP2K5 rs2241423 A 2.27[0.51~4.04] 0.0121 0.159 

Dominant3 12 TIMELESS rs4630333 A -1.25[-2.10~-0.37] 0.0054 0.070 

Dominant3 12 FAIM2 rs7138803 A 1.02[0.21~-1.83] 0.014 0.072 

Dominant3 16 FTO rs1421085 C 1.01[0.19~1.84] 0.017 0.72 

 

1 Additive model indicates risk of disease is increased -fold for genotype (ref= A/A, =a/A, 2=a/a) 
2 Recessive model indicates that two copies of the minor allele is required for -fold increase in disease risk (ref= A/A-a/A, =a/a) 
3 Dominant model indicates that one copy of the minor allele is required for -fold increase in disease risk (ref= A/A, =a/A-a/a) 
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 Discussion 5.6

The trajectory of increasing childhood obesity is of widespread concern and involves the interaction 

between several factors including maternal adiposity, intra-uterine environment, genetic influences 

and environmental factors [363-365]. Many studies have successfully identified genetic variants 

involved in the pathogenesis of obesity. While these genetic variations involved in the development 

and progression of obesity are likely to have a modest influence on phenotypic expression, 

collectively they may result in enhanced susceptibility to or protection from obesity [366]. This study 

explored 80 genetic variants and their relationships with BMI z-scores and PBF in New Zealand 

European children using the Children of SCOPE cohort. We found a linear relationship between BMI 

z-scores and PBF (r=0.756, p <0.001) once adjusted for age and gender. We performed an exploratory 

scan of the gene variants using a genotypic model and prioritised these genes according to 

significance.  We found two distinct subsets of gene variants associated with BMI z-scores (HOXB5-

rs9299, SH2B1-rs7498665, NPC1-rs1805081 and MSRA-rs545854) and PBF (TMEM18-rs6548238, 

NPY-rs17149106, ETV-rs7647305, NPY-rs16139, TIMELESS-rs4630333, FTO-rs9939609, UCP2-

rs659366, MAP2K5-rs2241423 and FAIM2-rs7138803) in the genotypic models. We further 

separated these gene variants according to one of three different genetic models (additive, recessive 

and dominant) and applied best fit models for each gene variant. Novel variants were shown to be 

associated with obesity traits once separated by different models of inheritance. However, we still 

observed a distinct lack of overlap between gene variants with BMI z-scores and PBF with the 

majority of the genetic models.  

 Association of gene variants with BMI z-scores and PBF 5.6.1

Numerous genome-wide studies have only used a single measure of adiposity to determine obesity 

status across different populations, most often BMI [181, 223]. These studies generally assume that 

recurring common gene variants will be associated with different indices of obesity. However, 

measuring different traits of obesity could result in the specific association of that particular 

characteristic and not overall obesity (phenotype-specific). We found two distinct subsets of gene 

variants associated with different traits of obesity, with minimal overlap between them. We also found 

no distinguishing biological patterns of association between these gene variants with BMI z-scores 

and PBF with these genes being present in multiple biological processes including appetite regulation, 

energy expenditure and behavioural modification. Although, we showed a linear relationship between 

BMI z-scores and PBF, it is evident that we are observing association for two markers of obesity that 

are independent from each other.  
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We also performed genetic models of inheritance of gene variants to investigate the fit of obesity 

associations. We found a further five gene variants showing associations with BMI z-scores 

(TMEM18-rs6548238, FTO-rs9939609 and MC4R-rs17782313) and PBF (SH2B1-rs7498665 and 

FTO-rs1421085) once separated into genetic models that were previously not detected in the 

genotypic associations. All variants associated with BMI z-scores under the additive model (SH2B1-

rs7498665, FTO-rs9939609 and TMEM18-rs6548238) were also associated with PBF scores. 

However, no overlapping association was found between BMI z-scores and PBF in the recessive and 

dominant models. It should be noted that the frequency of the minor genotype within certain gene 

variants is noticeably low and this is reflected by the large confidence intervals shown in the recessive 

models. However, it has been increasingly accepted that rare variants could play a significant role in 

disease development, compared to common genetic variations, which minimally contribute to disease 

susceptibility [367].  

 Gene relationships with obesity pathways 5.6.2

Genes expressed within or associated with the central nervous system that may mediate the 

effectiveness of metabolic hormonal action are strong susceptibility candidates for obesity [351, 368]. 

This study has found several gene variants involved with central nervous system processes that are 

associated with differences in BMI z-scores and PBF. Genetic studies that have investigated neuronal 

genes have found consistent associations with obesity traits highlighting the importance of energy 

sensing and feeding behaviours in obesity development [369, 370]. However, the exact mechanism on 

how these gene variants exert their function remains poorly understood. Furthermore, the significant 

associations observed with the BMI z-scores may not necessarily indicate real obesity outcomes. 

Instead it may reflect differences in muscle mass to fat ratio resulting in biased associations [12]. The 

protective association with BMI z-scores described by certain gene variants may be mediated by the 

reduction of lean muscle. While, this will lead to lower BMI scores, it will result in higher body fat 

composition, which is metabolically less active. Interpreting associations from studies reporting BMI 

and translating these results into biologically relevant information should be performed with careful 

consideration to obtain the true effect of the gene variant.   

It is important to note that the relationship between habitual dietary cravings and obesity outcomes 

may be altered by genetic variations [371, 372]. Although we did not focus on dietary interactions 

with obesity traits in this particular study, numerous genes in this study are known to be influenced by 

differences in nutrient composition (macro- and micronutrients). Several genes including the SH2B1, 

NYP and FTO are directly regulated by dietary nutrient intake and are associated with obesity through 

alterations in feeding behaviour and energy expenditure [373-375]. Other genes (TIMELESS, 

TMEM18 and MC4R) may modify appetite regulation and food cravings through temporal 
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restructuring of physiological processes including sleep, biogenic pathways and hormone cycles [376-

378]. Most of these gene functions seem to be centred around leptin and its role in the hypothalamic 

regulation of feeding and metabolism to maintain appropriate body weight. Although we did not show 

any significant association with leptin variants, we speculate that other genetic variation surrounding 

leptin functionality may lead to decreased sensitivity and increased food intake in children.  

A common perception in many GWAS is the continued association of genetic variations that tracks 

from childhood towards adult life [200, 379, 380]. The Genetic Investigation of Anthropometric 

Traits (GIANT) study determined that the majority of obesity conferring variants determined in adult 

GWAS are exerting an effect in early life development [379]. However, several studies have 

considered that some childhood obesity may be driven by a different subset of genes which is limited 

to early life. Recently two loci (OLFM4 and HOXB5) were identified that were specifically associated 

with BMI in childhood [225]. We also found an association of the childhood specific HOXB5-rs9299 

variant (genotypic p= 0.017, recessive p=0.0042) with BMI z-scores first reported by Bradfield et al 

(combined OR=1.14, p=3.54x10
-9

); albeit in the opposite direction (genotypic  (GG) =-0.255, 

additive =-0.250) but not OLFM4. A recent genome wide meta-analysis of approximately 47000 

children across 33 studies identified 15 loci associated with childhood BMI in which three were 

considered novel (ELP3, RAB27B and ADAM23) [226]. Interestingly, this study did not replicate the 

association of the rs9299 with childhood BMI suggesting that the HOXB5 locus may not be a true 

candidate gene of obesity.  

Identifying genetic variations early in the life cycle may be more amenable to interventions compared 

with strategies which target adults who are already overweight or obese. However, to obtain evidence 

as to whether these variants are exclusive to children, or show continued association until adulthood, 

will require analysis within a longitudinal study allowing more power to detect age-related effects. It 

may be that the genetic influence of obesity-related variants in this particular cohort has a limited 

effect on the timing of childhood obesity development and will be prevalent later on in adulthood 

[381].  Several gene variants may only exert their effect after certain stages of development resulting 

in age-dependent associations. Furthermore, this study may not have sufficient statistical power to 

detect evidence for an association of variants with a small effect size.  

 Limitations 5.6.3

When adjusting for multiple testing in the genetic analysis, we lost all significant associations of gene 

variants with the BMI z-score and PBF in the genotypic models. However, we have retained, nominal 

associations of several genes once separated under additive models. It has been demonstrated that an 

important determinant of statistical power is the accurate description of the phenotype in question 
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[382]. It is possible that the significant associations observed in this study may not be a reflection of 

obesity traits (BMI z-scores and PBF) but other overlapping co-morbidities associated with obesity. 

Phenotypes without distinct characteristics may require larger sample sizes for accurate detection of 

susceptibility loci [382]. Although having a relatively strong relationship between BMI and PBF, the 

lack of overlap between genes associated with BMI z scores and PBF may be a result of the lean mass 

index as a confounding factor in BMI scores. Analysing gene variants with only the fat mass index of 

BMI may allow us to identify gene variants common to both BMI and PBF in children. 

 It is important to note that none of these gene variants were investigated regarding the effect of 

environmental conditions in the development of obesity. As stated previously, most gene variants in 

this study interact with various environmental factors including dietary habits, exercise and 

behavioural patterns [364, 372]. Evidence has shown that a significant proportion of obesity 

development is consistently mediated by genetic factors [383]. However, the penetrance of these 

variants may correlate with differences in environmental factors. This environment-genetic interplay 

is best exemplified by how physical activity can offset some of the detrimental effects relayed by 

obesity susceptibility variants [384, 385]. Comparative twin studies in eight countries have 

determined the heritability of BMI ranges from 45 to 85% [384].  However, studies have shown that 

physical activity reduces the genetic variance in BMI suggesting that inherited genetic influences on 

obesity are amplified in an ‘obesogenic’ environment and that healthy lifestyle choices can diminish 

the effect of these detrimental genes [307, 384, 385]. Further characterisation of environmental effects 

on obesity traits in children with genetic susceptibility to obesity should be investigated.  

We have used Benjamini and Hochbergs FDR to estimate the expectation of false discoveries in the 

sequential list of putative associations. However, using FDR requires the raw data to follow certain 

precautions [386]. The dependence between tests in SNP data greatly inflates the variance of the 

number of false discovery [387]. If violated FDR assumptions may be specious leading to false 

biological effects [386]. However amendments to FDR testing that entail less restrictive assumptions 

can lead to overly conservative conclusions [386]. It may be certain associations obtained in this study 

may be biologically relevant but are masked by the overly conservative testing obtained by FDR. 

 Conclusion  5.7

This study has confirmed and replicated the significant associations of two different subsets of gene 

variants with BMI z-scores and PBF in a cohort of New Zealand European children. We have shown 

that the associations observed here may not be a measure of overall obesity but more likely to be 

phenotype-specific for that particular obesity trait. Defining clinical obesity is of upmost importance 

and investigating other indices of obesity including waist circumference, skinfold thickness and waist 
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to hip ratio may provide researchers a better understanding of disease development of clinical 

relevance. Furthermore, analysis using environmental information should be conducted to investigate 

the causality of these associations. 

 Additive models using only GWAS associated gene variants. 5.8

Gene variants selected for this study were based on significant associations with obesity in large 

genome-wide and candidate gene studies. However, there have been significant drawbacks using this 

method as our selection criteria. Candidate gene studies historically suffer from low power (restricted 

sample-size), the inability to capture the genetic variation across the gene and the lack of replication 

studies. Therefore, an a priori hypothesis about biological function is required. Instead, GWAS uses 

an unbiased approach which tests for markers encompassing the whole genome. It is generally 

accepted that a gene variant is of importance if the marker shows robust evidence of association with 

the phenotype across multiple studies, are in the same direction and has surpassed the overall P<5x10
-

8
 threshold of genome-wide significance.  

We have therefore performed a secondary sub-group analysis by focussing on the confirmed GWAS 

BMI variants with childhood BMI z-scores and PBF using only additive models. This was done to 

assess the proportion of gene variants arising from large scale GWAS compared to our earlier analysis 

(Section 5.5.3), which would provide a better selection method when testing for associations using a 

candidate gene approach.  
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Table 5.6: Genetic variants associated with differences in BMI z-scores of New Zealand European children in Children of SCOPE using additive models. 

Model CHR Gene SNP Allele Tested Effect () p-value q-value 

Additive 16 SH2B1 rs7498665 G 0.13[0.038~0.22] 0.0053 0.148 

Additive 8 MSRA rs545854 C 0.13[0.019~0.23] 0.021 0.214 

Additive 17 HOXB5 rs9299 G -0.094[-0.18~0.0093] 0.023 0.214 

Additive 2 TMEM18 rs6548238 T -0.11[-0.22~-0.0028] 0.044 0.214 

Additive 16 FTO rs9939609 A 0.085[0.0017~0.17] 0.046 0.214 

Additive 18 MC4R rs17782313 C 0.098[0.0018~0.19] 0.046 0.214 

 

Table 5.7: Genetic variants associated with differences in PBF of New Zealand European children in Children of SCOPE using additive models. 

Model CHR Gene SNP Allele Tested Effect () p-value q-value 

Additive 2 TMEM18 rs6548238 T -1.29[-2.06~-0.53] 0.0009 0.025 

Additive 16 FTO rs9939609 A 0.80[0.22~1.38] 0.0067 0.094 

Additive 16 SH2B1 rs7498665 G 0.72[0.098~1.34] 0.023 0.217 

Additive 16 FTO rs1421085 C 0.61[0.031~1.19] 0.039 0.238 

Additive 12 FAIM2 rs7138803 A 0.60[0.0018~1.19] 0.044 0.238 
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Our study showed that six (out of a possible seven: 86%) gene variants associated with differences in 

BMI z-scores were derived from large scale BMI GWAS (Table 5.6). This supports the view that 

markers identified from GWAS would provide an improved platform for testing and expediting gene 

candidacy in smaller studies. However, when using PBF, only five (out of a possible ten: 50%) 

showed significant associations (Table 5.7).  This highlights the inconsistent relationship between 

BMI and PBF and reinforces the concept of different gene variants driving specific association signals 

(discussed in Section 5.6). Most obesity susceptibility loci discovered by GWAS used in this study 

were obtained from studies using BMI as the marker of obesity status. It is therefore unsurprising to 

detect a higher proportion of SNPs associated with BMI z-scores and not PBF. This suggests that 

classification of phenotype is particularly important, and that complex traits may be heterogeneous 

with respect to genetic susceptibility and disease pathophysiology. 

A common feature overlooked in genetic studies is whether the same (or highly correlated) variant is 

associated with the same trait in the same direction in an independent study. Continuity of effect 

should be demonstrated across studies with the magnitude and direction of effect being similar for the 

genomic region. While we have shown that the mean effect of HOXB5-rs9299 gene variant in our 

study does not correspond to the odds ratio described by Bradfield et al [225], we have not explored 

the directional relationship with any of the other variants. We have performed a comparability 

analysis of the direction of association of the Children of SCOPE study with known GWAS and show 

replicated association of 86% (excluding HOXB5) of our variants aligned in the same direction (Table 

5.8). Only the TMEM18-rs6548238 showed an opposite direction of association; however, an 

independent study using approximately 13,000 adults from the MONICA/KORA project also detected 

a protective effect for rs6548238 (-0.42kg/m
2
, p=1.22x10

-8
). Further studies are required to explore 

the functional relationship between TMEM18 and obesity.    

Table 5.8: Direction of association and effect sizes of confirmed GWAS markers in the New Zealand European 

Children of the Children of SCOPE (CoS) study with GWAS effect sizes. a represent changes in BMI per allele. b 

represents changes in waist circumference per allele. c represents the odds ratio of obesity status using BMI. d represents 

changes in mean BMI per allele.  

 

  

Gene SNP 
CoS Mean Effect 

(BMI z-scores) 

CoS Mean Effect 

(PBF) 
GWAS Effect 

SH2B1 rs7498665 0.13 0.72 0.15a 

MSRA rs545854 0.13 - 0.036b 

HOXB5 rs9299 -0.094 - 1.14c 

TMEM18 rs6548238 -0.11 -1.29 0.26a 

FTO rs9939609 0.085 0.80 0.33a 

FTO rs1421085 - 0.61 0.08a 

MC4R rs17782313 0.098  0.20a 

FAIM2 rs7138803 - 0.60 3.28d 
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 Summary 5.9

This study has found numerous (n=18) gene variants associated with obesity traits (BMI z-scores and 

PBF) in a cohort of 962 New Zealand European children. The majority of these variants are known to 

overlap with adult obesity suggesting continued association of susceptibility loci from childhood to 

adult life. The consistent overlap between adults and children may imply age-specific associations of 

the same loci with varying effect sizes. We also found an association of the childhood specific 

HOXB5-rs9299 variant (genotypic p= 0.0160, recessive p=0.0042) with BMI z-scores first reported 

by Bradfield et al (OR=1.14, p=3.54x10
-9

); albeit in the opposite direction (genotypic  (GG) =-

0.255, additive =-0.250). Recently, a genome wide meta-analysis of approximately 47000 children 

across 33 studies identified 15 loci associated with childhood BMI in which three were considered 

novel (ELP3, RAB27B and ADAM23) [226]. Interestingly, this study did not replicate the association 

of the HOXB5 variant with childhood BMI. We also found a lack of distinct overlap between gene 

variants associated with BMI z-scores and PBF suggesting associations observed in this study are 

more likely to be phenotypic-specific for that particular obesity trait instead of overall adiposity. 

 

The relative risk conveyed by susceptible gene loci can be attenuated or amplified when including 

environmental factors into the model (gene-by-environment interactions). In the subsequent chapters, 

we explore the joint effects of genetic influence and three modifiable environmental factors (‘healthy’ 

diet, physical activity intensity and sleep duration) in relation to childhood obesity risk.  
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  CHAPTER 6

Gene-by-‘healthy’ diet interactions 

  

 Foreword 6.1

Nutritional studies with both the single-nutrient approach and dietary pattern analysis have provided 

novel insights into how the current “food environment” and feeding practices has contributed to 

global obesity. Given the transition towards easily accessible and highly dense low nutrient quality 

foods, dietary interventions have been an area of focus of obesity prevention programs. With the 

increased tendency towards obesity, childhood provides a critical period of life where positive eating 

behaviours are established, which can eventually lead to lifelong dietary habits [388].  

Despite these trends, a substantial amount of body weight inter-variability exists between people 

being exposed to the same ‘obesogenic’ environment, suggesting marked genetic differences in the 

predisposition towards obesity [306]. The rapid progression of genetic studies has resulted in the 

expansion of genetic variants associated with obesity traits [181]. While these studies are informative 

and provide further understanding of biological processes involved in obesity development, they do 

not account for environmental factors that can modify the effects associated with these genes. 

Characterising dietary patterns and performing genetic interaction studies may reveal novel loci not 

previously detected in the initial GWAS, and determine new effect sizes of variants already associated 

with obesity traits.  
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  Abstract 6.2

Objectives: The genetic influence on obesity traits may be attenuated by the ‘obesogenic’ 

environment resulting in imprecise associations. Changing dietary patterns have been correlated with 

increased prevalence of obesity over recent decades. We hypothesised that a ‘healthy’ dietary pattern 

will offset a susceptible genetic effect resulting in reduced obesity risk.  

Design: Thirty-four genetic variants selected on the basis of prior association with obesity traits and 

suspected dietary effects, were evaluated by Sequenom assay. Interaction analyses were performed 

between genetic variants and ‘healthy’ dietary scores on obesity traits (BMI z-scores and Percentage 

Body Fat (PBF)). 

Setting: European children from Auckland, New Zealand.  

Subjects: We recruited 962 European children from mothers of the New Zealand study of the 

Screening for Pregnancy Endpoints (SCOPE) study.  

Results: We found uncorrected susceptible gene-by-‘healthy’ diet interactions for ADIPOQ-

rs1501299 (p=0.014), GPRC5B-rs12444979 (p=0.0014) and MSRA-rs545854 (p=0.018) variants on 

BMI z-scores and SH2B1-rs7498665 (p=0.039) variant on PBF. However, after adjusting for multiple 

comparisons only the GPRC5B-12444979 (q=0.0056) and MSRA-rs545854 (q=0.035) remained 

significant.  

Conclusion: The susceptible interactions observed in this study may reflect the inability of the dietary 

pattern analyses to predict energy intake. The interactions between obesity-susceptibility genes and 

dietary pattern scores need confirmation in other cohorts.   

Keywords: obesity; genetics; ‘healthy’ diet; children; principal component analysis 



94 
 

 Introduction 6.3

Obesity is a global epidemic associated with long-term increased risk of cardiovascular disease, type 2 

diabetes mellitus and premature mortality that causes sustained burden on both the individual and the 

public health sector [389]. Of particular concern, is the rapid rise of childhood obesity and the clinical 

presentation of obesity associated co-morbidities during early life development [390]. While, 

profound changes surrounding dietary and physical activity practices are the principal factors driving 

global weight gain, individual genetic susceptibility may explain the variance observed with obesity 

phenotypes [93]. The advent of genome wide association studies (GWAS) have identified numerous 

genetic loci associated with different obesity measures, revealing previously unknown roles of 

biological pathways in fat deposition [181, 200, 288, 379]. However, gene-by-environment 

interactions, not traditionally captured by conventional GWAS may shift genetic variance leading to 

imprecise heritability estimates [212, 306]. With the quantification of environmental factors, studies 

are now able to uncover novel genetic loci that were not detected in the initial screen and predict new 

effects sizes of variants already associated with obesity [391, 392].  

Fuelled by the transition towards a poor nutritional status, children are not achieving optimal nutrient 

intake for proper growth and development [393]. Most epidemiological studies examining eating 

behaviours have reported differential associations between specific nutrient exposure and obesity 

traits [394, 395]. However, human dietary patterns is a complex construct characterised by diverse 

eating combinations and shared lifestyle influences
 
[305]. Dietary analyses have now shifted towards 

the clustering of food items according to empirically driven criteria of nutritional health and testing 

patterns of association with obesity [305]. However, many of these studies do not take into account 

how dietary patterns may attenuate the genetic predisposition towards obesity either through 

modifying appetite regulation or altering metabolic responses [370]. Identifying the role of genetic 

influence in dietary practices will provide an improved model of disease development and further the 

understanding of the multifaceted relationship between exogenous risk factors involved in 

environmental genomics.  

 We aim to quantitate the interaction between a ‘healthy’ dietary pattern and obesity-related genetics 

in relation to BMI z-scores and Percentage Body Fat (PBF). Here we present the results of a gene-by-

’healthy’ dietary interaction of 34 genes, previously associated with obesity traits and suspected 

dietary effects in 6 year old New Zealand European children of the Children of SCOPE cohort.  
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 Methods 6.4

 Study population 6.4.1

The Children of Screening for Pregnancy Endpoints is an Auckland led prospective cohort study for 

the prediction of obesity in New Zealand children. Children were born over a three year period from 

April 2005 to March 2008 and are offspring of nulliparous pregnant women (n=2065) who were 

participants in the landmark SCOPE study (scopestudy.net). Of these participants, 4%, have been 

excluded due to loss in follow-up (n=23), fetal/neonatal death (n=27) and live births with major 

congenital abnormalities (n=34). The remaining 1981 (96%) children comprised the eligible study 

population for the follow-up study, and 1208 (62%) were successfully recruited to participate in the 

Auckland Children of SCOPE study. Children were approximately 6 years of age with prospectively 

collected pregnancy data from 15 to 20 weeks of gestation through to birth which included maternal 

weight, height and infant birth weight centiles. Ethnicity of these children was determined through 

self-reported parental ethnicity collected in the original SCOPE cohort. Based on the ethnic 

frequencies, only New Zealand European children were considered for eligibility in this genetic part 

of the study. Informed written consent was obtained from all women whose children participated in 

this study. Recruitment was approved by the Northern X Regional Ethics committee 

(NTX/10/10/106).  

 Outcome measures 6.4.2

The child’s weight and height were measured at the Children of SCOPE visit by trained nurses 

following a standardised protocol. BMI (weight/height
2
) was the standard method used to assess 

obesity status in the Children of SCOPE study. BMI z-scores were created according to age and 

gender, using the UK 1990 (UK90) BMI growth reference population curve [396]. Percentage Body 

Fat was measured using the Bioelectrical Impedance analysis (BIA) method using the SBF7 

(ImpediMed Ltd, QLD, Australia). Fat free mass (FFM) was extracted using the single-frequency 50 

kHz data from the SBF7. Resistance, reactance and impedance were recorded, and FFM was 

calculated as follows: 

 FFM=(0.65*(height
2
/impedance)+0.68*Age(years)+0.15) [359]. PBF was calculated using (weight-

FFM)/weight*100). 
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 Sample preparation SNP selection and genotyping 6.4.3

Genomic DNA was isolated from saliva and buffy coats, according to the manufacturer’s instruction 

using the Oragene DNA purification (DNA Genotek) and the QIAamp DNA Mini kits (Qiagen 

#51304), respectively, and were stored at -80°C.  

Samples were analysed for 34 gene variants selected on the basis of prior association with obesity 

(Supplementary Table 11.5) and include a number of variants from GWAS and candidate genes 

from the literature. Due to the limited number of non-European children and allele frequency 

differences between various ethnic groups, only New Zealand European children were eligible to 

participate in this study.  

Information regarding genotypes and allele frequencies in the European population were obtained 

using the 1000GENOMES:phase_3:CEU data in Ensembl (www.ensembl.org ). Genes that harbour 

multiple genetic variants were assessed for linkage disequilibrium (LD) scores using LD plots 

obtained from 1000GENOMES:phase_3:CEU (www.ensembl.org). A pairwise LD (r
r
) score over 0.8 

was considered to be in high disequilibrium in which only one variant was selected for analysis [360]. 

All variants selected for this study had a LD score below 0.8 or had no CEU information and were 

subsequently retained for association testing.    

Genotyping was performed using the Sequenom iPlex MassARRAY platform which uses a matrix 

assisted laser desorption/ionisation-time of flight (MALDI-TOF) primer extension assay according to 

the manufacturer’s instructions (Sequenom, New Zealand). All plates contained samples for testing 

and non-template controls. Quality control measures included a non-template control to ensure the 

absence of cross contamination and primer cross reactivity and correlation of the minor allele 

frequency (MAF) with a reference population in 1000GENOMES:phase_3:CEU (Supplementary 

Table 11.5). A small sample subset (n=384) was checked for quality control using TaqMan pre-

designed assay (Applied Biosystems) for LEPR-rs1137100 to confirm accuracy of genotyping.  

 

 

 

http://www.ensembl.org/
http://www.ensembl.org/
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 Dietary assessment 6.4.4

Information about the children dietary intake was assessed through a 118-item food-frequency 

questionnaire that was initially designed and modified for the Auckland Birthweight Collaborative 

(ABC) study [397]. The questionnaire was a 1-month recall and collected detailed information about 

the consumption and servings of a wide range of food and beverages including fruit and vegetables, 

dairy products, meats, fish, sweets and snacks, nuts and vitamin supplementation. Subjects were asked 

to report on the frequency of consuming specific foods and beverages using the following answers 

provided for them: (i) never, (ii) less than once a month, (iii) 1-3 times a month, (iv) once a week, (v) 

twice a week, (vi) three times a week, (vii) four times a week, (viii) five times a week, (ix) six times a 

week, (x) daily and (xi) two or more times per day.  

Principal component analysis with varimax rotation in the Factor procedure of SAS was performed 

across all 118 food items to describe the underlying characteristics of dietary patterns. A 3-pattern 

solution (‘healthy’, ‘traditional’ and ‘junk’) was chosen after evaluation of the scree plot of 

eigenvalues. Factor loadings were considered to have a strong association when the magnitude was of 

0.3 or greater. A dietary score was calculated for each child for each principal component as a sum of 

the 118 food items each weighted within a factor loading of these values.  The scores for each dietary 

pattern are independent and distributed with a mean of 0 and standard deviation of 1.  

 Statistical analysis 6.4.5

The Hardy-Weinberg equilibrium (HWE) test was performed across each genomic marker to assess 

the genotype distribution across the population. The gene variant was considered to be in HWE if the 

p-value was above 0.05. Univariable linear regression was used to test the association between a 

‘healthy’ dietary pattern with BMI z-scores and PBF. A standard linear regression analysis was used 

to assess the association between a ‘healthy’ dietary pattern and genotype. Multivariate linear 

regression analysis was used to model the interaction between gene variants and a ‘healthy’ dietary 

pattern in relation to BMI z-scores and PBF. Interactions were assessed by including a product term 

(‘healthy’ dietary scores x genotype) and were adjusted for age, sex, ‘healthy’ dietary scores and 

genotype. Coefficients with P0.05 in all analysis were considered to indicate a nominally significant 

association. 

Significant interactions were stratified according to genotypes to ensure trajectory of BMI z-scores 

and PBF relative to ‘healthy’ dietary scores was not influenced by residual outliers. Any influential 

outliers detected were assessed for validity and subsequently removed if found to be of uncertain 
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variability and re-analysed. P-values were corrected for multiple testing using the False Discovery 

Rate (FDR) test as described by Benjamini and Hochberg (1995) [361]. Adjusted P-values (Q-values) 

were calculated for the total number of tests using the null hypothesis fraction estimated by the 

ranking method. All analyses were performed using SAS version 9.4 (SAS Institute Inc., Cary, NC, 

USA). 
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 Results 6.5

 Characteristics of study population 6.5.1

The baseline characteristics of the study population comprising New Zealand European children are 

shown in Table 6.1. The factor loadings for the ‘healthy’ dietary pattern are shown in 

Supplementary Table 11.6. The first and largest component from the principal analysis was the 

‘healthy’ dietary pattern which accounted for 6% of the variance. We have not explored the influence 

of the other two principal components as the premise of this study was to investigate whether a 

‘healthy diet’ pattern derived from empirically driven data can offset susceptible genes of obesity in 6 

year old European children.   

Table 6.1: Baseline characteristics of New Zealand European children (n=962) of the Children of SCOPE cohort 
separated by gender. All p-values were obtained using generalised linear models. 

European Children Participated in Children of SCOPE  

(n=962) 

Characteristic (s.d) 
Male 

(n=488) 

Female 

(n=474) 
p-value 

Child’s Age of Assessment 
6.00 (0.183) 

(n=488) 

6.00 (0.189) 

(n=474) 
0.964 

Height in cm 
118.32 (4.84) 

(n=487) 

117.39 (4.66) 

(n=474) 
0.0026 

Weight in kg 
22.15 (2.84) 

(n=487) 

21.67 (2.90) 

(n=474) 
0.0089 

BMI z-scores 
0.111 (0.96) 

(n=487) 

0.0391 (0.82) 

(n=474) 
0.212 

PBF 
21.19 (6.12) 

(n=467) 

23.58 (5.96) 

(n=468) 
<0.0001 

‘Healthy’ Dietary Scores 
-0.042 (1.00) 

(n=486) 

0.043 (1.00) 

(n=473) 
0.191 
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 ‘Healthy’ diet association with BMI z-scores and PBF 6.5.2

Univariable models that associate changes in BMI z-scores and PBF in relation to a ‘healthy ‘dietary 

pattern are shown in Supplementary Figure 11.2 and Supplementary Figure 11.3 No association 

was found between ‘healthy’ diet scores and BMI z-scores (=-0.034[-0.091~0.022], p=0.232) or 

PBF (=-0.21[-0.60~0.19], p=0.304).        

 Genotypic models with ‘healthy’ diet scores 6.5.3

For this study, we have selected 34 genes that have suspected roles with dietary effects and used them 

as a model to investigate whether a ‘healthy’ diet can offset a susceptible genetic association 

(Supplementary Table 11.5). Most genomic markers were in accordance with HWE except SH2B1-

rs7498665 (p=0.0004) in the overall population cohort. The genotyping results obtained from the 

Sequenom analysis showed no evidence of genotyping error. We had no family history in the dataset, 

handling of samples followed a rigorous protocol and scatterplots obtained from the Sequenom 

analysis showed robust genotyping. The minor allele frequencies (MAF) for SH2B1-rs7498665 

(0.360) were comparable to the 1000GENOMES:phase_3:CEU population frequency of 0.364 

(www.ensembl.org) Any deviation from HWE may represent a real genetic effect and may have 

resulted from population admixture, selection pressure or population stratification. Furthermore, 

disequilibrium can also result from a true association, such that genetic variants showing a departure 

of HWE, at any given significance threshold can occur by chance [362]. Therefore we have not 

eliminated these variants from our subsequent association analysis.   

We tested genotype associations between the gene variants and ‘healthy’ diet scores (Supplementary 

Table 11.7). The TNNI3K-rs1514175 (p=0.011), PPAR-rs3856806 (p=0.016), FASN-rs426444 

(p=0.035) and ADRB2-rs1042713 (p=0.044) variants were associated with significant differences in 

‘healthy’ diet scores (Table 6.2). However, no gene variants remained significant with ‘healthy 

dietary’ scores after adjustment for multiple comparisons.  
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Table 6.2: Significant uncorrected associations (p<0.05) of genotype models for TNNI3K (p=0.011), PPAR (p=0.016), FASN (p=0.035) and ADRB2 (p=0.044) variants with ‘healthy’ 

dietary scores of 6 year old New Zealand European children in Children of SCOPE. After adjustments for multiple comparisons no significant associations remained.   

Model Diet CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 

Genotypic q 

value 

Genotypic Healthy 1 TNNI3K rs1514175 

C/C 

C/T 

T/T 

327 

431 

173 

- 

0.18[0.037~0.32] 

-0.043[-0.22~0.14] 

- 

0.014 

0.649 

0.011 0.277 

Genotypic Healthy 3 PPAR rs3856806 

C/C 

C/T 

T/T 

704 

216 

16 

- 

-0.19[-0.34~-0.033] 

0.37[-0.13~0.86] 

- 

0.017 

0.148 

0.016 0.277 

Genotypic Healthy 3 FASN rs426444 

T/T 

T/A 

A/A 

429 

396 

107 

- 

-0.14[-0.27~0.00031] 

0.11[-0.10~0.32] 

- 

0.051 

0.313 

0.035 0.328 

Genotypic Healthy 5 ADRB2 rs1042713 

G/G 

G/A 

A/A 

356 

347 

233 

- 

-0.0037[-1.5~0.14] 

-0.19[-0.36~-0.026] 

- 

0.961 

0.024 

0.044 0.328 
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 Gene-by-‘healthy’ diet interactions on BMI z-scores and PBF 6.5.4

We have prioritized these interactions according to one of four genetic models (genotypic, additive, 

recessive and dominant), previously established in an earlier genetic association analysis 

(Supplementary Table 11.8). Only the SH2B1-rs7498665 (G) variant exhibited a nominal gene-by-

‘healthy’ diet interaction on greater PBF (= 0.64[0.0323~1.25] p=0.039) scores under an additive 

model (Figure 6.1). However, no significant interactions remained after adjusting for multiple 

comparisons.  

 

Figure 6.1: Stratified (additive) model of the SH2B1-rs7498665 variant (uncorrected-p=0.039) and a ‘healthy’ dietary 

pattern on PBF scores of six year old New Zealand European children in Children of SCOPE. The susceptible 

interaction of the ‘healthy’ dietary scores in relation to PBF scores is observable in children harbouring the minor (G) allele 
of the SH2B1 loci. 
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We analysed the interaction between gene variants and a ‘healthy’ diet on BMI z-scores and PBF 

under non-additive model of inheritance. The ADIPOQ-rs1501299 (0.27[0.054~0.48] p=0.014) 

variant was found to demonstrate a susceptible interaction on BMI z-scores under a recessive model 

(Figure 6.2). No interaction was found between gene variants and a ‘healthy’ diet on PBF scores 

under a recessive model.  

 

Figure 6.2; Stratified (recessive) model of the ADIPOQ-rs1501299 variant (uncorrected-p=0.014) and a ‘healthy’ 

dietary pattern with BMI z-scores of six year old New Zealand European children in Children of SCOPE (1= C/C 

and C/A  (referent group) and 0=A/A (testing group)).  The susceptible interaction of the ‘healthy’ dietary scores in 

relation to BMI z-scores is only observable in children harbouring both minor (A) alleles of the ADIPOQ loci. 

 

The GPRC5B-12444979 (0.22[0.086~0.36] p=0.0014) and MSRA-rs545854 (0.15[0.026~0.28] 

p=0.018) variants both exhibited a susceptible interaction with ‘healthy’ dietary pattern on increasing 

BMI z-scores under a dominant model (Figure 6.3 and Figure 6.4). No gene-by diet interactions was 

found in relation to PBF scores. The GPRC5B-12444979 (q=0.0056) and MSRA-rs545854 (q=0.035) 

variants remained significant after adjustment for multiple comparisons.  
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Figure 6.3: Stratified (dominant) model of the GPRC5B-rs12444979 variant (uncorrected-p=0.0014) and a ‘healthy’ 

dietary pattern on BMI z-scores of six year old New Zealand European children in Children of SCOPE (1=C/C 

(referent group) 0= C/T and T/T (testing group)). The susceptible interaction of the ‘healthy’ dietary scores in relation to 
BMI z-scores is observable in children harbouring at least one minor (T) allele of the GPRC5B loci. 
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Figure 6.4: Stratified (dominant) model of the MSRA-rs545854 variant (uncorrected-p=0.018) and a ‘healthy’ dietary 

pattern on BMI z- scores of six year old New Zealand European children in Children of SCOPE (1=G/G (referent 

group) and 0= G/C and C/C (testing group)). The susceptible interaction of the ‘healthy’ dietary scores in relation to BMI 
z-scores is observable in children harbouring at least one minor (C) allele of the MSRA loci. 
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 Discussion 6.6

We have conducted a broad analysis of the role of a ‘healthy’ dietary pattern and genetic 

susceptibility in relation to BMI z-scores and PBF by examining 34 variants selected on the basis of 

prior association with obesity traits and suspected dietary effects. This study is the largest of its kind 

in Aotearoa, New Zealand, utilising a comprehensively planned analytical design in a unique 

pregnancy cohort of detailed clinical data and genetic information.  

 The association between a ‘healthy’ dietary pattern and obesity traits 6.6.1

Overall, we found no evidence for association between a ‘healthy’ dietary pattern and differences in 

BMI z-scores or PBF. Similar paradoxical observations have been reported between food intake and 

BMI in numerous studies (recently reviewed by Togo et al [398]). These varying associations may be 

mediated, in part, by the subjective decisions during factor loading and cluster characterisation when 

describing habitual dietary patterns [398]. Dietary intake measured by food frequency questionnaires, 

socio-cultural trends, and physical activity can influence accurate descriptions of dietary groupings 

resulting in mispresented associations with obesity traits [398-400]. However, contrary to these 

findings, it is widely accepted that a ‘healthy’ diet is associated with reduced obesity risk and 

improved health outcomes.  

 Genetic association of dietary patterns 6.6.2

An exploratory scan revealed uncorrected significant genotype differences between four gene variants 

(TNNI3K-rs1514175, PPAR-rs3856806, FASN-rs426444 and ADRB2-rs1042713) and the ‘healthy’ 

dietary scores in a cohort of New Zealand European children. It is entirely plausible that genetic 

predisposition on human behaviour can affect both food intake and energy expenditure disrupting 

whole-body energy balance [401-403].  Associated changes with selection of food and weight in the 

current ‘obesogenic’ environment may be mediated by genetic variations predisposed towards 

differential dietary habits. Several studies have shown that differences in the dopaminergic-reward 

system resulted in alterations in neurochemical signals which may contribute to overeating behaviours 

and obesity [242, 404].  These results suggest that selective genetic markers may predict energy 

expenditure profiles as a consequence of differential nutrient intake [320, 403, 405-407]. However, 

the genetic association of dietary patterns may be structured around other environmental factors that 

can also influence children’s food choice [102, 112]. Children’s eating behaviours are established 

early in life, where local surroundings including homes, schools and neighbourhoods have influenced 

cognitive development in relation to the ‘food’ environment [109]. Household availability of 
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nutritional food items, parenting practices and social relations forms the basis of children food 

preferences that eventually leads to lifelong dietary patterns, growth and weight status [112].  

 Gene-by-‘healthy’ diet interactions  6.6.3

We have found four uncorrected significant interactions between the ‘healthy’ dietary scores and gene 

variants in relation to increasing BMI z-scores and PBF in six year old New Zealand European 

children. However, after adjustment for multiple comparisons only the GPRC5B-12444979 and 

MSRA-rs545854 variants remained significant under a dominant model. Both GPRC5B-12444979 and 

MSRA-rs545854 association with obesity traits was robustly detected through large- scale GWAS; yet 

the molecular mechanisms underlying increased adiposity remains unclear [200, 288]. However, a 

dietary component may provide novel insights into the mechanistic attributes involved in the 

susceptible effects conferred by these variants [408, 409]. Studies delineating GPRC5B physiology 

have shown high expression within the brain suggesting a major node between appetite signalling and 

dietary-induced obesity [408]. Similarly MSRA, may promote beneficial effects in attenuating obesity 

risk by reducing oxidative damage elicited by acute ingestion of densely caloric food [409, 410]. 

However, the susceptible gene-by-‘healthy’ diet interactions found in this study warrants further 

investigation to elucidate the dynamics of gene function in context to dietary habits.    

 Limitations 6.6.4

These observations counteract the general hypothesis that a ‘healthy’ diet can offset genetic 

susceptibility towards improved health outcomes. We suspect that the limited number of susceptible 

interactions found in this study are not reflective of a ‘healthy’ diet effect, but related to the inability 

of dietary pattern analyses to predict energy intake [411]. Obesity is the excess accumulation of fat 

facilitated by greater food intake and reduced energy expenditure [8]. Current evidence has suggested 

increased serving size, even among a ‘healthy’ diet, has resulted in aberrant energy processing and 

weight gain in children [412]. This notion arising from the belief ‘a growing child needs more’ has 

affected parental feeding practices in relation to age-appropriate portion size being served [120]. 

Furthermore, accurate clustering of ‘healthy’ dietary patterns does not take into account factors that 

influence bodyweight status including meal frequencies, temporal distribution of eating events,  and 

physical activity levels [399, 413]. If certain lifestyle-embedded characteristics share a common 

genetic predisposition, we may be imprecisely estimating effects between dietary patterns in relation 

to obesity traits. Variables that may influence eating behaviours of children should be taken into 

account when assessing the relationship between a ‘healthy’ diet and obesity traits.  
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Principal component analysis and factor methods are commonly used in nutritional studies to assess 

dietary patterns, instead of comparing each food item separately (single-nutrient approach) to parallel 

eating behaviours [414, 415]. While this provides researchers the opportunity to explore additional 

dimensions with diet in response to obesity traits, it is affected by several arbitrary decisions 

beginning with self-reported food-frequency questionnaires [305, 416-418]. Under- and over 

reporting of food intake and items introduces systematic bias resulting in inconsistent observations in 

individuals [419]. Allowing for narrative reporting presents errors in assessing dietary patterns and 

may result in differential correlations between food groups which may distort principal component 

models [305]. Furthermore, principal component analysis generate dietary patterns based on pre-

selection of food groups, consideration of factor numbers, and the strength of factor loadings to 

maintain certain foods in their ideal patterns- all of which are based on empirically driven decisions 

[305, 399, 420].  

 Conclusion 6.7

This study has found that a ‘healthy’ dietary pattern in six year old children augments the association 

of four gene variants resulting in greater BMI z-scores and PBF. However, after adjustments for 

multiple comparisons only the GPRC5B-12444979 and MSRA-rs545854 remained significant. While 

these interactions are contrary to the popular belief of improved health outcomes, these results may 

reflect the inability of dietary pattern analyses to predict energy intake. Further studies, are needed to 

elucidate the real effects of gene-by-diet interactions including collection of energy intake, shared 

genetic relationships between lifestyle characteristics and alternative dietary patterns analyses. In 

addition, translating association information into a ‘genetic risk score’ which summarises influence of 

‘obesogenic’ variants, can potentially lead to dietary modifications on the basis of genetic 

predisposition.
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 Summary 6.8

Genetic interaction occurs when the environmental effect on an individual’s health is conditional on a 

specific genotype. Therefore, understanding gene-by-diet interactions has the potential to promote 

dietary modifications on the basis of genetic predisposition, instead of the ‘one size fits all’ 

intervention approach. This study has provided novel insights into the susceptible interactions 

between several gene variants and a ‘healthy’ dietary pattern with obesity risk in six year old children. 

However we also shown, that the inability of dietary pattern analyses to predict energy intake may 

lead to spurious associations. Larger population-based studies, and the collection of energy intake is 

required to identify genuine gene-by dietary interactions to provide targeted treatment for children at 

increased risk of developing obesity.  

It is widely accepted that obesity is a consequence of energy imbalance associated with a high-caloric 

dietary intake and lifestyle adopted preferences. This study has only investigated one feature of the 

energy balance equation. Increased sedentary behaviours in conjunction with reduced physical 

activity in children are becoming prevalent in the current ‘obesogenic’ environment and are 

considered a significant risk factor for obesity. Furthermore, physical activity has an important role in 

maintaining a healthy nutritional status suggesting a homeostatic relationship between energy intake 

and expenditure in the context of obesity development.  We have, therefore, explored gene-by-activity 

interactions in relation to obesity traits in this cohort of New Zealand European children.        
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 CHAPTER 7

Gene-by-physical activity interactions 

 

 

 Foreword 7.1

Physical activity is known to play an important role in the prevention of obesity in children and 

adults. However, large proportions of children do not meet daily physical activity recommendations 

and are at an increased risk of accumulating higher levels of body fat [122]. Active behaviours have 

been displaced by more sedentary pursuits, in part, by the changing landscape of the technological 

environment [130]. This has contributed to the decline of physical activity energy expenditure with 

the concomitant increase of energy intake. Given the increasing development of obesity, appropriate 

engagement of physical activity in children is a fundamental aim of obesity prevention. 

Along the same lines as gene-diet interactions (Chapter 6), higher levels of habitual physical activity 

may attenuate the genetic predisposition of obesity in children. Several studies have found gene-by-

activity interactions on obesity traits [213, 308, 309], reinforcing the importance of physical activity 

as a preventative measure in the reduction of obesity in genetically susceptible children. We have 

investigated whether higher proportions of sedentary lifestyle may accentuate the effect of 

susceptibility loci on body fat accumulations (gene-by-sedentary interactions). We also considered 

whether these children may benefit from improved habitual activity (proportions of moderate activity) 

to counteract the detrimental influence conferred by these genes.  
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 Abstract 7.2

Purpose: The decline of physical activity in children is considered an important determinant to 

explain the rising rates of obesity. However, this risk may be augmented in children who are 

genetically susceptible to increased weight gain. We hypothesised that a sedentary lifestyle and 

moderate activity will interact with genetic loci, resulting in differential effects in relation to obesity 

risk.   

Methods: We recruited 643 European children born to participants in the New Zealand based 

Screening for Pregnancy Endpoints (SCOPE) study. Seventy gene variants were evaluated by the 

Sequenom assay. Interaction analyses were performed between the genetic variants and activity type 

derived from actigraphy, in relation to Percentage Body Fat (PBF). 

Results: We found a statistically significant association between increased proportions of sedentary 

activity with increased PBF scores (p=0.012). The OLFM4-9568856 (p=0.01) and GNPDA2-

rs10938397 (p=0.044) gene variants showed genotype differences with proportions of sedentary 

activity. Similarly, the OLFM4-9568856 (p=0.021), CLOCK-rs4864548 (p=0.029) and LEPR-

1045895 (p=0.047) showed genotype differences with proportions of moderate activity. We found 

evidence for unadjusted gene-by-activity interactions of the SPACA3/SPRASA-rs16967845, PFKP-

rs6602024 and SH2B1-rs7498665 on PBF scores.  

Conclusions: These findings indicate a differential effect of physical activity in relation to obesity 

risk, suggesting that children genetically predisposed to increased weight gain may benefit from 

higher levels of moderate activity. 

Keywords: genetics, sedentary behaviour, moderate activity, BMI z-scores, Percentage Body Fat, 

childhood obesity 
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 Introduction 7.3

Global shifts surrounding dietary and exercise practices are considered the primary attributable factors 

in the widespread increase of obesity [421]. The transition to an ‘obesogenic’ environment has 

encouraged an increased intake of high caloric food and sedentary behaviours by decreasing 

opportunities to expend energy [122]. Notably, children are becoming more obese facilitated by the 

changing  nature of habitual physical activity norms and the perception of a normal body image ideals 

[122]. Often, obesity persists into adulthood and is associated with increased risk of obesity and its 

related comorbidities [421]. Significant technological advancements are concomitant with increased 

sedentary behaviours and have been associated with reduced physical activity in children [130]. The 

physical activity-obesity paradigm is further compounded by the mechanism in which activity 

contributes to the maintenance of a healthy body weight (reverse-causality). Obesity is considered to 

be  the  direct consequence of energy imbalance resulting from greater food intake and reduced 

energy expenditure [8]. Decreased physical activity would contribute to reduced total energy 

expenditure leading to detrimental health outcomes. However, studies have suggested that the absence 

of physical activity in obese children may be directly related to diminished motor skills and low self-

esteem issues [133, 134].  

Despite the global transition to an ‘obesogenic’ environment, obesity development is often more 

pronounced in genetically predisposed children [422]. Genome-wide association studies have 

identified numerous loci associated with differences in anthropometric measures of obesity including 

Body Mass Index (BMI) and Percentage Body Fat (PBF) [181, 200, 223, 288]. Despite these objective 

associations, the true impact of genetic predisposition with obesity traits is influenced by a given 

environmental exposure (gene-by-environmental interactions) [423]. Recent studies have shown 

significant gene-by-physical activity interactions in relation to reduced adult obesity risk [213, 214, 

308, 309]. It has been suggested that individuals meeting appropriate physical activity 

recommendations may negate the burdensome effect imposed by the susceptible gene variants on 

body fat estimates [309].  However, the interactive effect of physical activity has not been thoroughly 

explored in children. Here we test the interaction of 70 gene variants, selected on the basis of prior 

association with obesity traits and varying types of activity (sedentary and moderate) in relation to 

BMI z-scores and PBF using the children of Screening for Pregnancy Endpoints (Children of SCOPE) 

cohort.  

We hypothesise that in children genetically susceptible to increased weight gain, this effect is further 

amplified when exposed to a sedentary lifestyle.  
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 Methods 7.4

 Study population 7.4.1

The Children of SCOPE is an Auckland led prospective cohort study for the prediction of obesity in 

New Zealand children. Children were born over a three year period from April 2005 to March 2008 

and are offspring of nulliparous pregnant women (n=2065) who were participants in the landmark 

SCOPE study (scopestudy.net). Of these participants, 4%, have been excluded due to loss in follow-

up (n=23), fetal/neonatal death (n=27) and live births with major congenital abnormalities (n=34). 

The remaining 1981 (96%) children comprised the eligible study population for the follow-up study, 

and 1208 (62%) were successfully recruited to participate in the Auckland Children of SCOPE study. 

Children were approximately 6 years of age with prospectively collected pregnancy data from 15 to 

20 weeks of gestation through to birth, which included maternal weight, height and infant birth weight 

centiles. Ethnicity of these children was determined through self-reported parental ethnicity collected 

in the original SCOPE cohort. Based on the ethnic frequencies, only New Zealand European children 

were considered for eligibility in this genetic part of the study. Informed written consent was obtained 

from all women whose children participated in this study. Recruitment was approved by the Northern 

X Regional Ethics committee (NTX/10/10/106).  

 Outcome measures 7.4.2

The child’s weight and height were measured at the Children of SCOPE visit by trained nurses 

following a standardised protocol. BMI (weight/height
2
) was the standard method used to assess 

obesity status in the Children of SCOPE study. BMI z-scores were created according to age and 

gender, using the UK 1990 (UK90) BMI growth reference population curve [396]. Percentage Body 

Fat was measured using the Bioelectrical Impedance analysis (BIA) method using the SBF7 

(ImpediMed Ltd, QLD, Australia). Fat free mass (FFM) was extracted using the single-frequency 50 

kHz data from the SBF7. Resistance, reactance and impedance were recorded, and FFM was 

calculated as follows: 

 FFM=(0.65*(height
2
/impedance)+0.68*Age(years)+0.15) [359]. PBF was calculated using (weight-

FFM)/weight*100). 
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 Physical Activity assessment 7.4.3

Data was collected for a seven day period by using GT3X Actigraph’s (Actigraph Ltd, Pensecola, 

Florida, USA).  The reliability of the Actigraph GT3X accelerometer for measuring habitual levels of 

physical activity in adults and children were previously validated by [424, 425]. For each participant, 

an Actigraph was set to start recording at 9am one week prior to the appointment for a face to face 

assessment. The monitor was delivered to the family several days prior to the recording start date with 

instructions for the proper use of the equipment. Participants wore the monitor firmly around the waist 

using the adjustable belt provided. They were instructed to take the monitor off, if they were 

expecting to get wet such as swimming or showering. Parents also provided a diary which included 

the time the child went to bed each night, woke up each morning, any time that the monitor was 

removed and the reason, and method of travel to and from school each day. 

Data were downloaded using the Actigraph software and exported to Excel files, which were 

subsequently imported into SAS version 9.4 (SAS Institute Inc., Cary, NC, USA) as 1-min epochs. 

Epochs of sleep were defined using the validated Sadeh actigraph scoring algorithm [426].  Nocturnal 

sleep/wake onset times were assessed using the times provided in the diary as the starting point. All 

algorithm assessed times were validated by ensuring that they matched the graphed data for each 

subject for each day. Where the initial check of the time was not considered to be correct, these were 

independently assessed by a second person. Any discrepancies where the original and independent 

check did not agree were again assessed by a third person. Two of the three assessments were 

required to agree for the time to be used. If there was no agreement between the three independent 

checks, then the time was not used for further analysis. 

The main cause of a requirement to change the algorithm-derived time was due to parental reported 

times from the diary being inaccurate, causing the algorithm to be unable to start from an appropriate 

point. These finalised sleep onset and wake times were then used to determine physical activity 

duration (wake time to sleep onset) for each day, where both times were available.    

Variables derived for analysis from the Sadeh sleep-scoring algorithm are as follows: Sleep end time 

was defined as approximately five consecutive minutes of sleep prior to reported wake time. Sleep 

onset time was defined as approximately the first three consecutive minutes of sleep after the reported 

bedtime. Physical activity duration was defined as the elapsed time between wake time and sleep 

onset. The activity variables derived from actigraphy estimated the total physical activity counts, 

mean activity counts, and minutes of sedentary/light (<3 metabolic equivalent tasks (METs)), 

moderate (>3 <6 METs), and vigorous activity (>6 METs) during waking hours. Analysis of 

actigraphy data required a complete collection of data throughout the night for three or more days.  
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 Sample preparation, SNP selection and genotyping 7.4.4

Genomic DNA was isolated from saliva and buffy coats, according to the manufacturer’s instruction 

using the Oragene DNA purification (DNA Genotek) and the QIAamp DNA Mini kits (Qiagen 

#51304), respectively, and were stored at -80°C.  

Samples were analysed for 70 gene variants selected on the basis of prior association with obesity 

(Supplementary Table 11.9), and include a number of variants from GWAS and candidate genes 

from the literature. Due to the limited number of non-European children and allele frequency 

differences between various ethnic groups, only New Zealand European children were eligible to 

participate in this study.  

 Information regarding genotypes and allele frequencies in the European population were obtained 

using the 1000GENOMES:phase_3:CEU data in Ensembl (www.ensembl.org ). Genes that harbour 

multiple genetic variants were assessed for linkage disequilibrium (LD) scores using LD plots 

obtained from 1000GENOMES:phase_3:CEU (www.ensembl.org). A pairwise LD (r
r
) score over 0.8 

was considered to be in high disequilibrium in which only one variant was selected for analysis [360]. 

A total of seven genes had several polymorphisms localised within them (Supplementary Table 

11.10) and were subsequently tested for pairwise LD scores. All variants selected for this study had a 

LD score below 0.8 or had no CEU information and were subsequently retained for association 

testing.    

Genotyping was performed using the Sequenom iPlex MassARRAY platform which uses a matrix 

assisted laser desorption/ionisation-time of flight (MALDI-TOF) primer extension assay, according to 

the manufacturer’s instructions (Sequenom, New Zealand). All plates contained samples for testing 

and non-template controls. Quality control measures included a non-template control to ensure the 

absence of cross contamination and primer cross reactivity and correlation of the minor allele 

frequency (MAF) with a reference population in 1000GENOMES:phase_3:CEU (Supplementary 

Table 11.9). A small sample subset (n=384) was checked for quality control using TaqMan pre-

designed assay (Applied Biosystems) for LEPR-rs1137100 to confirm accuracy of genotyping.  

 Statistical analysis 7.4.5

The Hardy-Weinberg equilibrium (HWE) test was performed across each genomic marker to assess 

the genotype distribution across the population. The gene variant was considered to be in HWE if the 

p-value was above 0.05. Univariable linear regression was used to test the association between 

proportions of sedentary behaviours and moderate activity with BMI z-scores and PBF. A standard 

http://www.ensembl.org/
http://www.ensembl.org/
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linear regression analysis was used to assess the association between proportions of activity type and 

genotype. Multivariate linear regression analysis was used to model the interaction between gene 

variants and sedentary activity in relation to BMI z-scores and PBF. Interactions were assessed by 

including a product term (average activity (sedentary and moderate activity) x genotype) and were 

adjusted for age, sex, activity type and genotype. Coefficients with P0.05 in all analysis were 

considered to indicate a nominally significant association. 

Significant interactions were stratified according to genotypes to ensure the trajectory of BMI z-scores 

and PBF, relative to sedentary and moderate activity, was not influenced by residual outliers. Any 

influential outliers detected were assessed for validity and subsequently removed if found to be of 

uncertain variability and re-analysed. P-values were corrected for multiple testing using the False 

Discovery Rate (FDR) test as described by Benjamini and Hochberg (1995) [361]. Adjusted P-values 

(Q-values) were calculated for the total number of tests using the null hypothesis fraction estimated by 

the ranking method. All analyses were performed using SAS version 9.4 (SAS Institute Inc., Cary, 

NC, USA). 
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 Results 7.5

 Characteristics of study population 7.5.1

Of the 962 European children, eligible for this study, 319 children did not have adequate activity data 

(≥3 days recorded data), failed to wear an actigraph, had technical problems precluding use of the data 

or where the assessment of time of sleep onset and wake times was not agreed. The baseline 

characteristics of the eligible study population comprising of New Zealand European (n=962) 

children stratified by availability of activity information are shown in Table 7.1.  While there are 

some statistical differences detected between gender and weight, between the two groups we believe 

there was no reason to suspect any bias between those children who completed the study with the 

outcome variables (BMI z-scores and PBF) used in this study. Using the International Obesity 

Taskforce (IOTF) BMI thresholds defining paediatric obesity [427], we show that approximately 14% 

(n=92) and 2% (n=11) of our cohort of New Zealand European children were overweight and obese 

respectively. Furthermore, 99% (n=636) of our children met the standard WHO recommendations of 

60min of moderate-to-vigorous physical activity daily (mean (s.d): 2.22 (0.595) (Supplementary 

Figure 11.4).    
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Table 7.1: Baseline characteristics of six year old New Zealand European children, stratified by the availability of 

activity information. * P-values indicate significant differences between the eligible study population and children with 
missing or inadequate activity data. 

Cohort of New Zealand European children who participated in Children of SCOPE 

(n=962) 

Characteristics  

(s.d) 

Children who had activity 

data  

Children who had no 

activity data  
p-value 

Number 643 319 - 

Male 
341 
(0.530) 

147 
(0.461) 

0.042 

Female 
302 

(0.470) 

172 

(0.539) 

Child’s age of assessment (years) 
5.98 
(0.178) 

6.04 
(0.198) 

<0.001 

Height (cm) 
117.7 

(4.67) 

118.3 

(4.96) 
0.054 

Weight (kg) 
21.78 

(2.79) 

22.17 

(3.04) 
0.048 

BMI z-scores 
0.055 

(0.867) 

0.116 

(0.937) 
0.317 

PBF (%) 
22.35 

(6.23) 

22.47 

(6.01) 
0.775 

Mother’s SEI* 
50.50 
(15.09) 

50.84 
(13.99) 

0.734 

Father’s SEI* 
54.24 

(13.89) 

53.67 

(13.85) 
0.607 

Average SEI* 
52.34 
(11.27) 

52.29 
(11.33) 

0.958 

Average Proportion of sedentary activity (%) 
10.40 

(1.08) 
- - 

Average Proportion of moderate activity (%) 
2.20 

(0.610) 
- - 

*SEI: Socioeconomic index (10-90) is a composite based-measure of socioeconomic status derived on equal weighting of 

education level and income associated with each occupation. Final scores were scaled to range from 10 (low socioeconomic 

status) to 90 (high socioeconomic status). While it is known socioeconomic status is associated with obesity outcomes, this 

association is unlikely to be causal. As can be seen in Table 1, there was no difference in those children with and without 

activity data in terms of SES, or measures of adiposity, thus we believe that the results of the analysis are generalizable 
across our cohort. 

 Association of physical; activity with obesity traits 7.5.2

Univariable models that associate changes in BMI z-scores and PBF in response to proportions of 

sedentary and moderate activity are shown in Figure 7.1. A significant association was observed 

between increased proportions of sedentary activity with greater PBF scores (p=0.012, 

=0.12[0.023~0.22] (Figure 7.1A)). An inverse trend of borderline significance was also found 

between increased proportions of moderate activity with decreased PBF scores (p=0.069, =-0.10[-

0.21~0.0076]) (Figure 7.1B).  
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However, we found significant contradictory associations between increased proportions of sedentary 

(p=0.003, =-0.020[-0.033~-0.0068]) and moderate activity (p=0.001, =0.024[0.0098~0.039]) with 

differences in BMI z-scores (Figure 7.1C and Figure 7.1D).  To determine the accuracy of BMI as a 

marker of obesity, we performed a follow-up regression analysis on body fat ((PBF/100)*Weight of 

child) and components of body composition (Weight of child–body fat) with proportions of sedentary 

and moderate activity (Supplementary Figure 11.5-11.8). The inverse relationship observed between 

physical activity and BMI z-scores may be driven by significant associations established with lean 

mass (sedentary: p=<0.001, =-0.078[-0.11~-0.051] moderate: p=<0.001, =0.079[0.049~0.11]), but 

not with body fat (sedentary: p=0.518, moderate: p=0.900). Therefore, the remainder of this study 

will be confined towards gene-by-physical activity interactions in relation to PBF scores in six year 

old New Zealand European children.  
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Figure 7.1:  Linear regression models of proportions physical activity (sedentary and moderate) (%) against obesity traits in 6 year old New Zealand European children in Children 

of SCOPE. A) Proportion of sedentary activity against PBF scores (p=0.012). B) Proportion of moderate activity against PBF scores (p=0.069). C) Proportion of sedentary activity against BMI 

z-scores scores (p=0.0033). D) Proportion of moderate activity against BMI z-scores scores (p=0.0011). 
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 Genetic association with physical activity 7.5.3

We evaluated the relationship between 70 gene variants and proportions of physical activity in 

relation to PBF scores in the Children of SCOPE cohort. Most genomic markers were in accordance 

with HWE except for ADRB2-rs1042713 (p<0.001), CLOCK-rs1801260 (p=0.02), CLOCK-

rs4864548 (p=0.02), HOXC10-7302703 (p=0.04) and SH2B1-rs7498665 (p=0.009). Genotyping 

results obtained from Sequenom showed no evidence of genotyping error. We had no family history 

in the dataset, handling of samples followed a rigorous protocol and scatterplots obtained from 

Sequenom showed robust genotyping. The minor allele frequencies (MAF) for ADRB2-rs1042713 

(0.441), CLOCK-rs1801260 (0.273), CLOCK-rs4864548 (0.385), HOXC10-7302703 (0.176) and 

SH2B1-rs7498665 (0.355) were comparable to the 1000GENOMES:phase_3:CEU population 

frequency of 0.348, 0.253, 0.409, 0.182 and 0.364 respectively (http://www.ensembl.org/index.html). 

Disequilibrium can result from a true association, such that genetic variants showing a departure of 

HWE, at any given significance threshold can occur by chance [362]. Therefore, for the purpose of 

this study, we have not eliminated these variants from our subsequent association analysis.   

Regression analysis was performed using proportions of sedentary and moderate activity to test 

whether genetic variations influence physical activity behaviours. The OLFM4-rs9568856 (p=0.010) 

and GNPDA2-rs10938397 (p=0.044) gene variants showed uncorrected genotype associations with 

increased sedentary activity behaviour (Table 7.2). Similarly, significant uncorrected associations was 

also found with OLFM4-rs9568856 (p=0.021), CLOCK-rs4864548 (p=0.029) and LEPR-rs1045895 

(p=0.047) with decreased proportions of moderate activity. However, these associations did not 

remain significant after correction for multiple comparisons. The complete list of associations with 

proportions of sedentary and moderate activity is presented in Supplementary Table 11.11 and 

Supplementary Table 11.12. 

http://www.ensembl.org/index.html
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Table 7.2: Significant uncorrected associations (p<0.05) of genotype models for OLFM4 (p=0.010) and GNPDA2 (p=0.044) variants with proportions of sedentary activity and OLFM4 

(p=0.021), CLOCK (p=0.029) and LEPR (p=0.047) with proportions of moderate activity of six year old New Zealand European children in Children of SCOPE. Results are expressed 
as effect size in percentages (95% Confidence Intervals).  After adjustments for multiple comparisons no significant associations remained.   

Model Activity CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 

Genotypic q 

value 

Genotypic Sedentary 13 OLFM4 rs9568856 

G/G 

G/A 

A/A 

477 

144 

8 

- 

-0.79[-1.72~0.14] 

4.33[0.84~7.81] 

- 

0.097 

0.015 

0.010 0.714 

Genotypic Sedentary 4 GNPDA2 rs10938397 

A/A 

A/G 

G/G 

193 

304 

134 

- 

1.07[0.17~1.99] 

1.10[0.0016~2.20] 

- 

0.020 

0.050 

0.044 0.822 

Genotypic Moderate 13 OLFM4 rs9568856 

G/G 

G/A 

A/A 

477 

144 

8 

- 

0.66[-0.20~1.51] 

-3.66[-6.84~-0.47] 

- 

0.131 

0.025 

0.021 0.828 

Genotypic Moderate 4 CLOCK rs4864548 

G/G 

G/A 

A/A 

250 

268 

106 

- 

-1.07[-1.85~-0.28] 

-0.59[-1.62~0.45] 

- 

0.0078 

0.368 

0.029 0.828 

Genotypic Moderate 1 LEPR rs1045895 

G/G 

G/A 

A/A 

241 

286 

105 

- 

-0.86[-1.64~-0.076] 

0.13[-0.91~1.17] 

- 

0.032 

0.812 

0.047 0.828 
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 Gene-by-physical activity interactions on PBF scores 7.5.4

We tested for genotypic interactions of 70 genes and the proportion of activity in relation to PBF 

scores of six year old European children. The SPACA3/SPRASA-rs16967845 (p=0.023), PFKP-

rs6602024 (p=0.041) and SH2B1-rs7498665 (p=0.041) variants exhibited uncorrected significant 

interactions in relation to PBF scores (Figure 7.2). However, significant gene-by-moderate activity 

interactions were also evident between the SPACA3/SPRASA-rs16967845 (p=0.035), PFKP-

rs6602024 (p=0.029) and SH2B1-rs7498665 (p=0.021) variants, suggesting a differential effect of 

activity type on the association of susceptible obesity loci with PBF scores (Figure 7.3). No gene-by-

physical activity interactions remained significant after adjustments for multiple comparisons.  



124 
 

 

Figure 7.2: Stratified genotype model of (A) the SPACA3/SPRASA-rs16967845 (uncorrected p=0.023) (B) PFKP-rs6602024 (uncorrected p=0.041) and (C) SH2B1-rs7498665 

(uncorrected p=0.041) and proportions of sedentary activity (%) on PBF scores of 6 year old New Zealand European children in Children of SCOPE. The interactive effect of increased 

sedentary activity on greater PBF scores is occurring in children harbouring the heterozygotes (A/G) of the SPRASA locus and minor homozygotes of the PFKP (G/G) and SH2B1(G/G) loci. 
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Figure 7.3: Stratified genotype model of (A) the SPACA3/SPRASA-rs16967845 (uncorrected p=0.035) (B) PFKP-rs6602024 (uncorrected p=0.027) and (C) SH2B1-rs7498665 

(uncorrected p=0.029) and proportions of moderate activity (%) on PBF scores of 6 year old New Zealand European children in Children of SCOPE. The interactive effect of increased 
sedentary activity on decreased PBF scores is occurring in children harbouring the heterozygotes (A/G) of the SPRASA locus and minor homozygotes of the PFKP (G/G) and SH2B1(G/G) loci.
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 Discussion 7.6

Physical activity has long been considered an important determinant in the prevention of excess 

weight gain in children [133, 428, 429]. However, global shifts towards an ‘obesogenic’ environment 

has exposed children to both a calorie rich environment and increased sedentary behaviours with 

reduced opportunities to expend energy [122, 430]. This is further complicated by the interaction 

between genetic predisposition and lifestyle factors to explain the variance of obesity [308].  Indeed, 

numerous studies have found that increased levels of physical activity can attenuate the detrimental 

effect conveyed by susceptible genetic loci on obesity traits [308, 431]. However the opposite holds 

true, with the genetic burden being higher in physically inactive individuals [307]. In the present 

study, we investigated whether intensity of activity type (sedentary and moderate) has a differential 

effect on obesity-associated loci in relation to PBF of 6 year old New Zealand European children.   

 Association of physical activity with obesity traits 7.6.1

This study found evidence of association between increased proportions of sedentary behaviours and 

greater PBF scores in 6 year old European children. A borderline inverse association was also 

detected between increased proportions of moderate activity and PBF scores. These results show the 

expected relationship between varying levels of habitual physical activity and differential obesity risk.  

However, a contradictory association was observed between increased proportions of sedentary and 

moderate activity with BMI z-scores. BMI is a commonly used index to assess body fatness for 

diagnostic purposes in clinical practices [35]. Yet the failure of BMI to provide accurate estimates of 

body composition, limits its effectiveness as a marker of obesity. In particular, BMI may be 

misclassifying individuals as having unacceptable body fat due to elevated muscle mass and bone 

density [11, 12].  Indeed, a follow-up regression analysis of body fat and components of body 

composition with proportions of physical activity, revealed that the inconsistent relationship with BMI 

z-scores were driven by significant associations with muscle and skeletal mass but not body fat. It is 

entirely plausible children participating in increased developmentally appropriate moderate activity 

could result in alterations in skeletal muscle mass, which is a considered a primary component when 

using BMI to estimate obesity status.   

 Genetic association with physical activity 7.6.2

The propensity towards being physically active is largely dependent on shared aspects of the 

environment including social and parental influences, education and their recreational surroundings 
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[432]. Yet, genetic differences associated with physical activity suggest that children may be 

predisposed towards variability in activity levels when exposed to certain environments [432, 433]. 

This study found ‘uncorrected’ putative genotype associations between OLFM4 and GNPDA2 with 

increased proportions of sedentary activity. By contrast, the OLFM4, CLOCK and LEPR gene variants 

were associated with decreased proportions of moderate activity. Only OLFM4 showed overlapping, 

yet inverse association, with physical activity type in this cohort of New Zealand European children. 

Many of these genes identified here (GNPDA2, CLOCK, LEPR) are expressed in the hypothalamus, 

suggesting important biological roles in the regulation of appetite, eating behaviours and neuronal 

effects on energy balance [370, 434, 435]. The hypothalamus acts as the system-mediated regulator of 

converging nutritional cues and energy expenditure expressed by hormonal signals from the 

periphery. Variations of GNPDA2 have been reported to confer susceptibility to obesity in several 

studies; yet the molecular mechanism has not been elucidated [435, 436]. Genetic studies of CLOCK 

have suggested the synchrony between circadian and metabolic processes plays an important role in 

the regulation of energy balance and bodyweight control [437].  Differences in LEPR may mediate the 

effectiveness of metabolic action by enhancing body fat storage capacity and reduced satiety, via the 

the leptin-melanocortin neurotransmission pathway [167]. The OLFM4, first associated with BMI in 

children, may modify immune activity in response to the gut microbiota load in the gastrointestinal 

tract [225]. Taken together, we speculate that genes involved in the cognitive processing of food-

related behaviours may impact physical activity levels through the modulation of adequate nutrient 

absorption, emphasising the importance of a homeostatic relationship between energy intake and 

expenditure.  

 Gene-by-physical activity interactions on PBF scores 7.6.3

Numerous studies have explored the effects of physical activity and its impact on susceptible genetic 

association in relation to obesity traits [307, 431, 438, 439]. Here, we suggest that the association 

between three gene variants (SPACA3/SPRASA-rs16967845, PFKP-rs6602024 and SH2B1-

rs7498665) and risk of obesity (reflected by mean effect of PBF scores) may be modified by both 

sedentary and moderate activity behaviours.  

Our study suggest the susceptible association between an increased proportion of sedentary 

behaviours and greater PBF scores is only observable in children harbouring the heterozygote (A/G) 

of the SPACA3/SPRASA locus and the minor genotypes of the PFKP (A/A) and SH2B1 (G/G) loci. By 

contrast, when exposed to increased proportions of moderate activity, children possessing the same 

genotypes showed markedly lower PBF scores. These findings suggest that children can have 

different genetic susceptibilities to the effects of activity type in relation to obesity traits, at least in 

part, by offsetting sedentary behaviour. 
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All putative interactions found in this study comprised of genes involved with energy intake as 

opposed to expenditure. It is widely regarded that the rising rates of childhood obesity is the result of 

both increased energy consumption accompanied by reduced physical activity [122]. Yet, numerous 

epidemiological studies suggest that habitual physical activity in children may not be a key 

determinant of energy imbalance (reviewed by Wilks et al. [428]). Instead, physical activity is 

considered a mediator of weight gain which is primarily determined by energy intake [428]. The 

underlying cause of positive energy balance can be considered an apparent bias of the homeostatic 

mechanisms that favour increased body weight through improved energy intake over expenditure 

[440]. This would imply that there are stringent mechanisms in place to control weight loss but not 

weight gain, such that physical activity may not be sufficient to compensate for the unregulated 

energy intake due to the increased exposure of other energy-promoting environmental factors.      

Both PFKP and SH2B1 are strong candidate genes of obesity that encompasses biological roles that 

may predispose towards increased energy intake. Genetic variations in PFKP (a critical enzyme 

required for glucose metabolism) could alter rates of glycolysis, shifting the balance of metabolism 

towards glucose assimilation in cells [335]. Similarly, disruption in SH2B1 expression is known to 

impair leptin sensitivity resulting in reduced satiety response and morbid obesity [441, 442]. 

However, the mechanistic attributes of a candidate gene SPACA3/SPRASA in relation to obesity 

development is relatively unknown. A preliminary study by our laboratory has found, that the 

knockout SPACA3/SPRASA mice were associated with obesity (8 weeks after weaning) compared to 

their wild type counterparts (Prendergast et al., unpublished data), hence their inclusion as a novel 

candidate gene. A follow-up pilot study showed the increased weight gain in these mice (KO/KO) 

may be attributed to aberrations in feeding behaviours leading to reduced satiety signals and 

hyperphagia (Prendergast et al., unpublished data). In addition, SPACA3/SPRASA knockouts were 

also associated with subfertility (increased time before conception and reduced litter sizes), suggesting 

that this gene may be involved with obesity and lower reproductive fitness (Prendergast et al., 

unpublished data). This subfertility phenotype may also explain the absence of the minor genotypes 

(A/A) of the SPACA3/SPRASA locus in our cohort of New Zealand European children. Our results 

suggest that genes involved with nutritional aspects of obesity are mediated by increased energy 

intake and are further amplified by sedentary behaviours. Higher physical activity may counteract the 

detrimental effects conveyed by these susceptibility loci which may be advantageous in the prevention 

of weight gain. However, there are genes, where increased proportions of physical activity would 

have no differential effect. This suggests not all children predisposed to increased weight gain will 

benefit the same from a given level of activity. Understanding the genetic basis of obesity and its 

relationship with varying levels of activity, has the potential to identify groups of individuals that may 

benefit from regular exercise, instead of approaches that target ‘one size fits all’.  
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 Limitations 7.6.4

We acknowledge a number of limitations in this study. No associations remained after adjusting for 

multiple comparisons. However, we anticipated this as we deliberately chose to screen a large number 

of gene variants, expecting to identify some causal variants at the expense of losing significance after 

correction. This study was designed to validate previously identified associations; therefore multiple 

testing adjustment methods (even FDR) are likely to be overly conservative, as there were no post-hoc 

comparisons (all statistical tests were defined a priori). The low frequency of SPACA3/SPRASA 

(n=30), PFKP (n=10) and SH2B1 (n=65) genotypes, requires larger sample sizes to accurately 

determine whether a real interaction has occurred between physical activity and genetic variation in 

relation to obesity traits.  

It is widely accepted that obesity is a consequence of energy imbalance associated with a high-caloric 

dietary intake and lifestyle adopted preferences. This study only investigated one feature of the energy 

balance equation. Increased sedentary behaviours in conjunction with reduced physical activity levels 

in children are becoming prevalent in the current ‘obesogenic’ environment and are considered a risk 

factor for obesity. We hypothesise that the increased PBF scores in these children are facilitated by 

increased energy intake, which is mediated, in part, by a sedentary lifestyle. Yet without accounting 

for total caloric intake we may be imprecisely estimating the association of genetic variations and 

physical activity levels in relation to obesity traits. While it has been suggested that physical activity 

has an important role in maintaining a healthy nutritional status [443], other studies have shown 

dietary habits may diverge with different activity levels [444]. Therefore, children who are more 

physically active are not always inclined to eat healthier diets than their less active peers. Future 

studies should take into account both dietary and physical activity behaviours and how this may 

influence the genetic predisposition of obesity.  

We have restricted our study to children of European ancestry. While current trends suggest obesity is 

rising in New Zealand among all children aged 2-14, there is a disproportionate increase in New 

Zealand Māori and Pacific Island children [1]. Therefore, trans-ancestral comparison studies are 

important in defining whether genetic susceptibility variants are involved in the disproportionate 

prevalence of obesity across different ethnic groups, even when they live in the same environment. 
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 Conclusion  7.7

This study may suggest that varying levels of physical activity could potentially have differential 

effects of obesity-associated genetic factors in relation to childhood obesity. It seems increasing rates 

of a sedentary lifestyle can modify the genetic susceptibility to obesity with the genetic burden having 

a greater manifestation in physically inactive children. Encouraging, susceptible children to partake in 

increased physical activity could counteract the detrimental effects of a genetic predisposition on 

childhood obesity. Further studies are warranted to replicate associations detected in this study with 

other population cohorts of different ancestry, larger sample-sets and detailed lifestyle information, 

especially levels of energy intake associated with dietary pathways.  
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 Summary 7.8

Our study suggests that increases in total energy intake are the driving force behind obesity with 

habitual physical activity acting as a moderator of weight gain. Genetic interactions found here were 

involved in dietary associated pathways, which supports the homeostatic relationship between energy 

extraction from diet and dissipation of energy as heat, against storage into fat. General norms suggest 

an excess of caloric intake is associated with increased physical activity levels. However, with 

increased proportions of sedentary lifestyle and no compensatory feedback mechanism to limit this 

energy intake influx children are on the trajectory of becoming obese (shift to excessive energy 

conservation).   

Lifestyle preferences in children are strongly influenced by parental and social interactions, which 

eventually lead to long lasting behavioural patterns later on in adulthood. As sedentary behaviours are 

becoming more widespread, encouragement of physical activity by those who directly impact the 

growth and development of children is a priority. Further studies are required to identify particular 

aspects of the environment that exerts the greatest influence on susceptible gene loci in relation to 

childhood obesity.  

We have shown gene-by-environment interactions for both a ‘healthy’ dietary pattern and physical 

activity levels that affects each component of the energy balance equation. However, there is 

increasing evidence that sleep deprivation has an influence on both constituents of energy balance 

facilitated by an increase in food intake and decreased energy expenditure. We therefore, tested 

whether shorter sleep duration in genetically susceptible children is associated with increased risk of 

obesity. 
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 CHAPTER 8

Gene-by-sleep duration interactions 

 

 

 Foreword 8.1

Sleep deprivation in children often represents a key modifiable trait for the reduction of later life 

metabolic diseases including obesity. Indeed, numerous epidemiological studies have observed an 

increase in global obesity prevalence associated with the secular decline in sleep duration [445]. The 

shift to an environment characterised by excessive artificial light exposure, convenient 24hr food 

availability and increased sedentary behaviours has created a society accustomed to sleep debt [446]. 

In addition, societal pressures (schooling, homework and social activities) and poor parenting 

promoting delayed bedtimes but unchanged wake times, all contribute to chronic sleep loss and poor 

physical and mental health [447]. However, much of obesity-related research still focuses on 

differential nutritional intake and physical activity as the cornerstones of weight stability. Yet habitual 

sleep habits are known to affect multiple components of energy balance including basal metabolic 

rate, thermic effect of food via appetite and dissipation of heat as physical activity [437, 447].  

Studies investigating how genetics may predispose an individual to increased weight gain have 

showed decreased sleep as an integral component between atypical energy intake and obesity. Shorter 

sleep duration was found to be associated with differences in appetite regulation through de-

synchrony of leptin and ghrelin profiles [147]. Numerous studies have reported associations between 

the CLOCK gene variants and sleep duration with BMI (recently reviewed by Valladares et al.) [434]. 

A recent study found genetic variations in the obesity susceptible FTO, TMEM18 and NRXN3 loci are 

associated with childhood weight gain mediated by short sleep duration [448]. This chapter 

investigates how obesity susceptibility genes may modulate BMI z-scores and PBF in children with 

shorter sleep duration and whether these associations may be arbitrated by common variations in these 

genes
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 Abstract 8.2

Objectives: Modern technology may have desensitised the ‘biological clock’ to environmental cues, 

disrupting the appropriate co-ordination of metabolic processes. Susceptibility to misalignment of 

circadian rhythms may be partly genetically influenced and effects on sleep quality and duration could 

predispose to poorer health outcomes. Shorter sleep duration is associated with obesity traits, brought 

upon by an increased opportunity to eat and/or a shift of hormonal profiles promoting hunger. We 

hypothesised that increased sleep duration will offset susceptible genetic effects, resulting in reduced 

obesity risk.   

Methods: We recruited 643 (Male:338, Female:305) European children born to participants in the 

New Zealand centre of the International Screening for Pregnancy Endpoints sleep study. Ten genes 

directly involved in the circadian rhythm machinery and a further 20 genes hypothesised to be driven 

by cyclic oscillations were evaluated by the Sequenom assay. Multivariable regression was performed 

to test the interaction between gene variants and average sleep length, (derived from actigraphy) in 

relation to obesity traits (BMI z-scores and Percentage Body Fat (PBF). 

Results: No association was found between average sleep length with BMI z-scores (p=0.056) or 

PBF (p=0.61).Uncorrected genotype associations were detected between STAT-rs8069645 

(p=0.0052) and ADIPOQ-rs266729 (p=0.019) with differences in average sleep duration. Evidence 

for uncorrected gene-by-sleep interactions of the CLOCK-rs4864548 (p=0.0039), PEMT-936108 

(p=0.016) and GHRELIN-rs696217 (p=0.046) were found in relation to BMI z-scores but not for 

PBF.  

Conclusion:  Our results indicate that children may have different genetic susceptibility to the effects 

of sleep duration on obesity. Further confirmatory studies are required in other population cohorts of 

different age groups.  

Key Words: gene polymorphisms; circadian rhythm; paediatrics; sleep; obesity. 



134 
 

 Introduction 8.3

Changing behaviours surrounding habitual dietary patterns and physical activity practices are 

considered the primary factors in the global increase of childhood and adolescent obesity [122, 394]. 

However, the co-ordination and temporal organisation of these processes are subjected to cyclic 

rhythms entrained by the physical environment [174, 449]. The synchronisation of daily events with 

the environment is maintained by the circadian clock system to ensure heightened functioning and 

increased fitness of biological processes at appropriate times [449]. However with the globalisation of 

modern society encouraging sedentary behaviours and the constant availability of food and light, 

people are no longer under the influence of the cyclic rhythms generated by the circadian clock [446]. 

Instead the disruption of the biological clock has resulted in aberrant energy processing and is 

strongly associated with increased risk of endocrine and metabolic diseases [449].   

First described in ‘shift workers’, obesity can be a consequence of circadian arrhythmicity resulting in 

uncontrolled regulation of biogenic molecules including lipids, glucose and leptin [445, 450, 451]. In 

addition, curtailment of quality sleep impacts on endocrine function, thereby increasing risk of obesity 

and its associated co-morbidities [452]. Shortened sleep times was found to shift hypothalamic 

hormone profiles causing altered concentrations of leptin and ghrelin, decreasing satiety responses 

[453]. Furthermore, increased opportunities of intermittent eating due to extended wake periods and 

low physical activity due to tiredness are concomitant with poor sleep and also contribute to the 

obesity epidemic [454, 455].    

The circadian machinery, localised within the suprachiasmatic nuclei of the hypothalamus, 

encompasses several core genes (including CLOCK, BMAL, Period and Cryptochrome) required for 

the co-ordinated regulation of circadian rhythms including sufficient duration of sleep [310]. 

Numerous genetic studies in adults have identified underlying variations in circadian genes associated 

with differences in sleep quality [456-459]. Along with the consistent findings of circadian regulation 

of body weight status, there may be a shared genetic predisposition between the regulation of the 

biological clock and obesity mediated by duration of sleep.  

Synchronisation of autonomous processes in several peripheral tissues are shown to facilitate local 

adaptive responses through central clock oscillators [460]. Metabolic pathways including glucose, 

lipid homeostasis and phospholipid metabolism are modulated by cyclic rhythms [461-463]. Research 

into the circadian regulation of adipose biology has revealed molecular markers involved in the 

increased risk of obesity [460]. Genetic variations localised in metabolic mediators such as 

adiponectin, leptin and ghrelin are found to be associated with obesity traits and also exhibit circadian 

cyclicity [464]. However, the role of sleep patterns and the misalignment of circadian rhythm with 
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genes regulated by the biological clock have not been thoroughly investigated in the context of 

childhood obesity.     

Here we explore the relationship between 10 core genes involved in the circadian network and 20 

genes regulated by cyclic rhythms and average sleep duration on obesity traits (BMI z-scores and 

PBF) using the Children of Screening for Pregnancy Endpoints (SCOPE) cohort. It is worth noting 

that specified ‘CLOCK’ gene variations are known to influence diverse stages of association that 

includes decreased sleep duration, increased energy intake and the development of obesity [434]. 

However in this study, we hypothesised that sleep duration itself may have an interactive effect with 

the aforementioned circadian rhythm genes resulting in differential association of obesity traits (BMI 

z-scores and PBF) in children.  
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 Methods 8.4

 Study population  8.4.1

The Children of Screening for Pregnancy Endpoints (CoS) is an Auckland led prospective cohort 

study for the prediction of obesity in New Zealand children (scopestudy.net). In brief, children were 

born over a three year period from April 2005 to March 2008 and are offspring of nulliparous 

pregnant women (n=2065) who were participants in the landmark SCOPE study (scopestudy.net). Of 

these participants, 4%, have been excluded due to loss in follow-up (n=23), fetal/neonatal death 

(n=27) and live births with major congenital abnormalities (n=34). The remaining 1981 (96%) 

children comprised the eligible study population for the follow-up study, and 1208 (62%) were 

successfully recruited to participate in the Auckland Children of SCOPE study. Children were 

approximately 6 years of age with prospectively collected pregnancy data from 15 to 20 weeks 

through to birth which included maternal weight, height and infant birth weight centiles. Ethnicity of 

these children was determined through self-reported parental ethnicity collected in the original 

SCOPE cohort. Based on the ethnic frequencies, only New Zealand European children were 

considered for eligibility in this study. Informed written consent was obtained from all women whose 

children participated in this study. Recruitment was approved by the Northern X Regional Ethics 

committee (NTX/10/10/106).  

 Outcome measures 8.4.2

The child’s weight and height were measured at the Children of SCOPE visit by trained nurses 

following a standardised protocol. BMI (weight/height
2
) was the standard method used to assess 

obesity status in the Children of SCOPE study. BMI z-scores were created according to age and 

gender, using the UK 1990 (UK90) BMI growth reference population curve [396]. Percentage Body 

Fat was measured using the Bioelectrical Impedance analysis (BIA) method using the SBF7 

(ImpediMed Ltd, QLD, Australia). Fat free mass (FFM) was extracted using the single-frequency 50 

kHz data from the SBF7. Resistance, reactance and impedance were recorded, and FFM was 

calculated as follows: FFM=(0.65*(height
2
/impedance)+0.68*Age(years)+0.15)[359]. PBF was 

calculated using (weight-FFM)/weight*100). 

 Sleep assessment 8.4.3

Data was collected for a seven day period by using G3TX Actigraph’s (Actigraph Ltd, Pensecola, 

Florida, USA). For each participant, an Actigraph was set to start recording at 9am one week prior to 
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the appointment for the face to face assessment. The monitor was delivered to the family several days 

prior to the recording start date with instructions for the proper use of the equipment. Participants 

wore the monitor firmly around the waist using the adjustable belt provided. They were instructed to 

take the monitor off, if they were expecting to get wet such as swimming or showering. Parents also 

provided a diary which included the time that they went to bed each night, woke up each morning, 

any time that the monitor was removed and the reason and method of travel to and from school each 

day. 

Data were downloaded using the Actigraph software and exported to Excel files, which were 

subsequently imported into SAS version 9.4 (SAS Institute Inc., Cary, NC, USA) as 1-min epochs. 

Epochs of sleep were defined using the validated Sadeh actigraph scoring algorithm [426].  Nocturnal 

sleep/wake onset times were assessed using the times provided in the diary as the starting point. All 

algorithm assessed times were validated by ensuring that they matched the graphed data for each 

subject for each day. Where the initial check of the time was not considered to be correct, these were 

independently assessed by a second person. Any discrepancies where the original and independent 

check did not agree were again assessed by a third person. Two of the three assessments were 

required to agree for the time to be used. If there was no agreement between the three independent 

checks, then the time was not used for further analysis. 

The main cause of a requirement to change the algorithm-derived time was due to parental reported 

times from the diary being inaccurate, causing the algorithm to be unable to start from an appropriate 

point. These finalised sleep onset and wake times were then used to determine sleep duration (sleep 

onset to wake time) and sleep latency (reported sleep to defined sleep onset) for each day, where both 

times were available.    

Variables derived for analysis from the Sadeh sleep-scoring algorithm are as follows: Sleep onset time 

was defined as approximately the first three consecutive minutes of sleep after the reported bedtime. 

Sleep end time was defined as approximately five consecutive minutes of sleep prior to reported wake 

time. Sleep duration was defined as the elapsed time between sleep onset and waking times. Analysis 

of actigraphy data required a complete collection of data throughout the night for three or more days.  

 Sample preparation, SNP selection and genotyping  8.4.4

Genomic DNA was isolated from saliva and buffy coats, according to the manufacturer’s instruction 

using the Oragene DNA purification (DNA Genotek) and the QIAamp DNA Mini kits (Qiagen 

#51304), respectively, and were stored at -80°C.  
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Samples were analysed for 10 gene variants localised with the circadian machinery and 20 gene 

variants hypothesised to be regulated by cyclic rhythms of the biological clock (Supplementary 

Table 11.13). Due to the limited number of non-European children, only New Zealand European 

children were eligible to participate in this study. Information regarding genotypes and allele 

frequencies in the European population were obtained using the 1000GENOMES:phase_3:CEU data 

in Ensembl (www.ensembl.org ). Genes that harbour multiple genetic variants were assessed for 

linkage disequilibrium (LD) scores using LD plots obtained from 1000GENOMES:phase_3:CEU 

(www.ensembl.org). A pairwise LD (r
r
) score over 0.8 was considered to be in high disequilibrium in 

which only one variant was selected for analysis [360]. A total of 7 genes had several polymorphisms 

localised within them (Supplementary Table 11.14) and were subsequently tested for LD. All 

variants selected for this study had a LD score below 0.8 or had no CEU information and were 

subsequently retained for association testing.    

Genotyping was performed using the Sequenom iPlex MassARRAY platform which uses a matrix 

assisted laser desorption/ionisation-time of flight (MALDI-TOF) primer extension assay according to 

the manufacturer’s instructions (Sequenom, New Zealand). All sample plates contained cases, 

controls and non-template controls. Quality control measures included a non-template control to 

ensure the absence of cross contamination and primer cross reactivity and correlation of the minor 

allele frequency (MAF) with a reference population in 1000GENOMES:phase_3:CEU 

(Supplementary Table 11.13). A small sample subset (n=384) was checked for quality control using 

TaqMan pre-designed assay (Applied Biosystems) for LEPR-rs1137100 to confirm accuracy of 

genotyping.  

 Statistical analysis 8.4.5

The Hardy-Weinberg equilibrium (HWE) test was performed across each genomic marker to assess 

the genotype distribution across the population. The gene variant was considered to be in HWE if the 

p-value was above 0.05. Univariable linear regression was used to test the association between 

average sleep duration (per hour) with BMI z-scores and PBF. A standard linear regression analysis 

was used to assess the association between average sleep duration (response variable) and genotype 

(explanatory variable). Multivariable linear regression was used to model the interaction between 

gene variants and sleep duration in relation to BMI z-scores and PBF. Interactions were assessed by 

including a product term (average sleep/hour x genotype) and were adjusted for age, sex, sleep 

duration and genotype. Coefficients with P ≤0.05 in all analysis were considered to indicate a 

nominally significant association between the response and explanatory variables. Significant 

interactions were stratified according to genotypes to ensure trajectory of BMI z-scores and PBF 

relative to sleep length was not influenced by residual outliers. Any influential outliers detected were 

http://www.ensembl.org/
http://www.ensembl.org/
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assessed for validity and subsequently removed if found to be of uncertain variability and re-analysed. 

P-values were corrected for multiple testing using the False Discovery Rate (FDR) test as described 

by Benjamini and Hochberg (1995) [361]. Adjusted p-values (q-values) were calculated for the total 

number of tests using the null hypothesis fraction estimated by the ranking method. All analyses were 

performed using SAS version 9.4 (SAS Institute Inc., Cary, NC, USA). 

 Results 8.5

 Characteristics of study population 8.5.1

Of the 962 European children, eligible for this study, 319 children did not have adequate sleep data 

(≥3 days recorded data), failed to wear an actigraph, had technical problems precluding use of the data 

or where the assessment of time of sleep onset and wake times was not agreed. The baseline 

characteristics of the eligible study population comprising of New Zealand European (n=962) 

children stratified by adequate sleep data are shown in Table 8.1. There was no reason to suspect any 

bias between those children who completed the study with any other feature of the study.  

Table 8.1: Baseline characteristics of 6 year old New Zealand European children stratified by availability of average 

sleep duration information (n=643). * P-values indicate significant differences between the eligible study population and 
children with missing or inadequate sleep data. 

Cohort of New Zealand European children who participated in Children of SCOPE 

(n=962) 

Characteristics  

(s.d) 
Children who had sleep data  Children who had no sleep data  p-value 

Number 643 319 - 

Male 
338 

(0.526) 

150 

(0.470) 
0.105 

Female 
305 
(0.474) 

169 
(0.530) 

Child’s age of assessment (years) 
5.98 

(0.177) 

6.04 

(0.197) 
<0.001 

Height (cm) 
117.7 
(4.68) 

118.2 
(4.94) 

0.091 

Weight (kg) 
21.80 

(2.80) 

22.12 

(3.02) 
0.107 

BMI z-scores 
0.061 

(0.871) 

0.104 

(0.931) 
0.483 

PBF (%) 
22.45 

(6.28) 

22.26 

(5.91) 
0.659 

Mother’s SEI* 
50.63 

(15.12) 

50.58 

(13.91) 
0.956 

Father’s SEI* 
54.22 
(13.79) 

53.73 
(14.05) 

0.607 

Average SEI* 
52.38 

(11.19) 

52.18 

(11.48) 
0.795 

Average sleep duration (hr) 
10.66 
(0.844) 

- - 
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*SEI: Socioeconomic index (10-90) is a composite based-measure of socioeconomic status derived on equal weighting of 

education level and income associated with each occupation. Final scores were scaled to range from 10 (low socioeconomic 

status) to 90 (high socioeconomic status). While it is known socioeconomic status is associated with obesity outcomes, this 

association is unlikely to be causal. As can be seen in table 1, there was no difference in those children with and without 

sleep data in terms of SES, or measures of adiposity, thus we believe the results of the analysis are generalizable across our 
cohort. 

 Average sleep correlation with obesity traits 8.5.2

Univariable models that associate changes in BMI z-scores and PBF in response to average sleep 

duration are shown in Supplementary Figure 11.9 and Supplementary Figure 11.10. A borderline 

association was found between sleep duration and BMI z-scores (=-0.078[-0.16~0.0018], p=0.055). 

However no association was detected between average sleep duration and PBF (=0.15[-0.43~0.74], 

p=0.609).    

 Genetic association with sleep outcomes 8.5.3

We have selected 10 genes that have established roles in the circadian rhythm machinery and a further 

20 genes driven by cyclic oscillations and assess their association with average sleep duration. 

Most genomic markers were in accordance with HWE except for CLOCK-rs1801260 (p=0.03), and 

CLOCK-rs4864548 (p=0.02). Genotyping results obtained from Sequenom showed no evidence of 

genotyping error. We had no family history in the dataset, handling of samples followed a rigorous 

protocol and scatterplots obtained from Sequenom showed robust genotyping. The minor allele 

frequencies (MAF) for CLOCK-rs1801260 (0.267) and CLOCK-rs4864548 (0.383) were comparable 

to the 1000GENOMES:phase_3:CEU population frequency of 0.253 and 0.409 respectively 

(http://www.ensembl.org/index.html) (Supplementary Table 11.13). Disequilibrium can result from 

a true association, such that genetic variants showing a departure of HWE, at any given significance 

threshold can occur by chance [362]. Therefore, for the purpose of this study, we have not eliminated 

these variants from our subsequent association and interaction analysis.   

There was evidence for an uncorrected genotypic association of STAT-rs8069645 (p=0.0052) and 

ADIPOQ-rs266729 (p=0.019) with average sleep duration in the New Zealand European children 

cohort (Table 8.2). However, these associations did not remain after correction for multiple 

comparisons. A complete table of genotype associations with average sleep duration is presented in 

Supplementary Table 11.15 and Supplementary Table 11.16.  

http://www.ensembl.org/index.html
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Table 8.2: Significant uncorrected associations (p<0.05) of genotype models for STAT3 (p=0.0053) and ADIPOQ (p=0.019) variants with average sleep duration of 6year old New 

Zealand European children in Children of SCOPE. Results are expressed as effect size in minutes (95% Confidence Intervals).  After adjustments for multiple comparisons no significant 
associations remained.   

Model CHR Gene SNP Genotype Frequency Effect () (95% CI) p-value 
Genotypic p 

value 

Genotypic q 

value 

Genotypic 17 STAT3 rs8069645 

A/A 

A/G 

G/G 

343 

252 

33 

- 

12.60[4.37~20.82] 

-5.73[-24.00~12.30] 

- 

0.0027 

0.533 

0.0052 0.170 

Genotypic 3 ADIPOQ rs266729 

C/C 

C/G 

G/G 

345 

247 

43 

- 

-7.62[-15.84~0.61] 

14.04[-1.88~30.06] 

- 

0.070 

0.084 

0.019 0.296 
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 Gene-by-sleep interactions on BMI z-scores and PBF 8.5.4

We tested for genotypic interactions of 30 genes and average sleep duration in relation to BMI z-

scores and PBF. The CLOCK-rs4864548 (p=0.0039), PEMT-936108 (p=0.016) and GHRELIN-

rs696217 (p=0.046) variants exhibited uncorrected significant interactions in relation to BMI z-scores 

(Figure 8.1, Figure 8.2 and Figure 8.3). However, no interactions remained significant after 

adjustments for multiple comparisons.  

No gene-by-sleep interactions were observed in relation to PBF scores in the genotype models. 

However, the MC4R-rs17782313 (p=0.052) and PEMT-936108 (p=0.077) variants showed borderline 

gene-by-sleep duration interactions in relation to PBF scores (Supplementary Figure 11.11 and 

Supplementary Figure 11.12).   

 

Figure 8.1: Stratified genotype model of the CLOCK-rs4864548 (uncorrected p=0.0039) and average sleep duration 

(per hour) on BMI z-scores scores of six year old New Zealand European children in Children of SCOPE. The 

interactive effect of increased sleep duration on decreased BMI z-scores is occurring in children harbouring the major 

genotype (A/A) of the CLOCK loci. No effect was observed with the other genotypes (A/G and A/A) and sleep duration in 
relation to BMI z-scores.   
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Figure 8.2: Stratified genotype model of the PEMT-rs936108 (uncorrected p=0.016) and average sleep duration (per 

hour) on BMI z-scores scores of six year old New Zealand European children in Children of SCOPE. The interactive 

effect of increased sleep duration on decreased BMI z-scores is occurring in children harbouring the major genotype (A/A) 

of the PEMT loci. No effect was observed with the other genotypes (A/G and A/A) and sleep duration in relation to BMI z-
scores.   
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Figure 8.3: Stratified genotype model of the GHRELIN-rs696217 (uncorrected p=0.046) and average sleep duration 

(per hour) on BMI z-scores scores of six year old New Zealand European children in Children of SCOPE. The 

interactive effect of increased sleep duration on decreased BMI z-scores is occurring in children harbouring the minor 

genotype (T/T) of the GHRELIN loci. No effect was observed with the other genotypes (G/G and G/T) and sleep duration in 
relation to BMI z-scores.   
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 Discussion 8.6

The temporal organisation of sleep/wake cycles is co-ordinated by circadian rhythmicity encoded by 

core ‘clock’ genes [449]. A growing body of research has suggested an association between sleep 

duration and obesity in children facilitated by the misalignment of circadian rhythm to environmental 

cues [148]. Several studies have described associations between variations localised within the 

biological clock and differences in sleep duration [456, 457]. Others have reported significant 

associations between CLOCK gene variants with modulating eating behaviours and increased energy 

intake (recently reviewed by Valladares et al [434]). However, very little research have investigated 

differences of sleep duration expressed by variations in circadian rhythm genes and obesity traits in 

children. Here we report evidence of an interaction between 30 genetic variants either directly 

involved within the circadian machinery or encompassing a ‘rhythmic component’ and average sleep 

duration in relation to BMI z-scores and PBF in a cohort of New Zealand European children.  

 Association between sleep duration and obesity traits 8.6.1

This study found no evidence of association between increasing sleep duration and reduced obesity 

risk; although a borderline significant result was detected for BMI z-scores. While, numerous studies 

support the association between short sleep and obesity, it does not necessarily infer causality [465]. 

The nature and length of sleep in children is a multifaceted construct involving both physical and 

physiological influences that gradually change with age [466]. Childhood is a critical developmental 

period where basic sleep structure is established and positive sleep practices are cultivated into 

lifelong patterns [139]. Throughout one’s life course, fluctuations in sleep duration commonly occur 

and are primarily accredited to biological and social changes. This study cohort comprises of 6 year 

old New Zealand European children in whom, sleep practices are dependent on the degree of parental 

control and attitude. Therefore, any association or lack of, association observed in this study may be 

effectively latent by positive parenting management.   

The globalisation of the modern environment is concomitant with unfavourable shifts of habitual 

dietary practices and physical activity patterns, which is considered the underlying cause behind the 

rapid rise of childhood obesity [93, 467]. Moreover, maternal over-nutrition may influence fetal 

metabolic programming in relation to circadian rhythm operation. Studies have revealed differential 

methylation profiles of the CLOCK gene suggesting, in utero exposure to unfavourable diets can 

affect peripheral circadian system of the fetus predisposing towards later life obesity [468, 469]. The 

beneficial effects conveyed by longer sleep on obesity traits may not be sufficient to overcome the 

profound impact of diet and physical activity factors in this particular cohort. Despite these findings, 
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adequate sleep length is essential for the sequential organisation of biological pathways to ensure co-

ordinated energy processing and reduced risk of endocrine and metabolic diseases [470]. 

 Genetic association with sleep duration  8.6.2

Genetic differences in sleep structure are known to cause subtle changes in sleep characteristics 

including timing of rest/wake phases and duration [471]. A greater part of these variations span across 

core circadian genes that regulate a wide variety of physiological and behavioural rhythms [457, 472, 

473]. Interestingly, this study found no association between genes within the circadian machinery and 

average sleep duration. Instead, uncorrected significant genotype differences were evident in cyclic-

regulated gene transcripts that are central to the maintenance of normal cellular functions. While both 

STAT3 and ADIPOQ expression has shown a pivotal relationship with sleep deprivation [474, 475], it 

remains unclear how these variants may directly affect sleep duration. 

 Gene-by-sleep interactions on obesity traits 8.6.3

Very few studies have investigated differences of sleep duration and circadian rhythm genotypes on 

obesity traits, especially in children. One study, have associated sleep deprivation and common 

variations in FTO, TMEM18 and NRXN3 towards vulnerability in obesity traits in children [448]. 

Here, we found three gene variants (CLOCK-rs4864548, PEMT-rs936108 and GHRELIN-rs696217) 

that exhibited uncorrected gene-by-sleep duration interactions in relation to BMI z-scores in this 

cohort of New Zealand European children. However, no interactions were identified on PBF 

differences. Notably, these interactions are evident without detectable effects on sleep duration. 

Our study suggests that the protective effect of increased sleep duration on weight status is only 

observable in children harbouring the major genotype of the CLOCK-rs4864548 (A/A) and PEMT-

rs936108 (G/G) variants. This trajectory is consistent with the previously recognised correlations 

between longer sleep and reduced risk of obesity. However, no association was found between the 

other genotypes and sleep duration on BMI z-scores, indicating the negative effects conveyed by these 

genetic variations may be countering the beneficial influence of increased sleep. These findings 

suggest that people can have markedly different genetic susceptibilities to the effects of sleep duration 

on obesity traits. 

 The biological mechanism whereby sleep duration and genetic variations of CLOCK and PEMT 

influences body weight most likely comprise key components involved in energy homeostasis. 

CLOCK expression is known to induce changes of energy intake in subcutaneous adipose tissue [476]. 

PEMT is central for the biosynthetic conversion of phosphatidylethanolamine into 
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phosphatidylcholine; an essential glycerophospholoipid involved in cell signalling, vesicle trafficking 

and energy regulation [477]. Disruption of proper temporal co-ordination between the central nervous 

circadian system and energy balance may be an important cause of obesity [476, 478]. 

Conversely, we found that the minor genotype (T/T) of the GHRELIN-rs696217 showed decreased 

risk of BMI z-scores associated with longer sleep duration. It has been well established, that 

expression profiles of ghrelin follow a co-ordinated sequential pattern according to metabolic 

demands of appetite and sleep. Under habitual conditions, adequate sleep is essential for the nocturnal 

suppression of ghrelin to curb hunger signals [147]. The low frequency of the T/T genotype (n=7) 

may skew the structure imposed by the genotypic model resulting in the inability to detect precise 

associations with BMI z-scores. However, upon further investigation of the GHRELIN-rs696217 

interaction once stratified by genotypes, we found that the decreased trajectory of BMI z-scores for 

the minor genotype is not influenced by residual outliers.  

 Limitations and strengths 8.6.4

We acknowledge a number of limitations in this study. The interactive associations reported were no 

longer significant after correction for multiple comparisons. However, we anticipated this as we 

deliberately chose to screen a large number of gene variants, expecting to identify some causal 

variants, at the expense of losing significance after correction. This study was designed to validate 

previously identified associations; therefore multiple testing adjustment methods may be overly 

conservative, as there were no post-hoc comparisons (all statistical tests were defined a priori).The 

low frequency of minor genotypes, as shown in GHRELIN-rs696217, requires larger sample sizes to 

accurately depict genetic sensitivity to environmental influences. Furthermore, the effect of energy 

intake displaced by sleep or promoted by certain clock genes are not recorded in this study. Obesity is 

essentially an energy balance equation that favours greater energy intake as opposed to expenditure. 

The human energy paradigm can be described into three major components: basal metabolic rate, 

thermic effects of food and the energy cost of physical activity [142]. Sleep loss is known to affect 

each component and may predispose susceptible individuals to increased weight gain. Without 

accounting for total energy intake, we may be imprecisely estimating the association of sleep duration 

on obesity traits. However, the use of actigraphy to record sleep patterns along with rigorous protocols 

to validate correct sleep times strengthened this study. The use of sleep questionnaires typically used 

in epidemiological studies showed poor agreement with actigraphy collected data [479].  
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 Conclusion 8.7

This study highlights the complicated nature of interaction between sleep and genetic variance on 

obesity traits. A growing body of evidence has suggested the therapeutic effects of longer sleep times 

on ensuring pertinent organisation of biological processes with environmental cues. However, the 

rapid transition to an ‘obesogenic’ environment characterised by poor nutritional intake and increased 

sedentary behaviours are considered the primary attributable cause behind the increased obesity 

prevalence. Furthermore, increased prevalence of maternal over-nutrition may contribute to an 

intrauterine environment producing long-lasting effects on energy metabolism that may affect 

circadian rhythm operation. Longer sleep times may not be sufficient to rescue genetic susceptibility 

association on obesity imposed by the other energy promoting factors. In fact, sleep itself may be 

burdened by the ‘obesogenic’ environment fostering excessive fat deposition and sedentary 

behaviours. Our study suggests the relative effect of sleep duration is substantially lower in 

comparison to the ‘obesogenic’ environment the children now find themselves in. Further studies are 

warranted to replicate associations detected in this study with other population cohorts, larger sample-

sets and different sleep characteristics. 
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 Summary 8.8

Poor sleep is increasingly common in children and associations between sleep deprivation in 

childhood and metabolic complications are consistently being replicated. Several mechanisms have 

been proposed to correlate the relationship between insufficient sleep with excess energy intake 

including a shift in satiety hormones, disinhibited eating behaviours and reduced activity levels. 

However, we have shown that variations in circadian genetics or genes that encompass a rhythmic 

component may contribute to the vulnerability of obesity brought upon by shorter sleep duration.  

Sleep should not be discounted in obesity research and should be included as part of the lifestyle 

package that has traditionally focussed on diet and physical activity.   

The testing of genetic variations and environmental factors in relation to obesity traits in this thesis 

has been conducted in European children. However, there is a substantial difference in obesity 

prevalence across different ancestral groups suggesting unique biological markers predisposing these 

people to excess weight gain. Generally, obesity related loci discovered in large scale European 

studies are tested in non-European populations to assess transferability of genetic association. 

Genome wide data involving ancestrally diverse populations, will contribute to a better understanding 

of the mechanisms underlying obesity at a global level. 

Using an independent cohort consisting of Aotearoa New Zealand Māori and Pacific Island adults, 

recruited for the “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa” case-control study 

(University of Otago), we tested the association of a Polynesian specific gene variant (CREBRF-

rs373863828) with obesity traits along with its associated co-morbidities.  
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 CHAPTER 9

The CREBRF gene 

 

 

 Foreword 9.1

Obesity is a public health epidemic and its global prevalence is escalating rapidly. Current trends 

suggest that obesity is rising in New Zealand and the most recent health survey estimates that 

approximately 30% of all New Zealand adults (>18) are obese [480].  However, the pattern of obesity 

prevalence varies with ethnicity, with the New Zealand Māori (46.5%) and Pacific populations 

(66.2%) presenting higher rates of obesity (measured by BMI status) when compared to the New 

Zealand European/Other (29.2%) and Asian (12.0%) adults [480]. While profound changes 

surrounding dietary and physical activity practices related to economic development are the principal 

factors driving global weight gain, genetic predisposition may at least in part explain the variance 

observed with ethnic-specific differences in obesity.  

Genome wide association studies (GWAS) delineating the genetic cause of obesity habitually centre 

on large European cohorts and have led to the expansion and cataloguing of numerous GWAS 

susceptibility loci with obesity traits [181, 200, 223]. However, these associations have not been 

thoroughly explored among non-European high risk populations. Instead, studies investigating the 

genetic origins of Pacific obesity only assess the transferability of European associated loci and test 

whether the variant predisposes towards obesity in that respective population [311]. This is typified by 

the null association of FTO locus markers in the predisposition to obesity within the Pacific 

populations [203, 204].  

Until very recently there were no confirmed associations of any loci with weight measures in the 

Pacific population. By GWAS, a population-specific missense variant (rs373863828, Arg457Gln) 

within the CREBRF gene was found to be associated with increased BMI (1.36-1.45kg/m
2
), per copy 

of the risk associated allele in the Samoan population [206]. The high allele-frequency of the 

CREBRF-rs373863828 variant (MAF=0.259) among the Samoan people compared to global averages 

(MAF<0.001) supports the local disposition of CREBRF as a marker of obesity unique to this Pacific 

population [206]. Functional characterisation have determined important cellular bioenergetics of the 

CREBRF-rs373863828 variant through the promotion of energy conservation and decreased energy 
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expenditure. Indeed, the glutamine allele was found to effectively promote lipid and triglyceride 

storage but with reduced energy usage in the adipocyte, as measured by decreased cellular markers 

including mitochondrial respiration, ATP production and basal glycolysis [206]. Furthermore, 

knockout of this gene has led to the clinical presentation of the ‘leanness’ phenotype in animal models 

suggesting a pivotal role in energy homeostasis. Contrary to the strong epidemiological relationship 

between obesity and type 2 diabetes (T2D), a significant yet inverse association was detected between 

the carriers of the minor allele and the risk of T2D (OR=0.586) [206]. Similarly, among non-diabetic 

individuals, CREBRF-rs373863828 was also associated with lower fasting glucose levels (discovery 

cohort=1.65mg/dL, replication cohort=1.54mg/dL) suggesting tissue-specific contributions of 

CREBRF in overall metabolism [206]. The identification of CREBRF-rs373863828 has led to the 

theory of positive selection as a causal argument in explaining the higher rates of obesity observed 

among the Samoan people which may extend towards other Pacific Island populations experiencing 

similar obesity trajectories. 
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 Abstract 9.2

Background: The minor allele of r373863828 (p.Arg457Gln) in the CREBRF gene strongly 

associates with increased body mass index (BMI) and reduced risk of type 2 diabetes (T2D) in the 

Samoan population residing in Samoa and American Samoan. The prevalence of this variant and 

effect on BMI and T2D in Māori and Pacific (Polynesian) people living in Aotearoa New Zealand is 

currently unknown.   

Aims: To examine the prevalence of the rs373863828 variant and its association with BMI and waist 

circumference, along with odds of T2D, gout and chronic kidney disease (CKD) in Māori and Pacific 

population groups living in New Zealand. To examine haplotype structures and linkage disequilibrium 

(LD) plots of the CREBRF gene.  

Methods: A total of 2,286 Māori and Pacific adults living in New Zealand (of New Zealand Māori, 

Samoan, Tongan, Cook Island Māori, Niuean, Pukapukan and ‘Other’ Polynesian ancestry) were 

genotyped for the CREBRF-rs373863828 variant. Association testing was performed with BMI, log-

transformed BMI, waist circumference, T2D, gout and CKD. Analyses were adjusted for age, sex, the 

first four genome-wide principal component vectors and, when appropriate, BMI and T2D. Fixed 

effect meta-analyses were performed to pool effect sizes from the separate population groups. 

Association of rs373863828 with variance in log-transformed BMI was tested to detect possible gene-

environment or gene-gene interactions modifying the CREBRF effect on BMI. The Illumina Infinium 

CoreExome data for the CREBRF region +/-100kb (5:172,666,300-172,383,300), was used to 

generate LD plots and haplotype structures (frequency >1%) surrounding the CREBRF-rs373863828 

variant.   

Results: The minor allele frequency of rs373863828 varied from 10 to 24% among different ancestral 

groups. The combined effect size per minor allele for all Polynesian samples for log-transformed BMI 

was 0.038 (P=4.8x10
-6

), for BMI was 1.38 kg/m
2
 (P=7.3x10

-6
) and for waist circumference, 2.98 cm 

(P=1.4x10
-5

). The combined effect size per minor allele for all Polynesian samples for T2D was 

OR=0.59 (P=1.9x10
-6

). There was no association with variance in log-transformed BMI (P=0.97). 

There was no evidence for association with lipid measures and, although there was evidence for 

association with urate (P=0.026), there was no evidence for association with gout (P=0.98) or CKD 

(P=0.48). There were similar haplotype structures surrounding rs373863828 in Aotearoa Samoan and 

Tongan populations (Western Polynesian). The Aotearoa Cook Island Māori had an extended LD 

structure and differed from New Zealand Māori (Eastern Polynesian). 
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Discussion: The minor allele of rs373863828 is not restricted to the Samoan population but is a 

common variant across all different Māori and Pacific populations. Across these groups there was also 

a positive association with BMI, and lower odds of T2D. This replicated, with essentially identical 

effect sizes, the findings from Samoans living in Samoa and American Samoa. The mechanism for the 

pattern of association with metabolic disease (risk for weight gain, protection for T2D and no effect 

for gout and CKD) will require more detailed analysis of how the CREBRF variant impacts on indices 

of body mass and glucose metabolism. 

. 
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 Introduction 9.3

A missense variant (rs373863828, p.Arg457Gln) in CREBRF (encoding CREB3 regulatory factor) 

has recently been associated with body mass index (BMI) in a genome wide association study 

(GWAS) conducted in the Samoan population residing in Samoa and American Samoa [206]. The 

minor allele (A, 457Gln) was associated with increased BMI of 1.36kg/m
2
 (or approximately ~4kg in 

body weight, assuming a height of 1.7m) per copy, which corresponds to an ~1.3 fold increased risk 

of obesity [206, 481]. In a smaller sample of individuals from the Kingdom of Tonga the effect per 

minor allele was an increase of BMI of 3.1 units [482]. This effect size is considerably larger than any 

other currently known common obesity gene variant observed, such as the FTO (e.g rs9939609) 

minor allele which is known to increase BMI by 0.39kg/m
2
 (~1.3kg in body weight) and increased 

odds of obesity by 1.2-fold in people of European ancestry [483]. Furthermore, the FTO rs7202116 

genotype has been associated with variance in BMI indicating a gene-environment non-additive or 

gene-gene epistatic interaction influencing the FTO effect on BMI [484]. 

The high minor allele frequency of the rs373863828 missense variant (minor allele frequency 

(MAF)=0.259) among Samoans in Samoa and American Samoa and residents of the Kingdom of 

Tonga [206, 482], compared to an exceedingly rare frequency in other populations in the Exome 

Aggregation Consortium (gnomad.broadinstitute.org; MAF=5.3x10
-5

 in East Asian, 3.3x10
-5

 in South 

Asian, 4.0x10
-5

 in European, absent in ~12K African individuals) [485], supports the hypothesis that 

CREBRF is an important risk factor for obesity in the Samoan and Tongan populations but not other 

Polynesian populations studied to date. Unlike FTO and many other obesity risk variants, the minor 

allele was associated with decreased odds of type 2 diabetes (T2D) (OR=0.64) after adjustment for 

BMI, contrary to the very well established association between T2D and increased BMI [206, 481]. 

There was association with lower fasting glucose levels and leptin levels in women (not men), but no 

association with fasting insulin, HOMA-IR, adiponectin. Recently, several genetic variants have been 

associated with higher BMI and lower risk of T2D, hypertension and heart disease in European 

populations [486-488]. These have been termed ‘favourable’ adiposity alleles due to their association 

with a higher subcutaneous to visceral adipose tissue ratio, lower waist-hip ratio in women and 

potential to protect from metabolic disease by increasing the capacity of subcutaneous tissue to store 

excess calories as lipids [489].   

In New Zealand, obesity and T2D are both highly prevalent in Māori and Pacific people [1]. These 

conditions are also strongly associated with other prevalent metabolic-based conditions in Māori and 

Pacific people, specifically gout and chronic kidney disease [490-492] as complications of T2D and 

hypertension. Furthermore increased BMI is causal of increased urate and risk of gout [reviewed in 

[493]]. Polynesian populations include those from West Polynesia (originating from Samoa, Tonga, 
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Niue and Tokelau) and East Polynesia (New Zealand Māori and Cook Island Māori). Given the 

possibility of greater genetic diversity and different linkage disequilibrium (LD) structure seen among 

those of East and West Polynesian populations [494, 495], understanding the genetic variation in the 

CREBRF gene in non-Samoan and -Tongan Polynesian population groups may provide novel insights 

into its association with increasing BMI, yet apparent reduction in risk of T2D.  

 

In the present study, we tested the association of the CREBRF-rs373863828 variant with BMI, waist 

circumference, T2D, gout and chronic kidney disease (CKD) among 2286 participants of different 

Polynesian ancestries living in New Zealand. In addition, we tested the association of rs373863828 

with variance in log-transformed BMI to detect possible underlying genetic and/or environmental 

influences in phenotypic variability.  

 Methods 9.4

 Study population 9.4.1

Individuals, not known to be first-degree relatives, aged 16 years and older, were recruited as 

participants of the “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa New Zealand” case-

control studies primarily from the Auckland, Waikato and Christchurch regions of New Zealand 

[496]. A separate Māori sample set from the rohe (area) of the Ngati Porou iwi (tribe) from the 

Tairawhiti region on the East Coast of the North Island of New Zealand was also included. This 

sample-set was recruited in collaboration with Ngati Porou Hauora (Health Service) Charitable Trust 

(NPHCT). The Pukapuka sample set was recruited in collaboration with the Pukapuka Community 

Group (Mangere, South Auckland).  

Information obtained at recruitment for each study included age (years), sex, height (cm), weight (kg) 

and waist circumference (cm) measured by trained assessors. BMI was calculated by dividing weight 

by the square of height in metres. Participants were also asked the ancestry of each of their 

grandparents. Gout was ascertained by the 1977 American Rheumatism Association preliminary 

classification criteria [497]. T2D was ascertained by physician-diagnosis and/or patient reports and/or 

use of glucose lowering therapy. Blood and urine samples were collected and biochemical 

measurements including serum urate concentrations were performed at the Southern Community 

Laboratories (www.sclabs.co.nz). Estimated glomerular filtration rates (eGFR) were derived from 

participant’s serum creatinine, age and sex using the Chronic Kidney Disease Epidemiology 

Collaboration (CKD-EPI) equation [498]. Stage 4 and 5 chronic kidney disease was defined by eGFR 

(<30mL/min or on dialysis). Ethical approval was given by the NZ Multi-Region Ethics Committee 

(MEC/05/10/130; MEC/10/09/092; MEC/11/04/036). The Northern Y Region Health Research Ethics 

http://www.sclabs.co.nz/
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Committee granting ethical approval for the NPHCT study (NTY07/07/074). All participants 

provided written informed consent for the collection of samples and subsequent analysis. 

Participants who self-reported any Polynesian ancestry amongst their grandparents were separated 

into sample-sets based on Pacific Island of ancestry. Those participants who also reported non-

Polynesian ancestry (predominantly European or Chinese) were grouped according to their Polynesian 

ancestry. This resulted in eight sample-sets; New Zealand Māori (n = 1,296, including 270 people 

collected into the NPHCT study), Cook Island Māori (n = 205), Samoan (n = 387), Tongan (n = 181), 

Niuean (n = 47), Pukapukan (n = 75) and an ‘Other’ Polynesian group (n = 271), which included 

individuals of Tahitian (n = 3), Tokelauan (n = 6) and Tuvaluan ancestry (n = 5), along with 

individuals who self-reported grandparental ancestry from more than one Pacific ancestral ancestral 

group (n = 275). Pukapuka is part of the Cook Islands situated 1,140 km north-west of Rarotonga, the 

main island of the Cook Islands and geographically located in Western Polynesia. These analysis 

groups were further defined based on clustering of genome-wide principal component vectors one to 

four (details of calculation below), resulting in the exclusion of 182 people who clustered outside of 

their self-reported ancestry group; New Zealand Māori (n = 1,154), Cook Island Māori (n = 197), 

Samoan (n = 378), Tongan (n = 175), Niuean (n = 47), Pukapukan (n = 70) and ‘Other’ Polynesian 

group (n = 265). Baseline characteristics for the further defined sample sets are presented in Table 9.1 

and clustering by principal components 2 and 3 presented in Supplementary Figure 11.13.  

.  
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Table 9.1: Baseline characteristics of the eight Polynesian sample-sets (Samoan, Tongan, Cook Island Māori, New 

Zealand Māori, Niuean, Pukapukan, ‘Other’ Polynesian) with its associated clinical and biochemical measurements 

based on grandparental ancestry. All Polynesian groups include admixed ancestries of non-Polynesian descent (e.g. 

European and Chinese ancestry). †Participants who were of Tahitian (n=3) Tokelauan (n=6) or Tuvaluan (n=5) ancestry or 

with multiple Polynesian ancestries were grouped as ‘Other’ Polynesian sample-set. *Serum urate concentrations were 

measured from individuals not on urate lowering drugs. 

Characteristics NZ  Māori CI  Māori Samoan Tongan Niuean Pukapukan 
‘Other’ 

Polynesian 

Number 1154 197 378 175 47 70 265 

GENDER (n)        

Male 

(proportion) 

666 

(0.577) 

117 

(0.594) 

280 

(0.741) 

131 

(0.749) 

36 

(0.766) 

33 

(0.471) 

162 

(0.611) 

AGE (years) 

(SD) 

52.25 

(14.66) 

52.16 

(14.28) 

45.25 

(13.50) 

43.61 

(14.67) 

48.28 

(12.72) 

44.14 

(17.28) 

42.38 

(15.41) 

WEIGHT (kg) 

(SD) 

96.97 

(23.93) 

100.73 

(25.28) 

106.90 

(23.05) 

108.06 

(21.61) 

96.88 

(18.78) 

95.16 

(20.85) 

104.63 

(28.35) 

HEIGHT (cm) 

(SD) 

169.57 

(9.55) 

169.03 

(9.99) 

173.39 

(9.84) 

174.18 

(8.53) 

171.73 

(8.16) 

165.56 

(9.34) 

171.59 

(8.30) 

BMI (kg/m2) 

(SD) 

33.79 

(7.96) 

35.37 

(8.56) 

35.63 

(7.84) 

35.55 

(6.88) 

32.77 

(5.09) 

34.60 

(6.61) 

35.43 

(8.42) 

WAIST CIRCUMFERENCE 

(cm) 

(SD) 

108.04 

(18.24) 

110.75 

(15.85) 

111.80 

(16.28) 

112.53 

(14.72) 

106.06 

(12.78) 

108.20 

(16.07) 

110.06 

(18.81) 

*SUA (mmol/L) 

(SD) 

0.363 

(0.11) 

0.406 

(0.096) 

0.395 

(0.13) 

0.385 

(0.13) 

0.413 

(0.11) 

0.405 

(0.092) 

0.387 

(0.11) 

eGFR (mL/min) 

(SD) 

71.23 

(28.42) 

69.36 

(28.70) 

72.49 

(27.31) 

73.00 

(31.76) 

70.94 

(26.68) 

79.79 

(22.23) 

76.25 

(28.25) 

#TRIGLYCERIDES (mmol/L) 

(SD) 

2.25 

(1.53) 

2.37 

(1.96) 

2.13 

(1.40) 

2.21 

(1.43) 

2.52 

(1.92) 

2.09 

(1.40) 

2.10 

(1.43) 

#HDL (mmol/L) 

(SD) 

1.16 

(0.364) 

1.17 

(0.393) 

1.10 

(0.340) 

1.09 

(0.373) 

1.10 

(0.332) 

1.21 

(0.227) 

1.13 

(0.366) 

#LDL (mmol/L) 

(SD) 

2.80 

(1.01) 

2.88 

(0.99) 

2.87 

(1.05) 

2.82 

(1.06) 

3.03 

(1.21) 

2.71 

(1.05) 

2.76 

(0.93) 

^TYPE 2 DIABETES (n) 
301 

(0.273) 

63 

(0.330) 

83 

(0.226) 

49 

(0.290) 

10 

(0.213) 

16 

(0.229) 

61 

(0.234) 

^GOUT (n) 
456 

(0.434) 

96 

(0.513) 

207 

(0.570) 

92 

(0.532) 

21 

(0.500) 

11 

(0.164) 

100 

(0.407) 

^CHRONIC KIDNEY 

DISEASE (n) 

115 

(0.119) 

23 

(0.139) 

31 

(0.095) 

23 

(0.146) 

4 

(0.111) 

0 

(0.00) 

24 

(0.101) 

rs373863828 GENOTYPE (n)        

G/G 

(proportion) 

772 

(0.674) 

127 

(0.651) 

212 

(0.568) 

120 

(0.686) 

39 

(0.830) 

42 

(0.600) 

168 

(0.641) 

G/A 

(proportion) 

348 

(0.304) 

60 

(0.308) 

146 

(0.391) 

47 

(0.269) 

7 

(0.149) 

22 

(0.314) 

77 

(0.294) 

A/A 

(proportion) 

25 

(0.022) 

8 

(0.041) 

15 

(0.040) 

8 

(0.046) 

1 

(0.021) 

6 

(0.086) 

17 

(0.065) 

HWE p-value 0.05 0.79 0.10 0.23 0.34 0.22 0.05 

ALLELE (n)        

A 

(proportion) 

398 

(0.174) 

76 

(0.195) 

176 

(0.236) 

63 

(0.180) 

9 

(0.096) 

34 

(0.243) 

111 

(0.212) 
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 Genotyping  9.4.2

It was required to directly genotype rs373863828 because this variant was not present on the 

CoreExome genome-wide genotyping platform (refer below) and we were unable to impute the region 

owing to the unavailability of Māori and Pacific reference haplotypes. A custom designed TaqMan™ 

probe-set (Applied Biosystems, Foster City, CA) was created for rs373863828 using a simple Python 

script (snp_design; DOI:10.5281/zenodo.56250) to annotate the the human genome build 37 reference 

sequence (ftp://ftp.ensembl.org/pub/grch37) with rs373863828 and any surrounding SNPs (obtained 

from the NCBI dbSNP build 147 common SNP list; ftp://ftp.ncbi.nlm.nih.gov/snp). Genotyping 

was performed using the LightCycler™ 480 Real-Time Polymerase Chain Reaction System (Roche 

Applied Science, Indianapolis, IN) in 384 well plates. Quality control measures included genotyping 

of non-template controls to ensure the absence of cross-contamination and primer cross-reactivity, and 

genotyping of 25% of the sample set as technical replicates to evaluate consistency; there was 100% 

concordance.   

 Illumina Infinium CoreExome whole genome genotyping and principal 9.4.3

component estimation of ancestry 

The Illumina Infinium CoreExome v24 bead chip platform was used to genotype participants. 

Genotyping was performed at the University of Queensland (Centre for Clinical Genomics) for the 

Genetics of Gout, Diabetes and Kidney Disease in Aotearoa cohorts and at AgResearch (Invermay 

Agricultural Centre) for the Ngati Porou Hauora Charitable Trust cohort. Bead chip genotyping 

batches were auto-clustered using GenomeStudio v2011.1 software (Illumina, San Diego). The 

Illumina GenomeStudio best practice guidelines and quality control protocols of Guo et al. (2014) 

were applied to these auto-clustered genotypes to ensure final genotype calls were of the highest 

possible quality [499, 500]. After the initial quality control protocols were applied the genotyping 

batches were merged and relevant quality control steps repeated in the full dataset. 

 Determination of principal components 9.4.4

Whole-genome principal component analysis vectors were calculated using SmartPCA (EIGENSOFT 

v6.0.1) [501]), with an output of 10 eigenvectors, no outlier removal and no population size limit. 

These vectors were calculated including individuals of non-Polynesian ancestry and the first four 

vectors plotted against each other to view ancestral groupings (European, Eastern Polynesian and 

Western Polynesian) based on clustering of principal components. The first four vectors were chosen 
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for inclusion as covariates in the linear regression to account for population stratification and cryptic 

relatedness which may cause confounding. 

 Association testing 9.4.5

Analyses were performed using the R statistical software v3.x.x within RStudio v0.99.902 

(https://cran.r-project.org; https://www.rstudio.com). The genotype distribution of rs373863828, 

across each of the Polynesian population sample-sets, was assessed for Hardy-Weinberg equilibrium 

(HWE). The gene variant was considered to be in HWE if the p-value was above 0.05 (p > 0.05). A 

multivariate linear regression model was used to test for association between the rs373863828 minor 

allele (A; 457Q) and continuous variables (BMI and waist circumference), with the ß coefficient and 

its 95% confidence intervals representing the effect of each copy of the minor 457Q allele. For binary 

outcomes (T2D, gout and CKD), a multivariate binomial logistic regression model was used in a 

similar manner, with the allelic odds ratio (OR), and its 95% confidence intervals (95% CI) 

representing the effect of each copy of the minor 457Q allele. 

 

For each variable assessed two multivariate regression models were tested, the first adjusted only for 

whole-genome principal component vectors one to four (Model 1), whilst the second model was 

additionally adjusted for age, sex, and as appropriate, gout, BMI and T2D (Model 2). Each in Māori 

and Pacific Island population sample-set was analysed separately, and the effects combined using an 

inverse-variance-weighted fixed effect meta-analysis. Heterogeneity between sample-sets was also 

assessed during the meta-analysis. 

 

Model 1: response variable (eg. BMI) ~ rs373868282 + PC vector 1 + PC vector 2 + PC vector 3 + 

PC vector 4 

 

Model 2: response variable (eg. BMI) ~ rs373868282 + age + sex + PC vector 1 + PC vector 2 + PC 

vector 3 + PC vector 4 + (additional adjusting variable, eg. T2D). 

 

This study (n=2286) had at least 80% power, at the 5 % significance level for a two tailed test, to 

detect a 1.36 kg/m2 mean difference where the minor allele frequency was 0.136. Additionally we 

had at least 90% power to detect an odds of 0.59 where the minor allele frequency was 0.1 (assuming 

the proportion of controls had a minor allele frequency of 0.25), (Post hoc power calculation 

performed using PROC Power ,SAS v9.4 SAS Institute Inc, NC USA (Supplementary Figure 11.14) 

 

https://cran.r-project.org/
https://www.rstudio.com)/
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 Testing for association of rs373863828 with variance in phenotype 9.4.6

Association of a genetic variant with variance in phenotype can detect a locus interacting in a non-

additive way without prior knowledge of the interacting factor (environmental, intrinsic, and genetic). 

Testing for association of rs373863828 with variance in log-transformed BMI was performed using 

the method described in Topless et al. (2013) [502]. The variable used as a measure of variance was 

produced from residuals obtained from cohort-specific analyses regressing age, age
2
,
 
age-by-sex, the 

first four whole-genome principal component vectors and T2D. An independent ranked inverse 

normal transformation of absolute residuals generated z-scores, with squared z-scores (z
2
) being the 

variance variable. Linear models of both unadjusted
1
 and adjusted

2
 variance effect by CREBRF was 

performed. To account for the influence of the mean effect (Mean effect = BMI ~ CREBRF-

rs373863828 + adjusting variables) genotype-specific mean log-transformed BMI was subtracted 

from the log-transformed BMI of each participant and the genotype effect on variance was re-

analysed. This analysis was also done on the rs373863828 genotype data of Minster et al [206]. Two 

subsets of the data were used: (1) a subset of 1876 individuals from the discovery cohort collected in 

Samoa, chosen from the maximal set of 'unrelated' individuals, where pairs were considered 

'unrelated' if their kinship coefficient was less than 0.0625; and (2) 1020 individuals from the 1990's 

replication sample, collected in two polities, American Samoa and Samoa. An inverse-variance 

weighted fixed-effect meta-analysis of our population sample-sets along with the two sample-sets of 

Minster et al. was performed to examine the genetic effect of rs373863828 on variability in log-

transformed BMI.   

1
Unadjusted variance effect=[transformed residuals of BMI~adjusting variables]~ rs373863828. 

2
Adjusted variance effect= [transformed residuals of [BMI - mean BMI (per genotype)]~adjusting 

variables]~ rs373863828. 

 Haplotype analysis 9.4.7

The Illumina Infinium CoreExome data for the CREBRF region +/- 100kb ((5:172,666,300-

172,383,300) identified 45 polymorphisms. Inclusion of the rs373863828 genotypes resulted in a total 

of 46 variants spanning across this region. Only 25 CREBRF variants had a frequency more than 1% 

in the Polynesian samples.  A reference European population for the CREBRF region +/- 100kb 

(5:172,666,300-172,383,300) using the “Genetics of Gout and Diabetes in Aotearoa” case-control 

study was also investigated. Linkage disequilibrium (LD) plots and haplotype structures (frequency 

>1%) surrounding the rs373863828 were generated using Haploview Version 4.2 [503]. 
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 Results 9.5

 Prevalence of rs373863828 in the Polynesian samples 9.5.1

The allele frequencies of rs373863828 in each Māori and Pacific Island sample-set are presented in 

Table 9.1. The relative frequencies of the minor (A) allele differed among the Polynesian groups, 

with the Samoan (MAF=0.236) and Pukapukan (MAF=0.243) groups exhibiting the highest and the 

New Zealand Māori (MAF=0.174), Tongan (MAF=0.180), and Niuean (MAF=0.096) groups the 

lowest prevalence. Significant differences in allele frequency were observed between the Samoan and 

New Zealand Māori, Tongan and Niuean groups, and the Niuean and the Cook Island Māori and 

Pukapukan groups (Figure 9.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.1: Rs373863828 allele frequencies in various Māori and Pacific ancestral groups (left) and comparison of 

allele frequencies between the Māori and Pacific ancestral groups (right). P values are derived from a difference in 
proportions test. 
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 Association analysis with adiposity measures 9.5.2

Association of the minor allele of rs373863828 (457Gln) with log-transformed BMI (to approximate a 

normal distribution) was detected in the New Zealand Māori (ß=0.038, p=3.7x10
-3

), Pukapukan 

(ß=0.090, p=0.015) and ‘Other’ Polynesian (ß=0.069, p=4.3x10
-3

) sample sets, but not for the Samoan 

(ß=0.030, p=0.081), Tongan (ß=0.016, p=0.55) and Cook Island Māori (ß=0.042, p=0.17) subgroups 

nor the smaller and less powered Niuean (ß=-0.070, p=0.20) sample set (Supplementary Table 

11.17). The direction of effect in the Samoan and Tongan sample sets was towards a BMI-increasing 

influence of the minor allele, with a BMI-decreasing direction of effect in the Niuean sample set. A 

fixed-effect meta-analysis of the Polynesian samples showed significant association of rs373863828 

with log-transformed BMI (ß=0.038, p=4.8x10
-6

) (Table 9.2; Figure 9.2). Association analysis with 

BMI revealed similar results (Table 9.2; Figure 9.2; Supplementary Table 11.18). In the combined 

group there was association with the risk of obesity (Table 9.2; OR=1.33, P=8x10
-4

 for >32 kg/m
2
 

and OR=1.54, P=1x10
-5

 for >40 kg/m
2
). 

Significant associations were found between rs373863828 and increased waist circumference in the 

New Zealand Māori (ß=2.29, p=0.029), Pukapukan (ß=8.75, p=4.2x10
-3

) and other (ß=6.98, 

p=5.0x10
-4

) Polynesian sample sets (Table 9.2, Supplementary Table 11.19). A fixed effect meta-

analysis showed evidence of association between rs373863828 with increased waist circumference 

(ß=2.98, p=1.4x10
-5

) (Figure 9.2).  

 Association analysis with T2D 9.5.3

There was association of the minor allele of rs373863828 with reduced odds of T2D in the New 

Zealand Māori (OR=0.57, p=3.0x10
-4

), Samoan (OR=0.45, p=5.6x10
-3

) and other Polynesian 

(OR=0.31, p=5.0x10
-4

) sample sets (Table 9.2; Supplementary Table 11.20). A fixed-effect meta-

analysis of the various sample sets revealed significant association with reduced odds of T2D 

(OR=0.59, p=1.9x10
-6

) (Figure 9.3). 

 Association analysis with gout CKD and metabolic parameters 9.5.4

There was no evidence for association with gout (OR=1.00, P=0.98) or CKD (OR=0.88, P=0.44) after 

logistic regression with adjustment for the first four PCA, age, sex, T2D and BMI (Tables 9.2, 

Supplementary Tables 11.21-11.22, Supplementary Figures 11.15-11.16). Excluding individuals 

with T2D from the CKD analysis did not provide evidence for association with CKD in a single 
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analysis of all samples pooled and adjusted for the first 4 PCA, age, sex and BMI (OR=1.07 

[0.65~1.69], P=0.79. 

 

We also tested for association with serum urate, cholesterol, triglycerides, HDL-cholesterol and LDL-

cholesterol (Table 9.2; Supplementary Figure 11.17). After adjusting for BMI there was nominal 

(P<0.05) evidence for association with serum urate levels, with the minor allele of rs373863828 

associated with an increase in serum urate (ß=0.012 mmol/L, p=0.026) (Table 9.2) 
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Table 9.2: Association analysis of rs373863828 with log-transformed and untransformed BMI, metabolic and lipid traits 

Continuous trait n  [95% CI] P-value Covariates 

Log-transformed BMI – All 2,125 0.038 [0.78~1.98] 4.8x10-6 4 PCA, sex, age, T2D 

Male 1,335 0.042 [0.023~0.062] 2.4x10-5 4 PCA, age, T2D 

Female 790 0.032 [0.0014~0.062] 0.040 4 PCA, age, T2D 

Untransformed BMI (kg/m2) - All 2,125 1.38 [0.78~1.98] 7.3x10-6 4 PCA, sex, age, T2D 

Male 1,335 1.51 [0.78~2.23] 4.4x10-5 4 PCA, age, T2D 

Female 790 1.17 [0.089~2.26] 0.034 4 PCA, age, T2D 

Waist circumference (cm) - All 1,904 2.98 [1.64~4.33] 1.4x10-5 4 PCA, sex, age, T2D 

Male 1,221 2.81 [1.23~4.40] 5.0x10-4 4 PCA, age, T2D 

Female 683 3.29 [0.80~5.78] 9.7x10-3 4 PCA, age, T2D 

Total cholesterol (mmol/L) 1,955 0.049 [-0.04~0.14] 0.30 4 PCA, sex, age 

Total cholesterol (mmol/L) 1,901 0.029 [-0.067~0.12] 0.56 4 PCA, sex, age, BMI 

Triglycerides (mmol/L) 1,957 -0.062 [-0.18~0.06] 0.32 4 PCA, sex, age 

Triglycerides (mmol/L) 1,903 -0.12 [-0.24~0.0071] 0.065 4 PCA, sex, age, BMI 

HDL cholesterol (mmol/L) 1,954 -0.020 [-0.047~0.0078] 0.16 4 PCA, sex, age 

HDL cholesterol (mmol/L) 1,899 -0.0042 [-0.032~0.023] 0.76 4 PCA, sex, age, BMI 

LDL cholesterol (mmol/L) 1,808 0.090 [0.01~0.17]  0.038 4 PCA, sex, age 

LDL cholesterol (mmol/L) 1,754 0.063 [-0.020~0.15] 0.14 4 PCA, sex, age, BMI 

Urate (mmol/L)* 1,237 0.015 [0.005~0.026] 5.0x10-3 4 PCA, sex, age 

Urate (mmol/L)* 1,199 0.012 [0.0014~0.022] 0.026 4 PCA, sex, age, BMI 

Dichotomous trait n OR [95% CI] P-value Covariates 

Obesity (>32 kg/m2) 2,125 1.33[1.13~1.58] 0.0008 4 PCA, sex, age, T2D 

Obesity (>40 kg/m2) 2,125 1.54[1.27~1.87] 1.02x10-5 4 PCA, sex, age, T2D 

Type 2 diabetes 2,125 0.59 [0.47~0.73} 1.9x10-6 4 PCA, sex, age, BMI 

Male 1,335 0.54 [0.41~0.72] 1.5x10-5 4 PCA, age, BMI 

Female 779 0.66 [0.46~0.95] 0.026 4 PCA, age, BMI 

Gout- All 2,009 1.00 [0.81~1.22] 0.98 4 PCA, sex, age, BMI, T2D 

Gout male 1,260 0.99 [0.77~1.27] 0.95 4 PCA, age, BMI, T2D 

Gout female 703 0.88 [0.60~1.32] 0.55 4 PCA, age, BMI, T2D 

Chronic kidney disease 1,760 0.89 [0.64~1.24] 0.48 4 PCA, sex, age, BMI, T2D 
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Figure 9.2: Forest plot of fixed effect meta-analysis for rs373863828 with log-transformed BMI (top), BMI (middle) 

and waist circumference (bottom). Association adjusted for age, sex, first four PCA and T2D (ß= 0.038, p=4.8x10-6 for log-
transformed BMI; ß=1.38, p=7.3x10-6 for BMI; ß=2.98, p=1.4x10-5 for waist circumference). 
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Figure 9.3: Forest plot of fixed effect meta-analysis for rs373863828 with T2D. Association adjusted for age, sex, first 
four PCA and BMI (OR=0.59 [0.74~0.73]), P=1.9x10-6). 
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 Association of rs373863828 with variance in phenotype 9.5.5

The rs373863828 variant demonstrated no effect on log-transformed BMI variance at the CREBRF 

locus for any of the New Zealand sample-sets (Table S6). Association of rs373863828 with variance 

in log-transformed BMI was also performed on the two Samoan cohorts (unrelated individuals from 

the discovery cohort and the 1990’s cohort) in the original study described by Minster et al.[206]. No 

effect was observed on log-transformed BMI variance in either the discovery Samoan or the 1990’s 

Samoan cohorts. Because association analyses of variance in phenotype are low-powered fixed effect 

meta-analysis of the New Zealand samples (n=2282), 1990’s Samoan (n=1020) and discovery cohorts 

(n=1876) was done. This showed no evidence of association of the rs373863828 with variance in log-

transformed BMI in either the unadjusted (ß=-0.047, p=0.193) and adjusted models (ß=0.001, p=0.97) 

(Figure 9.4). 

 

 

 

 

Figure 9.4: Forest plot of meta-analysis for rs373863828 with (A) unadjusted variance of log-transformed BMI (ß=-

0.06, p=0.137) and (B) adjusted variance of log-transformed BMI (ß=-0.04, p=0.186). The results for the combined 

groups were assessed using the fixed effect model. For the Māori and Pacific Island sample-sets, adjustments were 

performed for age, age2 age_by_sex, first four principal components of ancestry and T2D. For the original Samoan sample-

sets adjustments were performed for age, age2, age_by_sex. An additional polity adjustment (Samoa vs American Samoa) 
was only done in the analyses of the 1990’s unrelated cohort. 
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 Linkage disequilibrium relationships and haplotypes of rs373863828 9.5.6

Linkage disequilibrium plots and haplotypes generated from the Illumina Infinium CoreExome data 

for the CREBRF region were used to compare the genetic diversity between the Aotearoa Samoan, 

Tongan, Cook Island Māori and New Zealand Māori populations at the CREBRF locus. A reference 

European LD plot and haplotype structure was also constructed using the “Genetics of Gout, Diabetes 

and Kidney Disease in Aotearoa” case-control study. 

The LD structure across the gene in all Polynesian samples is shown in Figures 9.5-9.9. Pairwise r
2
 

scores revealed that the rs373863828 is in partial disequilibrium with rs703752 in the Aotearoa 

Samoan (r
2
=0.71), Tongan (r

2
=0.70) and Cook Island Māori (r

2
=0.68) but not with the New Zealand 

Māori (r
2
=0.39) sample-sets.  

Analysis of the haploblock surrounding the rs373863828 variant revealed similar haplotype structure 

between the Aotearoa Samoan and Tongan sample-sets, comparable with a shared common ancestry 

associated with the two Western Polynesian populations. The most frequent haplotypes (C-A-G-G and 

C-A-G-A) are consistent between the Aotearoa Samoan and Tongan sample-sets (Table 9.3). 

However, the common C-A-A-G haplotype (which harbours the risk allele of rs373863828) is 

observed at a higher frequency in the Samoan (0.223) when compared to the Tongan (0.176) sample-

sets (Table 9.3). The Aotearoa Cook Island Māori show a more extended LD structure such that six 

markers are incorporated into the haplotype surrounding the rs373863828 variant. The C-C-A-A-G-T 

combination representing the second most frequent haplotype (0.208) among the Cook Island Māori 

sample-set harbours the risk allele of rs373863828 (Table 9.3). No haplotypes were generated for the 

Aotearoa New Zealand Māori sample-set suggesting a greater genetic diversity between the Eastern 

Polynesian populations.  
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Table 9.3: Common haplotype structure (1%) surrounding the rs373863828 gene variant in the Aotearoa Samoan, Tongan and Cook Island Māori Polynesian sample-sets. A reference 
European population was also generated from the “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa” case-control study. 

Ancestry 

HAPLOBLOCK surrounding rs373663828 gene variant 

Frequency 

rs7719172 

(C/A) 

rs251253 

(C/T) 

rs17075560 

(A/G) 

rs370614 

(A/G) 

rs1129146 

(C/T) 

rs373863828 

(G/A) 

rs3131912 

(G/A) 

rs39796 

(T/C) 

Samoans   

- C - A - G G - 0.309 

- C - A - G A - 0.249 

- C - A - A G - 0.223 

- T - G - G A - 0.189 

Tongan 

- C - A - G G - 0.307 

- C - A - G A - 0.276 

- C - A - A G - 0.176 

- T - G - G A - 0.261 

Cook Island Māori 

C C - A - A G T 0.208 

C C - A - G A T 0.328 

C C - A - G G T 0.201 

A T - G - G A C 0.193 

Europeans 

- T A G C - - - 0.580 

- C A A C - - - 0.321 

- C G A T - - - 0.062 

- T A A C - - - 0.032 
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Figure 9.5: Linkage disequilibrium (LD) plot of the 26 gene variants (>1%) spanning across the CREBRF region + - 100kb ((5:172,666,300-172,383,300) for the Samoan sample-set.
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Figure 9.6: Linkage disequilibrium (LD) plot of the 26 gene variants (>1%) spanning across the CREBRF region + - 100kb ((5:172,666,300-172,383,300) for the Tongan sample-set.
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Figure 9.7: Linkage disequilibrium (LD) plot of the 26 gene variants (>1%) spanning across the CREBRF region + - 100kb ((5:172,666,300-172,383,300) for the Cook Island Māori 

sample-set. 
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Figure 9.8: Linkage disequilibrium (LD) plot of the 26 gene variants (>1%) spanning across the CREBRF region + - 100kb ((5:172,666,300-172,383,300) for the New Zealand Māori 

sample-set. 
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Figure 9.9: Linkage disequilibrium (LD) plot of the 26 gene variants (>1%) spanning across the CREBRF region + - 100kb ((5:172,666,300-172,383,300) for the European sample-set 
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 Discussion 9.6

The CREBRF missense variant (rs373863828, Arg457Gln) was recently identified as being associated 

with increased BMI and with decreased T2D odds in the Samoan population [206] and with increased 

BMI in the Tongan population [482]. We have now confirmed the presence of this CREBRF genetic 

variation in New Zealand Māori and Pacific (Polynesian) and replicated, in a non-island environment, 

the association of the minor allele at rs373863828 with increased BMI and waist circumference, in 

addition to reduced risk of T2D. These data are essentially identical to that of Samoans living in 

Samoa and American Samoa with each copy of associated with a 1.4kg/m
2
 increase in BMI and an 

OR for T2D of 0.59 suggesting that the effect of the rs373863828 minor allele is impervious to 

environment. There was no association of rs373863828 with gout or chronic kidney disease. We 

found no evidence for the effect of the minor allele of rs373863828 on phenotypic variance in log-

transformed BMI in a meta-analysis of 5178 individuals, including New Zealand Māori and Pacific 

sample sets and two Samoan cohorts from Samoa and America Samoa [206], indicating (unlike the 

FTO locus in Europeans) no evidence for non-additive gene-by-environment or epistatic gene-by-

gene interactions.  

 Prevalence of the minor allele (457Gln) in the Polynesian population 9.6.1

The colonisation of the Pacific islands was characterised by multiple movements of people over a 

50,000 year history of human occupation, resulting in the differentiation of three distinctive regions; 

Melanesia, Micronesia and Polynesia [278, 504]. The settlement of West Polynesia is considered to 

have occurred in the late Holocene period, 2900 years before present (B.P), from the Lapita culture 

within the Solomon and Bismarck Archipelago [505-507]. Subsequently the rapid migration eastward 

from the Samoan/Tongan homelands (West Polynesian origins) began by ~1500 B.P, with the tangata 

whenua (‘people of the land’) Māori last settling in Aotearoa, New Zealand around 800 B.P [505, 

508]. Given this timespan and population diversity, it might be expected to see differences in allelic 

frequencies in the various Pacific Island populations.  

The migratory patterns of Polynesia remains uncertain and several models have attempted to 

characterise the nature of settlement using supporting evidence from archaeological, anthropological 

and genetic information. The ‘Express Train’ (‘out of Taiwan’) theory proposes a rapid migration 

passage of the Polynesian ancestors from Eastern Asia into the Pacific without extensive contact with 

nearby Oceanic populations [494, 506]. Thus, modern Polynesians have been found to be more 

genetically similar to certain Asian populations through mitochondrial DNA lineages (Polynesian 

motif B4a1a haplogroup) and linguistic relatedness, than to the general Melanesian populations [509-
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512]. By contrast, ‘the Entangled Bank” theory posits that the occupation of Polynesia has occurred 

through serial migrations that involved extensive interactions and admixture with the near Oceanic 

populations during the Pleistocene era [504]. However, the lack of direct evidence for the ‘Entangled 

Bank’ theory has led to the establishment of the intermediary ‘Slow Boat to Polynesia’ model in 

which Polynesians are of Asian ancestry, accumulating pre-existing genetic substrata through 

admixture with the Melanesians before migrating further into the Polynesian archipelago [513, 514].  

We found comparable rs373863828 minor allele frequency of the New Zealand Samoan sample-set 

(0.236) with the Samoan and American Samoan cohorts (0.256) previously reported by Minster et al.  

[206] and of the New Zealand Tongan sample set (0.180) with Kingdom of Tonga sample set reported 

by Naka et al. [482]. However, differences among the Western Polynesian populations (Samoan 

(0.236), Tongan (0.180), Niuean (0.096), Pukapukan (0.243)) indicate a region-specific distribution of 

the minor allele among these populations. For the Eastern Polynesian sample-sets (NZ Māori and 

(0.174) and Cook Island Māori (0.195)), we detected similar MAFs, consistent with the very close 

ancestral links between these populations. The minor allele of rs373863828 is present in some 

Micronesian and Melanesian population groups living in the Solomon Islands (frequency 0.02-0.06) 

but not other Melanesian populations [482]. This is consistent with the allele arising in the prehistoric 

Lapita Pacific culture, ancestral to Polynesian populations. (There was no evidence for association 

with BMI in the Solomon Island population groups, although the sample sizes were small and of low 

power [482].)      

The reduced genetic diversity in certain West Polynesian populations may be attributed to a 

homogenous pool of founders from Southeast Asia, in which these populations remained genetically 

isolated. A genetic study of the Niuean population has found their ancestral lineages can be 

exclusively traced to a Southeast Asian origin, until the arrival of the Europeans in the Pacific in the 

19
th
 century resulting in the recent admixture [515]. However, this pattern does not hold true in the 

other Western Polynesian populations indicated by the significant proportions of Melanesian ancestry 

observed in the Samoans and Tongans [515]. It may be that the minor allele variations of 

rs373863828 is following a stepwise pattern (Samoans>Tongans>Niueans) according to the degree of 

admixture, such that Samoans had a greater levels of exposure with local Melanesians before 

colonising in modern day Polynesia. However, in order to discern the distribution differences and to 

provide a genetic link between the Melanesians and Western Polynesians, additional sampling from 

mainland New Guinea, Solomon Islands and Fiji is needed.  



177 
 

 Favourable adiposity 9.6.2

The association of the CREBRF minor  allele with a higher BMI and waist circumference but reduced 

risk from T2D are suggestive of ‘favourable adiposity’, both in location of storage (being away from 

visceral organs) and metabolic activity (hence associations with better diabetes and adiponectin 

profiles). Numerous studies have supported the well-established epidemiological association with 

obesity and cardiometabolic diseases including T2D [516]. Recently, it has been demonstrated that 

some obese people may also be metabolically fit and may be more appropriately termed ‘metabolic 

healthy obese’ [517]. The premise surrounding these ‘favourable adiposity’ alleles suggest metabolic 

healthy obese individuals have higher subcutaneous-to-visceral adipose tissue ratio which may protect 

them from disease through greater adipose storage capacity [489, 517]. However, this ‘expandability’ 

is not a fixed process; such that with continued weight gain, a ‘spill over’ of lipids can occur, 

accumulating preferentially in ectopic sites [489, 517].  

It may be entirely plausible that the molecular mechanism of CREBRF may follow the same trajectory 

of favourable adiposity. Cellular bioenergetics models showed that the 457Gln allele promotes lipid 

and triglyceride storage at a reduced energy cost in the adipocyte suggesting the presence and 

metabolic activity of CREBRF in fat is important [206]. However, to gain insights into the 

mechanistic attributes of CREBRF as a potential favourable adiposity gene, further studies 

investigating the impact of this variant on BMI with respect to pattern of fat storage, insulin 

sensitivity, beta cell function, and adipocyte biology are needed.   

 Variance in phenotype 9.6.3

We did not find any association of CREBRF-rs373863828 with a difference in log-transformed BMI 

variance; however, the meta-analysis sample-size was limited to n=5021. In a discovery, meta-

analysis of 133,154 European individuals and a replication cohort of 36,727 individuals, the FTO-

rs7202116 variant was significantly associated with variance in log-transformed-BMI [484]. 

Similarly, a sample-size of approximately 14,000 European adults was required to detect the 

association of the SLC2A9-rs6449173 genotype with phenotypic variability in serum urate levels in 

pre-menopausal women [502]. The detection of genetic variation in phenotypic variance requires 

large sample sizes, because relative to their expected values, the variance has a larger sampling error 

than the mean effect [484].  
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 Inferring LD plots and haplotypes 9.6.4

To understand the empirical structure of LD, genotypes from the Illumina Infinium CoreExome data 

for the CREBRF region +/- 100kb ((5:172,666,300-172,383,300) were generated for the Samoan, 

Tongan, Cook Island Māori, New Zealand Māori and European samples. We found no meaningful 

difference in LD pattern surrounding the rs373863828 variant across the Māori and Pacific Island 

samples. Pairwise r
2
 scores revealed that the rs373863828 is in partial disequilibrium with rs703752. 

Comparative analysis of LD revealed that the rs373863828 variant lies within a haploblock for the 

Samoan, Tongan and Cook Island Māori, but not with the New Zealand Māori samples. This 

haploblock spanned across 81kb in the Samoan and Tongan samples and encompassed four variants 

suggesting a shared common ancestry of Western Polynesian descent. The Cook Island Māori 

haploblock has a more extended LD structure such that six markers are incorporated into the 

haplotype suggesting reduced genetic diversity rising from a homogenous pool of founders.  

However, the lack of haplotypes in the New Zealand Māori sample sets may be attributed to higher 

rates of admixture due to widespread intermarriages with the Europeans [208]. This has introduced 

substantial European genomic ancestry into the contemporary Māori gene pool resulting in greater 

genetic diversity [208].  

 The CREBRF- Evidence for the ‘thrifty’ gene? 9.6.5

The population-specific predisposition of the rs373863828 with increased BMI has led to the renewed 

interest of genetic ‘thrift’ as an evolutionary adaptation in explaining the differences in disease 

prevalence [206]. Functional evidence from cellular bioenergetics models, in combination with 

positive selection signatures, further propagates the ‘thrifty’ gene as the underlying cause for the high 

rates of obesity and other metabolic disorders in the Pacific Island people [206]. However, the lack of 

substantial data does not explicitly support its application in the context of the Pacific region 

(reviewed by Gosling et al. [278]). Just because the CREBRF is a metabolic gene and exhibits a 

selection signature does not habitually suggest it is a ‘thrifty’ gene under the ‘thrifty’ gene hypothesis.  

It has been suggested that the putative selection of ‘thrifty’ traits is an ancient predisposing genetic 

mechanism to withstand starvation and climate changes in response to voyaging and settlement of the 

Pacific region. [518, 519]. However, this does not fit with studies that have shown the process of 

Pacific occupation involved a safe, systematic and planned exploration prior to colonisation [278]. In 

addition, cold adaptations seen in Pacific Island populations are likely an ancestral trait which evolved 

in South East Asia [278]. The emergence of the Lapita culture (4000 B.P) and its subsequent 
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expansion by the ancestors of modern Polynesians across the Pacific (3000 B.P), would not provide 

the necessary timeframe for common obesity to develop due to changing alleles over that period.  

Instead, obesity may be a model for residual selection by a mechanism of infectious disease 

resistance. The serial migrations of the Polynesian populations would have encountered distinct 

pathogens, and natural selection would increase the prevalence of alleles that are advantageous in 

these new environmental niches [520]. In addition, the introduction of novel disease and pathogens 

after European contact, some of which caused large-scale loss of life, may have had a significant 

impact on the genetic diversity in the current Māori and Pacific Island population [278]. Historic 

environmental factors, such as infectious disease predisposition may contribute to an underlying 

susceptibility of certain populations to metabolic diseases [278, 520]. However, other environmental 

influences that could affect genetic selection should be explored.  

The CREBRF gene is known to regulate the CREB3/Luman protein, which is localised to the 

endoplasmic reticulum and plays an important role in axonal regeneration [521]. Interestingly, the 

CREB3/Luman was identified through its association with herpes simplex virus-related host cell 

factor 1, which has led to the hypothesis that Luman may play a role in the viral emergence from 

latency [522]. However further studies are needed to explore the relationship between CREBRF- 

rs373863828 expression in the hypothalamic nuclei, with CREB3/Luman role in the intra–axonal 

translation and retrograde trafficking to promote neuronal survival in response to viral stimuli.   

 Limitations 9.6.6

There would be value in using other detailed anthropometric measures of obesity to locate the 

distribution of adipose tissue in central versus peripheral compartments, among those with and 

without the CREBRF variant. This would provide an improved understanding of how this is linked 

with increased propensity to store fat while having reduced risk from T2D. Animal models 

investigating tissue-specific contributions of the CREBRF-rs373863828 could offer novel insights 

into how this variant may predispose individuals to increased weight gain with the concurrent 

protection against obesity-associated metabolic diseases [206].   

 Conclusion 9.6.7

This study has confirmed in people of New Zealand Māori and Pacific (Polynesian) ancestry that the 

presence of each additional minor CREBRF rs373863828 allele was associated with 1.4 kg/m
2
 higher  

BMI (equivalent to 4kg/allele for an individual 1.7m in height), 2.6cm larger waist circumference yet 

a decreased odds for T2D (OR=0.59).  While the prevalence of both obesity and T2D is increased 
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among New Zealand Māori and those of Pacific (Polynesian) ancestry, compared to NZ Europeans, 

our study confirms that novel genetic variation underpins some of the inter-individual heterogeneity 

observed in the discordant manifestation of obesity and T2D. This study supports the need to conduct 

comprehensive gene-phenotype studies in minority populations, in which different genetically 

segregating pathways linking obesity and T2D clearly exist. Such studies are not only important for 

these populations per se, but are also important in illuminating the molecular biology of the 

pathogenesis of metabolic disease in the wider human population and have the potential to lead to 

novel clinical interventions.  
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 Summary 9.7

In our “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa” study, we have confirmed the 

presence of this CREBRF minor allele in the broader Māori and Pacific Island ancestral groups living 

in Aotearoa, New Zealand. Fixed effects meta-analyses showed a pooled effect size of the minor 

allele on BMI of +1.38kg/m
2
, (p=7.3x10

-6
), on waist circumference of +2.98cm (p=1.4x10

-5
), and 

T2D diabetes odds ratio of 0.59(p=1.9x10
-6

) after adjustments for age, sex, the first four genome wide 

principal components and when appropriate BMI and T2D.   

While there is a relationship between increasing prevalence of T2D with rising rates of obesity, the 

dependence of T2D on obesity is not complete. Several studies have shown some individuals who are 

obese, have a metabolically healthy profile and reduced T2D and cardiovascular risk. This suggests 

that the capacity to store excess nutrients as adipose tissue in peripheral depots is advantageous to 

metabolic health. The adipose tissue expandability hypothesis states that when adipose tissue stops 

expanding by cell size or number, with continued excess nutrient intake, the lipid accumulates in 

ectopic sites such as cardiac, liver and beta cells which can lead to heart disease, fatty liver, insulin 

resistance and T2D. 

 The observation that people of Māori and Pacific descent have a higher mean BMI compared to other 

population ancestries suggest that different genetic molecular mechanisms leading to higher BMI 

have different impacts on fat stores. Genetic approaches have the potential to highlight specific 

etiological pathways which can disentangle the contributions of obesity and insulin resistance for T2D 

which may lead to future novel therapeutic interventions.  
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  CHAPTER 10

General Discussion 

 

 

 Summary of the study  10.1

Obesity is a global disease that is no longer limited to affluent countries. The latest WHO (2015) 

estimates suggest approximately 2.4 billion of the world’s population (>15years) are either 

overweight or obese. Of concern, is the rising rate of childhood obesity undermining the health status 

of the present and future paediatric population [523]. Given that these children are on the trajectory of 

becoming obese later on in life and the constant risk they harbour in developing obesity related co-

morbidities, early intervention is necessary to prevent the progression of obesity worldwide. 

Much research has investigated the numerous causes of increased childhood obesity. Secular trends of 

the ‘obesogenic’ environment and its effect on energy balance (intake versus expenditure) are 

frequently studied as the cornerstones of global weight gain. The role of the gut microbiota in relation 

to energy harvest and fat storage has been evaluated as a potential mechanism for the dysregulation of 

bodyweight [524]. Early single-gene studies (monogenic obesity) to large scale GWAS (common 

obesity) have provided further insights into the molecular basis of obesity [181, 525]. More recently, 

epigenetic reprogramming of the developing fetus, influenced by maternal environmental exposures, 

is now a research focus regarding long-term health outcomes including the prevention of obesity, T2D 

and CVD [526].   

This study has conducted a broad analysis of 80 gene variants selected on the basis of prior 

association with obesity traits (BMI z-scores and PBF) in six year old New Zealand European 

children from the Children of SCOPE cohort. We have considered the influence of three modifiable 

environmental factors (‘healthy’ dietary patterns, varying levels of habitual activity and average sleep 

duration) on the association between the gene variants in relation to obesity traits.  

A population-specific variant (CREBRF-rs373863828) was recently identified to be associated with 

discordant risks of BMI and T2D in the Samoan population residing in Samoa and American Samoa 

[206]. We have tested the association of CREBRF variant with BMI, waist circumference, and related 
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traits such as T2D, gout and chronic kidney disease in the broader Māori and Pacific Island population 

using the “Genetics of Gout, Diabetes and Kidney Disease in Aotearoa” case-control study.  

  The interrelationship between genetics and the environment 10.1.1

Numerous GWAS have identified a plethora of susceptible genetic loci with various anthropometric 

measures of obesity [181, 201, 527]. While the majority of these studies target the adult population, 

several paediatric GWAS have identified genetic variations limited towards early life [225, 226]. To 

increase our understanding of the genetic basis of childhood obesity, we performed association testing 

of 80 putative gene variants with BMI z-scores and PBF in a cohort of 962 New Zealand European 

children from the Children of SCOPE study. Gene variants were selected on prior knowledge and 

suspected roles they may have in obesity development and encompasses both adult and children 

studies. We have tried to represent a good coverage of relevant genes across the genome to provide 

insights into associations with obesity traits in New Zealand children. 

The main finding from this study was that adult susceptibility loci identified by large scale GWAS, 

also operate early in childhood. Only the childhood-specific HOXB5-rs9299 was associated with 

decreased BMI z-scores in this study. This was in contrast to the initial findings reported by Bradfield 

et al. which showed an increased odds of the rs9299 with BMI in a large-scale meta-analysis of 

fourteen GWAS datasets for childhood obesity [225]. Continuity of effect should be demonstrated 

across studies to robustly confirm the association of the particular gene variant to the disease trait. 

Very recently, a large-scale GWAS has identified 15 susceptibility loci with childhood BMI, in which 

the association of HOXB5 was not detected, suggesting that this gene may not be a true candidate 

marker of obesity [226].        

The overlapping genetic loci between age-dependent cohorts suggest that variations that influence 

weight gain in adults may direct growth patterns and adiposity from childhood. Previous studies have 

shown that adult genetic determinants can affect childhood growth trajectory through modulation of 

adiposity peak in infancy, total fat mass, android/gynoid fat ratio and pre-peritoneal fat area [528, 

529]. These observations fit the epidemiology life-course hypothesis of long-term effects on chronic 

disease development. Further studies using detailed measures of early growth and body fat 

distribution may lead to the further insight into the genetic cause of childhood adiposity.   

We have showed that using specific anthropometric measures to characterise obesity resulted in the 

noticeable association of that particular obesity trait (phenotypic-specific). We found two distinct 

subset of gene variants associated with BMI z-scores and PBF with minimal overlap between them. 

This was to be expected as we were effectively measuring two different indices of obesity; with PBF a 
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marker of total body adiposity and BMI, an index of relative weight. Although showing a reasonably 

strong relationship between BMI z-scores and PBF in this study, the lack of genetic overlap may be a 

result of the lean mass index as a confounding factor in the BMI scores. Analysing gene variants with 

only the fat mass index of BMI may allow us to identify gene variants common to both BMI and PBF 

in children. This concept of phenotype-specific association was further supported by investigating 

confirmed GWAS BMI variants with childhood obesity traits using additive models. We showed that 

86% of our significant associations with BMI z-scores were derived from large scale BMI GWAS 

whereas; only 50% were associated with PBF. These differences may be attributed to the various 

proxy anthropometric indicators to define obesity, which could lead to different health outcomes.   

During the course of this thesis, we have separated our gene variants into one of three genetic models 

(additive, recessive and dominant) according to models of best fit, pre-determined through genotype 

associations. However, several associations with BMI z-scores and PBF may only exist when an over-

dominant model is applied. This genetic variability follows a pattern different from the standard 

genotype-phenotype association (Aa (reference) against AA+aa (testing variable) as opposed to AA 

(reference) vs. Aa (testing variable) vs. aa (testing variable). Phylogenetic studies have identified 

some gene variants to be strongly conserved during human evolution that could provide increased 

relative fitness in times of historical environmental pressures [314]. However, the adaptation of these 

genotypes is now presented as a potentially detrimental trait favouring fat deposition in times of 

affluence. The associations conferred by over-dominance suggest heterozygotes could have selective 

advantages in improving early fetal survival, with mild obesity as a consequence [530]. Such 

genotypic variation could underlie common links between size at birth and early infancy growth, both 

important determinants of early childhood survival. 

These objective associations do not accurately depict how certain genes respond to various 

environmental niches, such that their effect can be altered according to certain lifestyle exposures. 

Polygenic forms of obesity are underpinned by the interplay between genetic influences and a myriad 

of environmental factors [394]. It is common knowledge that a lifestyle typified by excessive caloric 

intake compounded with sedentary behaviours promotes positive energy balance which leads to 

increased weight gain [394]. This relationship is more complicated in children, as social interactions 

from parents, teachers and peers, serves as a nexus in the formation of food preferences and physical 

activity habits, that can eventually lead to lifelong behavioural patterns [531].  

While independent associations between environmental and genetic influences on obesity traits are 

well established, the relative contributions of both these factors are poorly understood. The 

observation between the differential ability of some individuals to gain or lose weight when exposed 

to a common environment has fuelled gene-by-environmental interaction studies [212, 532]. Gene-
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environment interactions “arise when the response of a phenotype to environmental changes is 

modulated by the genotype of the individual” [212]. Indeed, the susceptible effect conferred by FTO 

variants was attenuated when individuals met daily physical activity recommendations [533, 534]. It 

would not be surprising, if additional gene variants were detected after accounting for environmental 

influences, or determine new effect sizes of variants already associated with obesity traits once certain 

components of the environment are ascertained. Therefore, we sought to evaluate gene-by-

environment interactions for three modifiable environmental factors (‘healthy’ dietary pattern, varying 

levels of habitual activity and average sleep duration) in relation to BMI z-scores and PBF using the 

New Zealand European children of Children of SCOPE.  

  Gene-dietary interactions in relation to obesity  10.1.2

Traditional analyses in nutritional epidemiology have usually focused on the single nutrient approach 

in relation to obesity development [304]. While this has provided novel insights, it is disadvantaged 

by several methodological limitations, including the complexity of human eating behaviours, inter-

correlation between nutrients, and potential confounders from other foods [304]. Dietary pattern 

analysis has emerged as an alternative means to capture the relationship between overall food and 

nutrient consumption and risk of disease [304]. Using PCA with varimax rotation, a 3-pattern 

(‘healthy’,’ traditional’ and ‘junk’) solution was created from a comprehensive 118 food-item 

questionnaire and we tested whether a ‘healthy’ dietary pattern could offset genetic susceptibility in 

relation to BMI z-scores and PBF.  

All significant gene-by-‘healthy diet’ interactions (both unadjusted and adjusted) detected in this 

study, showed increased BMI z-scores and PBF, contrary to the widespread belief that a healthy diet 

is associated with improved health outcomes. However, it is important to note that we did not take 

into account, shared characteristics between dietary intake and obesity status, including frequency and 

temporal distribution of meals and physical activity levels. Furthermore, we theorise that susceptible 

interactions presented in this study are not reflective of a ‘healthy diet’ but the inability of these 

analyses to predict total energy intake (discussed in Chapter 6).  

Cataloguing dietary patterns cannot accurately measure exact quality of food intake. General norms 

assume that diet quality indices are usually negatively correlated with each other. Hence, people 

consuming a ‘healthy’ diet would be less likely to have ‘unhealthy’ eating behaviours [535]. 

However, a ‘healthy’ dietary intake in children does not necessarily change attitude towards 

‘unhealthy’ eating. Children displaying ‘healthy’ dietary behaviours were just as inclined to eat 

‘unhealthy’ food compromising the integrity of dietary patterns analyses [535]. Diet is a 

heterogeneous trait and food choices do not follow a linear trajectory. Human eating patterns are a 
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complex network involving the interactions between food type, calorie intake, meal frequency, gut 

microbiome and genetic influences [536]. We may be experiencing a similar observation in this study 

with a gene-by-‘healthy’ diet interaction not accurately correlating a ‘true healthy’ diet with obesity 

traits. Applying a healthy diet index (composite scores of diet quality) described by Kennedy et al. to 

aggregate the data into determinants of a healthy diet may capture the real effect of a gene-by-dietary 

interaction with obesity traits [537].  

Despite our gene-by-‘healthy’ diet interactions not following the expected trend, we showed novel 

interactions of gene variants (ADIPOQ and GPRC5B) not previously detected in our earlier genetic 

association analysis. Similar analyses on the other dietary patterns (‘traditional’ and ‘junk’) may 

identify additional loci that exhibit gene-by-environmental interactions in relation to obesity traits. 

Prioritising these children according to their genetic profile may benefit from specific dietary 

interventions that could lead to improved weight loss regimes.     

  Gene-activity interactions in relation to obesity  10.1.3

The role of physical activity in the prevention of disease was first observed during the 1950’s where it 

became apparent the incidence of coronary heart disease of London bus conductors was much lower 

than that of the less occupationally active drivers [538]. Since then numerous studies have 

investigated the impact of physical activity on a range of health outcomes including obesity [428]. 

The increased prevalence of childhood obesity appears to coincide with a reduction in habitual 

physical activity with the concurrent rise in sedentary behaviours [122]. Recent studies have 

suggested that increasing rates of a sedentary lifestyle can modify the genetic susceptibility to obesity 

with the genetic burden having a greater manifestation in physically inactive children [213, 308]. We 

investigated whether the genetic predisposition to increased obesity risk (reflected by higher PBF 

scores) was modified by higher proportions of sedentary lifestyle in the Children of SCOPE cohort. 

Additionally, we also examined whether these same children could potentially benefit from regular 

exercise to reduce the genetic load towards obesity susceptibility.  

We found significant (unadjusted) gene-by-sedentary behaviour interactions for the 

SPACA3/SPRASA, SH2B1 and PFKP gene variants in relation to increased PBF scores, suggesting 

low physical activity can accentuate the effect of these genes on body fat accumulation. However, the 

obesity-conferring effect of these genes was diminished in individuals who were exposed to increased 

proportions of moderate activity. Interestingly, all interactions found in this study involved genes 

harbouring dietary roles. While clear molecular functions are established for SH2B1 (appetite 

regulation) [441] and PFKP (glycolytic pathway) [335], the role SPACA3/SPRASA in terms of obesity 

pathophysiology is less well known. However, preliminary studies by the University of Auckland 
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have determined that the gene knockout of the SPACA3/SPRASA in mice resulted in the expression of 

an obesity phenotype possibly through the dysregulation of satiety signals (Prendergast et al., 

unpublished data). 

The pipeline connecting physical activity levels and sedentary behaviours to obesity is energy 

imbalance [539]. All genes shown here are involved predominantly in energy intake as opposed to 

expenditure. Several studies have suggested the relative contribution of energy intake is sufficient to 

explain the recent rise of obesity, with habitual physical activity considered a moderator of weight 

gain [428, 540]. This observation was consistent with findings from the APPLE (A Pilot Program for 

Lifestyle and Exercise) study, where a one year exercise intervention did not significantly reduce BMI 

z-scores in children (although BMI z-scores were on a downward trajectory) [541]. However, the 

addition of a nutritional intervention component after the second year showed a significant decline of 

BMI z-scores independent of physical activity levels [542]. Genetic variations related to satiety and 

appetite control, as shown in this study, could increase the risk of obesity in these children by 

facilitating increased energy intake. Higher levels of habitual physical activity can influence the 

trajectory of weight gain and public health efforts should continue to promote physical activity for the 

maintenance of a healthy body weight.  

  Gene-sleep interactions in relation to obesity 10.1.4

Recently, sleep has emerged as a modifiable risk factor that can alter both sides of the energy balance 

equation [139]. Sleep deprivation is known to affect physical and psychological health, accompanied 

with metabolic changes that contribute to obesity, T2D and CVD [543-545]. Numerous physiological 

processes are co-ordinated by the ‘internal’ biological clock that is subjected to cyclic rhythms 

entrained by the physical environment [449]. With the constant availability of artificial light, sleep 

debt is becoming common, resulting in the de-synchrony of circadian rhythm and the dysregulation of 

biological processes [449]. We hypothesise that genes directly involved in the circadian network, or 

encompass a ‘rhythmic component’, may modulate the susceptibility to weight gain induced by 

shorter sleep duration.   

This study has found significant unadjusted interactions for the CLOCK, PEMT (major genotype 

effect) and GHRELIN (minor genotype effect) genes and longer sleep duration in relation to decreased 

BMI z-scores in this cohort of New Zealand European children. We propose the mechanism that 

might associate insufficient sleep to increased weight gain in genetically susceptible children most 

likely involves irregular energy processing. Epidemiological studies have correlated shorter sleep 

duration with higher food consumption and poorer diet quality (Figure 10.1) [546-548]. Similarly 

sleep deprivation can also contribute to decreased energy expenditure predominantly driven by a shift 
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in physical activity patterns towards less intense forms of exercise (Figure 10.1) [549]. Therefore, 

genetic variations that undermine adequate sleep in children can compromise overall health, which 

may lead to adverse cardiometabolic changes later on in life.  

The synchrony between circadian and metabolic processes plays an important role in the regulation of 

energy balance and bodyweight control [437]. The shift in timing and duration of sleep in children 

due to the changing landscape of the ‘nutritional and technology ‘environment may misalign the 

‘biological’ clock at appropriate times resulting in impaired biological functioning and decreased 

fitness [449]. Therefore, differences in genes that affect circadian clock organisation and sleep 

duration can be an avenue of research for future obesity studies.   

 

Figure 10.1: A proposal of the diverse stages of sleep reduction influencing energy balance. Sleep loss is associated 

with increased energy intake underpinned by ‘unhealthy’ eating behaviours accompanied with decreased energy expenditure 
underpinned by shifts in physical activity levels. 
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 The association of SH2B1 10.2

The association of SH2B1-rs7498665 has been observed in multiple analyses for this thesis (Table 

10.1). 

Table 10.1: The multiple associations of the SH2B1-rs7498665 variant and its corresponding p-values across different 

analysis performed for this thesis. 

Analysis type P-value 

Additive association for BMI z-scores 0.0053 

Additive association for PBF scores 0.023 

Gene-by-‘healthy’ diet interaction on PBF 0.039 

Gene-by-sedentary behaviour interaction on PBF 0.041 

Gene-by-moderate activity interaction on PBF 0.029 

The SH2B1 is a recurring gene candidate for obesity that was first discovered in a large scale 

GWAS of BMI among the European adult population [200]. The SH2B1 is expressed in the 

central nervous system highlighting a likely neuronal component in the predisposition to obesity 

[200]. Indeed, SH2B1 is directly involved in appetite regulation as an endogenous positive 

enhancer of intracellular signalling in the Janus kinase (Jak)-signal transducers and activators of 

transcription (Stat) pathway [441].  

Leptin exerts its effects on energy balance by selective binding to the long isoform of the leptin 

receptor (LEPRb) and activating LEPRb-associated JAK2 (Figure 10.2). In turn, JAK2 

phosphorylates multiple tyrosine residues in LEPRb (Tyr985/1077/1138) enabling the 

recruitment of downstream effectors to control food intake via modulation of the leptin-

melanocortin neurotransmission pathway (the JAK/STAT pathway) (Figure 10.2) [441]. 

Concurrently, the JAK2 also autophosphorylates Tyr813 allowing the binding of SH2B1, IRS1 

and IRS2 complex [550]. This triggers the Phosphoinositide 3-Kinase pathway which is a known 

regulator of energy balance through the hypothalamic neurons of satiety responses  (Figure 10.2) 

[441, 550].   
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Figure 10.2: A model of JAK2 associated signalling and whole body homeostasis. Leptin binds to LEPRB and activates JAK2. JAK2 phosphorylates LEPRB on Tyr 985, 1107, 1138. SHP2 

binds to Tyr985 and mediates activation of MAPK pathway. STAT5 and STAT3 bind to Tyr1077 and 1138 respectively and activate target genes mediating the leptin anorexigenic effect 

through modulation of the leptin- melanocortin pathway. JAK2 auto phosphorylates Tyr812 which binds the SH2B1 molecule. SH2B1 simultaneously binds to IRS complex which results in 

JAK2 mediated tyrosine phosphorylation of IRS1 and IRS2. This activates the Phosphoinositide 3-Kinase (PI3)/Akt pathway. These pathways act co-ordinately to regulate energy balance 
and bodyweight.  
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Hemizygosity of the SH2B1 was found to be associated with early-onset obesity often associated 

with hyperphagia and intellectual disabilities, whereas, the corresponding duplication conferred 

a high risk of being clinically underweight [551]. Reciprocal changes of SH2B1 dosage suggest 

contrasting phenotypes, possibly through opposing effects on energy balance. Furthermore, 

SH2B1 enhancement of neurite outgrowth implies that variations adjacent to this gene may 

affect development of the energy balance circuitry [552]. Current experimental evidence 

supports the role of the centrally expressed SH2B1 as a critical regulator of energy homeostasis 

through the modulation of appetite responses. Therefore, susceptibility variants in SH2B1 is not 

only objectively associated with increased obesity risk but may be further undermined by any 

environmental influences that favours greater energy intake as opposed to expenditure (dietary 

patterns, sedentary lifestyle) as shown by our study.  

 Genetic studies using targeted populations- the CREBRF gene 10.3

There is substantial evidence that obesity prevalence differs among various ancestral groups. This has 

been highlighted in a systematic study investigating global trends of BMI across 199 countries and 

showing ethnic-specific differences in obesity rates, especially in the Pacific Island regions (mean 

BMI >30kg/m
2
) [553]. This was further supported in the Aotearoa, New Zealand Health surveys, 

where higher rates of obesity were observed among the New Zealand Māori and Pacific Island 

children, when compared to the European and Asian populations [1]. While the adoption of an 

‘obesogenic’ lifestyle typified by a poor nutritional intake and sedentary behaviours, are the primary 

attributable factors; unique genetic predisposition specific to the Polynesian people may also 

contribute to the population differences in obesity. This has been highlighted by the null association 

of FTO with obesity traits in the Polynesian people [203, 204] and the very recent discovery of the 

population-specific CREBRF variant with discordant risk of BMI and T2D in the Samoan population 

[206].  

We confirmed the presence of the 457Gln allele with increased BMI and reduced T2D across the 

broader Māori and Pacific Island groups residing in New Zealand, using the “Genetics of Gout, 

Diabetes and Kidney Disease in Aotearoa” case-control study, recruited by the University of Otago. 

Genotyping of this variant among the European children of the Children of SCOPE study, showed no 

variation, with all of these children being monomorphic for the major genotype (data not shown). 

This observation, is in line with data obtained from the Exome Aggregation Consortium, which shows 

an exceedingly rare frequency of the minor allele of the CREBRF among East Asians (MAF=4.8x10
-

4
) and Europeans (5.5x10

-5
) [485]. 
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Most early GWAS were first performed in populations of European ancestry [311]. Only recently has 

GWAS been extended to non-European populations, with it being frequently conducted among the 

Asian and African people [554-556]. However, most studies usually assess the transferability of 

obesity susceptibility loci derived from European populations into non-European ancestral 

populations [311]. Several reasons are proposed to explain the lack of GWAS in high-risk non-

European populations including limited statistical power (majority of loci are only discovered after 

meta-analysis of large studies) and admixture (spurious associations based on varying proportions of 

different ancestral groups) [209, 311]. Furthermore, transferability of association to different 

populations relies heavily on the similarity of the genetic architecture (haplotype structure, allelic 

heterogeneity). However, we know that this is not always true such that, even among the Pacific 

island sub-populations we observe greater genetic diversity and different LD structure within the West 

and East Polynesian populations (discussed in Chapter 9) [505]. Trans-ancestral comparison studies 

are important in defining whether genetic susceptibility variants are involved in the disproportionate 

prevalence of obesity across different ethnic groups, even when they live in the same environment. 

Therefore, it remains important to understand the degree to which the magnitude and direction of 

allelic effects generalise across diverse populations.  

 Genetic risk scores for obesity 10.4

A potential goal for population and clinical genetics is the translation of association information into a 

‘risk score’ that summarises a child’s predisposition to obesity [557]. This is well suited for complex 

diseases such as obesity, due to its multifactorial and heterogeneous genetic nature, such that multiple 

variants distributed around the genome only contribute small incremental risk of obesity [558].  

Furthermore, markers identified from GWAS may not be associated with the disease but a proxy to an 

unmeasured disease-causing rare variant [557]. Large-scale GWAS allows the detection of 

associations even when the markers are in imperfect LD. When testing these inferred associations in 

smaller studies the error resulting from imperfect LD can attenuate associations [557]. Creating a 

genetic risk score may be useful to characterise the genome-wide risk as a grouping using information 

obtained from multiple variants. This would also permit the inclusion of SNPs of imperfect linkage 

(signals from genetic risk scores is robust to imperfect LD) [557].  In addition, genetic risk scores are 

less sensitive to the MAF for each variant and as the model develops, the distribution of values 

approaches normality, even when individual risk alleles are relatively uncommon [557].  

The simplest application of the genetic risk score, would be assigning each child a score based on the 

number of risk alleles carried (equal-weighting scores). Thus for susceptible gene loci, genotypes are 

coded “0” for common homozygotes, “1” for heterozygotes and “2” for the minor homozygotes [559]. 

However, the penetrance and effect of each variant differs, such that genetic risk should be calculated 



193 
 

by using weights derived from the risk coefficients reported for that locus (effect-size weightings) 

[559]. Risk estimates were multiplied according to number of BMI-increasing alleles. The weighted 

genetic score to each of the risk algorithm were added to provide a combined phenotypic and genetic 

score [559]. 

The application of genetic risk scores is subjected to several assumptions. Most studies calculating 

genetic risk scores used a linear weighting, assuming the minor allele follows an additive trajectory. 

However, as shown in our study, genetic association does not necessarily follow this simplistic nature 

of addition and other genetic models should be considered when assessing risk scores for a definitive 

set of variants (discussed in Chapter 5). 

Additionally, risk models have yet to include other sources of variation known to influence body 

weight, including rare variants, copy number differences, gene-environment or epistatic interactions 

and epigenetic influences [560]. It is well established that these factors have a greater relative 

contribution to the predisposition of obesity than common genetic variations (Chapter 10.4). 

Furthermore, the response of a phenotype to environmental changes is modulated by the genotype of 

the individual [212]. Predictive modelling would benefit from incorporating these variables into 

determining the overall risk score of obesity.      

Finally, careful consideration should be taken when creating genetic scores for different ancestral 

populations. Ongoing genetic research using various populations would undoubtedly identify unique 

ancestry-specific markers (discussed in Chapter 10.3). However, current mid pipe-line translational 

European studies that uses either a “best guess’ (markers associated near genes with biological 

relationships) or “top hits” (strongest association signals regardless of biological plausibility) may not 

be applicable using populations of non-European ancestry [557, 561].  

A greater understanding of the role of genes, in conjunction with the influence of the environment, 

offers the potential to identify who may be most at risk, and highlight aspects of the environment that 

may be best targeted by interventions. However, the principles of screening would need to be applied 

such as reliable identification of those at risk and not doing harm by adverse labelling [562]. 

Furthermore, preventative measures including counselling and prophylaxis needs to be considered 

along with procedures that are highly sensitive and specific [562]. Interventions related to 

personalised risk communications and current health policies, along with the expanding field of 

obesity genetics are needed to foster optimal clinical and scientific practice in obesity research.   
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 Limitations and future directions 10.5

Each chapter in this thesis outlines the limitations associated with the particular study. Here we 

summarise the overall issues. All genes tested in this study were selected on the basis of prior 

association with obesity. While this study has replicated findings from previous studies (thus adding 

into the role of susceptibility loci towards variation in childhood obesity) it does not provide novel 

insights into associations with obesity in New Zealand children. Furthermore, known common 

sequence variations only confer relatively small increments in risk and explain a modest fraction of 

obesity heritability.  

The contribution of genetic variation to obesity is still incomplete. Rare genetic variants (<1%) and 

copy number differences provides a significant source of genetic variation, which has been 

demonstrated to play an important role in phenotypic diversity [563, 564]. Given the strong evidence 

that the nature of these variations can significantly influence phenotypes, it is highly probable that 

they could account for a significant component of variation in obesity risk [564]. Studies should shift 

towards next generation sequencing and the identification of rare putative markers of obesity. 

The predominant population studied in this thesis (based on statistical power) was New Zealand 

European children, of the Children of SCOPE study. However, as stated in Chapter 10.3, prioritised 

genetic testing should be considered in high risk non-European populations including the New 

Zealand Māori and Pacific Island people. Conversely, the Māori people are often uneasy about 

participating in genomic research, based on past experiences where research have operated outside 

their ethical and cultural boundaries [565].  Developing a framework that protects the broader 

interests of Māori communities at a national level may encourage Māori participation in genetic 

studies [565]. We are not discounting the importance of the genetic association within the European 

populations. However, numerous meta-analysed GWAS have already identified a plethora of obesity 

susceptibility loci with BMI using European cohorts [181, 198, 200]. Identifying population specific 

markers, as shown by Minster et al. could lead to personalised interventions to reduce or prevent 

obesity in more susceptible populations.   

Focus has now shifted towards epigenetic associations of obesity, as common genetic differences 

identified by GWAS, only explain a small fraction of BMI variance [566]. However, combining both 

epigenetic and genetic associations and testing for their relative contribution to inter-individual 

variability may improve phenotype (obesity) prediction. Epigenome-wide association studies (EWAS) 

are frequently identifying changing patterns of DNA-methylation occurring repeatedly at specific loci. 

Increased methylation at the HIF3A locus in blood cells and adipose tissue was associated with 

increased BMI in European adults [567]. Similarly, an EWAS of BMI, BMI change and waist 
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circumference in African American adults, identified numerous loci, including HIF3A, harbouring 

methylation sites that are associated with adiposity traits [568]. Therefore, combined efforts for large-

scale EWAS and GWAS are necessary to integrate the different layers of genomic information to 

explore the complex interactions between genotype, epigenome and the environment [569].  

For two chapters, we have adopted a hypothesis-driven approach when investigating gene-by-

environmental interactions, such that genes were pre-selected (for Chapter 6 and Chapter 8) and 

were fitted according to models established in our earlier association analysis (for Chapter 6). 

However, using this approach has created several underlying issues including: 

i. The loss of detecting novel interactions when excluding variants without prior assumptions. 

ii. The variants that were selected may not fit that particular model (additive, recessive or 

dominant) once an environmental component is introduced to the analysis. Interactions of the 

genotype and environmental factors can be measured as a departure from an additive model 

of disease risk [570].  

Instead, analysis for gene-by-environment interactions for all 80 variants should be performed under 

additive models, to capture novel associations and estimate new effect sizes, without prior 

assumptions of the gene’s biological role.  

A common feature in genetic studies is the screening of a large number of variants for association 

with a complex trait. Incidentally, one must decide whether the findings are genuine causative 

correlations, or derivatives of multiple hypothesis testing [571]. Therefore, multiple testing correction 

procedures are needed to adjust our statistical confidence measures, based on the number of tests 

performed. In this study, most associations obtained did not remain after adjusting for multiple 

comparisons. However, we anticipated this as we deliberately chose to screen a large number of gene 

variants, expecting to identify some causal variants, at the expense of losing significance after 

corrections. Furthermore, this study was designed to validate previously identified associations; 

therefore multiple testing adjustment methods may be overly conservative, as there were no post-hoc 

comparisons (all statistical tests were defined a priori). 
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 Concluding remarks 10.6

Genetic predisposition has an important effect on obesity variation that is influenced by the current 

‘obesogenic’ environment. This thesis has conducted a broad analysis of 80 putative gene variants 

with obesity traits in the New Zealand European children. We have considered the influence of 

modifiable environmental factors on the association between the gene variants in relation to obesity 

traits. In addition, we also tested for the association of a population-specific gene variant (CREBRF- 

r373863828) with BMI and its related co-morbidities among participants of different Pacific Island 

ancestries living in Aotearoa, New Zealand (University of Otago). We showed evidence for the 

distinct associations of multiple gene variants with both BMI z-scores and PBF, indicating phenotype-

specific effects. Many of these associations found in children overlap with adult discovered gene loci 

suggesting lifelong associations. Testing for gene-environmental interactions have identified 

additional loci not previously detected in our earlier genetic association analysis. All interactions 

suggest there is a role for these gene variants to control body weight through satiety, energy extraction 

from diet and dissipation of energy as heat, and therefore act as the underlying cause behind the 

increased weight gain in children.  We also confirmed the presence the CREBRF-r373863828 variant 

with increased BMI, waist circumference and decreased T2D risk in a cohort of Māori and Pacific 

Island adults residing in Aotearoa, New Zealand. This reinforces the concept, that genetic studies 

should be considered in high-risk non-European populations to identify unique ancestral-specific 

biomarkers. Further studies into the mechanisms underpinning these effects are needed in order to 

effectively develop accurate design along with implementation strategies to reduce childhood obesity. 

This will aid researchers in advancing the understanding of the mechanisms behind childhood obesity 

and its relationship between the environment and genetics.    
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  CHAPTER 11

Supplementary Data 

Supplementary information attached on the provided USB. 
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