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Abstract

This thesis aims to enhance our understanding of the mechanisms underlying socioeconomic
disparities in common mental health outcomes by investigating gene-environment
interactions and the impact of selection bias in family data. Significant gaps exist in the
literature regarding the moderating effects of socioeconomic status on the aetiology of mental
health outcomes and the potential genetic overlap between family socioeconomic conditions
and child mental health. Moreover, limited research has explored gene-environment interplay
processes in lower- and middle-income populations. Additionally, selection bias in population-
based cohort studies can compromise the validity of study results and potentially limit our

understanding of the effects of socioeconomic conditions on mental health.

Chapter 2 uses extended family data from the Norwegian Mother, Father and Child Birth
Cohort Study (MoBa) to examine how parental socioeconomic factors moderate the
aetiological influences on child emotional and behavioural problems in the presence of gene-
environment correlation. Chapter 3 investigates the influence of individual socioeconomic
factors on depression symptoms in adults using data from the Colombo Twins and Singletons
Study (CoTASS) in Sri Lanka, providing insights into the relationship between socioeconomic
status and mental health outcomes in a South Asian context. Chapter 4 explores the impact
of selection bias on phenotypic and genetic correlations within the MoBa cohort, assessing

the potential biases introduced by selective participation.

By addressing these gaps in the literature and considering the role of gene-environment
interactions and selection bias, this thesis aims to advance our knowledge of the complex
relationships between socioeconomic conditions and mental health outcomes. The findings
have implications for interventions and policies targeting mental health disparities and

promoting well-being across diverse populations.
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1. Background

1.1. Introduction

Mental health disorders pose a significant global burden, affecting individuals across the
lifespan and exerting wide-ranging impacts on societies and individuals. Mental health
disorders contribute to approximately 10% of the global disease burden, with depression and
anxiety being major causes of disability worldwide (WHO, 2022). These conditions typically
emerge during childhood or adolescence and, if untreated, can have adverse effects on
psychosocial functioning and healthcare demands. This includes the impact of mental health
disorders on individuals' overall health, functioning, and quality of life. The global burden of
mental health disorders also includes societal and economic costs associated with reduced
productivity, increased healthcare utilisation, and social consequences (Arias et al., 2022; GBD
2019 Mental Disorders Collaborators, 2022). Mental health disorders can lead to significant
disability, impairment in daily functioning, and increased mortality rates in some cases (GBD
2019 Mental Disorders Collaborators, 2022; WHO, 2022). Co-occurring psychiatric disorders
are common, often leading to greater symptom severity and poorer outcomes (Daré et al.,
2019; McGrath et al., 2020; Plana-Ripoll et al., 2019). Addressing the burden of mental health
disorders requires a comprehensive approach that includes promoting mental health
awareness, improving access to quality mental health services, reducing stigma, and
implementing evidence-based interventions and policies (WHO, 2022). Understanding the
causes of mental health disorders is crucial in addressing their burden effectively (Alegria et
al., 2018; Andreassen et al., 2023; Maselko, 2017). Identifying and understanding the
underlying causes and risk factors can aid in the development of targeted interventions,
prevention strategies, and treatment approaches to mitigate the impact of mental health

disorders.

In this thesis, | aim to explore the relationship between socioeconomic factors and common
mental health outcomes using genetically informed research methods. Specifically, the studies
included in this thesis focus on understanding the mechanisms underpinning the observed

relationships between family socioeconomic conditions and internalising and externalising
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problems in children, and internalising disorders in adults. In this first chapter, | provide a brief
overview of the prevalence, characteristics and aetiology of internalising and externalising
symptoms. | then discuss common indicators of socioeconomic status and summarise findings
from epidemiological research investigating the link between socioeconomic conditions and
mental health outcomes in children and adults. | also provide an overview of proposed
theories and mechanisms underlying socioeconomic disparities in mental health. To end, |
outline three main challenges addressed in this thesis for advancing research efforts and

provide a summary of the thesis aims and structure.

1.2. An introduction to internalising and externalising problems
1.2.1. Prevalence and characteristics of internalising problems in adults

Internalising disorders, such as anxiety and depression, constitute the most common mental
health conditions worldwide (Kessler et al., 2009; World Health Organization [WHO], 2017).
Prevalence estimates vary across studies and populations, but generally, anxiety disorders has
been estimated to affect around 4% of adults globally, while the global prevalence of
depressive disorders is estimated to be 3.8% (WHO, 2022). Characteristics of internalising
disorders in adults include persistent feelings of sadness, hopelessness, worry, and loss of
interest or pleasure in activities (American Psychiatric Association [APA], 2013; WHO, 2015).
Anxiety disorders typically become prevalent at an earlier age than depressive disorders, and
both become increasingly common in later life (Kalin, 2020; Kessler et al., 2007). Internalising
symptoms exhibit high comorbidity across diagnostic groups, with around half of individuals
with depressive disorder also diagnosed with an anxiety disorder (Kalin, 2020; Kessler et al.,

1998; Kroenke et al., 2007).

1.2.2. Prevalence and characteristics of internalising and externalising problems in

children

In children, internalising problems manifest as emotional difficulties, such as excessive
shyness, withdrawal, and somatic complaints (Achenbach & Edelbrock, 1983; APA, 2013).
Anxiety and depression are among the most common childhood psychiatric disorders, with

global prevalence estimates ranging from 1.3% to 3.2% across ages 5-19 years (WHO, 2022).
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Externalising problems, such as conduct disorders and attention-deficit/hyper-active disorder
(ADHD), are also prevalent among children worldwide. Research conducted in 2019 indicated
that ADHD affected approximately 0.3 to 2.6% of children and adolescents, while the global
prevalence of conduct disorders was estimated to be around 2.3% (WHO, 2022). Externalising
problems typically manifest as impulsive and disruptive behaviours, aggression, difficulties in
self-control, and poor attention span (Achenbach & Edelbrock, 1983; APA, 2013). Childhood
onset internalising and externalising problems have been associated with impairments in
social and academic functioning, and with later mental health disorders and worse prognoses
in adulthood (Jaffee et al., 2002; Last et al., 1997; Moffitt & Caspi, 2001; Pedersen et al., 2019;
Pine et al., 1998).

1.2.3. Aetiology of internalising and externalising problems

Both genetic and environmental factors contribute to the aetiology of internalising and
externalising problems (Q. Chen et al., 2017; Hettema et al.,, 2001; Kendall et al., 2021;
Polderman et al., 2015). Family, twin and adoption studies have provided evidence for the
heritability of these disorders (Knopik et al., 2016; Plomin et al., 2016; Polderman et al., 2015).
Family-based genetically informative designs leverage knowledge of relatedness among
individuals within a family (e.g., adopted children, siblings, twins, and parents) to make
inferences about the contribution of genetic and environmental factors underlying observed
phenotypic variance in a trait and/or associations between traits. Heritability is defined as the
proportion of variation in a trait that is attributable to genetic differences among individuals
in a specific sample drawn from the larger population at a particular time. Twin studies have
predominantly been used to derive trait heritability within a population. The twin design
involves comparisons of reared-together identical (monozygotic; MZ) twins - who share
virtually 100% of their genetic material, and non-identical (dizygotic; DZ) twins - who share
~50% of their segregating genes (i.e., genetic material that differs between individuals).
Holding environmental influences constant (i.e., assuming that MZ and DZ twin pairs
experience their shared environment equally), the phenotypic variance and/or covariance
between traits can be decomposed into genetic and environmental components (Rijsdijk &

Sham, 2002).
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Twin studies have provided important implications for our understanding of the aetiology of
psychiatric traits. Heritability estimates reported in twin studies range from around 30-50%
for anxiety and depression, to over 80% for ADHD (Q. Chen et al., 2017; Hettema et al., 2001,
Kendall et al., 2021; Polderman et al., 2015). Further, these findings provide the strongest
evidence for the role of non-genetic influences on mental health after accounting for genetic
factors. Environmental factors, including stressful life events, socioeconomic factors, cultural
influences, and adverse childhood experiences, interact with genetic predispositions to
influence the development of psychiatric disorders (Assary et al., 2018; Dick, 2011; Plomin et
al., 2016; Rutter et al., 2006; Shanahan & Hofer, 2005). Notably, socioeconomic status is
considered a key social determinant of mental health, influencing the development,
prevalence and severity of internalising and externalising disorders (Braveman & Gottlieb,
2014; Marmot & Equity, 2014; Maselko, 2017; Wilkinson et al., 2003). In the following section
of this chapter, | provide an overview of common indicators of socioeconomic status and

summarise study findings on the link between socioeconomic factors and mental health.

1.3. Socioeconomic status and mental health
1.3.1. Defining and measuring socioeconomic status

Socioeconomic status (SES) is considered a key explanatory factor across disciplines such as
social science, health sciences, and education research, due to its associations with physical
and mental health outcomes, as well as cognitive and socio-emotional domains (Alegria et al.,
2018; Eriksson et al., 2021, 2021; Flaskerud & Delilly, 2012; Morgan et al., 2009; Phelan et al.,
2010). It reflects individual and/or group (e.g., household) access to and control over
(normatively valued') social and economic resources (Antonoplis, 2023; Diemer et al., 2013).
SES is conceptualised through indicators or measures collected at the individual, household
or area-based (e.g., neighbourhood) level (Conway et al., 2019; Cooper et al., 2012; Diemer
et al., 2013; Howe et al., 2012). Researchers use these indicators to capture and analyse the
effects of socioeconomic factors on psychological and life outcomes. The appropriate

measurement of SES and its association with mental health outcomes has been shown to vary

1 In this context, normatively valued means that certain aspects of socioeconomic status (SES) are considered
important and desirable within a specific societal framework (Antonoplis, 2023). It refers to the features of SES
that are culturally and socially recognised as beneficial for individuals to effectively participate in and conform
to the expectations and norms of their particular time and place.
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according to the specific research question, study sample and context (Cooper et al., 2012;
Diemer et al., 2013; Festin et al., 2017; Maselko, 2017; F. Reiss, 2013). Several reviews of SES
indicators have discussed the strengths and limitations of different measurement approaches
(Antonoplis, 2023; Cooper et al., 2012; Diemer et al., 2013; Howe et al., 2012; Maselko, 2017).
Drawing from these reviews, | provide an overview of commonly used indicators in the
measurement of SES, including examples of their interpretation. For the purpose of this thesis,
| concentrate on measures of individual or household-level SES rather than area-based (e.g.,

neighbourhood disadvantage) measures.

Traditional SES measurement

When studying the effects of socioeconomic conditions on mental health outcomes,
researchers use a range of indicators intended to capture access to and control over social and
material resources (Diemer et al., 2013). Indicators of SES generally cluster around two main
domains: (1) prestige, which reflects social standing and occupational prestige; and (2)
resources, which encompass material (i.e., physical possessions or properties that have value)
and financial (i.e., monetary resources or investments) assets. Typically, these indicators
include one or a combination of individuals’ occupational status (prestige), income and
education (resources) (Diemer et al., 2013). Table 1 provides an overview of these SES
indicators, including examples of common measurement approaches and notes on their

interpretation.

Measuring SES in low- and middle-income countries

Due to differences in social stratification processes, cultural factors and data availability, the
appropriate measurement of SES varies across high-income and low- and middle-income
countries (LMIC) (Cooper et al., 2012; Howe et al., 2012). Conventional measures of SES in
higher income populations are often problematic for analyses in lower- and middle-income
populations (Cooper et al., 2012; Howe et al., 2012). For example, income and occupation can
be more difficult to measure in many LMIC due to the presence of a larger informal economy,
casual and seasonal labour, and wide-spread rural dwelling (Cooper et al., 2012). Instead,
measures of household assets, education, financial strain, and food insecurity are commonly
used indicators of SES in lower- and middle-income contexts (Cooper et al., 2012; Howe et al.,

2012; Maselko, 2017). Research in these settings has shown that studies using domains such

14



as educational attainment or household assets yield more consistent results than those using
income (Araya et al., 2003; Howe et al., 2012; Maselko et al., 2018). Table 2 provides an
overview of these SES indicators, including examples of common measurement approaches

and notes on their interpretation.

Table 1. Individual indicators of socioeconomic status commonly used in high income
countries

Indicator Measurement methods Interpretation

Education Educational attainment: individual Reflects early-life SES, usually stable across
or household level; highest level the life-course
attained; qualifications; years Strong determinant of employment and
completed income
Continuous or categorical Reflects material, cultural, and other
International Standard Classification | resources of the family of origin
of Education (ISCED) Captures long-term influences of both early

life circumstances on adult outcomes, as
well as influences of adult resources (e.g.,
through employment status or income) on
outcomes

Affects access to health care or information
Comparable data across multiple countries
Context-specific: country education system,
age cohorts

Income Sum of income: individual or Measures access to material resources (e.g.,
household level; monthly or annual | food, shelter, and culture) and access to
sum; before taxes services (e.g., health care, leisure, and
Sources of income typically include | education)
earnings, government or state Relates to social standing/prestige

welfare benefit support, pensions Context-specific: country, age, sex
and interest
Absolute or relative poverty

thresholds

Occupation Employment or job history: Reflects social standing or prestige, working
individual or household level - relations and conditions
either highest household Strong determinant of income
occupation or averaged; current or | Based on educational attainment and social
most recent; resources (e.g., social network and social
Classified into occupational ties)
categories, according to resources Influences social networks, work-based
such as Census classification stress, autonomy or control
systems; the National Statistics Excludes some groups e.g., retired people,
Socio-economic classification (NS- unpaid home workers or care givers,
SEC); Standard Occupational students
Classification (SOC) Context-specific: country (e.g., level of

industrialisation), age cohorts
Note. Key papers summarising best practices in conceptualising and measuring socioeconomic status
include: Diemer et al. (2013) and Antonoplis (2023)

Source: Adapted from Diemer et al. (2013)
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Table 2. Individual indicators of socioeconomic status commonly used in low- and middle-
income countries

Indicator

Measurement methods

Interpretation

Education

Educational attainment: individual or
household level; highest level
attained; qualifications; years
completed

Continuous or categorical
International Standard Classification
of Education (ISCED)

Reflects early-life SES, usually stable across
the life-course

Strong determinant of employment and
income

Reflects material, cultural, and other
resources of the family of origin

Captures long-term influences of both early
life circumstances on adult outcomes, as well
as influences of adult resources (e.g., through
employment status or income) on outcomes
Affects access to health care or information
Comparable data across multiple countries
Context-specific: country education system,
age cohorts

Asset-based

Ownership of assets: household level;

Captures material aspects of living conditions

guestion and response options: “How
well do you feel you are managing
financially these days?

1... Living comfortably

2... Doing alright

3... Just about getting by

4... Finding it difficult to make ends
meet

5... Finding it very difficult to make
ends meet”

Food insecurity

Individual or household debt

measures durable assets (e.g., car, refrigerator, Interpretation depends on the relationship of
television), housing characteristics individual to the household (e.g., family or
(e.g., tenure of dwelling, main parents’ SES for children and young adults still
material of floor and roof, main in the family home, or spousal household SES
cooking fuel), and access to basic for married women not in paid employment
services (e.g., main electricity supply, | and living in spouse’s family dwelling)
source of drinking water, sanitation Reflects financial standing and resources
facilities) available to the individual
Demographic and Health Surveys Relatively stable measure of SES, varies less in
(DHS) response to fluctuations in income and
Asset index: sum or weighted sum of | expenditure and resistant to many economic
items included shocks
Comparable data across multiple countries
Country-specific: asset items included, age
cohorts
Financial Self-reported stress due to financial Captures self-reported stress, worry or
stress difficulties; example of survey anxiety related to financial difficulties or

hardships

Reflects economic challenges individuals face
in meeting their basic needs and managing
financial responsibilities

Availability, access and affordability of food
Indicator of resource deficiency and
negatively associated with subjective
wellbeing

Note. Key papers summarising best practices in conceptualising and measuring socioeconomic status
in low- and middle-income countries include: Howe et al. (2013) and Cooper et al. (2012)

16




1.3.2. Overview of epidemiological studies on associations between socioeconomic

factors and mental health outcomes in children and adults

A substantial body of research has demonstrated the impact of childhood socioeconomic
disadvantage on mental health (Costello et al., 2003; Fitzsimons et al., 2017; Kinge et al., 2021;
Lansford et al., 2019; McLaughlin et al., 2011; Melchior et al., 2014; Peverill et al., 2021; Pryor
et al., 2019; F. Reiss, 2013; F. Reiss et al., 2019). A systematic review from 23 countries found
that children from families with low SES had a two- to three-fold increased risk of developing
emotional and behavioural disorders compared to children from more advantaged families (F.
Reiss, 2013). Experience of socioeconomic disadvantage in childhood has also been associated
with negative outcomes for physical health, cognitive development, educational attainment,
and social well-being (Clarke et al., 2022; Currie, 2009; Duncan et al., 1998; Duncan &
Magnuson, 2003, 2003; Lee & Jackson, 2017). These associations have been found to start in
early childhood and continue into adulthood (Hakulinen et al., 2020; MclLaughlin et al., 2011;
Melchior et al., 2014; Miller et al., 2021; Najman et al., 2004, 2010; Whitfield et al., 2021).

When studying the effects of family socioeconomic conditions on child development,
researchers have used various indicators to assess the family's access to material and social
resources (Diemer et al., 2013). These typically include one or a combination of parental
income, educational attainment, and occupational status (Diemer et al., 2013; Duncan &
Magnuson, 2003). While these indicators are moderately correlated, each has been shown to
capture distinctive aspects of the socioeconomic environment (Duncan & Magnuson, 2003;
Geyer et al., 2006). For example, family income is often used as a proxy measure for material
hardship, and parental education provides a measure of human capital in the family that is
typically more stable than other components of SES (Diemer et al., 2013; Peverill et al., 2021).
Thus, different indicators of SES may share some common associations with mental health
outcomes while also having distinct effects. Past studies comparing socioeconomic indicators
have shown that parental income and educational attainment have stronger associations with
child mental health outcomes than other measures of family SES (Lansford et al., 2019;
McLaughlin et al., 2012; F. Reiss, 2013). In a longitudinal study examining childhood
socioeconomic factors and the development of mental health problems, low family income

emerged as a significant predictor of disorder onset, while low parental education was
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associated with greater persistence and severity of mental health difficulties (McLaughlin et
al., 2012). Supporting these findings, a prospective register-based study in Norway, comprising
children aged 5-17 years, showed that the association between parental income and offspring
mental health diagnoses persisted even after considering parental education (Kinge et al.,

2021).

Possible explanations for these findings are that the effect of household income translates
into material and immaterial resources that promote healthy child development, such as
adequate housing conditions, food, healthcare, resources for managing stressful and
demanding circumstances (e.g., by seeking professional help), and resources to invest in
parent-child interactions (Duncan & Magnuson, 2003; Festin et al., 2017; Geyer et al., 2006).
Conversely, parental education can be taken as an indicator of childhood social environment,
as parent’s educational background may influence parenting behaviours, parental investment,
availability of learning materials in the home, and health literacy (e.g., access and
understanding of therapeutic measures) - all of which may influence risk for psychopathology

(Duncan & Magnuson, 2003; Festin et al., 2017; Geyer et al., 2006).

Prior evidence suggests that the strength of association between family SES and child
psychopathology varies depending on the type of disorder, with externalising disorders
showing a stronger link with low SES compared to internalising disorders (F. Reiss, 2013).
However, the extent of this difference varies across different study populations (F. Reiss, 2013),
and some population-representative studies have found little evidence of moderation (Miller
etal., 2021) or have shown that family socioeconomic factors have stronger associations with
internalising symptoms (Vollebergh et al., 2006). This suggests that differences observed in
study results may be accounted for by other (interacting) factors, such as the age of the
sample or the specific measure used to assess family SES (Peverill et al., 2021; F. Reiss, 2013).
For example, studies have found that family socioeconomic factors were associated with
internalising and externalising symptoms in early childhood, but that associations with
internalising symptoms were attenuated with increasing age (Houweling et al., 2022;

Strohschein, 2005).
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Exposure to childhood socioeconomic disadvantage has been associated with increased risk
for mental health problems later in life in longitudinal studies (Hakulinen et al., 2020;
McLaughlin et al., 2011; Melchior et al., 2014; Miller et al., 2021; Najman et al., 2010;
Whitfield et al., 2021). For example, household income volatility in childhood has been related
to increased externalising problems in adolescence (Miller et al., 2021; Whitfield et al., 2021).
A recent Danish national cohort study conducted a longitudinal analysis to examine the
relationship between parental income and income mobility in childhood, and subsequent risk
of developing mental health disorders in adulthood (Hakulinen et al., 2020). The findings
showed that around a quarter of individuals from the lowest income families were diagnosed
with a mental health disorder by age 37, compared with 13% of those born into the highest
income families. Higher risk for developing a mental health disorder in adulthood was
associated with more time spent in economically disadvantaged circumstances and

downward family income mobility during childhood.

Epidemiological research in adults has consistently shown higher levels of mental health
problems in individuals with greater socioeconomic disadvantage (Burns, 2015; Domenech-
Abella et al., 2018; Kivimaki et al., 2020; Lund, 2014; Lund et al., 2010; Maselko, 2017; Patel
et al.,, 2018). Whilst evidence of a relationship is broadly supported, the strength of
associations between different socioeconomic indicators and mental health outcomes varies
across studies and settings (Alegria et al., 2018; Darin-Mattsson et al., 2017; Diemer et al.,
2013; Korous et al.,, 2022; Maselko, 2017; Maselko et al., 2018). Methodological
characteristics such as the use of different socioeconomic indicators (or composite SES
indices), measurement error, and characteristics of the study sample are likely to contribute
to variation in the magnitude of the observed associations (Angel et al., 2019; Festin et al.,
2017; Hoebel et al., 2017). Research has shown only moderate correlations between different
socioeconomic indicators, and there is evidence from studies conducted in high-income
populations that using domains such as income and educational attainment yield more
consistent results than other measures of SES (Araya et al.,, 2003; Howe et al., 2012). In
contrast, in low-middle income countries (LMIC), data on factors such as income are often
unreliable, and indicators such as household assets, educational attainment and financial
stress are seen as better indicators due to different social stratification processes (Cooper et

al., 2012; Howe et al., 2012; Lund et al., 2010; Maselko et al., 2018). For example, a study in
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rural Pakistan found that fewer assets, food insecurity, and household debt were associated
with more severe prenatal depression symptoms (Maselko et al., 2018). As each of these
indicators capture a different aspect of SES, with a potentially different pathway linking it to

mental health, heterogenous findings both within and between countries could be expected.

1.4. Mechanisms underlying the relationship between socioeconomic status and

mental health
1.4.1. Social selection and social causation

Two principal pathways are thought to underlie the observed associations between SES and
mental health outcomes: social causation and social selection (Dohrenwend et al., 1992). The
social causation hypothesis posits that exposure to the adverse social and economic
conditions associated with lower SES (such as poor environmental conditions, material and
social deprivation, and increased exposure to adverse and stressful life events) increases risk
for mental health conditions (Dohrenwend et al.,, 1992). The social selection hypothesis
instead suggests that individuals with mental health problems are more likely to drift into or
remain in lower SES levels due to disability, reduced economic productivity, loss of

employment, increased health expenditure, and stigma as a result of their illness.

Longitudinal analyses have been applied to investigate the nature of the relationship between
socioeconomic status and mental health. For example, a recent longitudinal study
investigating the directionality of the relationship between SES and depression in a nationally
representative sample from South Africa found evidence for a reciprocal relationship between
SES and depression in LMIC (Lund & Cois, 2018). Socioeconomic disadvantage at baseline was
associated with worse depression symptoms at two- and four-year follow-up assessments,
and worse depression symptoms at baseline was associated with lower SES two years later.
The findings from this study suggest that both social causation and social selection

mechanisms act simultaneously to reinforce cycles of poverty and depression.

Poverty alleviation programs such as cash transfer interventions have provided evidence on

whether improvements in socioeconomic conditions can lead to improved mental health

outcomes. These interventions address the social causation pathway. For example, the
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Oportunidades program was an intervention in Mexico where women received a stipend that
constituted roughly 25% of household income (Ozer et al., 2011). At the time of evaluation,
women had been in the program from three to five years. Depression symptoms were
significantly reduced in the intervention group and this effect was partially mediated through
a reduction in stress and increase in perceived control. Furthermore, experimental evidence
has implicated social causationas a mechanism underpinning the SES-mental health
relationship in children. In a natural experiment where Native American families received
income supplement following the opening of a casino, there was a significant reduction in
children's behavioural (externalising) symptoms (Costello et al., 2003) and emotional
(internalising) symptoms (Akee et al., 2018). These findings suggest causal influences are
possible because the income intervention that moved some families out of poverty cannot be
ascribed to unobserved familial confounders (i.e., genetic and environmental factors shared

by family members).

There is clear evidence from existing correlational research that socioeconomic conditions
predict mental health outcomes, whereby those at the lower end of the socioeconomic
distribution experience worse health than those at the higher end. Further, findings from
longitudinal and experimental research are suggestive of causal influences of socioeconomic
factors on mental health. However, genetic factors influence nearly all human traits and
experiences to some degree (Plomin et al., 2016). A key limitation of the literature is that
analysis of the relationship between SES and mental health can be influenced by unobserved
familial confounders (i.e., genetic and environmental factors shared by family members) in
studies of unrelated individuals. To better understand the mechanisms underlying this
relationship, it is important to consider the interplay between genetic and environmental

factors.
1.4.2. Gene-environment interplay

In the following section, | provide an overview of gene-environment interplay, which includes
gene-environment interaction (GxE) and gene-environment correlation (rGE) (Dick, 2011;
Rutter, 2006). GxE refers to a situation in which aetiological influences on a trait that are
moderated by contextual factors, while rGE refers to the influence of an individual's genotype

on their exposure to environmental factors. These concepts are essential for understanding
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how socioeconomic factors interact with genetic (and environmental) influences to impact
mental health outcomes. Additionally, | discuss theoretical frameworks that shed light on the
nature of GxE, such as the diathesis-stress model, differential susceptibility model,

bioecological (social compensation) model, and social control/push model.

1.4.2.1. Gene-environment correlation (rGE): genetic influences associated
with exposure to (socioeconomic) context-environment

Observed associations between socioeconomic factors and mental health outcomes have
often been interpreted as direct environmental influences. However, associations between
socioeconomic factors and mental health problems could also arise because they share
common causes. Genetic influences have been shown to be associated with a variety of
environmental exposures (Kendler and Baker, 2007). This is known as gene-environment
correlation (rGE) and describes genetically influenced behaviour which can influence

individuals’ exposure to certain environments.

Genetically-informative research has shown moderate genetic influences on indicators of SES
(Ball et al., 2010; Hill et al., 2019; Marees et al., 2021; Rimfeld et al., 2018). For example, twin
studies have shown that genetic factors explain ~“40% of the phenotypic variance in
educational attainment, and 39-54% of the variance in lifetime earnings (Hyytinen et al., 2019;
Silventoinen et al., 2020). Consistent evidence from genome-wide association studies has
shown that common genetic variants explain 11% and 15% of the variance in household
income and educational attainment, respectively (Hill et al., 2019). If there is an overlap in the
genetic factors associated with mental health problems, then part of the link between SES and
mental health could be explained by common causes. Genetic correlations between SES
indicators and various psychiatric disorders have been reported based on genomic data (e.g.,
income and depression [rg = -0.24]; income and ADHD [rg = -0.47]; education and depression
[rg = -0.08]; education and ADHD [rg = -0.52]; Hill et al., 2019). These findings could be taken
as support for the social selection hypothesis, in which affected individuals may be more likely
to drift into or remain at lower SES levels, at least in part, based on genetically influenced

traits and behaviours related to mental health outcomes.
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Familial confounding can introduce bias into estimates and result in incorrect conclusions
regarding the causal relationship between family socioeconomic factors and childhood
psychopathology. Studies have shown that child emotional and behavioural problems (Burt,
2009; Nikstat & Riemann, 2020; Rice et al., 2002) and family socioeconomic indicators
(Krapohl & Plomin, 2016; Trzaskowski et al., 2014) are heritable, and that at least part of the
association between them can be attributed to common genetic influence (Hill et al., 2019;
Krapohl et al., 2017; Torvik et al., 2020; Visscher et al., 2017). Because parents pass on
genotypes to their biological children, as well as provide family environments that correlate
with their genotypes, the association between family SES and children’s mental health
outcomes can be genetically mediated (i.e., passive gene-environment correlation; Kendler &

Baker, 2007; Plomin et al., 1977).

Behavioural genetic designs such as sibling, adoption, and children-of-twins (CoT) designs can
distinguish between shared familial (i.e., genes and environments shared between parent and
child) and phenotypic mechanisms of intergenerational association (McAdams et al., 2014;
McAdams et al., 2018). A recent study using an extension of the CoT design showed that
intergenerational associations between parental education and depression could be fully
accounted for by genetic factors shared between parents and their children (Torvik et al.,
2020). Shared familial factors were also found to contribute to associations between parental

education and child ADHD.

1.4.2.2. Gene-environment interaction (GxE): genetic (and environmental)
influences moderated by the socio-environmental context

Socioeconomic conditions may also affect the relative importance of genetic and
environmental influences on mental health within a population (Rutter, 2006). This is known
as gene-environment interaction (GxE) and could reflect a form of social causation whereby
aetiological influences on a trait are moderated by environmental context (Dick, 2011; Rutter,

2006).

Early attempts to model GxE using twin data would stratify the sample by level of the

environmental variable and estimate genetic and environmental influences as a function of

these subgroups (Neale & Cardon, 1992). However, there are several problems with this
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approach (Dick, 2011; Purcell, 2002). First, modelling GxE in this way is constrained to
environments that fall into natural groupings (e.g., urban/rural residency) or forces
researchers to create groups based on environments that may actually be continuous in
nature (e.g., socioeconomic status). Moreover, stratification becomes impractical if the
moderator is characterised by many levels and will effectively reduce the sample size,
especially if the moderator is not shared between twins. Second, the use of heritability
assumes equal variance across strata, whereas what is of interest in GxXE analyses is changes
in the magnitude of genetic and environmental effects, not only the proportion. Third, this
approach cannot be used to disentangle gene-environment interaction and gene-
environment correlation in a single analysis. For example, if individuals in a certain
environment show greater genetic influence, this could be attributable to either (a) the
environment moderating the effects of certain genes, or (b) certain trait-influencing genetic

factors being more likely to be present in that environment.

Newer biometric moderation models have made it possible to examine moderation of the
genetic and environmental influences on a trait along the full spectrum of the environmental
measure (Purcell, 2002; van der Sluis et al., 2012). These newer biometric moderation models
have several advantages over previous methods to study GxE in family datasets: (1) these
models make it possible to formally test the presence/absence of interaction using validated
fitindices, (2) it is possible to account for gene-environment correlation by modelling the main
effect of the moderator on the phenotype, and (3) it is possible to examine moderation of the

trait along the full spectrum of the moderator.

1.4.2.3. Theoretical GXE frameworks
Table 3 presents a summary of four main theoretical models that have been used to
understand the nature of GxE: the diathesis stress, differential susceptibility, bioecological
(social compensation), and social control/push models. In this section, | provide a brief
description of each of the primary theories and relevant empirical examples from prior
literature. Note that while these models are presented as distinct, it is entirely possible that
more than one model may be needed to explain the pattern of GXE observed for a particular

combination of moderator and phenotype. That is, these models should be regarded as useful
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heuristics that can be used to interpret the effects identified in GxE studies, however, findings

from any one specific study may suggest the plausibility of more than one framework.

Table 3. Summary of conceptual and theoretical models underlying gene-environment
interaction (GxE) studies

Theory Brief summary Original article = Example of empirical article
Diathesis- A predisposition for the trait Monroe & South & Krueger (2008)
stress (i.e., diathesis), in the form of Simons (1991)
premorbid risk factors (e.g., The study investigated the
genetic susceptibility) lies aetiology of the association
dormant until triggered by an between marital quality and
environmental stressor internalising problems. Results
showed that genetic effects on
internalising problems increased
as marital quality worsened,
suggesting that those with a
genetic predisposition to
internalising syndromes may be
more likely to express this
predisposition in the context of a
dissatisfying marriage.
Differential Individual differences in Belsky & Pluess  South & Krueger (2013)

susceptibility

Bioecological
model

Social control
or social push

plasticity to the environment, (2009)
with some people being more
susceptible to (i.e., genetically
influenced by) the effect of

both positive and negative

environments

Bronfenbrenner
& Ceci (1994)

Genetic influences are
maximised in stable and
adaptive environments that
permit positive an stable
interactions (proximal
processes) between individuals
and their environment,
enabling them to reach their
genetic potential

Shanahan &
Hofer (2005)

Genetic influences are filtered
or buffered in certain
environmental contexts; social
control: social norms and
structural constraints

The study investigated the nature
of the association between
martial satisfaction and physical
health. Findings showed that
genetic influences on physical
health were greatest at both high
and low levels of marital
satisfaction, with lowest levels of
heritability estimated for those at
average level of marital
satisfaction.

Turkheimer et al. (2003)

Seminal study that examined
variation in the heritability of
children’s 1Q as a function of
family SES. Findings from this
study showed that the heritability
of 1Q was higher among children
in families with high SES
compared to those with low SES.

Boardman et al. (2010)
The study investigated trends in

the heritability of smoking across
different birth cohorts. Results
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showed strong genetic influences
on smoking for those born prior
to legislation prohibiting smoking
in public places, but negligible
influences for those born
subsequent to legislation efforts
aimed at reducing smoking.

Source: Adapted from South et al. (2017) and Mills (2022)

The diathesis-stress model posits that genetic susceptibility (i.e., diathesis) for a trait lies
dormant until it is triggered by an environmental stressor (Monroe & Simons, 1991). In this
type of interaction, genetic influences become more apparent (i.e., explain a greater
proportion of the phenotypic variance) in the presence of negative environmental conditions.
In the context of twin studies, the diathesis-stress model would be supported if higher
heritability estimates were observed among individuals in less favourable environments
compared to those in more advantaged environments. This form of interaction (whereby
genetic differences are enhanced in adverse environments) has been demonstrated as a
function of several environmental stressors, such as poor marital quality, parental negativity
and stressful life events (Dick, 2011; South & Krueger, 2008). To my knowledge, only one twin
study investigating the effect of SES on the aetiology of depression symptoms found evidence
to support the diathesis-stress model (Strachan et al., 2017). This study showed that genetic
influences on depression symptoms were greater among individuals who lived in
socioeconomically disadvantaged neighbourhoods compared to those who resided in more

advantaged neighbourhoods.

Whereas the diathesis-stress model focuses primarily on negative environmental influences,
the differential susceptibility model posits that individuals differ in plasticity, with some
individuals more genetically susceptible to the effects of both favourable and adverse
environments (Belsky & Pluess, 2009). In other words, individuals who are most sensitive to
negative environmental influences may also be those who are most receptive to positive

environmental influences.

The bioecological (or social compensation) model proposes that genetic influences are

maximised in stable, adaptive and often more socioeconomically advantaged environments,

26



which enables individuals to reach their genetic potential. This form of interaction was
supported in a seminal study that examined whether the heritability of children’s IQ changes
as a function of family SES (Turkheimer et al., 2003). Findings from this study showed that the
heritability of IQ was higher in families with high SES compared to in families with low SES. An
explanation for this finding can be linked to the Scarr-Rowe hypothesis that children in more
advantaged families have higher resources that allows them to realise their genetic potential
(Rowe et al., 1999; Scarr-Salapatek, 1971). In another example, studies have shown higher
heritability of educational attainment following social and/or policy reforms that led to more

equal opportunities (Heath et al., 1985; Rimfeld et al., 2018).

While the majority of studies reporting this form of interaction have been in the domain of
cognitive ability and achievement, there is some evidence for this interaction as a possible
mechanism underlying the association between socioeconomic status and mental health.
Twin studies of emotional and behavioural problems in children have reported lower
heritability and higher shared environmental influences (influences that make family
members more similar to one another) in low SES families compared to high SES families (Burt
et al., 2016, 2020; Hendriks et al., 2019; Middeldorp et al., 2014; Turkheimer et al., 2003). In
turn, genetic influences were higher among children from high SES families compared to
children from low SES families. Similarly, one study in adult twins found that non-shared
environmental influences on internalising symptoms were greater at lower levels of income
(South & Krueger, 2011). One interpretation of these findings is that at lower levels of SES,
which are often characterised by multiple environmental risk factors (Braveman & Gottlieb,
2014; Wilkinson et al., 2003), genetic differences may be diminished as a result of greater
variation in the social environment that confers risk for psychopathology. Higher heritability
estimates among individuals with high SES corresponds to the notion that advantageous
and/or low stress environments may amplify genetic differences underlying mental health

problems.

The social control or social push model proposes that genetic influences are filtered or
buffered by particular social environments, such as social norms (e.g., religious norms) or
structural constraints (e.g., regional residency, alcohol taxation) that limit individual decision-

making ability (Shanahan & Hofer, 2005). Thus, these factors serve as a control over the ability
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to express genetic predispositions, and accordingly, reduce the degree to which genetic
factors influence psychiatric and behavioural traits at the population level. For example, the
heritability of smoking was found to be significantly reduced following the introduction of
legislation prohibiting smoking in public places in the US (Boardman et al., 2010). Conversely,
protective factors in the social environment may also buffer genetic predispositions towards
mental health problems. For example, twin studies investigating the moderating effect of
relationship status have shown that genetic liability for depression symptoms and alcohol
consumption is decreased among individuals in committed relationships (Barr et al., 2017;
Heath et al., 1998). This suggests that having a romantic partner may act as a protective ‘social
control’ factor in reducing the impact of liability to psychiatric symptoms and substance

misuse.

1.5. Challenges and biases in studying gene-environment interplay
1.5.1. Confounding by gene-environment correlation

A shortcoming of previous twin studies examining the moderating effect of family SES is that
they do not model genetic overlap between SES and child psychopathology. This is an issue
given the evidence for such genetic overlap from genome-wide genotype studies and
extended family studies (Krapohl et al., 2017; Krapohl & Plomin, 2016; Torvik et al., 2020;
Trzaskowski et al., 2014). The reason genetic overlap has not been modelled previously is that
child twin data cannot be used to estimate genetic influences on family socioeconomic
indicators because these variables do not differ between twin children within the same family.
Thus, the genetic covariance between family SES and child outcomes cannot be estimated
(Purcell, 2002; Rijsdijk & Sham, 2002). Failing to account for gene-environment correlation can
lead to inflated signals of interaction and biased estimates (Purcell, 2002; van der Sluis et al.,

2012).

Previous GxE twin studies examining the relationship between family SES and child
psychopathology have controlled for the main effect of SES (moderator) on child outcomes
prior to examining gene-environment interactions to account for inflation of test statistics due
to rGE (Purcell, 2002; van der Sluis et al., 2012). As such, these prior studies specifically focus

on whether family SES moderates the aetiological influences unique to child psychopathology.

28



However, this approach limits the investigation of the nature of the covariance between family
SES and child psychopathology, as well as the moderation of shared variance. Given that family
SES contributes to variance in child mental health (Krapohl et al., 2017; Torvik et al., 2020;
Trzaskowski et al., 2014), exclusion of the common variance between them may limit our
understanding of the underlying mechanisms through which socioeconomic disadvantage

affects child mental health.

1.5.2. Limited geographic and demographic diversity in genetically informed research

A second issue undermining research is the lack of geographic and demographic diversity in
much of the data currently used for genetically informed research. Within the literature
discussed so far, analyses have been limited by a focus on specific family types (e.g., twins),
often from a select subgroup of the population, and from high-income populations (Henrich
et al., 2010). To date, twin data have been largely restricted to high-income populations, of
which most studies were based on US twin samples (34%) (Polderman et al., 2015). Samples
from South America, Africa and Asia were highly under-represented, constituting only 5.7%
(combined) of studies. Limited representation for many populations also poses a significant
challenge for genome-wide association studies, which have been largely conducted on

European ancestry (Gurdasani et al., 2019).

Bias towards Western populations is problematic because estimates of genetic and
environmental sources of individual differences are specific to a population at a particular
time and have been shown to vary cross-culturally (J. Chen et al., 2014; Hur, 2008; Samuelsson
etal., 2005; Selita & Kovas, 2019; Zavos et al., 2020). For example, higher heritability estimates
of educational attainment have been observed in countries where the educational curriculum
is highly standardised, because standardisation reduces environmental differences between
schools (Samuelsson et al., 2005). Twin studies have also found some evidence to suggest that
the aetiology of mental health problems is different in LMIC than in high-income countries
(Hur, 2008; Zavos et al., 2020). For example, sex differences in the aetiology of depression
have been observed in non-Western populations, with men showing low heritability and

women showing moderate heritability in both Sri Lanka and South Korea (Hur, 2008; Zavos et
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al., 2020). One explanation for the differences in the origins of depression across culture and

gender is that the social environment is variable both within and across populations.

Limited representation of research in LMIC populations poses a significant challenge for
understanding the mechanisms underpinning socioeconomic inequalities in mental health
outcomes in these populations. Patterns of gene-environment interplay observed in high-
income populations may not reflect those at play in other populations with different social
stratification processes (e.g., the socioeconomic distribution may be greater and different
socioeconomic factors may be more or less important in LMIC versus HIC). Thus, the results
from GxE research in HIC may not be generalisable to LMIC populations. This could result in
erroneous conclusions about the mechanisms through which socioeconomic factors impact
mental health outcomes in these populations, which could have important implications for
the development of interventions and treatments for individuals who are at risk for mental

health disorders.

1.5.3. Non-representative samples and selection bias

Another related issue is that much of the research on socioeconomic disparities in mental
health is based on non-representative samples (Munafo et al., 2018; Nohr et al., 2006; Nohr
& Liew, 2018). Sociodemographic, lifestyle and health factors have been associated with the
likelihood of individuals becoming or remaining participants in a study. Those who are less
advantaged and less healthy are often under-represented in studies, leading to samples that
are generally 'healthier and wealthier' than the intended study population (Dupuis et al.,
2019; Goldberg et al., 2001; Graaf et al., 2000; Hara et al., 2002; Howe et al., 2012; Lamers et
al., 2012; Nohr & Liew, 2018). This is a concern because selective participation, both at
recruitment and during subsequent follow-ups, can introduce selection bias and compromise
both the internal and external validity of study results (Munafo et al., 2018). Selection biases
can be influenced by factors operating at a global (e.g., inequality in research funding and
infrastructure may lead to the clustering of cohorts in developed countries), national (e.g.,
cultural and societal factors may lead to gender and racial biases in study participation),

institutional (e.g., lack of diversity among scientists who design and implement research
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protocol may lead to biases in research) and individual (e.g., greater exposure to life stressors

may lead to lower capacity to engage in research) level.

Selection bias is common in scientific research that relies on voluntary participation. It occurs
when there are systematic differences between individuals who participate and those who do
not. Selection can occur at various stages in a study, including at recruitment, at follow-up, or
if a non-random subsample is selected for further investigation (e.g., based on exposure to a
specific risk factor). It is widely acknowledged that selection bias substantially influences
prevalence estimates, often towards underestimating prevalence rates of mental health
problems. In contrast, it has often been assumed that selection bias only has a minimal impact
on observed associations (Munafo et al., 2018). Recent methodological reviews, as well as
empirical studies using data from various population-based studies (e.g., ALSPAC, MoBa, UK
Biobank), suggests that this assumption is problematic in many circumstances (Adams et al.,
2020; Biele et al., 2019; Munafo et al., 2018; Taylor et al., 2018). When there are differences
between participants and nonparticipants that relate to the risk factors and outcomes being
investigated, associations between risk and outcome may become biased (Munafo et al.,
2018). In other words, selection can bias associations between variables that influence
participation in a study. In such circumstances, this can induce associations where there is no
causal effect, attenuate true causal effects, or reverse the sign of a causal effect. For example,
research using data from the Avon Longitudinal Study of Parents and Children (ALSPAC)
showed that attrition from cohort studies can underestimate socioeconomic inequalities in
various health outcomes, and the degree of bias may worsen with increasing drop-out rates

(Howe et al., 2013).

Recent genetic association studies have explored factors that influence selective participation
in order to better understand biases that may affect study samples. Genome-wide association
studies have identified a number of loci associated with continued participation in cohorts
such as ALSPAC (Taylor et al., 2018), UK Biobank (Adams et al., 2020), and the Norwegian
Mother, Father and Child Cohort Study (MoBa) (Ask et al., in prep; Biele et al., 2019), with
estimates of SNP-based heritability ranging from 6.5% to 32%. Genetic overlap has been
observed between continued study participation and several traits. For example, continued

participation in ALSPAC was linked to polygenic scores for higher education, agreeableness,
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and openness, while attrition was associated with higher polygenic scores for BMI, smoking,
neuroticism, schizophrenia, ADHD, and depression (Taylor et al., 2018). In UK Biobank,
continued participation in a mental health questionnaire was found to be genetically
correlated with better health, higher education, and lower psychiatric disorder rates (Adams
et al., 2020). In a separate study, strong positive genetic correlations were found between
continued participation in ALSPAC and participation in three of the optional UK Biobank
follow-up surveys (Tyrrell et al., 2020), indicating that similar genetic factors are associated

with participation at follow-up assessments across the two studies.

Studies have also shown that selection bias can affect the magnitude of associations between
polygenic scores and phenotypic outcomes, with conditioning on selection potentially
inducing associations that are not present in the population. Munafo et al. (2018) found that
polygenic risk for smoking was associated with maternal education in a selected sub-study of
ALSPAC, but not in the full cohort. Similarly, Taylor et al. (2018) showed that associations
between polygenic score for education and being an ever smoker, and between the education
polygenic score and BMI, were weaker in a subsample of those who attended the most recent
clinic compared to the full genetic sample. These studies demonstrate the potential for bias
in genetic analyses when studying selected subsamples based on the availability of follow-up

data.

Selection bias poses several challenges for research seeking to understand the causal
processes underpinning socioeconomic inequalities in mental health. First, studies that over-
represent individuals with higher socioeconomic status and better mental health may
attenuate the strength of the association between these factors and outcomes. Individuals
with higher SES and better mental health tend to have greater access to resources and support
that can buffer the impact of social stressors (e.g., financial insecurity) on mental health
(Braveman & Gottlieb, 2014; Wilkinson et al., 2003). Thus, disproportionate representation of
study participants who are ‘healthier and wealthier’ than the larger population can lead to an
underestimation of the impact of low socioeconomic status on mental health outcomes (e.g.,
Howe et al.,, 2013) and may result in misleading implications for the design and

implementation of interventions and policy.
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The effects of genetic and environmental factors on mental health outcomes may be biased
by selection. If the study sample is not representative of the broader population, the genetic
(and environmental) variation in the sample may not accurately reflect the genetic variation
in the broader population. Consequently, selective participation may bias heritability
estimates, as well as estimates of aetiological overlap between socioeconomic factors and

psychiatric traits (Akimova et al., 2021; Marees et al., 2021).

Similarly, selection bias has the potential to influence GxE analyses in several ways. First,
selection bias can limit the generalisability of GxE study findings. If the study sample is not
representative of the general population, it may not be possible to generalise the results to
the broader population. Second, selection bias can reduce variability in the exposure and
outcome in the study sample. This reduces the power to detect GxE interactions and/or lead
to an underestimation of the true interaction effect (Dick, 2011; Murray et al., 2016; Purcell,
2002; D. Reiss et al., 2013). For example, if the study sample is over-representative of certain
groups, such as those from higher socioeconomic backgrounds, estimates of GxE interactions
may be biased towards protective effects of the social environment, as individuals from higher
socioeconomic backgrounds often have lower exposure to social environmental risk factors
(leading to reduced variability in environmental exposures) and/or more resources to mitigate
the effects of environmental risk factors. Third, selection bias can lead to erroneous
conclusions about the mechanisms by which genetic and environmental influences moderate
each other, as variation in the distributions of individuals along both the exposure and
outcome variables can alter the shape and significance of interactions (Dick, 2011; Murray et
al., 2016; Purcell, 2002; D. Reiss et al., 2013). Failing to capture the full spectrum of
socioeconomic background and/or mental health can preclude researchers from detecting
interaction effects at the lowest or highest levels of exposure and/or psychopathology. As a
result, this could have important implications for designing and implementing new forms of

prevention and intervention.

1.5.4. Summarising gaps in the literature

The research published to date suggests that both social causation (i.e., gene-environment

interaction) and social selection (i.e., gene-environment correlation) processes contribute to
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observed associations between socioeconomic conditions and mental health outcomes
(Dohrenwend et al., 1992; Hoffmann et al., 2018; Jin et al., 2020; Lund & Cois, 2018). However,
significant gaps remain in our understanding. Few studies have explored the moderating
effects of socioeconomic status indicators on the aetiology of mental health outcomes using
a behavioural genetic approach. Even fewer have explored potential differences in the effects
of individual socioeconomic indicators. Further, the use of child twin data in prior GxE studies
has not allowed researchers to test for gene-environment interaction in the presence of gene-
environment correlation (Purcell, 2002; van der Sluis et al., 2012). Crucially, no studies have
investigated gene-environment interplay processes underpinning the relationship between
socioeconomic status and mental health outcomes in lower- and middle-income populations.
Finally, questions remain as to our ability to detect the true effects of socioeconomic
conditions on mental health, given the potential for bias in phenotypic and genetic analyses

when studying samples characterised by self-selection.

1.6. Introducing aims for this thesis

1.6.1. Improving understanding of the mechanisms underlying socioeconomic
disparities in children’s mental health: gene-environment interaction in the

presence of gene-environment correlation

As outlined in previous sections, children from socioeconomically disadvantaged backgrounds
have an increased risk of experiencing mental health difficulties (F. Reiss, 2013). However, gaps
remain in our understanding as to the mechanisms underlying these observed associations.
There is some evidence from twin studies that family socioeconomic conditions influence the
relative importance of genetic and environmental influences on child emotional and
behavioural problems (Burt et al., 2016, 2020; Hendriks et al., 2019; Middeldorp et al., 2014;
Tuvblad et al., 2006). However, it is also known that various socioeconomic indicators (e.g.,
income level, educational attainment) are themselves under genetic influence (Hill et al.,
2019; Krapohl et al., 2017; Trzaskowski et al., 2014) and previous gene-environment
interaction studies have not explored the potential genetic overlap between family SES and
child mental health. Exclusion of the common variance between family SES and child
outcomes limits our understanding as to the nature of their covariance, as well as the

moderation of the shared variance.
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In this thesis, | aim to contribute new knowledge on the role that family socioeconomic factors
play in shaping the origins of child emotional and behavioural problems. In chapter 2, | apply
a novel approach using extended family data to investigate the moderation of aetiologic
influences on child emotional and behavioural problems by parental socioeconomic status in
the presence of gene-environment correlation. To my knowledge, this is first study to test for
gene-environment interaction in the presence of gene-environment correlation for
environmental moderators that are necessarily shared between children growing up in the
same family. Further, inconsistent findings from the literature may in part be explained by the
use of different socioeconomic indicators across studies (Duncan & Magnuson, 2003; Geyer
et al., 2006; F. Reiss, 2013). This suggests that the presence and pattern of moderation effects
may vary depending on the measure used to index family SES. | build on this work to examine
the moderating effects of individual socioeconomic indicators, namely income and education,

separately for both mothers and fathers.

1.6.2. Improving understanding of the mechanisms underpinning socioeconomic

disparities in mental health in low- and middle-income populations

Within the literature discussed so far, GXE analyses have been limited to samples drawn from
high-income countries. Thus, findings from these studies may not generalise to countries with
greater economic disparity, higher levels of poverty, and other differences in social
stratification processes (e.g., gender norms). There is limited representation of genetically
informative research conducted in lower- and middle-income populations (Polderman et al.,
2015), even as the greatest health disparities and disease burden are observed in LMIC
(Maselko, 2017; Saxena et al., 2006). This limits our understanding of the processes

underpinning the relationship between SES and mental health in these populations.

In chapter 3, | make use of the rich data available from the Colombo Twins and Singletons
Study (CoTASS) to investigate individual differences in socioeconomic factors and their
influence on depression in Sri Lanka. Using structural equation modelling, | explore genetic
and environmental influences on individual socioeconomic indicators and depression

symptoms and moderation of aetiological influences on depression as a function of these
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socioeconomic indicators. In this study, | aim to improve our understanding of the
mechanisms underlying the relationship between socioeconomic status and depression

symptoms in a South Asian population.

1.6.3. Considering selection bias in family data

As outlined in the previous section, many cohort and population-based studies are based on
non-representative samples, with under-representation of less advantaged and less healthy
individuals. This often leads to samples that are generally 'healthier and wealthier' than the
intended study population, raising concerns about the potential for selection bias and
compromising the validity of study results (Munafo et al., 2018). Attrition from cohort studies
has the potential to introduce bias in prevalence estimates and impact associations between
variables, potentially distorting causal relationships (Howe et al., 2013; Munafo et al., 2018).
Recent genetic association studies have explored factors influencing selective participation
and have identified genetic overlap between continued study participation and various traits
(Adams et al., 2020; Biele et al., 2019; Taylor et al., 2018; Tyrrell et al., 2020). Studies have
also shown that selection bias can affect associations between polygenic scores and
phenotypic outcomes. Selection bias poses challenges for research on socioeconomic
disparities in mental health. Over-representing individuals with higher socioeconomic status
and better mental health may attenuate the association between these factors and outcomes,
potentially leading to an underestimation of the impact of low socioeconomic status on
mental health. Selective participation may also bias heritability estimates and influence GxE
analyses by limiting generalisability, reducing variability in exposure and outcome, and
altering the shape and significance of interactions. This highlights the need for addressing
selection bias in research studies and its potential implications for understanding the

mechanisms underlying the observed SES — mental health relationship.

In chapter 4, | aim to contribute new insights into the impact of selection bias on phenotypic
and genetic correlations within the Norwegian Mother, Father and Child Birth Cohort Study
(MoBa). | seek to expand on previous research by examining the factors associated with
continued participation in MoBa and their links to various baseline variables, socioeconomic

factors, and maternal and offspring outcomes. Specifically, | focus on the potential bias arising
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from selection on the associations between maternal educational attainment or income rank

and outcomes related to maternal and offspring internalising and externalising symptomes.

To achieve this, | employ biometric model fitting to estimate genetic and environmental
influences associated with maternal continued participation and investigate genetic and
environmental overlap with maternal educational attainment and internalising symptoms. |
also explore potential biases resulting from selection on the genetic and environmental
correlations between maternal educational attainment and internalising symptoms. By
undertaking these analyses, | aim to contribute to the existing literature on selection bias in
population-based cohort studies, with a particular focus on the relationship between
maternal socioeconomic factors and internalising problems in MoBa. With these findings, |
aim to provide insights into the potential biases introduced by selective participation and
enhance understanding of the associations between maternal participation, educational

attainment, internalising symptoms, and offspring outcomes.

1.7. Summarising the aims and structure of thesis

The aim of this thesis is to advance our understanding of the mechanisms underlying
socioeconomic disparities in children's and adults' mental health. The thesis is structured into
three main chapters, focusing on gene-environment interactions and the impact of selection

bias in family data:

Chapter 2 investigates the role of family socioeconomic factors in shaping the origins of child
emotional and behavioural problems. Using extended family data from MoBa, | apply a novel
approach to examine how parental socioeconomic factors moderate aetiological influences
on these mental health outcomes in the presence of gene-environment correlation. By
addressing gaps in the literature and considering different measures of family socioeconomic
status, this study aims to enhance our understanding of the complex relationships between

family socioeconomic conditions and children’s mental health.

Chapter 3 focuses on understanding the mechanisms underlying socioeconomic disparities in
mental health in low- and middle-income populations. Using data from the Colombo Twins

and Singletons Study (CoTASS) in Sri Lanka, | examine the influence of individual
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socioeconomic factors on depression symptoms in adults. Using a twin and singleton design,
| investigate the genetic and environmental influences on individual socioeconomic indicators
and their moderation of the aetiological influences on depression. This study aims to
contribute to the limited representation of genetically informative research conducted in
these populations and provide insights into the relationship between socioeconomic status

and mental health outcomes in a South Asian context.

Chapter 4 examines the impact of selection bias on phenotypic and genetic correlations within
population-based cohort studies, focusing on the MoBa study. By examining the factors
associated with continued participation in MoBa and their links to various baseline variables,
socioeconomic factors, and mental health outcomes, | aim to assess the potential bias arising
from selection in this cohort. Specifically, | investigate the associations between maternal
educational attainment or income rank and internalising and externalising symptoms in
mothers and offspring. Employing biometric model fitting, | estimate the heritability of
continued participation and explore the genetic and environmental overlap with maternal
socioeconomic indicators and internalising outcomes. Through these analyses, | aim to
contribute to the literature on selection bias in population-based cohort studies and enhance
our understanding of the associations between socioeconomic factors and mental health

disparities.

Overall, this thesis aims to advance our understanding of socioeconomic disparities in mental
health outcomes, including both children and adults, by examining gene-environment
interactions and addressing the impact of selection bias. The findings from this research have
implications for interventions and policies aimed at reducing mental health disparities and

promoting well-being across diverse populations.
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2.1. Abstract

Background: Low socioeconomic status (SES) is associated with increased risk for emotional
and behavioural problems among children. Evidence from twin studies has shown that family
SES moderates genetic and environmental influences on child mental health. However, it is
also known that SES is itself under genetic influence and previous gene-environment
interaction (GxE) studies have not incorporated the potential genetic overlap between child
mental health and family SES into GxE analyses. We applied a novel approach using extended
family data to investigate the moderation of aetiological influences on child emotional and
behavioural problems by parental socioeconomic status in the presence of modelled gene-

environment correlation.

Methods: The sample comprised >28,100 children in extended-family units drawn from the
Norwegian Mother, Father and Child Cohort Study (MoBa). Mothers reported children’s
emotional and behavioural symptoms. Parents’ income and educational attainment were
obtained through linkage to administrative register data. Bivariate moderation Multiple-
Children-of-Twins-and-Siblings (MCoTS) models were used to analyse relationships between
offspring outcomes (emotional and behavioural symptom scores) and parental socioeconomic

moderators (income rank and educational attainment).

Results: The aetiology of child emotional symptoms was moderated by maternal and paternal
educational attainment. Shared environmental influences on child emotional symptoms were
greater at lower levels of parents’ education. The aetiology of child behavioural symptoms
was moderated by maternal, but not paternal, socioeconomic factors. Genetic factors shared
between maternal income and child behavioural symptoms were greater in families with
lower levels maternal income. Nonshared environmental influences on child behavioural

symptoms were greater in families with higher maternal income and education.

Conclusions: Parental socioeconomic indicators moderated familial influences and non-
shared environmental influences on child emotional and behavioural outcomes. Maternal SES
and child mental health share aetiological overlap such that shared genetic influence was

greater at the lower end of the socioeconomic distribution. Our findings collectively highlight
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the role that family socioeconomic factors play in shaping the origins of child emotional and

behavioural problems.

2.2. Introduction

Socioeconomic disadvantage is an important indicator of environmental adversity implicated
in the development of mental health conditions (Costello et al., 2003; Glymour et al., 2014;
Kinge et al., 2021; Maggi et al., 2010). A systematic review from 23 countries indicated that
children from families with low socioeconomic status (SES) were two to three times more
likely to develop emotional and behavioural problems than children from more
socioeconomically advantaged families (Reiss, 2013). Low family SES is associated with
disadvantages that may affect children’s mental health, such as material hardship, poor-
quality housing conditions, social deprivation, and exposure to stressful life situations

(Braveman & Gottlieb, 2014; Wilkinson & Marmot, Michael, 2003).

When studying the effects of family socioeconomic conditions on child development,
researchers use a range of indices intended to capture access to social and material resources
(Diemer et al., 2013; Wilkinson & Marmot, Michael, 2003). Typically, these indices comprise
one or a combination of parental educational attainment, income, and occupational status
(Diemer et al., 2013). Although these indicators are moderately correlated, each has been
shown to measure distinctive aspects of the socioeconomic environment (Duncan &
Magnuson, 2003; Geyer et al., 2006). For example, previous studies have shown that parental
income and educational attainment have stronger associations with child mental health than

other measures of family SES (Lansford et al., 2019; Reiss, 2013).

Besides correlating with child mental health, the socioeconomic environment has been shown
to moderate the contribution of genetic and environmental influences on child mental health
(Rutter et al., 2006). Twin studies of emotional and behavioural problems in children and
adolescents have reported lower heritability and higher shared environmental influences
(influences that make family members more similar to one another) in low SES families
compared to high SES families (Burt et al., 2016, 2020; Hendriks et al., 2019; Middeldorp et

al., 2014; Tuvblad et al., 2006). This is an example of gene-environment interaction (GxE),
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whereby genetic influences on child mental health interact with the socioeconomic
environment (Eaves et al., 1977). The findings from these studies could be taken as support
for the bioecological framework, which proposes that more advantageous environments
allow for greater expression of genetic differences, while more disadvantageous

environments suppress them (Bronfenbrenner & Ceci, 1994).

As well as moderating familial influences on child mental health, family SES has also been
found to moderate non-shared environmental influences (influences that make family
members different from one another) on child behavioural problems (Hendriks et al., 2019;
Middeldorp et al., 2014; Tuvblad et al., 2006). Results are inconsistent on the direction of this
moderation effect and depends on the indicators of family SES used (Hendriks et al., 2019;
Middeldorp et al., 2014; Tuvblad et al., 2006). This suggests that different indicators of SES
may exert different moderating effects on child outcomes (Duncan & Magnuson, 2003; Geyer

et al., 2006).

A shortcoming of previous twin studies that have examined the moderation of aetiological
influences by family SES is that they do not model genetic overlap between SES and child
psychopathology (i.e., gene-environment correlation). This has largely been due to limitations
in the data used: child twin data cannot be used to estimate the heritability of environments
that are entirely shared by twins, rendering it impossible to estimate the heritability of family
SES (Purcell, 2002; Rijsdijk & Sham, 2002). Research using genome-wide genotype data have
however shown that indicators of family SES are heritable (Krapohl & Plomin, 2016;
Trzaskowski et al., 2014). Studies have also found evidence for genetic overlap between
parental socioeconomic factors and child mental health (Krapohl & Plomin, 2016; Torvik et al.,
2020; Trzaskowski et al., 2014). This suggests that parents are a source of genetic risk for
offspring mental health and the socioeconomic conditions children grow up in, which is
evidence of passive gene-environment correlation (rGE) (Kendler & Baker, 2007; Plomin et al.,
1977). Genetic influence in the relationship between SES and mental health does not preclude
a causal relationship between family SES and child mental health, but it does mean that
genetically informed approaches are required to gain insight into the likely mechanisms

underlying their association.
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Previous GxE twin studies of family SES and child psychopathology have regressed out the
main effect of SES on child psychopathology before testing for GxE to account for inflation of
test statistics due to rGE (Purcell, 2002; van der Sluis et al., 2012). As such, these studies
specifically focus on whether family SES moderates the aetiological influences unique to child
psychopathology. This does not allow for investigation of either the nature of the covariance
between family SES and child psychopathology, nor the moderation of the variance in child
psychopathology that is shared with family SES. This is an issue because exclusion of the
common variance between them may limit our understanding of the mechanisms through

which socioeconomic disadvantage influences the aetiology of child mental health outcomes.

The Multiple-Children-of-Twins-and-Siblings (MCoTS) design provides an alternative approach
to examine the moderating effect of family SES on the aetiology child emotional and
behavioural outcomes. The MCoTS design involves using datasets comprising related parents
and their children (i.e., extended families) to partition intergenerational associations into
genetic and environmental sources of (co)variation (McAdams et al., 2018). The inclusion of
multiple types of relatives means that family SES can vary within extended family units. This
information allows the aetiological structure of socioeconomic indicators to be calculated and
thus the genetic (and environmental) covariance between parental SES and child
psychopathology. The MCoTS model can therefore be adapted to test for gene-environment

interaction in the presence of gene-environment correlation.

The aim of this study was to investigate whether aetiological influences on child emotional
and behavioural problems vary as a function of family SES as indexed by parental income and
educational attainment. We applied moderation (GxE) MCoTS models to a large population-
cohort study of twins, siblings, and half-siblings, and their children in Norway. Linked
population-wide, administrative register data was used to index parental income and

educational attainment.
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2.3. Methods
2.3.1. Sample

Data were drawn from The Norwegian Mother and Child Cohort Study (MoBa) (Magnus et al.,
2016) and from national administrative registers provided by Statistics Norway. MoBa is a
population-based pregnancy cohort study conducted by the Norwegian Institute of Public
Health. Participants were recruited from all over Norway from 1999-2008. The women
consented to participation in 41% of pregnancies. The cohort includes ~114,500 children,
95,200 mothers, and 75,00 fathers. Kinship between participants has been identified through
linkage with pedigree and zygosity information from the Medical Birth Registry of Norway and
the Norwegian Twin Registry, respectively (T. S. Nilsen et al., 2013). The current sample
comprised extended family units, identified via pairs of siblings (twins, full-siblings, or half-
siblings) in the parent generation. Extended family units were identified separately for sibling
pairs of mothers or fathers and their children (i.e., units of maternal/paternal siblings and
their children were modelled separately). Within each extended family unit, data were used
from up to two parent siblings and two children per parent. Parents who do not have
participating extended family members were included in analyses as nuclear family units if
they had more than one child in the study. Phenotypic data were drawn from version 12 of
the quality assured MoBa data files. The current study also uses national register data on
parents’ income and educational attainment. The Norwegian system of personal identification

numbers was used to link register data with MoBa data.

2.3.2. Ethical considerations

The establishment of MoBa and initial data collection was based on a license from the
Norwegian Data Protection Agency and approval from The Regional Committees for Medical
and Health Research Ethics. The MoBa cohort is currently regulated by the Norwegian Health
Registry Act. The current study was approved by The Regional Committees for Medical and

Health Research Ethics.
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2.3.3. Measures

2.3.3.1. Outcomes: Offspring emotional and behavioural symptoms
We analysed two offspring outcomes: emotional symptom scores and behavioural symptom
scores. Both were measured by maternal report when children were ages 1.5, 3, and 5 years
old, using items from the Child Behaviour Checklist (CBCL) for preschool children (Achenbach,
1992). This scale consists of two subscales. The internalising sub-scale includes 13 items that
measure emotional symptoms. The externalising sub-scale includes 11 items that measure
behavioural symptoms. Mothers reported agreement for each item based on a three-point
Likert scale: 1 = Not true; 2 = Somewhat true; 3 = Very/often true. We combined item-level
scores across the three measurement waves to create composite mean scores for early-life

emotional (Cronbach’s alpha = 0.74) and behavioural (Cronbach’s alpha = 0.84) symptoms.

2.3.3.2. Moderators: Parental socioeconomic factors
We analysed the effects of four parental socioeconomic variables as moderators of offspring
outcomes. These were maternal income, maternal education, paternal income, and paternal
education, which were extracted from national register data. Data on parents’ total income
(the sum of income from work capital gains and benefits received during the calendar year
[Statistics Norway, 2023]) and educational attainment from 2000 to 2013 were included,
corresponding to when child outcomes were assessed in MoBa (when children were aged 1.5,

3 and 5 years old).

At each time-point, we created a measure of income rank that indicates an individual’s
position in the distribution of incomes within a cohort-sex-year-group (e.g., 2005 income for
females/males born in 1983). The income rank measure was scaled between 0 and 1, with
higher values denoting a higher income rank within the reference group. Income rank at these
three time-points was used to calculate average income rank across early childhood for each

parent.

At each time-point, level of educational attainment was indexed in accordance with the

Norwegian Standard Classification of Education, with values ranging from 1 (primary
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education) to 8 (doctoral-level education). Education-level at these three time-points was

used to calculate average education-level across early childhood for each parent.

Our decision to model the effects of these socioeconomic variables separately for mothers
and fathers was guided by several factors. Initially, we observed only small to moderate
correlations among the different socioeconomic indicators, ranging from .07 between
maternal and paternal income to .45 between maternal and paternal education
(Supplementary Table S1). Despite these moderate correlations, each indicator captures
unique aspects of the socioeconomic context, and it has been argued that they should not be
used interchangeably or in composite form, given their reflection of different phenomena and
mechanisms contributing to social disparities in mental health (Diemer et al., 2013). Analysing
these socioeconomic indicators independently may therefore provide a clearer understanding
of their specific relationships with offspring mental health outcomes. Furthermore, the
analysis of individual indicators facilitates more robust cross-cultural comparisons, particularly
when considering findings from studies conducted in populations with diverse social
stratification procedures, such as low-middle income countries (Howe et al., 2012; Maselko,

2017).

2.3.3.3. Covariates and outcome adjustments
Prior to model fitting, outcomes were regressed on the following covariates: parental age,
child year of birth, number of births, and child sex. Residual scores were then log transformed
to correct for positive skew and all variables were standardised prior to model fitting.
Transformation of non-normal sum scores to normality improves false positive rates and
reduces bias in parameter estimates (Murray et al., 2016). Moderator scores were not
transformed as scaling of the predictor has minimal impact on estimates of interactions (Van

Hulle & Rathouz, 2015).

2.3.4. Statistical analysis

2.3.4.1. The Multiple-Children-of-Twins-and-Siblings (MCoTS) design
The Multiple-Children-of-Twins-and-Siblings (MCoTS) model is an adapted version of the

standard Children-of-Twins design (McAdams et al., 2018) that includes twins, full siblings,
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and half siblings in the parent generation, and up to two children per parent in the offspring
generation. Like the classical twin design (Jinks & Fulker, 1970), these models compare
similarities among family members of different genetic relatedness to decompose observed
variance and covariance into genetic and environmental components. Differential genetic
similarity among related parents means that children of monozygotic (MZ) twins (who share
100% of their DNA) are more related to their parent’s co-twin and their cousins compared to
children of dizygotic (DZ) twins and full siblings (who share 50% of their segregating genes).
Comparing associations between different classes of relatives in such samples (e.g.,
correlations between uncle/aunt and niece/nephew) allows for intergenerational
transmission effects to be partitioned into passive genetic transmission, passive shared

environmental transmission, and direct phenotypic components (see Table 1).

The MCoTS model decomposes variance in the parent trait (e.g., SES indicators) into parent
genetic (A1), shared environmental (C1), and nonshared environmental (E1) components, and
variance in child traits (e.g., emotional, and behavioural problems) into child genetic (A2),
shared environmental (C2), and nonshared environmental (E2) components (Figure S1).
Variance explained by A1, C1 and E1 are unique to the parent generation and non-overlapping
with variance explained by A2, C2 and E2 in the child generation. The intergenerational
association between the parental and child trait is partitioned into genetic transmission (A1’),
shared environmental effects (C1’; indexing environmental influences shared across the
extended family) and residual phenotypic transmission (p; accounting for non-genetic effects
shared between the parent and child, and effects of any sources of confounding unaccounted

for; Figure S1).

2.3.4.2. Using the MCoTS design to investigate moderation of offspring
outcomes by parental socioeconomic factors

To investigate whether parental socioeconomic factors moderate the aetiology of child
emotional and behavioural problems, we adapted the MCoTS model to include moderation
terms on the intergenerational and child trait paths (Figure 1). This is based on the bivariate
moderation model proposed by Purcell (2002) (Supplementary Figure S2), in which it is
possible to simultaneously model: 1) shared genetic and environmental effects between the

moderator and trait; 2) the moderation of the genetic and environmental variance
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components shared between the moderator and trait; 3) the moderation of the variance
components unique to the trait. The bivariate moderation model requires the moderator
variable to vary within extended families, hence it has not previously been applied to studies
of twin children who share the same nuclear family environment. Because SES varies within
extended family units (i.e., across adult siblings who have children), the MCoTS design allows
us to utilise the bivariate moderation model to estimate whether parental SES moderates the
intergenerational and unique genetic and environmental influences on child psychopathology

(Figure 1).

We conducted eight bivariate moderation MCoTS models to analyse the relationships
between two offspring outcomes (emotional and behavioural symptom scores) and four
parental socioeconomic moderators (income rank and educational attainment). To test for the
significance of moderation effects, we compared each full moderation model with a no-
moderation model, in which all the moderation parameters were dropped. Significance of
individual variance components was indicated by 95% confidence intervals (Cl) around the
moderated parameters from the full model?. Models were fitted using full-information-
maximum-likelihood and compared using the x? distribution of the -2 log-likelihood model fit
index and Akaike’s Information Criterion (AIC) (Akaike, 1987). Analyses were performed in R

version 4.0.3 using the open source package OpenMx v.2.12.1 (Neale et al., 2016).

2.4. Results
2.4.1. Descriptive statistics

Table 1 presents an overview of the study sample. Mothers at recruitment were aged on
average 30.22 (SD=4.18) years and fathers 32.04 (SD = 4.88). 51% of the children included
were males. Phenotypic correlations between all study variables are presented in
Supplementary Table S1. Child emotional and behavioural symptom scores were moderately

correlated (r = 0.39). Parental socioeconomic factors were negatively correlated with child

2 We did not fit constrained sub models to test for the significance of individual moderated parameters because
omission of moderation effects by fixing them to 0 can bias estimation of parameters (e.g., dropping Bc can
inflate Ra, and there are issues of specificity in distinguishing between Ra and Bc; see Figure S2) (Van Hulle &
Rathouz, 2015).
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emotional and behavioural scores (r ranged from -0.04 to -0.11). Transformed variables had

approximately normal distributions (Supplementary Figure S3).

2.4.2. MCoTS moderation models

2.4.2.1. Moderation of offspring mental health outcomes by maternal
socioeconomic factors

Overall model fit

Four moderation MCoTS models were applied to test whether the aetiology of child emotional
and behavioural symptoms were moderated by two maternal exposures: maternal income
and education attainment. Dropping all moderation parameters resulted in a significant
worsening in model fit compared to the full moderation models (Table S2). Moderated
parameter estimates from the full moderation model are presented in Supplementary Table
S3. Figures 3 and 4 show the unstandardised variance components for child emotional and

behavioural problems as a function of maternal income and educational attainment.
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Figure 1. Partial path diagram of the Multiple-Children-of-Twins-and-Siblings (MCoTS) model showing
the addition of moderation terms to the intergenerational and child trait paths (right) to the MCoTS
model (left; Supplementary Figure S1). The model is shown for only one sibling in the parent
generation and one child. Right figure. Al = additive genetic effects on parental trait; C1 = shared
environmental effects on parental trait; E1 = nonshared environmental effects on parental trait; A1’ =
genetic effects shared between parental trait and offspring trait; C1’ = extended family effects (i.e.
shared environment of the parents influences offspring trait); A2 = genetic effects specific to offspring
trait; C2 = shared environmental effects on offspring trait; E2 = nonshared environmental effects on
offspring trait; p = residual phenotypic association after accounting for genetic and environmental
overlap. Left figure. A1’, C1’, and p are the variance components common to parent SES (the
moderator) and child emotional or behavioural symptoms. A2, C2, and E2 are the variance
components unique to child emotional or behavioural symptoms. B coefficients index the direction
and magnitude of moderation. The total variance of the trait can be calculated by squaring and
summing all the paths leading to it: Var(T|M) = (al’ + al"*BxM)? + (p + p*B.M)? + (c1’ + c1’*B,M)? +
(a2 + a2*BxuM)? + (€2 + e2*B,uM)? + (c2 + c2*B,uM)>

Note. Var = variance; T = trait; M = moderator; The loadings of the cross-paths connecting M to T
consist of parts unrelated to the moderator M, i.e., al’, p, and c1’ and parts that depend on M via

weights By, Bz, and Byc. The loadings of the paths unique to T consist of parts that are unrelated to M,

i.e., a2, e2 and c2, and parts that depend on M via weights By, B, and Byu.
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Table 1. Study sample size stratified by maternal/paternal kinship

Mother-child extended families (N = 16408)

Study sample size stratified by mothers’ relatedness rA n
Identical twin pair 1.0 57
Full-sibling/fraternal twin pair .50 4963
Half-sibling pair .25 362
Unrelated (sibling-in-law) pair .00 11026
Number of offspring pairs linked to each mother rA n
Full-sibling pair .50 4346
Maternal half-sibling pair .25 32
Unpaired (single) offspring --- 16692
Number of offspring pairs linked to each mother in unpaired nuclear families rA n
Identical twin pair 1.0 167
Full-sibling/fraternal twin pair .50 6859
Maternal half-sibling pair .25 56
Father-child extended families (N = 16455)

Study sample size stratified by fathers’ relatedness rA n
Identical twin pair 1.0 23
Full-sibling/fraternal twin pair .50 3464
Half-sibling pair .25 164
Unrelated (sibling-in-law) pair .00 12804
Number of offspring pairs linked to each father rA n
Full-sibling pair .50 4299
Paternal half-sibling pair .25 16
Unpaired (single) offspring --- 16845
Number of offspring pairs linked to each father in unpaired nuclear families rA n
Identical twin pair 1.0 167
Full-sibling/fraternal twin pair .50 6859
Paternal half-sibling pair .25 0

Emotional symptoms

Lower levels of maternal income and education were associated with greater variation in child
emotional symptoms (Figure 2a and Figure 2b, respectively). Figure 2a suggests genetic
influences on child emotional symptoms (A1’ and A2 variance components) and shared
environmental influences unique to child emotional outcomes (C2 variance component) were
greater at lower versus higher levels of maternal income. Although moderation terms could
not all be dropped from the model without a significant loss of model fit (Table S2), no single
variance component for emotional outcomes appeared significantly moderated by maternal

income when confidence intervals around the moderation terms were inspected (see
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Supplementary Table S3). Figure 2b suggests moderation effects on the A1’ and C2 variance
components, such that genetic factors common to maternal education and child emotional
outcomes (Al1’), and shared environmental influences unique to child emotional outcomes
(C2), were greater at lower levels of maternal education. Examination of the confidence
intervals around the moderation parameter estimates from the full model showed significant
moderation on the shared environmental component unique to child emotional outcomes
(C2) as a function of maternal education (By. = -0.06, 95% Cl [-0.10, -0.01]; Supplementary
Table S3).

Behavioural symptoms

Total phenotypic variation in child behavioural symptoms was stable across levels of maternal
income (Figure 3a) and education (Figure 3b). Figure’s 3a and 3b suggest however that genetic
influences common to maternal socioeconomic factors and child behavioural outcomes (A1’)
were greater at lower levels of maternal income and education, whereas nonshared
environmental factors (E2) showed a stronger influence on child behavioural outcomes with
increasing maternal income and education. Examination of the confidence intervals around
the moderation terms from the full model showed significant moderation on the shared
genetic component (A1’; Bx = 0.06, 95% CI [0.01, 0.09]) and the nonshared environmental
component unique to child emotional outcomes (E2; B.. = 0.06, 95% Cl [0.02, 0.09]) as a
function of maternal income (Supplementary Table S3). Significant moderation was observed
on the nonshared environmental component (E2) as a function of maternal education (B =

0.06, 95% CI [0.02, 0.08]; Supplementary Table S3).

2.4.2.2, Moderation of offspring mental health outcomes by paternal
socioeconomic factors

Overall model fit

Four moderation MCoTS models were applied to test whether the aetiology of child emotional
and behavioural symptoms were moderated by two paternal exposures: income and
educational attainment. Dropping all moderation parameters resulted in a significant

decrease in fit compared to the full models for child emotional and behavioural symptoms
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(Table S4). Moderated parameter estimates from the full moderation model are presented in

Supplementary Table S5.

Emotional symptoms

Total phenotypic variance in child emotional symptoms was greater at low versus high levels
of paternal income (Figure 4a) and education (Figure 4b). Figure 4a suggests that shared (C2)
and non-shared environmental influences (E2) unique to child emotional outcomes were
greater at lower income levels, whereas genetic influences unique to child emotional
outcomes (A2) increased with increasing paternal income. Although moderation terms could
not all be dropped from the model without a significant loss of model fit (Table S3), confidence
intervals around the moderation terms did not highlight any single variance component as
significantly moderated by paternal income (Supplementary Table S5). Figure 4b suggests
moderation of the shared environmental variance unique to child emotional outcomes (C2),
which was greater at lower versus higher levels of paternal education. Examination of the
confidence intervals around the moderation parameter estimates from the full model showed
significant moderation on the shared environmental component unique to child emotional
outcomes (C2) as a function of paternal education (By. = -0.05, 95% CI [-0.07, -0.02];

Supplementary Table S5).

Behavioural symptoms

No significant moderation effects of paternal socioeconomic factors were found for child

behavioural symptoms (Table S4).
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(a) (b)

Figure 2. Unstandardised variance components in child emotional problems moderated by

maternal income rank (a) and educational attainment (b)

(a) (b)

Figure 3. Unstandardised variance components in child behavioural problems moderated by

maternal income rank (a) and education attainment (b)
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(a) (b)

Figure 4. Unstandardised variance components in child emotional problems moderated by

paternal income rank (a) and educational attainment (b).

(a) (b)

Figure 5. Unstandardised variance components in child behavioural problems moderated by

paternal income rank (a) and educational attainment (b).
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2.5. Discussion

We examined whether parental socioeconomic factors significantly moderated aetiological
influences on child emotional and behavioural symptoms (GXE). In contrast to previous
studies, we were able to model gene-environment correlation (rGE) and GxE simultaneously.
Using extended family units, we were able to estimate the aetiological structure of
socioeconomic factors and thus the genetic and environmental covariance between parents’
socioeconomic factors and child outcomes. This allowed us to investigate whether family SES
moderates the influence of genetic and environmental influences unique to child emotional
and behavioural problems, as well as any genetic and environmental influences shared with

parental socioeconomic factors.

We found evidence that shared environmental influences unique to child emotional
symptoms (C2) were higher at lower levels of maternal and paternal educational attainment.
Thus, shared environmental influences explained greater variance in emotional symptoms for
children in more socioeconomically disadvantaged circumstances. This is consistent with
previous evidence indicating that shared environmental influences on child emotional
problems have a greater influence among children from families with lower SES (Middeldorp
et al.,, 2014). In contrast to prior studies, we did not observe significant moderation on shared
environmental influences specific to child behavioural symptoms (Burt et al., 2016, 2020;
Hendriks et al., 2019; Middeldorp et al., 2014; Tuvblad et al., 2006). Discrepancies could in
part reflect the different measures used to index family SES. In this study, we used individual-
level national register data to obtain independent information on both maternal and paternal
income levels and educational attainment. In contrast, past research used either measures of
neighbourhood-level disadvantage (Burt et al., 2016, 2020) or self-report data on parents’
educational attainment and occupational status, and did not distinguish paternal from
maternal socioeconomic indicators (Hendriks et al., 2019; Middeldorp et al., 2014; Tuvblad et
al., 2006). Reporting and response biases have been shown to affect the validity of self-report
measures of SES, leading to difficulties with comparisons between studies (Angel et al., 2019;
Duncan & Magnuson, 2003; Lorant et al., 2007; Moore et al., 2000). Differences between
study samples, such as sample age (e.g., child outcomes assessed in early childhood versus

middle childhood/adolescence) and that samples were drawn from different populations
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(e.g., Norway versus the USA), could also contribute to differences in the pattern of interaction

effects detected.

We also found evidence that genetic influences on child behavioural symptoms that are
shared with maternal income (A1’) were greater at lower levels of income. Thus, these shared
genetic factors explained more of the variance in child behavioural symptoms for families at
this end of the socioeconomic distribution. This finding appears to support the diathesis stress
framework (Monroe & Simons, 1991), which suggests that genetic differences in behavioural
outcomes manifest in poorer environments. In turn, the influence of the non-shared
environment on child behavioural outcomes increased with increasing maternal income and
educational attainment. This is consistent with previous evidence demonstrating that non-
shared influences explained more of the variance in behavioural problems in children from
families with higher parental educational attainment (Hendriks et al., 2019). Our finding that
shared genetic factors explained greater variation in behavioural symptoms for children in
lower SES families is in contrast with those of prior twin studies that reported lower
heritability of behavioural problems for children in less advantaged environments (Burt et al.,
2016; Hendriks et al., 2019; Middeldorp et al., 2014; Tuvblad et al., 2006). It is possible that
previous studies have not detected increased genetic influences on child psychopathology at
lower ends of the socioeconomic distribution, because the genetic effects are shared between
parent SES and child psychopathology. Previous studies have regressed out this covariance
and only tested for GXE on the variance that is unique to the child trait (Burt et al., 2016, 2020;
Middeldorp et al., 2014; Purcell, 2002; Tuvblad et al., 2006). Our findings suggest that this may
have biased findings in previous studies. In the current study, our ability to model the
covariance between socioeconomic factors and child outcomes revealed that heritability was
higher at lower levels of maternal income/education. This increased heritability was driven by
genetic variance shared between maternal SES indicators and child behavioural outcomes that
would have been regressed out of previous analyses. To our knowledge, ours is the first GxE
study to incorporate moderation of the genetic variance that is shared between family SES

and child mental health.

A possible interpretation of the finding that aetiological influences on child behavioural

outcomes were moderated by maternal, but not paternal, socioeconomic indicators is that
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these indicators could partly be reflective of individual traits of the parents and may affect
child behaviour via different pathways. The correlation between maternal and paternal
income was low (r = .07) and given that mothers still tend to take on the majority of child
caregiving duties (Astrid, 2020; Dietrichson, 2017), low income for many mothers in this
sample may indicate someone who is taking on the majority of the childcare but may not be
materially poor. Future work disentangling the respective contributions of different
socioeconomic indicators would improve our understanding of the mechanisms underlying
intergenerational associations between family SES and child mental health. While we
modelled mothers and fathers separately, future analyses could also seek to model them
simultaneously as an overall measure of family SES and investigate whether moderation

effects differ between individual and composite measures of SES.

2.5.1. Limitations

There are some limitations to our study. First, income inequality in Norway is low relative to
many other countries (UNICEF, 2017), so findings from this sample may not generalise to
countries with greater economic disparity. Second, participation in MoBa is characterised by
self-selection. MoBa participants have been found to have a higher educational attainment
and experience lower levels of mental health problems compared to those who did not
participate, which may affect generalisability of our findings (R. M. Nilsen et al., 2009)
However, studies suggest that reduced prevalence rates in MoBa do not necessarily lead to
biases in estimates of associations between exposures and outcomes (R. M. Nilsen et al.,
2009; Oerbeck et al., 2017). Third, the current results should be considered specific to early
childhood. Time-specific associations between family SES and trajectories of emotional and
behavioural problems have been reported (Miller et al., 2021). In addition, developmental
differences in moderation could be expected given that the aetiology of mental health
problems changes across development (Hannigan et al., 2017). Last, although the phenotypic
associations between parental socioeconomic factors and child emotional and behavioural
outcomes were in the expected direction, they were very small (r from -0.04 to -0.11).
However, estimates were in line with those reported in previous studies (Burt et al., 2016,

2020; Tuvblad et al., 2006) and the presence of small phenotypic associations between the
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moderator and outcome has no bearing on the extent of aetiologic moderation (van der Sluis

et al., 2012).

2.6. Conclusion

This study uses a novel genetically informative research design in a large population-based
sample. We test for gene-environment interaction (GxE) in the presence of gene-environment
correlation (rGE) for environmental moderators that are necessarily shared between children
growing up in the same family. We provide evidence that family socioeconomic factors
moderate the influence of familial and non-shared environmental influences on child
emotional and behaviour problems. This is the first study to demonstrate moderation of
genetic variance that is shared between family SES and child mental health. Our findings
indicate that the presence and pattern of moderation effects varies depending on the measure
used to index family SES. Future studies may next consider using similar large-scale,
genetically informative data to explore how the dynamics of different measures of the family
socioeconomic environment relate to trajectories of aetiologic moderation on emotional and

behavioural problems across child developmental periods.
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3. Associations between socioeconomic factors and depression in

Sri Lanka: The role of gene-environment interplay

This chapter is adapted from a manuscript that has been accepted for publication in the
Journal of Affective disorders. Supplementary materials for this chapter, as detailed in the

text, are included in Appendix B.

Badini, I., Jayaweera, K., Pannala, G., Adikari, A., Siribaddana, S., Sumathipala, A., McAdam:s,
T. A., Harber-Aschan, L., Hotopf, M., Rijsdijk, F. V., & Zavos, H. M. S. (2023). Associations
between socioeconomic factors and depression in Sri Lanka: The role of gene-environment

interplay. Journal of Affective Disorders. https://doi.org/10.1016/j.jad.2023.07.084
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3.1. Abstract

Background: Low socioeconomic status is a risk factor for depression. The nature and
magnitude of associations can differ cross-culturally and is influenced by a range of contextual
factors. We examined the aetiology of socioeconomic indicators and depression symptoms
and investigated whether socioeconomic indicators moderate genetic and environmental

influences on depression symptoms in a Sri Lankan population.

Methods: Data were from a population-based sample of twins (N = 2934) and singletons (N =
1035) in Colombo, Sri Lanka. Standard of living, educational attainment, and financial strain
were used to index socioeconomic status. Depression symptoms were assessed using the
Revised Beck Depression Inventory. Structural equation modelling explored genetic and
environmental influences on socioeconomic indicators and depression symptoms and

moderation of aetiological influences on depression symptoms by socioeconomic status.

Results: Depression symptoms were associated with lower standard of living, lower
educational attainment, and financial strain. Sex differences were evident in the aetiology of
standard of living, with a small contribution of genetic influences in females. Educational
attainment was moderately heritable in both males and females. Total variance in depression
was greater among less socioeconomically advantaged individuals. Modest evidence of

moderation of the aetiology of depression by standard of living and education was observed.

Limitations: While the sample is representative of individuals living in Colombo District, it may

not be representative of different regions of Sri Lanka.

Conclusions: The aetiology of depression varies across socioeconomic contexts, suggesting a
potential mechanism through which socioeconomic disadvantage increases the risk for
depression in Sri Lanka. Findings have implications for cross-cultural investigations of the role

of socioeconomic factors in depression and for identifying targets for social interventions.
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3.2. Introduction

Major depression is highly prevalent and a leading cause of global disability (World Health
Organization, 2017). The rising burden of depression worldwide disproportionately affects
low- and middle-income countries (LMIC), where more than 80% of this disease burden is
among people living in these countries (World Health Organization, 2017). Socioeconomic
status (SES) is considered a key social determinant of depression (Maselko, 2017). In LMIC,
household assets, educational attainment, and financial strain are commonly used to capture
SES as these are considered most relevant to the processes of social stratification (Howe et
al., 2012). Using these indicators, epidemiological studies in LMIC have shown that lower SES
is associated with increased rates of depression (Lund and Cois, 2018; Maselko et al., 2017).
However, although the greatest health disparities are observed in LMIC, little research has
been conducted in these setting, instead it is focused on high-income countries (Polderman
et al., 2015; Saxena et al., 2006). Reducing this burden requires a better understanding of the
causal relationships underlying the observed association between socioeconomically

disadvantaged circumstances and depression.

Two principal pathways are thought to underlie the observed associations between SES and
mental health outcomes; social causation and social selection (Dohrenwend et al., 1992). The
social causation hypothesis posits that exposure to the adverse social and economic
conditions associated with lower SES (such as poor environmental conditions, material and
social deprivation, and increased exposure to adverse and stressful life events) increases the
risk for mental health conditions. The social selection hypothesis suggests that individuals
with mental health disorders are more likely to drift into or remain in lower SES levels due to
disability, reduced economic productivity, loss of employment, increased health expenditure,
and stigma as a result of their illness. A recent longitudinal study in a nationally representative
sample from South Africa found evidence for a reciprocal relationship between SES and
depression, suggesting social causation and social selection act simultaneously to reinforce

cycles of socioeconomic disadvantage and depression (Lund and Cois, 2018).

Associations between socioeconomic factors and depression could also arise because they

share common causes. Genetic influences have been shown to be associated with
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environmental exposures (Kendler and Baker, 2007). This is known as gene-environment
correlation (rGE) and describes genetically influenced behaviour which can influence
individuals’ exposure to certain environments. Genetically informative research has provided
evidence for significant genetic influence on depression (Sullivan et al., 2000) and indicators
of SES (Ball et al., 2010; Hill et al., 2019; Rimfeld et al., 2018). If there is an overlap in the
genetic factors associated with these traits, then part of the link between them could be
explained by common genetic influences. Research has provided evidence for genetic overlap
between socioeconomic indicators and depression (Hill et al., 2019), suggesting that part of
the link between them could be explained by common genetic influences. These findings
could be taken as support for the social selection hypothesis, in which affected individuals
may be more likely to drift into or remain at lower SES levels, at least in part, based on

genetically influenced traits and behaviours related to depression.

Socioeconomic conditions may also affect the relative importance of genetic and
environmental influences on depression within a population. This is known as gene-
environment interaction (GxE) and reflects a form of social causation whereby aetiological
influences on a trait are moderated by context (Rutter et al., 2006). One study investigating
GxE in depression in twins in the United States found non-shared environmental influences
on internalising symptoms to be greater at lower levels of income (South and Krueger, 2011).
This suggests that in environments with greater adversity, genetic effects on depression may
be masked. This would lead to genetic effects being more clearly detected in enriched
environments. In the context of HIC and LMIC, this would suggest that genetic effects would
be easier to detect in HIC compared to LMIC. However, in another study, based in the United
States, higher levels neighbourhood socioeconomic disadvantage were associated with
greater genetic influences (Strachan et al., 2017). To date, genetically informative research has
been largely restricted to high-income populations (Polderman et al., 2015). Bias towards
Western populations is problematic because estimates of genetic and environmental sources
of individual differences are specific to a population at a particular time. Studies conducted in
different countries show modest evidence of differences in aetiology of depression, however,
to date there has been no study which directly addresses cross-country variability by
comparing different heritability estimates across multiple cohorts in different countries (Ball

et al., 2009; Hur, 2008; Sullivan et al., 2000; Zavos et al., 2020).
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Given the increased levels of socioeconomic disadvantage and disease burden in LMIC, further
exploration is needed to understand individual differences in socioeconomic variables and
their influence on depression. Here, we focus on Sri Lanka due to the under-representation of
the Global South in genetically informed research and the opportunity presented by an
existing twin study in the Colombo District. Sri Lanka serves a distinctive context for
population mental health research due to its exposure to a major tsunami in 2004 and a
prolonged civil war from 1983 to 2009. These events, tied to ethnic divisions and economic
instability, were pervasive stressors impacting mental health at the population level.
Examining the influence of socioeconomic factors on depression in Sri Lanka allows for the

development of interventions mindful of the local and/or regional context.

In a population-based sample of Sri Lankan twins and singletons, we investigated (1)
associations between socioeconomic indicators and depression symptoms; (2) the role of
gene-environment correlation (rGE) in indicators of SES, if significant genetic influences on SES
are observed, then this could reflect a form of social selection; and (3) whether socioeconomic
indicators moderate the genetic and environmental influences on depression symptoms
(GxE). If a significant interaction between socio-economic indicators and genetic influences
on depression are observed, then this could reflect a form of social causation whereby certain

socioeconomic contexts moderate aetiological influences on susceptibility to depression.

3.3. Methods
3.3.1. Sample

The Colombo Twin and Singleton Study (CoTASS) is a population-based study that took place
between 2005-2007 in Colombo, Sri Lanka, including 4,009 twins (of which 1,954 were
identified as complete twin pairs) and 2,019 singletons (Siribaddana et al., 2008). The initial
participation rate was 91% among eligible twins and 87% among singletons. This study uses
data from COTASS-2, a follow-up study conducted between 2012-2015. In COTASS-2,
guestionnaire data was available from 3934 twins (N = 2899) and singletons (N = 1035),
comprising 76.4% of the original COTASS-1 sample (Jayaweera et al., 2018). The sample were

57.6% female, and the mean age was 42.8 years. Written informed consent was obtained from
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all participants. Participants were offered 750 LKR (approximately £3.50) upon completion of
one or more study components to compensate for time and inconvenience. Full details of the
COTASS-2 study are described in Jayaweera et al. (2018). The study received ethical approval
from the Faculty of Medical Sciences University of Sri Jayewardenepura Ethical Review
Committee (USJP ERC; reference number: 596/11) and from the Psychiatric, Nursing and
Midwifery Research Ethics Subcommittee, King’s College London, UK (reference number:

PNM/10/11-124).
3.3.2. Interview measures

Questionnaire data were collected by trained field research assistants. Interviews lasted 1-2
hours and were typically conducted in participants’ homes. Questionnaires were translated
into Sinhalese by a panel of health professionals fluent in both Sinhala and English.
Translations were cross-culturally adapted in wording to best describe questionnaires in their

meaning (Sumathipala and Murray, 2000).

3.3.2.1. Socioeconomic status (SES) indicators

Standard of living. Questionnaire items relating to housing conditions, ownership of
household appliances and access to transport were used to index standard of living (see
Supplementary Table S1). Composite standard of living scores were created by taking the sum
of the items. Scores ranged between 1 to 17, with higher values indexing higher standard of

living.

Educational attainment. Participants were asked to report their level of educational

attainment. Response values ranged from 0 (no education) to 6 (university or higher).

Financial strain. To measure financial strain, participants were asked “how well do you feel

you are managing financially these days?”. Response options were based on a five-point scale

ranging from “finding it very difficult to make ends meet” to “living comfortably”.
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3.3.2.2. Depression symptoms

The Revised Beck Depression Inventory (BDI-II) was used to measure depression symptoms
and severity in the past two weeks (Beck et al., 1996). The BDI-Il is a self-report questionnaire
consisting of 21 items. For each item, four response options arranged in increasing severity
are presented on a 4-point scale (0-3). Item-level scores were summed to create a composite
score. Higher total scores indicated greater severity of depression symptoms. The BDI-ll is a
reliable measure of depression and has been previously validated in the Sri Lankan population

(Rodrigo et al., 2015).

3.3.2.3. Zygosity

Zygosity was ascertained in CoTASS-1 using a self-report questionnaire measure of similarity
(Siribaddana et al., 2008). If zygosity was missing in CoTASS-1, it was replaced with zygosity
information collected using the same measure in CoTASS-2 (n = 88). Zygosity characteristics
are in line with the usual distribution seen in population studies, with slightly more MZ versus

DZ twin pairs, and opposite sex pairs being the largest group (Jayaweera et al., 2018).

3.3.3. Statistical analysis

We conducted a series of analyses to obtain the following estimates: (1) associations between
SES indicators and depression symptoms; (2) estimates from univariate twin analyses; (3)
estimates from biometric bivariate moderation (GxE) analyses. All analyses were conducted

in Rv.4.0.2 (https://www.R-project.org/; R Core Team, 2020).

3.3.3.1. Phenotypic associations

Linear regression analyses were performed to assess phenotypic associations between
sociodemographic variables, SES indicators, and depression symptoms. Analyses were

clustered using the ‘Im.cluster’ function in the ‘miceadds’ package (https://CRAN.R-

project.org/package=miceadds) (Robitzsh and Grund, 2021) which returns clustered standard

errors to account for the non-independence of twins in the sample.
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3.3.3.2. Twin model fitting

Twin design

The twin design compares intra-class correlations of identical (monozygotic, MZ) and non-
identical (dizygotic, DZ) twin pairs to estimate the contribution of genetic and environmental
factors to observed phenotypic variance in a trait and/or covariance between traits (Rijsdijk
and Sham, 2002). The classical twin method is based on the following assumptions: (1) MZ
twins share 100% of their genes and DZ twins share on average 50% of their segregating genes
(i.e., genes that differ between individuals); (2) MZ and DZ twin pairs share environmental
influences common to both twins in the same family to the same extent (‘shared
environment’); and (3) MZ and DZ twin pairs differ from one another due to exposure to
environmental factors which are unique to the individual (‘non-shared environment’). The
twin model attributes the similarity of reared-together twins to additive genetic (A) factors
and shared environmental (C) factors that are common to both twins in the same family. The
correlation between twins’ shared environment is assumed to be 1 for both MZ and DZ pairs.
The differences between MZ and DZ twin pairs is attributed to non-shared environmental
influences (E) which are unique to the individual. By comparing differences in correlations
between MZ and DZ twin pairs and linking these back to the model of the expected
correlations (A+C for MZ pairs and 0.5A+C for DZ pairs), it is possible to establish the role of
genetic and environmental influences. If MZ twins are more correlated on a trait than DZ
twins, then genetic influences are assumed. Shared environmental influences are assumed if
the DZ twin correlation is greater than half of MZ twin pairs. The extent to which MZ twins

differ on a trait indicates non-shared environmental influences and measurement error.

Univariate ACE models

Structural equation model-fitting analyses were performed to estimate the relative

contribution of additive genetic (A), shared environment (C), and non-shared environment (E)

factors to the variation in SES indicators and depression symptoms. First, a heterogeneity ACE

model was fit to the data in which the A, C and E parameters are estimated separately for
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males and females allowing for quantitative sex differences. To test for variance differences
between males and females, a scalar effects model was then performed, which allows only
phenotypic variance differences between males and females but equates A, C and E in males
and females. Last, a homogeneity model was fitted, in which scalar effects were dropped and
all parameters were held equal for males and females. The relative fit of models allowing for
different types of sex differences (i.e., quantitative and variance differences between the

sexes) and no sex differences were compared to assess which model best describes the data.

Biometric moderation (GxE) models

Bivariate biometric moderation models (Purcell, 2002) were used to investigate whether SES
indicators moderate the aetiology of depression. Modelling of biometric moderation in a
structural equation framework allows for different ACE estimates for subgroups in the
population with a certain standing on a moderator variable (Purcell, 2002; van der Sluis et al.,
2012) (Figure 1). This model is an extension of a bivariate decomposition in which the variance
in two variables, and the covariance between them, is partitioned into genetic, shared
environmental and non-shared environmental effects. In the moderation model, the
moderation effects are modelled directly on the path loadings of the ACE variance
components unique to the trait, as well as the variance components shared between the trait
and moderator (Figure 1). As such, it is possible to simultaneously model: (1) shared genetic
and environmental effects between the moderator and trait, (2) the moderation of the genetic
and environmental variance components shared between the moderator and trait, and (3)
the moderation of the variance components unique to the trait. To test for the significance of
moderation, we compared each full moderation model with a no-moderation model, in which
all moderation parameters were dropped (bac, bec, bec, bau, bew and bey constrained to zero). We
then tested whether moderation on the individual ACE variance components was significant
by examining the 95% confidence intervals (Cl) around the moderated parameters from the
full model. We did not fit constrained sub models to test for the significance of individual
moderated parameters because omission of moderation effects by fixing them to 0 can bias
estimation of parameters (e.g., dropping Bc can inflate Ra, and there are issues of specificity

in distinguishing between RBa and Rc) (Van Hulle and Rathouz, 2015).
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All SEM analyses were conducted using the open-source package OpenMx (Neale et al., 2016).
OpenMx uses full-information maximume-likelihood to estimate model parameters. Study
variables were age (in years) and sex corrected prior to model fitting and standardised
residuals were used. The residual score for depression symptoms was log transformed to
reduce positive skew. Models were fitted using full-information maximum-likelihood
estimation and compared using likelihood ratio testing (differences in -2 Log-likelihood and
associated degrees of freedom, which is x? distributed) and the Akaike’s Information Criterion

(AIC) (Akaike, 1987).
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Figure 1. Bivariate moderation model shown for only one member of a twin pair as proposed by Purcell
(2002). Ac, Cc and Ec are the variance components common to the moderator and the trait. Au, Cu,
and Eu are the variance components unique to the trait. Path loadings for the moderator are denoted
by am, cm, and em. The cross-paths connecting the moderator to the trait consist of loadings that are
unrelated to the moderator: a., c,, and e;, and cross-loadings that depend on the moderator via
weights: bac, bee, and bec. The path loadings unique to the trait consist of elements unrelated to the
moderator ay, ¢y, and e, and elements that depend on the moderator via weights bay, bcy, and beu. b
coefficients index the direction and magnitude of moderation. The total variance of the trait can be
calculated as follows: Var(T|M) = (ac + bacM)? + (au + bauM)? + (cc+ becM)? + (cu + bauM)? + (ec + becM)? +
(ey+ beuM)?.

3.4. Results

3.4.1. Associations between SES indicators, sociodemographic characteristics and

depression symptoms

Adjusted associations between sociodemographic variables and SES indicators are shown in
Table 1 (see Supplementary Table S2 for unadjusted b coefficients). Females reported lower
levels of standard of living and financial strain compared to males. Older age and being from
a minority ethnic group (Tamil or Muslim) was associated with lower educational attainment.
Those who had been previously married reported lower educational attainment compared to
married individuals. Living in non-urban areas was associated with lower standard of living

and higher financial strain. The indicators of SES were associated with one another
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(Supplementary Table S2), and associations remained significant after adjustment for other

sociodemographic factors (Table 1).

The mean score of BDI-Il depression symptoms reported in the current sample was 4.86.
Higher depression scores were observed in females compared to males (b =1.48,95% CI [1.08,
1.88]). Higher depression scores were significantly associated with lower standard of living,
lower educational attainment, and financial strain (Table S3). These associations remained

significant after adjusting for sex and age (Table S3).

3.4.2. Univariate ACE model fitting

Twin correlations and ACE parameter estimates from the best-fitting models are presented in
Table 2. Fit statistics from the univariate ACE model-fitting analyses are shown in
Supplementary Table S4. Significant genetic influences were observed for standard of living in
females, and for educational attainment in both males and females. Moderate shared and
non-shared environmental influences were also apparent for both standard of living and
educational attainment. Twin correlations for financial strain were higher in male DZs
compared to MZs and the univariate ACE model did not fit the data, suggesting that this
variable will not conform to any genetic model. We therefore did not pursue further biometric
model fitting with this variable. Variance in depression was explained by genetic and non-

shared environmental influences.

3.4.3. Biometric moderation (GxE) model fitting

Bivariate biometric moderation models were applied to test whether the aetiology of
depression symptoms was moderated by (1) standard of living or (2) educational attainment.
Scalar sex differences for depression symptoms were modelled. We did not examine whether
standard of living moderated the aetiology of depression symptoms separately for males and
females due to limited sample size. We observed significant moderation as a function of each
SES indicator (Table S5), however, could not determine whether this was due to genetic or
environmental moderation. Moderated parameter estimates derived from each of the full

moderation models are shown in Table 3.
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Table 1. Associations between socioeconomic status indicators and sociodemographic

characteristics.

Standard of living Educational Financial strain
attainment

N Adjusted b Adjusted b Adjusted b

Sex

Male (ref) 1681
(42.4%)

Female 2288 -0.10 (-0.15, -0.04)**  0.11 (0.06, 0.17)** -0.07 (-0.13, -0.01)*
(57.6%)

Age

19-29 (ref) 853
(21.5%)

30-39 1012 0.00 (-0.09, -0.10) -0.26 (-0.35,-0.17)**  -0.02 (-0.11, 0.08)
(25.5%)

40-49 825 0.15 (0.05, 0.25)** -0.42 (-0.51,-0.32)**  -0.14(-0.25, -0.03)*
(20.8%)

50-59 665 0.23(0.12, 0.34)** -0.53 (-0.63, -0.43)**  -0.07 (-0.18, 0.04)
(16.8%)

60-69 376 0.22 (0.10, 0.35)** -0.59 (-0.71, -0.48)**  -0.12(-0.26, 0.01)
(9.5%)

>70 203 0.22 (0.04, 0.40)* -0.63 (-0.79,-0.47)**  0.13 (-0.04, 0.31)
(5.1%)

Ethnicity

Sinhala (ref) 3647
(91.9%)

Tamil 120 -0.22 (-0.44, -0.00) -0.24 (-0.44, -0.04)* -0.02 (-0.23, 0.19)
(3.0%)

Muslim 150 0.26 (0.11, 0.40)** -0.49 (-0.61,-0.36)**  0.01(-0.13, 0.15)
(3.8%)

Other Minority 16 0.38(0.15, 0.61)** -0.16 (-0.56, 0.24) -0.41 (-0.91, 0.09)
(0.4%)

Marital Status

Married (ref) 2838
(71.5%)

Previously 329 -0.05 (-0.17, 0.06) -0.21 (-0.32,-0.11)**  -0.09 (-0.22, 0.05)

Married (8.3%)

Never Married 763 -0.01 (-0.10, 0.09) 0.17 (0.08, 0.25)** 0.01 (-0.09, 0.10)
(19.2%)

Urbanicity
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Urban (ref)

Rural

Mixed

Outside
Colombo
Standard of
Living
Mean (SD)

Educational
attainment
No education
(ref)

Grade 1-5

Grade 6 0/Ls
Passed O/Ls
Up to/

passed A/Ls

University
/higher

Financial Strain
Very difficult to

make ends
meet (ref)
Difficult to
make ends
meet

Just about
getting by
Doing alright

Living
comfortably

2390
(60.2%)
532
(13.4%)
826
(20.8%)
221
(5.6%)

14.1
(2.64)

47
(1.2%)
274
(6.9%)
1757
(44.3%)
632
(15.9%)
929
(23.4%)
276
(7.0%)

121
(3.0%)

284
(7.2%)

547
(13.8%)
2616
(65.9%)
365
(9.2%)

-0.29 (-0.38, -0.21)**

-0.15 (-0.22, -0.08)**

-0.21 (-0.33,-0.10)**

0.10 (-0.31, 0.51)

0.47 (0.07, 0.86)*

0.91 (0.51, 1.31)**

1.19 (0.79, 1.59)**

1.51(1.10, 1.91)**

0.50(0.25, 0.76)**

0.62 (0.37,0.87)**

1.01(0.77, 1.24)**

1.45 (1.20, 1.70)**

-0.02 (-0.12, 0.07)

-0.11 (-0.18, -0.04)**

0.17 (0.05, 0.29)**

0.15 (0.14, 0.16)**

0.01 (-0.15, 0.18)

0.05(-0.11, 0.21)

0.24 (0.08, 0.39)

0.54 (0.36, 0.72)**

0.31(0.23, 0.39)**

0.22 (0.14, 0.29)**

-0.03 (-0.17, 0.11)

0.12 (0.11, 0.14)**

-0.22 (-0.59, 0.16)

0.02 (-0.33, 0.36)

0.25 (-0.10, 0.61)

0.29 (-0.06, 0.64)

0.30(-0.07, 0.66)

Note. Linear regressions were conducted using standardised outcome variables and clustered standard

errors to account for non-independence of twins in the sample. Adjusted b coefficients were calculated

after including all other socio-demographic variables in the table.
*p <0.05; **p <0.01
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Table 2. Twin correlations and univariate ACE estimates for standard of living,

educational attainment, financial strain, and depression.

Standard of living

Educational
attainment

Financial strain

Depression

MZM
DZM
MZF
DZF
Dz0S

0.65 (0.58, 0.71)
0.67 (0.57, 0.74)
0.63 (0.57, 0.68)
0.56 (0.46, 0.63)
0.50 (0.41, 0.57)

0.68 (0.61, 0.73)
0.58 (0.47, 0.67)
0.74 (0.70, 0.78)
0.54 (0.45, 0.62)
0.47 (0.39, 0.54)

0.38(0.25, 0.48)
0.69 (0.59, 0.75)
0.50(0.42,0.57)
0.40 (0.29, 0.50)
0.39(0.28, 0.48)

0.28 (0.13, 0.40)
0.23 (0.07, 0.37)
0.36 (0.26, 0.46)
0.21 (0.07, 0.34)
0.12 (0.01, 0.22)

A

c

E

Standard of living
Male
Female
Educational
attainment
Depression

0.03 (0.00, 0.10)
0.18 (0.03, 0.36)
0.40 (0.28, 0.52)

0.32 (0.13, 0.40)

0.63 (0.55, 0.70)
0.46 (0.29, 0.59)
0.32(0.20, 0.42)

0.01 (0.00, 0.18)

0.34 (0.29, 0.40)
0.37(0.32, 0.43)
0.28 (0.25, 0.32)

0.67 (0.60, 0.76)

Note. MZM = monozygotic male, DZM = dizygotic male, MZF = monozygotic female, DZF = dizygotic
female, DZOS = dizygotic opposite sex. A = additive genetic, C = shared environmental, and E = non-
shared environmental influences.

Table 3. Genetic and environmental parameter estimates for depression moderated by
standard of living and educational attainment.

Standard of living

Educational attainment

Parameter
bau 0.01 (-0.05, 0.06) -0.04 (-0.09, 0.01)
bac -0.01 (-0.10, 0.07) -0.02 (-0.08, 0.05)
bcu -0.15 (-0.23, 0.23) 0.09 (-0.20, 0.20)
bcc 0.00 (-0.06, 0.06) -0.02 (-0.09, 0.05)
beu -0.04 (-0.08, 0.00) -0.02 (-0.06, 0.01)
bec 0.02 (-0.02, 0.06) 0.04 (0.00, 0.09)

Note. Parameter estimates are derived from the full moderation (GxE) model. bau, bcu, and beu
are the moderated genetic, shared environmental, and non-shared environmental path
coefficients unique to depression symptoms. bac, bcc, and bec are the moderated genetic, shared
environmental, and non-shared environmental path coefficients common to the moderator (i.e.,
standard of living or educational attainment) and depression symptoms.

3.4.4. Depression symptoms moderated by standard of living

Figure 2a shows the unstandardised variance in depression symptoms moderated by standard
of living. Lower standard of living was associated with greater variance in depression

symptoms compared to higher levels of standard of living. Dropping moderation parameters
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resulted in a significant decrease in fit compared to the full moderation model (Table S5).
Figure 2a suggests that genetic influences unique to depression symptoms increased with
higher standard of living. Shared and non-shared environmental influences unique to
depression were greater at lower standard of living. However, no single variance component
appeared significantly moderated by standard of living when confidence intervals around the

moderation terms were inspected (Table 3).
3.4.5. Depression symptoms moderated by educational attainment

Figure 2b shows the unstandardised variance in depression symptoms moderated by
educational attainment. Total variance in depression symptoms was greater at lower levels of
educational attainment. Dropping all moderation parameters resulted in a significant
decrease in fit compared to the full moderation model (Table S5). Figure 2b suggests that
geneticinfluences unique to depression symptoms were lower at high, compared to low levels
of educational attainment. Environmental influences unique to depression symptoms do not
appear to vary greatly as a function of educational attainment. However, this should be
considered indicative as confidence intervals indicated that no individual variance component

was significantly moderated by educational attainment (Table 3).
3.4.6. Post-hoc analyses

Post-hoc model fitting analyses were performed to assess the moderating effects of SES
indicators on (1) the ACE variance components shared between depression and each SES
indicator (bac, bcc and bec constrained to zero), and (2) the variance components unique to
depression symptoms (bay, bcu and bey constrained to zero). Results showed that the
moderated ACE variance components unique to depression symptoms could not be dropped
without a significant worsening of fit to the data compared with the full moderation models
(Table S5). This suggests presence of moderation on the variance components unique to
depression and is consistent with the moderation effects observed in Figure 2. No individual
variance component appeared significantly moderated by standard of living or educational
attainment when confidence intervals around the moderation terms were inspected. Further,
post-hoc phenotypic moderation model fitting analyses were performed to assess the
moderating effects of SES indicators on (1) the phenotypic variance shared between

depression and each SES indicator (Bc constrained to zero), and (2) the phenotypic variance
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unique to depression symptoms (Bu constrained to zero). This allowed us to estimate one

overall Beta-c (with 95% Cl) and one overall Beta-u (with 95% ClI).

(a)

(b)

Figure 2. Variance in depression symptoms moderated by standard of living (a) and
educational attainment (b). Au, Cu, and Eu are the genetic, shared environmental, and non-
shared environmental variance components unique to depression. Ac, Cc and Ec are the are
the genetic, shared environmental, and non-shared environmental variance components
common to the socioeconomic moderator and depression.
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Results showed that the moderated variance unique to depression symptoms could not be
dropped without a significant worsening of fit to the data compared with the full moderation
models (Table S6). Examination of the confidence intervals around the moderation parameter
estimates from the full model showed significant moderation of the variance unique to
depression symptoms (Bu =-0.04, 95% ClI [-0.06, -0.02]). This suggests presence of moderation
on the overall variance unique to depression and is consistent with the moderation effects
observed in Figure 2. Post-hoc bivariate analyses were also conducted to assess genetic and
environmental correlations between each SES indicator and depression symptoms. Significant
genetic correlations between depression symptoms and both standard of living and

educational attainment were observed (Table S7).

3.5. Discussion

The current study sought to examine the relationship between socioeconomic factors and
depression symptoms using genetically informative data from a population-based sample of
twins and singletons in Sri Lanka. In line with previous findings (Maselko et al., 2017), we
found moderate phenotypic associations between the different socioeconomic indicators.
Lower standard of living, poor educational attainment and financial strain were independently
associated with higher depression symptoms, consistent with previous research indicating
that individuals with lower SES are at increased risk for depression (Lund and Cois, 2018;
Maselko, 2017; Maselko et al., 2017). Results provide support for both social selection
(significant genetic influences on SES indicators [rGE]) and preliminary support for social

causation (GxE).

Sex differences were identified in the aetiology of standard of living, with evidence of a small
contribution of genetic influences on standard of living in females but not in males. Genetic
influences on standard of living in females may be accounted for lower variation in
environmental exposures due to cultural gender limitations. For example, the majority of
working age females in Sri Lanka are not in salary-based employment (~73%) and
economically inactive (Department of Census and Statistics Sri Lanka, 2019). The main reason
reported is caregiver, family work and housework activities (Department of Census and
Statistics Sri Lanka, 2019). Environmental influences explained the majority of variance for

standard of living. Our results are broadly in line with previous research using an earlier wave
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of the COTASS sample (Ball et al., 2010). Our finding that 44-63% of the variance in standard
of living was due to environmental factors shared within the family (C) contrast with reports
of relatively small or zero shared environmental effects on socioeconomic indicators in studies
from adults in HIC (Rimfeld et al., 2018). This could be explained by differences in socio-
cultural norms such as higher prevalence of extended, multigenerational, family households
and greater importance given to family-based networks in LMIC (Maselko, 2017). Larger
environmental variation in standard of living could also indicate less equal access or
opportunity in employment sectors in Sri Lanka compared to in countries where higher
heritability estimates for socioeconomic factors have been reported (Rimfeld et al., 2018).
Informal employment is estimated to account for 66.7% of total employment in Sri Lanka
compared to 18% in HIC (Bonnet et al., 2019; Department of Census and Statistics Sri Lanka,
2019). Those who are employed in the informal economy face multiple challenges, such as
low job security and difficult working conditions, and informal work is often undertaken due
to absence of other means of livelihood (Bonnet et al., 2019). Given that traits and behaviours
related to SES are substantially genetic in origin, greater equality of opportunity means that
environmental inequalities, such as privilege or prejudice, have less impact on outcomes.
Individual differences in socioeconomic factors that remain after systemic environmental

inequalities are reduced are to a greater extent due to genetic differences.

Educational attainment was moderately heritable with a significant contribution of shared and
non-shared environmental influences in males and females. Heritability of educational
attainment in both sexes may be indicative of gene-environment correlation. Higher
heritability for educational attainment could reflect that the education system is more
meritocratic in Sri Lanka than other aspects of the socioeconomic context (Rimfeld et al.,
2018). Primary and secondary education in Sri Lanka is free and enrolment in secondary
education is 91% for both genders (UNESCO Institute for Statistics, 2018). This is consistent
with research demonstrating higher heritability for educational attainment in societies with

greater equality in educational opportunities (Rimfeld et al., 2018).

We found evidence that SES indicators moderated the aetiology of depression. However, we
did not find significant moderation of the individual ACE variance components unique to

depression, contrary to prior work (South and Krueger, 2011; Strachan et al., 2017). Our most
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consistent finding was that total variance in depression symptoms was greater among lower-
SES individuals, which was driven by greater genetic and environmental variance components
unique to depression at lower levels of SES, without the ability to detect moderation of each
component individually as significant. This is partially consistent with findings from previous
GxE studies (South and Krueger, 2011; Strachan et al., 2017) and provides evidence that is
consistent with the notion that social causation processes play a role in the observed
association between depression and SES across different populations (Dohrenwend et al.,
1992; Lund and Cois, 2018; South and Krueger, 2011). Our results also showed that the shared
variance components between socioeconomic indicators and depression symptoms were zero
across the entire SES distribution. This suggests that socioeconomic factors may have a main

effect on the aetiology of depression independently of shared aetiological influences.

Strengths and limitations

A strength of our study is the use of a large representative population-based twin and
singleton sample based in Sri Lanka, especially given the limited availability of genetically
informative data in LMIC populations (Polderman et al.,, 2015). We used different
socioeconomic indicators intended to capture different aspects of the socioeconomic context.
Thus, we were able to examine and compare individual differences in socioeconomic
outcomes and their role in the aetiology of depression symptoms. In addition, the wide
availability of asset index data and educational attainment in many studies and comparable
data across multiple countries is an important strength because it facilitates comparative
research. Some limitations should be considered. First, self-reported socioeconomic factors
and depression symptoms could be underreported due to the sensitive and/or private nature
and stigma associated with reporting them (Lorant et al., 2007). Second, we did not investigate
whether the pattern of moderating effects by socioeconomic conditions vary over age.
Differences in moderation could be expected given that the aetiology of mental health
problems changes across development (Hannigan et al., 2017). Future studies could seek to
explore how the dynamics of different socioeconomic conditions relate to aetiologic
moderation on depression symptoms across age. Third, while the sample is representative of
individuals living in Colombo District, it may not be representative of different regions of Sri

Lanka. Additionally, the small sample sizes for ethnic minorities in this study, such as Sri Lankan
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Tamils (who live predominantly in the north and east of the island and are disproportionately
impacted by poverty resulting from ethnic tensions and the lasting economic effects of the
civil war), prevent a detailed investigation into how socioeconomic status might uniquely
influence depression within specific ethnic groups. This limits the generalisability of our
findings to diverse socio-cultural contexts across Sri Lanka. Lastly, the twin method rests on
certain assumptions that when unmet may challenge the validity of the results (Rijsdijk and

Sham, 2002).
3.5.1. Conclusion

The present study extends our understanding of the relationship between socioeconomic
factors and depression symptoms using data from a representative twin and singleton
population study based in Colombo, Sri Lanka. Shared and non-shared environmental
influences accounted for the majority of variance in standard of living, whereas educational
attainment showed moderate heritability. Socioeconomic indicators moderated the variance
unique to depression symptoms, consistent with previous investigations in samples drawn
from different social, economic, and cultural contexts. However, we were unable to determine
whether this was due to genetic or environmental moderation. This is the first study to use
bivariate moderation modelling to investigate whether socioeconomic factors moderate
aetiological influences on depression symptoms in a South Asian population. This study has
implications for future cross-cultural investigations of the mechanisms underlying associations
between socioeconomic factors and depression symptoms and has the potential to inform

intervention strategies to reduce social disparities in depression.
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4. Evaluating bias associated with attrition in the Norwegian

Mother, Father and Child Cohort Study

Supplementary materials for this chapter, as detailed in the text, are included in Appendix C.
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4.1. Abstract

Background: Selection bias and attrition pose challenges to longitudinal cohort studies,
potentially biasing estimates and impacting exposure-outcome associations. This study aimed
to investigate the role of selective participation in the Mother, Father, and Child Birth Cohort
(MoBa) and its impact on phenotypic and genetic associations. We examined factors
associated with continued participation, assessed the bias introduced by selective
participation on exposure-outcome associations, and explored the genetic underpinnings of
continued participation and its relationship with maternal educational attainment and

internalising symptomes.

Methods: We conducted regression analyses to identify factors associated with continued
participation in MoBa and performed moderation analyses to evaluate the impact of selective
participation on exposure-outcome associations. Biometric model-fitting analyses using an
extended family design were employed to estimate the heritability of continued participation
and to explore genetic correlations between educational attainment, internalising symptoms,
and continued participation. To examine the impact of selection bias on genetic and
environmental correlations, we assessed the aetiological overlap between maternal
educational attainment and internalising symptoms in the full sample and in the subsample

of individuals who returned the MoBa questionnaire at 8 years.

Results: Older age at birth, first-time mothers, and higher educational attainment were
associated with increased rates of continued participation in MoBa, while later recruitment
and higher levels of internalising symptoms were associated with attrition. Selective
participation introduced bias in the association between educational attainment and
internalising symptoms, suggesting the presence of collider bias. Genetic influences
accounted for a significant proportion (34%) of the variance in continued participation, with
non-shared environmental influences explaining the remaining variance. Genetic factors
related to educational attainment or internalising symptoms were correlated with continued
participation. The observed genetic correlation between educational attainment and

internalising symptoms was similar in the full sample and the subsample of individuals who
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returned the questionnaire at 8 years, suggesting minimal impact of selection bias on the

observed genetic correlation.

Conclusion: Selective participation in MoBa was associated with socioeconomic and mental
health factors, leading to bias in the phenotypic association between educational attainment
and internalising symptoms. Genetic factors played a role in continued participation and
showed correlations with educational attainment and internalising symptoms. However, our
findings suggest that the observed genetic correlation between educational attainment and
internalising symptoms is robust and not substantially influenced by selective attrition at
follow-up assessments. Understanding the impact of selection bias and genetic influences on
continued participation enhances our knowledge of cohort dynamics and informs strategies

to mitigate bias in longitudinal studies.
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4.2. Background

Selection bias is a pervasive problem for all scientific research that relies upon voluntary
participation (Munafo et al., 2018; Nohr & Liew, 2018; Nunan et al., 2018). Bias through
selective participation can arise when there are systematic differences between individuals
who volunteer to participate in a research study and those who do not. Selection bias can
occur at various stages in a study, including at recruitment, at follow-up or if a non-random
subsample is selected for further investigation (e.g., based on exposure to a specific risk
factor). Consequently, sample selection at baseline and subsequent follow-ups has the
potential to bias estimates of disease prevalence and exposure-outcome associations.
Sociodemographic, lifestyle and health factors have all been associated with the likelihood of
individuals becoming or remaining participants in a study with those who are less advantaged
and less healthy are often under-represented in studies. This has led to samples that are
generally ‘healthier and wealthier’ than the intended study population (Dupuis et al., 2019;
Goldberg et al., 2001; Graaf et al., 2000; Hara et al., 2002; Howe et al., 2013; Lamers et al.,
2018; Nohr & Liew, 2018). When differences between participants and nonparticipants relate
to the risk factors and outcomes under investigation, associations between risk and outcome
may become biased. There are multiple ways in which selection bias can impact estimates,
including collider bias, and omission of subpopulations. Resultant biases can induce
associations where there is no causal effect, attenuate true causal effects, or reverse the sign

of a causal effect (Munafo et al., 2018; Nohr & Liew, 2018; Smith, 2020).

Researchers have investigated selection bias in exposure-outcome association estimates
either by comparing associations in the study sample with those in the target population or
by comparing continuing participants with dropouts. The former approach requires data on
relevant exposure and outcome characteristics for the entire target population (typically rare
except, for example, through linkage to population and health registers). The latter requires
only baseline data on all participants in a longitudinal study. As such, most studies of selection
bias tend to examine biases attributable to differences between continuing participants and
dropouts, rather than between participants and non-participants. That is, they focus on bias

due to attrition rather than bias associated with initial participation/recruitment.
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Of studies examining the impact of selection bias on exposure-outcome associations between
health outcomes and established risk factors, most have reported that bias is minimal (R. M.
Nilsen et al., 2009; Nohr et al., 2006; Nohr & Liew, 2018; Pizzi et al., 2011; Winding et al., 2014;
Wolke et al., 2009). For example, research using data from the Medical Birth Registry of
Norway found similar associations between study participants of the Norwegian Mother,
Father, and Child Birth Cohort and the total population of women giving birth in Norway for
several exposures and adverse pregnancy outcomes (R. M. Nilsen et al., 2009). However, it is
important to note that the nature and severity of selection bias depend on the specific
exposure-outcome association being examined and the dataset used. Therefore, results from
studies of selection bias cannot be generalised to make broad assumptions about the overall
nature of selection bias in cohort studies that include multiple exposures and outcomes
(Herndn et al., 2004). For example, research using data from the Avon Longitudinal Study of
Parents and Children (ALSPAC; Fraser et al., 2013) showed that selective attrition can result in
underestimation of socioeconomic inequalities in various health-related outcomes, and the
degree of bias worsens as the proportion of drop-outs increases (Howe et al., 2013). This
highlights that that the impact of selection bias can vary depending on the specific exposure-
outcome association being examined and the dataset used. Thus, it is important to consider
the specific context and characteristics of each study when assessing the potential impact of

selection bias.

Recently, some genetic association studies have sought to identify factors influencing selective
participation to improve understanding of selection biases in such studies. Genome-wide
association studies (GWAS) have found genome-wide significant evidence for a number of loci
associated with continued participation in several cohorts including ALSPAC, UK Biobank and
the Norwegian Mother, Father and Child Birth Cohort (MoBa; Adams et al., 2020; Ask et al.,
2021; Taylor et al., 2018; Tyrrell et al., 2020). In a study of the ALSPAC cohort, common genetic
variants were estimated to explain 18-32% of variability in continued participation
phenotypes measured by the number of questionnaires/clinics completed and completion of
the most recent clinic/questionnaire for both mother and child (Taylor et al., 2018). In UK
Biobank, SNP-based heritability of continued participation in a follow-up mental health
guestionnaire was estimated to be 9.9% (Adams et al., 2020). In MoBa, SNP-based heritability

of participation in the most recent data collection (when children were 8 years old) was
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estimated to be 6.5% for mothers and 14.7% for fathers, and SNP-based heritability of
continuously measured participation in mothers (number of questionnaires returned) was
estimated to be 17% (Ask et al., in prep). These estimates of SNP-based heritability highlight
the potential influence of genetic factors on selective participation. By understanding the
genetic underpinnings of continued participation, researchers may gain further insights into
the mechanisms driving selection biases in cohort studies and help contribute to the

development of more refined and sophisticated methods to address selection bias.

Studies have also demonstrated genetic overlap between continued participation and several
traits. In ALSPAC, continued participation was associated with polygenic scores for higher
educational attainment, agreeableness and openness, whereas attrition was associated with
higher polygenic scores for BMI, smoking initiation, neuroticism, schizophrenia, ADHD and
depression (Taylor et al., 2018). A study in UK Biobank showed that follow-up participation in
a mental health questionnaire was genetically correlated with better health, higher
educational attainment, and lower rates of psychiatric disorders (Adams et al., 2020). Tyrrell
et al. (2020) used data from UK Biobank to explore genetic correlates of continued
participation in four optional surveys. Results were consistent with previous studies showing
positive genetic correlations between participation and academic qualifications, fluid
intelligence and educational duration, and inverse genetic correlations between participation
and obesity-related traits. Mendelian randomisation analyses further showed that longer
educational duration, later age at menarche and height increased participation whereas
obesity, dyslipidaemia, Alzheimer’s disease, neuroticism and schizophrenia reduced
participation in the optional components. Strong positive genetic correlations were also found
between continued participation in ALSPAC and three of the optional UK Biobank surveys
indicating that similar genetic factors are associated with continued participation and follow-

up in optional surveys across the two studies.

Studies indicate that selection bias can impact upon the magnitude of associations between
polygenic scores and phenotypic outcomes. For example, Munafo et al., (2018) compared
association estimates in a selected sub-study of ALSPAC (a sub-set of mother-offspring pairs
who were selected based on availability of DNA samples at multiple time points in both

generations; Relton et al., 2015) with estimates derived from the full cohort and found that
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polygenic risk for smoking was associated with maternal education in the selected sub-sample
but not in the full sample. This would suggest that conditioning on selection (i.e., by analysing
data only within a selected sub-sample) can induce associations between polygenic score and
outcome that are not present in the wider population. Findings from another study using
ALSPAC data showed that associations between polygenic risk for education and being an ever
smoker, and between the education polygenic score and BMI, were attenuated in a subsample
of those who attended the most recent clinic compared with the full genetic sample (Taylor
et al., 2018). These findings illustrate the potential to introduce bias into genetic analyses

when studying selected subsamples based on the availability of follow-up data.

Overall, past research has shown that it is possible for selective participation to bias
associations between factors associated with participation in a study. Selection bias has been
demonstrated to influence estimated associations between a range of sociodemographic and
health-related characteristics, and to influence estimated genetic risk linked to these
characteristics. To date, most studies focussed on genetic influence in selection bias have
focussed on polygenic scores or SNP-based heritability. These are known to capture only a
portion of total heritability (Maher, 2008), so it is unclear the extent to which genetic factors
contribute to study participation. To our knowledge, no studies have used a behavioural
genetic approach to estimate the heritability of continued participation, nor genetic and

environmental overlap with factors associated with continuing participation.

In the present study, our aim was to complement and extend previous research investigating
the influence of selection bias on phenotypic and genetic associations in the context of a
population-based cohort study. Specifically, we sought to examine factors associated with
continued participation in the Norwegian Mother, Father and Child Birth Cohort Study
(MoBa). We investigated associations between maternal participation and various baseline
variables, socioeconomic factors, and maternal and offspring outcomes. Additionally, we
explored potential bias due to selection on associations between maternal educational
attainment or income rank and outcomes related to maternal and offspring internalising and
externalising symptoms. Further, we employed biometric model fitting to estimate genetic
and environmental influences associated with maternal continued participation, educational

attainment, and internalising symptoms. We next examined genetic and environmental
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correlations between maternal educational attainment, internalising symptoms, and
continued participation using extended bivariate twin models. Lastly, we explored potential
bias due to selection on genetic and environmental correlations between maternal
educational attainment and internalising symptoms. To do so, we used extended bivariate
models to examine the relationship between these variables in both the full sample and

among the subset of individuals who participated at the 8-year follow-up assessment in MoBa.

4.3. Methods
4.3.1. Sample

Data were drawn from Norwegian administrative registers provided by Statistics Norway and
from the Norwegian Mother, Father and Child Birth Cohort Study (MoBa) (Magnus et al.,
2016). MoBa is a prospective population-based pregnancy cohort study conducted by the
Norwegian Institute of Public Health. Recruitment into MoBa occurred from 1999 to 2009 at
50 of Norway’s 52 hospitals during routine ultrasound examinations offered to all pregnant
women at gestational weeks 17-18. Invitations were issued to women in 277,702 pregnancies,
with an initial participation rate of 41%. The initially consenting mothers were invited to
complete eight follow-up questionnaires on themselves and their children, and two
guestionnaires were sent to fathers. The cohort includes ~114,500 children, 95,200 mothers,
and 75,00 fathers who have participated in at least one wave of data collection. Kinship
between MoBa participants has been identified through linkage with pedigree and zygosity
information from the Medical Birth Registry of Norway and the Norwegian Twin Registry,
respectively (NTR) (T. S. Nilsen et al., 2013). The current sample comprised a total of 54,763
mothers. We grouped MoBa participants into extended families, identified via pairs of siblings
(twins, full-siblings, or half-siblings) or first cousins in the parent generation. Mothers who did
not have participating extended family members were included in phenotypic analyses only.
Phenotypic data were drawn from version 12 of the quality assured MoBa datafiles. In total,
raw phenotypic data were used for 54,763 mothers. Table S1 shows frequencies of mothers
stratified by relatedness group. The current study also uses national register data on mothers’
education and income. The Norwegian system of personal identification numbers was used to

link register data with MoBa data.
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4.3.2. Ethics

The establishment of MoBa and initial data collection was based on a license from the
Norwegian Data Protection Agency and approval from The Regional Committees for Medical
and Health Research Ethics. The MoBa cohort is now based on regulations related to the
Norwegian Health Registry Act. The current study was approved by The Regional Committees

for Medical and Health Research Ethics.

4.3.3. Measures

4.3.3.1. Continued participation in MoBa
Participants were invited to fill out questionnaires three times during pregnancy (15, 22, and
30t weeks of gestation) and five times after birth (when children were 6 months, and 1.5, 3,
5 and 8 years old). Some of the data collections were delayed so mothers of the oldest children
were not invited to all the assessments (Magnus et al.,, 2016). Maternal continued
participation across all data collections was measured by counting the total number of
guestionnaires returned. When divided by the number of assessments invited to, this gave a
continuous variable indicating the proportion of questionnaires returned among the invited

mothers and was scaled between 0 and 1.

4.3.3.2. Participation predictors
Baseline demographic variables
Baseline demographic variables potentially associated with participation were extracted from
the Medical Birth Registry of Norway (MBRN) data. These variables were: mothers age at
birth, parity (i.e., number of births), offspring year of birth, and offspring sex.
Socioeconomic factors
We obtained education and income data from national registries. The data included

information on mothers’ educational attainment and total income (the sum of income from

work capital gains and benefits received during the calendar year) from 1999 to 2009. These
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years correspond to the birth years of the first and last child in the MoBa cohort. We analysed
mothers’ education and income corresponding to the year they gave birth to their first child
in MoBa. Level of educational attainment was indexed in accordance with the Norwegian
Standard Classification of Education (Statistics Norway, 2013), with values ranging from 1
(primary education) to 8 (doctoral-level education). Regarding mothers’ income, we created
a measure of income rank that indicates an individual’s position in the distribution of incomes
within a cohort-sex-year-group (e.g., income for females born in 1983). The income rank was
scaled between 0 and 1, with higher values denoting a higher income rank within the

reference group.

Maternal internalising symptoms

Mothers’ internalising symptoms were measured by self-report at 15 weeks of gestation,
using the five-item version of the short form of the Hopkins Symptom Checklist (SCL-5; Tambs
& Moum, 1993). The scale consists of five statements relating to symptoms of anxiety (e.g.,
nervousness or shakiness) and depression (e.g., feeling hopeless about the future)
experienced in the last two weeks, scored on a scale from 1 (not at all) to 4 (very much). Scores
were calculated as the average of the five items, with higher scores indicating greater
symptoms of anxiety and depression. Participants who were missing data on more than half

of the items were considered missing.

Offspring internalising and externalising symptoms

Offspring internalising and externalising symptoms were measured by maternal report when
children were 18 months old, using items from the Child Behaviour Checklist (CBCL) for
preschool children (Achenbach, 1992). The internalising sub-scale included five items that
measure emotional symptoms, and the externalising sub-scale included eight items that
measure behavioural symptoms. Mothers reported agreement for each item based on a
three-point Likert scale: 1 = Not true; 2 = Somewhat true; 3 = Very/often true. Mean scores
for internalising and externalising symptoms were calculated, excluding participants missing

on more than half of the items.
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4.3.4. Statistical analysis

We conducted a series of analyses to obtain the following estimates: (1) associations between
participation predictors and continued participation; (2) moderation of associations between
mothers’ socioeconomic factors and internalising symptoms, and offspring internalising and
externalising symptoms; (3) estimates from univariate heritability analyses; (4) estimates from
bivariate heritability analyses investigating the relationships between maternal educational
attainment, internalising symptoms and continued participation. All analyses were carried out

in Rv.4.0.3 (https://www.R-project.org/; R Core Team, 2020).

4.3.4.1. Phenotypic associations

Predictors of continued participation

Linear regressions were performed to assess associations between participation predictors
(i.e., maternal baseline demographic variables, maternal socioeconomic factors, maternal
internalising symptoms, offspring internalising and externalising symptoms) and continued

participation.

Impact of selective participation on exposure-outcome associations

To investigate the impact of selective participation on exposure-outcome estimates, we
conducted moderation analyses using linear regression to examine whether continued
participation moderated associations between maternal socioeconomic factors (i.e.,
educational attainment and income rank) and the following outcomes: maternal internalising

symptoms, offspring internalising symptoms, and offspring externalising symptomes.

To model possible variation in the effect of maternal education on these outcomes for
different values of continued participation, we included continued participation as an additive
interaction term in linear regressions, with maternal educational attainment as the predictor
and (1) maternal internalising scores as the outcome variable; (2) offspring internalising scores

as the outcome variable; (3) offspring externalising scores as the outcome variable.
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To evaluate whether attrition may bias the estimated effect of maternal income on the
outcome variables for different values of continued participation, we included continued
participation as an additive interaction term in linear regressions, with maternal income rank
as the predictor and (1) maternal internalising scores as the outcome variable; (2) offspring
internalising scores as the outcome variable; (3) offspring externalising scores as the outcome

variable.

4.3.4.2. Biometric model fitting
The classical twin design compares intra-class correlations of identical (monozygotic, MZ) and
non-identical (dizygotic, DZ) twins to estimate the contribution of genetic and environmental
factors to observed phenotypic variance in a trait and/or covariance between traits (Rijsdijk &
Sham, 2002). The classical twin method is based on the following assumptions: (1) MZ twins
share 100% of their genes and DZ twins share on average 50% of their segregating genes; (2)
MZ and DZ twin pairs share environmental influences common to both twins in the same
family to the same extent (‘shared environment’); and (3) MZ and DZ twins differ from one
another due to exposure to environmental factors which are unique to the individual (‘non-
shared environment’). The similarity of reared-together twins is attributed to additive genetic
(A) and shared environmental (C) factors that are common to both twins in the same family.
The correlation between twins’ shared environment is assumed to be 1 for both MZ and DZ
pairs. The differences between MZ and DZ twin pairs is attributed to non-shared
environmental factors (E), which are unique to the individual. We adapted these twin models
to account for the additional degrees of genetic relatedness between siblings (50%), half-
siblings (25%) and cousins (12.5%), and to constrain the shared environmental effect in
cousins and paternal half-siblings to zero (as most cousins and paternal half-siblings do not

share a household).

Structural equation model-fitting analyses were performed to estimate the relative
contribution of additive genetic (A), shared environment (C), and non-shared environment (E)
factors to the variation in maternal continued participation, educational attainment, and
internalising symptoms. To test for the significance of the A and C components to the variance

of the traits, we compared each full model with a model in which the C parameter was
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dropped (AE model) and with a model in which the A and C parameters were dropped (E
model). This technique further extends to bivariate analyses, in which the variance in two
phenotypes, and the covariance between them, is partitioned into genetic, shared
environmental, and non-shared environmental effects. The extent to which genetic and
environmental influences are correlated between phenotypes is calculated by estimating
genetic correlations (rA), shared environmental correlations (rC) and non-shared
environmental correlations (rE). Extended bivariate twin models were applied to assess
genetic and environmental relationships between: (1) maternal educational attainment and
continued participation; and (2) maternal internalising symptoms and continued
participation. To investigate the impact of selective participation at follow-up on estimates of
genetic and environmental correlations, extended bivariate analyses were carried out to
assess genetic and environmental relationships between exposure-outcomes with significant
phenotypic moderation (in this case, between maternal educational attainment and
internalising symptoms) among (i) all individuals included in the present sample and (ii)
among individuals who returned the latest MoBa questionnaire included in our analysis
administered when children were 8 years old. We tested the significance of the rA and rC
correlations by comparing the relative fit of the full model with models in which each
parameter was dropped. The full univariate and bivariate model specifications are shown in

Supplementary Figures S1 and Figure S2, respectively.

All SEM analyses were conducted using the open-source package OpenMx (Neale et al., 2016).
OpenMx uses full-information maximum-likelihood to estimate model parameters. Prior to
model fitting, study variables were regressed on the following covariates: maternal age, parity
(number of births), and child year of birth, and standardised residuals were used. The residual
score for internalising symptoms was log transformed to reduce positive skew. Models were
fitted to raw data using full-information maximume-likelihood estimation and compared using
likelihood ratio testing (differences in -2 Log-likelihood estimation and degrees of freedom,

which is ¢ distributed) and the Akaike’s Information Criterion (AIC) (Akaike, 1987).
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4.4. Results
4.4.1. Descriptive statistics

Table 1 presents an overview of the study sample. Participation rates were highest in
pregnancy and showed a gradual decline over time, particularly when the children reached
early childhood (Figure 1; Table S2). Mothers at recruitment were aged on average 29.8 (SD =
4.34) years. The percentages of women in the study sample who had previously 0, 1, 2, or 3
or more children are 45.7%, 37.3%, 13.5%, 3.5%, respectively. 51% of the children born to
participating mothers were males. Mothers with higher education attainment (undergraduate
or postgraduate level) constituted 64.6% of the MoBa sample (M =5.32,SD = 1.42), compared
to around 46% of the target population. The mean income rank among participating mothers
was 0.60 (SD = 0.25), indicating that, on average, the sample had a slightly higher income
compared to the general population. Total scores for mothers’ internalising symptoms were
low on average (M = 1.27, SD = 1.27) compared to population norms (Strand et al., 2009),
showing positively skewed distributions (Figure S3). Total scores for offspring internalising (M
=1.26, SD = 0.24) and externalising (M = 1.49, SD = 0.28) symptoms were low on average and

showed positively skewed distributions.

(a) (b)

Figure 1. Mothers’ participation rates in the Norwegian Mother, Father and Child Birth Cohort
Study (MoBa). Figure 1a shows the percentage of participation among invited mothers at each
wave of assessment. Figure 1b depicts the frequency distribution of continued participation
indicating the proportion of questionnaires returned among the invited mothers.
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4.4.2. Phenotypic associations

Associations between maternal participation and baseline variables (mothers age at birth,
parity, year of birth and child sex), socioeconomic factors (mothers’ educational attainment
and income rank) and internalising symptoms are shown in Table 1. Older age at birth, having
no previous births (i.e., mothers of firstborn children), and early recruitment/birth of index
child was associated with higher rates of participation. Higher educational attainment was
associated with continued participation, indicating that mothers with higher educational
attainment when their child was born were more likely to continue participating over time.
Higher maternal internalising scores were negatively associated with continued participation,
indicating that mothers who self-reported higher internalising symptoms in the first
guestionnaire (at 15 weeks of gestation) were less likely to continue to participate over time.
There was a small association between mothers’ income rank and continued participation,
however, this effect became non-significant after adjusting for all other variables included in
the analysis. Offspring internalising and externalising scores were not significantly associated

with mothers’ study participation over time.

Table 1. Associations between participation predictors and continued participation

Total Continued participation Continued participation
(N=54763) Unadjusted b Adjusted b
Maternal age (at birth of
index child)
Mean (SD) 29.8 (4.34) 0.06 (0.05, 0.07) 0.03 (0.02, 0.03)
Missing 17 (0.0%)
Parity (number of births)
0 (ref) 25007 (45.7%) - -
1 20422 (37.3%) -0.17 (-0.19, -0.15) -0.03 (-0.04, -0.02)
2 7416 (13.5%) -0.21 (-0.24, -0.18) -0.06 (-0.07, -0.04)
3 or more 1918 (3.5%) -0.30 (-0.35, -0.26) -0.07 (-0.10, -0.04)
Missing 0
Child year of birth
Mean (SD) 2010 (1.92) -0.12 (-0.13, -0.11) -0.06 (-0.06, -0.05)
Missing 0
Child sex
Male (ref) 28158 (51.4%) -
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Female 26509 (48.4%) 0.01 (0.00, 0.03) 0.00 (-0.01, 0.01)
Missing 96 (0.2%)

Educational attainment

Mean (SD) 5.32(1.42) 0.18 (0.18, 0.19) 0.06 (0.06, 0.07)
Missing 1128 (2.1%)

Income rank
Mean (SD) 0.60 (0.25) 0.06 (0.05, 0.07) -0.01 (-0.01, 0.00)
Missing 970 (1.8%)

Maternal internalising

symptoms
Mean (SD) 1.25 (0.40) -0.07 (-0.08, -0.06) -0.02 (-0.03, -0.02)
Missing 3816 (7.0%)

Offspring internalising

symptoms
Mean (SD) 1.26 (0.24) -0.01 (-0.02, -0.01) 0.00 (0.00, 0.01)
Missing 16457 (30.1%)

Offspring externalising

symptoms
Mean (SD) 1.49 (0.28) -0.01 (-0.02, -0.01) -0.01 (-0.01, 0.00)
Missing 15970 (29.2%)

Note. Linear regressions were conducted using standardised outcome variables. Adjusted B
coefficients were calculated after including all other variables in the table.
*p <0.05; **p <0.01

4.4.3. Impact of selective participation on phenotypic exposure-outcome

associations

We conducted moderation analyses to assess potential bias due to selection on association
estimates between mothers’ educational attainment or income rank with the following
outcomes: mothers’ internalising symptoms, offspring internalising symptoms and offspring

externalising symptoms.

Outcome: Mothers’ internalising symptoms

Educational attainment. Results showed a significant main effect of maternal educational
attainment on internalising symptoms (B = -0.11; 95% CI [-0.12, -0.10]), and a main effect of

continued participation on internalising symptoms (B = -0.06, 95% Cl = [-0.07, -0.05]). We
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found a significant interaction term between educational attainment and continued
participation (B = 0.03; 95% Cl [0.02, 0.04]). This indicates that the association between
educational attainment and internalising symptoms varies across different levels of
participation (Figure 2). To follow-up this interaction, we calculated the estimated marginal
means (EMMs) of internalising symptoms at different levels of education (-1 SD/mean/+1 SD)
across different levels of participation (-1 SD/mean/+1 SD) and tested for the effect of
educational attainment at different levels of participation with simple slope analysis. The
EMMs of internalising symptoms at different levels of education across different levels of
participation are shown in Table S1. Results from the simple slope analysis showed that the
association between educational attainment and internalising symptoms was attenuated
among those with above average participation (+1 SD) (B = -0.08; 95% CI [-0.09, -0.07]), and
among those with average participation (B =-0.11; 95% Cl [-0.12, -0.10]), compared to those
with below average (-1 SD) participation (B =-0.14; 95% Cl [-0.15, -0.12]). This indicates that
the association between educational attainment and internalising symptoms was weaker at

higher levels of continued participation.

Figure 2. Interaction plot depicting the relationship between maternal educational attainment
and internalising symptoms across the different levels (+1 SD, mean, -1 SD) of continued
participation.
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Income rank. Higher internalising scores among mothers was associated with lower income
rank (B = -0.07; 95% CI [-0.08, -0.06]) and lower rates of continued participation (B = -0.08;
95% CI [-0.08, -0.06]). No significant moderation effects of continued participation on the
association between income rank and internalising symptoms were found (B = 0.01; 95% ClI
[0.00, 0.02]). This suggests minimal variation in the association between mothers’ income

rank and internalising symptoms as a function of varying rates of continued participation.

Outcome: Offspring internalising symptoms

Educational attainment. Lower maternal educational attainment was associated with higher
internalising scores among offspring (B = -0.10; 95% CI [-0.11, -0.09]. Continued participation
was not significantly associated with offspring internalising symptoms in our analyses (B = -
0.00, 95% CI [-0.01, 0.01]). No moderation effects of continued participation on the
association between mothers’ educational attainment and offspring internalising symptoms

were found (B =0.01, 95% Cl [0.00, 0.02]).

Income rank. Higher offspring internalising symptoms was associated with lower maternal
income rank (B = -0.05, 95% CI [-0.06, -0.04]) and lower continued participation (B = -0.02;
95% CI [-0.03, -0.01]). No significant moderation effects of continued participation on the
association between mothers’ income rank and offspring internalising symptoms were found

(B = 0.00, 95% CI [-0.01, 0.01).

Outcome: Offspring externalising symptoms

Educational attainment. Higher offspring externalising scores was associated with lower
maternal educational attainment (B =-0.08, 95% Cl [-0.09, -0.07]) and lower rates of continued
participation (B =-0.01, 95% CI [-0.03, -0.01]). The association between mothers’ educational
attainment and offspring externalising symptoms was not found to be moderated by

participation (B = 0.01; 95% Cl [0.00, 0.02]).

Income rank. Higher offspring externalising scores was associated with lower maternal income

rank (B =-0.02, 95% Cl [-0.03, -0.01]) and lower rates of continued participation (-0.02, 95%
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Cl [-0.03, -0.01]). No significant moderation effects of participation on the association
between mothers’ income rank and offspring externalising symptoms were found (B = 0.01;

95% CI [0.00, 0.02]).

4.4.4. Biometric model fitting

4.4.4.1. Genetic and environmental influences associated with maternal
continued participation, educational attainment, and internalising
symptoms

ACE parameter estimates from univariate models are presented in Table 2. For all phenotypes,
Cdid not significantly account for measure variance, so were subsequently dropped. Exclusion
of Cresulted in a more parsimonious model for all phenotypes, without significant changes to
model fit (Table S2). Genetic influences explained 34% (95% CI [0.27, 0.40]) of the variance in
maternal continued participation and non-shared environmental influences explained 67%
(95% CI [0.59, 0.73]) of the variance. Genetic influences explained 75% (95% Cl [0.70, 0.81])
of the variance in maternal educational attainment and non-shared environmental influences
explained 25% (95% Cl [0.19, 0.30]) of the variance. Variance in maternal internalising
symptoms was explained by genetic influences (31%; 95% CI [0.24, 0.39]) and non-shared
environmental influences (69%; 95% Cl [0.61, 0.76]).

4.4.4.2. Relationship between maternal educational attainment,
internalising symptoms, and continued participation

Two extended bivariate models were conducted to examine genetic and environmental
correlations between mothers’ continued participation and (1) their educational attainment,
or (2) internalising symptoms. Results from the best-fitting models are depicted in Figure 3.

Fit statistics from bivariate model-fitting analyses are shown in Supplementary Table S3.

Maternal educational attainment — continued participation

We observed a moderate phenotypic correlation between maternal educational attainment
and continued participation (rPh = 0.17, 95% ClI [0.16, 0.18]). Genetic influences on
educational attainment were significantly correlated with genetic influences on continued
participation (Ra = 0.33; 95% ClI [0.18, 0.49]). Shared environmental factors between

continued participation and educational attainment were also correlated (Rc = 0.62; 95% ClI
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[0.39, 1.00]). Non-shared environmental factors did not significantly contribute to the

covariance of these traits.

Maternal internalising symptoms — continued participation

Maternal internalising scores showed a negative phenotypic correlation with continued
participation (rPh =-0.11; 95% CI [-0.12, -0.09]). Genetic influences on internalising symptoms
were significantly correlated with genetic influences on continued participation (Ra = -0.41,
95% CI [-0.63, -0.22]). No significant shared environmental or non-shared environmental

correlations were found.

(a) (b)

.33 (.18, .49) -.41(-.63, -.22}

44 (.36, .51) .28 (.20, .36) .26 (.17, .35) .28 (.20, .36}
Educational Continued Internalising Continued
attainment participation symptoms participation

.42 (.35, .48) .03 (.02, .05}

.69(.62,.77)

.03(.01,.05) | .69(.62,.77} .72 (.64, .80)

.03 (.00, .05)

15 (.13,.17)

.62 (.39, 1.00) .03 {(-.06, .12) .00 (.00, .00} .00 {-.07, .08}
Figure 3. Extended bivariate model fitting results showing the relationships between (a)
educational attainment and continued participation and (b) internalising symptoms and
continued participation. Note. A = additive genetic influences, C = shared environmental

influences, E = non-shared environmental influences

4.4.4.3. Impact of selective participation on genetic and environmental
correlations between maternal educational attainment and internalising
symptoms

Two extended bivariate models were conducted to examine genetic and environmental

correlations between maternal educational attainment and internalising symptoms among (i)
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all individuals and (ii) individuals who returned the MoBa questionnaire at 8 years. Results

from the best-fitting models for the full sample and for the subset who returned the

guestionnaire at 8 years are depicted in Figure 4. Fit statistics from bivariate model-fitting

analyses are shown in Supplementary Table S4.

(i)

(i)

Full sample. Maternal educational attainment showed a negative phenotypic
correlation with internalising scores (rPh = -0.12, 95% CI [-0.13, -0.11]). Genetic
influences on educational attainment were significantly correlated with genetic
influences on internalising symptoms (Ra = -0.40, 95% CI [-0.57, -0.25]). No
significant shared environmental or non-shared environmental correlations were

found.

Subsample. The phenotypic correlation between maternal educational attainment
and internalising scores in the subsample (rPh = -0.10, 95% CI [-0.11, -0.08]) was
of similar magnitude to that observed in the full sample. Genetic influences on
educational attainment were significantly correlated with genetic influences on
internalising symptoms (Ra =-0.29, 95% Cl [-0.58, -0.04]). Overlapping confidence
intervals indicated that the genetic correlation was of similar magnitude to that
observed in the full sample. Consistent with the results from the full sample, no
significant shared environmental or non-shared environmental correlations
between maternal educational attainment and internalising symptoms were

found.

4.5, Discussion

The present study aimed to evaluate bias due to attrition in the MoBa cohort and examine the

potential impact of selective participation on phenotypic and genetic exposure-outcome

associations using an extended family design. The results provide insights into the

characteristics of participating mothers in MoBa and the influence of selective participation

on various outcomes.
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(a) Full sample {b) Subsample
-40(-.57,-.25) -.29 (-.58, -.04)

44(.37, .51) 26 (.17, .34) 40 (.28, 57) 41(.23,.57)

Educational Internalising Educational Internalising
attainment symptoms attainment symptoms

15(.13,.17) | .42(.35, .48) .03 (.01, .05) | .72 (.64, .80} .13(.08, .17) | .47 (.33, .63) .01{.00,.06) | .58(.43,.74)

.00 (.00, .00) 02(-07, .12) .00 (.00, .00} 04 {-.15, .24)

Figure 4. Extended bivariate model fitting results showing the relationship between maternal
educational attainment and internalising symptoms from (a) the full sample and (b) the
subsample of individuals who returned the MoBa questionnaire at 8 years. Note. A = additive
genetic influences, C = shared environmental influences, E = non-shared environmental
influences.

4.5.1. Factors associated with continued participation

Participation rates were highest during pregnancy and gradually declined over time,
particularly when the children reached early childhood, and a substantial proportion of the
sample had no previous children (45.7%). A higher proportion of mothers in the study sample
had higher education attainment (undergraduate or postgraduate level) compared to the
target population (64.6% versus ~46%) and the sample had a slightly higher income rank
compared to the general population (0.60 vs.0.50). Further, our findings indicated that social
advantage was associated with higher rates of continued participation in MoBa. Specifically,
we observed that older mothers (based on age at the birth of the index child), mothers
without previous children before initial participation, and mothers with higher educational
attainment were more likely to continue participating. There was a small association between
higher income rank and continued participation, however, this became non-significant after
adjusting for other variables. Conversely, later recruitment and higher levels of internalising
symptoms were associated with attrition over time. These findings are similar to those
reported in previous studies conducted in MoBa (Biele et al., 2019; Vejrup et al., 2022), as well

as in other prospective birth cohorts (Bliddal et al., 2018; Cornish et al., 2020) and population-
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based cohorts (Tyrrell et al., 2021). Taken together, these findings suggest that attrition in
cohort studies often leads to an overrepresentation of individuals who are more advantaged

in terms of health and socioeconomic status than those who drop-out.

4.5.2. Impact of selective participation on phenotypic exposure-outcome

associations

We explored the potential bias introduced by selective participation on observed associations
between maternal educational attainment or income rank and internalising (mothers’ and
offspring) and externalising (offspring only) symptoms. For maternal internalising symptoms,
we found a significant interaction effect between educational attainment and continued
participation, indicating that the association between educational attainment and
internalising symptoms varied depending on the level of continued participation. In line with
previous findings (Howe et al., 2013), we found that the association between educational
attainment and internalising symptoms was weaker among those with above-average and
average participation rates compared to those with average or below-average participation.
The significant interaction effect between maternal educational attainment and continued
participation in relation to internalising symptoms raises the possibility of collider bias
(Munafo et al., 2018). Collider bias occurs when conditioning on a variable, in this case,
continued participation, that is influenced by both the predictor (educational attainment) and
the outcome (internalising symptoms). The weaker association observed among those with
above-average and average participation rates suggests that conditioning on continued
participation, a potential collider, may have introduced bias into the estimate of the
association between educational attainment and internalising symptoms. This suggests bias
could compromise the internal validity of the associations and highlights the potential impact
of collider bias on the study findings. Such bias could be problematic particularly if similar
characteristics related to participation in different studies as the results might be reproducible
but may equally be biased. This is an issue for research combining results from observational
studies as if results from such studies are biased, combing these (biased) estimates will result
in an overall precise yet biased finding. Additionally, errors in the estimation of exposure-
outcome associations can be problematic for translational research (Sullivan & Feinn, 2012).
However, our results suggest that the nature and extent of bias is specific to the exposure-

outcome associations being tested. Specifically, no moderation effects of continued
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participation were observed for the association between mothers’ income rank and
internalising symptoms, nor for the associations between mothers’ socioeconomic factors and
offspring outcomes. Thus, differences between factors associated with participation across
studies may partly explain heterogeneity between studies. ldentifying predictors of
participation informs researchers about potential bias and aids in choosing appropriate
statistical approaches to reduce the impact of bias due to attrition (e.g., inverse probability of
participation weighting [IPPW]; (Metten et al.,, 2022)). Future research could consider
investigating additional mediators and moderators to comprehensively understand the
complex interplay between participation, socioeconomic factors, and mental health

outcomes.
4.5.3. Aetiology of continued participation

Genetic influences explained a substantial proportion of the variance in maternal continued
participation (34%), while non-shared environmental influences accounted for the remaining
variance. Our finding of genetic influences on continued participation in MoBa aligns with
recent research indicating a genetic contribution to participation phenotypes. Previous
studies using genotype data have found evidence of genetic variants associated with ongoing
study participation and reported SNP-based heritability estimates of participation phenotypes
ranging from 6.5% to 27% Adams et al., 2020; Ask et al., 2021; Taylor et al., 2018; Tyrrell et al.,
2020). Observing genetic influences on continued participation suggests the presence of
gene-environment correlation because it indicates that genetic factors are associated with
both the inclination to participate in longitudinal research and the likelihood of sustained
engagement over time. Gene-environment correlation refers to the concept that genetic
factors can influence an individual's exposure to certain environments or experiences. In this
case, the genetic factors that influence continued participation in the MoBa study are likely
associated with various traits or characteristics that impact an individual's willingness to

participate in research.
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4.5.4. Relationship between maternal educational attainment, internalising

symptoms, and continued participation

4.5.4.1. Educational attainment — continued participation
We observed a moderate phenotypic association between mothers’ educational attainment
and continued participation, such that mothers with higher educational attainment were
more likely to continue to participate at follow-up. Genetic factors related to educational
attainment were also related to continued participation in MoBa. This is consistent with
previous studies demonstrating that polygenic scores for educational attainment predict
continued participation at follow-up assessments (Adams et al., 2020; Taylor et al., 2018). The
observed genetic correlation between educational attainment and continued participation
suggests that the genetic factors influencing these two variables were partially shared. This
suggests that there are likely genetic factors that contribute to both higher educational
attainment and increased participation in longitudinal studies like MoBa. One possible
explanation for this genetic overlap is the presence of certain genetically influenced traits or
characteristics that promote sustained engagement in study participation over time. These
traits may manifest in multiple domains, including educational pursuits and willingness or
motivation to participate in research studies. For example, genetic factors influencing
cognitive abilities, personality traits (e.g., openness to new experiences), or socioemotional
characteristics, may contribute to both higher educational attainment and continued
participation in cohort studies. This aligns with prior evidence of genetic overlap between
continued participation and traits such as agreeableness, openness, and fluid intelligence

(Adams et al., 2020; Taylor et al., 2018).

Our results also showed that shared environmental factors were correlated between mothers’
educational attainment and continued participation. This suggests the presence of shared
environmental influences that specifically contribute to the covariation between educational
attainment and continued participation. A possible explanation could be that shared
environmental factors that promote educational opportunities and access to resources may

also facilitate participation in research studies.

137



Notably, non-shared environmental factors did not significantly contribute to the covariance
of these traits. In the context of twin or family studies, the absence of a non-shared
environmental correlation is generally interpreted as evidence against a causal relationship
between variables (McAdams et al., 2021). Non-shared environmental factors refer to unique
experiences or circumstances that differ between individuals within the same family. If there
is a causal relationship between two variables, it would be expected that individual-specific
environmental factors contribute to their relationship. Thus, the absence of a non-shared
environmental correlation suggests a non-causal relationship between educational

attainment and continued participation.

4.5.4.2. Internalising symptoms — continued participation
Turning to the relationship between mothers’ internalising symptoms and continued
participation, we observed a negative phenotypic correlation between these variables,
indicating that mothers who reported higher internalising symptoms were less likely to
continue to participate over time. Results showed that genetic influences on these traits were
correlated. This is consistent with previous findings of an association between polygenic risk
for depression and continued participation at follow-up assessments (Adams et al., 2020;
Taylor et al.,, 2018). The significant genetic correlation observed between mothers’
internalising symptoms and continued participation suggests that genetic factors contributing
to internalising symptoms may also influence the likelihood of continued participation. One
possible explanation is genetic pleiotropy, wherein shared genetic variants contribute to both
internalising symptoms and continued participation but have opposite effects on these traits.
Certain genetic factors may increase susceptibility to internalising symptoms while
simultaneously reducing the likelihood of continued participation. This pleiotropic effect could

account for the negative genetic correlation observed in our study.

4.5.5. Impact of selective participation on the relationship between maternal

educational attainment and internalising symptoms

To explore the impact of selection bias on the relationship between mothers’ educational
attainment and internalising symptoms in MoBa, we investigated the genetic and

environmental correlations between these variables in the full sample and in the subset of
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individuals who returned the MoBa questionnaire at 8 years. Analysis in the full sample
showed that genetic influences on maternal educational attainment were correlated with
genetic influences on (maternal) internalising symptoms. The genetic correlation in the sub-
sample was of similar magnitude to that observed in the full sample, suggesting minimal
impact of selection bias on the observed genetic correlation between maternal educational
attainment and internalising symptoms. Past studies investigating the impact of selection bias
on associations between polygenic scores and various outcomes have shown that attrition
may bias some, but not all, association estimates. For example, one study in ALSPAC showed
that attrition attenuated associations between the polygenic score for education and smoking
or BMI, whereas associations between polygenic scores for BMI, smoking and schizophrenia
and self-reported BMI and smoking were of similar magnitude to those observed in the full
genetic sample (i.e., the total sample for which DNA data is available) (Taylor et al., 2018).
These findings illustrate the potential to introduce bias in some, though not most, estimates
of genetic associations when studying selected subsamples based on the availability of follow-

up data.
4.5.6. Limitations

It is important to acknowledge some limitations of this study. First, our study specifically
focussed on the potential for bias due to selection mechanisms at follow-up assessment,
rather than bias associated with selection at baseline (i.e., bias associated with initial
recruitment). Future research with additional linkage to registry data on relevant exposure
and outcome characteristics for the entire target population should seek to investigate biases
attributable to differences between participants and non-participants. Second, our results
may not be generalisable to studies with different selection criteria or recruitment methods,
or to studies with specific cultural or contextual factors that may influence study participation.
Factors influencing participation may also change over time and/or with age. Third, we did not
explore all possible traits that might be associated with participation in the MoBa cohort.
Future studies should evaluate the impact of selection bias on associations between other

socioeconomic factors and mental health outcomes.
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4.6. Conclusion

Overall, this study highlights the factors associated with mothers' continued participation in
the MoBa cohort and the potential impact of selective attrition on phenotypic exposure-
outcome associations. Our findings revealed that certain characteristics, such as older age at
birth, being a first-time mother, and higher educational attainment, were associated with
higher rates of continued participation. Selective participation influenced the observed
associations between maternal educational attainment and internalising symptoms, with
associations being weaker among individuals with average or below-average participation
rates. However, no moderation effects of continued participation were observed for the
association between maternal income rank and internalising symptoms, or for the
associations between maternal socioeconomic factors and offspring outcomes. Genetic
factors played a substantial role in continued participation, suggesting the presence of gene-
environment correlation. Our study also demonstrated the presence of shared genetic factors
that contribute to the covariation between maternal educational attainment or internalising
symptoms and continued participation. The impact of selection bias on the relationship
between maternal educational attainment and internalising symptoms was minimal, as the
observed genetic correlation remained similar in the full sample and the subset of individuals
with follow-up data at 8 years. Nonetheless, selection bias can distort the observed
associations between certain exposure and outcome variables, and caution should be
exercised when generalising findings from samples characterised by selection to the larger

population.

Identifying predictors of participation informs strategies to mitigate bias, such as inverse
probability of participation weighting or imputation methods (Metten et al., 2022). Further,
researchers could consider strategies to improve study participation and representation at
study inception. Patient and Public Involvement and Engagement (PPIE) has the potential to
assist researchers, healthcare professionals, and stakeholders in effectively planning and
conducting research studies, as well as implementing health policies, that better align with
the specific requirements of the community (National Institute for Health Research, 2023).

Awareness of potential bias is crucial for maintaining internal validity and supporting
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translational research. Replication in different populations and cohorts will strengthen the

generalisability of findings and enhance the evidence base in longitudinal research.
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5. Discussion

The aim of this thesis was to explore the nature of the relationship between socioeconomic
status (SES) and mental health. Specifically, | sought to examine how socioeconomic factors
affect the relative importance of genetic and environmental influences on mental health
outcomes in childhood (namely, emotional and behavioural symptoms) and adulthood
(namely, depression symptoms). Additionally, | aimed to explore the influence of selection
bias in family data and its potential impact on phenotypic and genetic associations between
socioeconomic factors and mental health outcomes. | approached these aims in the context
of three challenges of gene-environment interaction (GxE) research on socioeconomic

inequalities in mental health, discussed below.

5.1. Overview of findings in the context of thesis aims

5.1.1. Improving understanding of the mechanisms driving socioeconomic disparities
in children’s mental health: gene-environment interaction in the presence of

gene-environment correlation

In chapter 2 of this thesis, | aimed to contribute new knowledge on the role that parents’
socioeconomic factors play in shaping the origins of child emotional and behavioural
problems. | applied a novel genetically informed design using extended family data from the
Norwegian, Mother, Father and Child Cohort Study (MoBa) (Magnus et al., 2016) to investigate
whether parental socioeconomic factors moderate the genetic and environmental influences
on child emotional and behavioural symptoms (GxE). In contrast to previous twin studies in
children (Burt et al., 2016, 2020; Hendriks et al., 2019; Middeldorp et al., 2014; Tuvblad et al.,
2006), | was able to test for gene-environment interaction (GxE) in the presence of modelled
gene-environment correlation (rGE) for environmental moderators that are necessarily shared

between children growing up in the same family.

My results showed that family socioeconomic factors moderate the influence of familial and
non-shared environmental influences on child emotional and behavioural symptoms. Results
were consistent with prior evidence indicating that shared environmental influences on child

emotional problems have a greater influence among children from families with lower SES
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(consistent with the bioecological framework; Bronfenbrenner & Ceci, 1994). Interestingly, my
ability to model the covariance between socioeconomic factors and child outcomes revealed
that shared genetic factors explained more of the variance in child behavioural symptoms for
families at lower levels of socioeconomic status (consistent with the diathesis stress
framework; Monroe & Simons, 1991). This increased heritability was driven by genetic
variance shared between maternal SES indicators and child behavioural symptoms that would
have been regressed out of previous GxE analyses. Thus, it is possible that previous studies
have not detected increased genetic influences at lower ends of the socioeconomic
distribution because the genetic effects are shared between parent SES and child
psychopathology. Findings from this study also indicated that the presence and pattern of
moderation can vary depending on the measure used to index family socioeconomic
conditions. Analysing the moderating effects of individual socioeconomic indicators,
separately for mothers’ and fathers’, revealed that maternal and paternal socioeconomic
factors may partly reflect individual characteristics of the parents. This suggests that parents’
socioeconomic factors may influence child behaviour via different pathways, highlighting the

multidimensional nature of socioeconomic status.

5.1.2. Improving understanding of the mechanisms underpinning socioeconomic

disparities in mental health in low- and middle-income populations

In chapter 3, | aimed to contribute new knowledge on the mechanisms by which
socioeconomic conditions influence depression in low- and middle-income countries. To my
knowledge, this is the first study to use biometric moderation modelling to investigate
whether socioeconomic factors moderate aetiological influences on depression symptoms in

a Sri Lankan population.

Findings revealed that lower standard of living, poor educational attainment, and financial
strain were associated with higher levels of depression symptoms, consistent with previous
research. The study also identified sex differences in the genetic influences on standard of
living, with a small genetic contribution observed in females but not in males. Genetic
influences on standard of living in females may reflect lower variation in environmental
exposures due do cultural gender limitations. For example, the majority of working age

females in Sri Lanka are not in salary-based employment (~73%) with the main reasons
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reported being a caregiver, family work, and household activities (Department of Census and
Statistics Sri Lanka, 2019). Shared environmental factors environmental factors accounted for
the majority of variance in standard of living in both males and females, potentially reflecting
socio-cultural norms (e.g., higher prevalence of extended, multigenerational, family
households; Maselko, 2017) and/or less equal access or opportunity in employment sectors
in Sri Lanka. Educational attainment showed moderate heritability in both sexes. This
replicates findings in other countries and is often interpreted as an index of meritocracy —
whereby educational attainment is influenced by an individual’s genetic propensity to perform
well in educational settings (Rimfeld et al., 2018). We found evidence that aetiological
influences unique to depression symptoms were moderated by standard of living and
educational attainment. However, it was not possible to determine whether moderation
operated through genetic and/or environmental mechanisms. Nevertheless, the moderation
of depression by standard of living and educational attainment is consistent with the notion
that social causation processes play a role in the observed association between
socioeconomic status and depression symptoms across different populations (Dohrenwend et
al., 1992; Lund & Cois, 2018; South & Krueger, 2011). Findings also showed that the shared
variance components between socioeconomic factors and depression symptoms were zero
across the entire socioeconomic distribution, suggesting that socioeconomic factors may have

a main effect on the aetiology of depression independently of shared aetiological influences.

The study’s strengths include a large representative population-based twin and singleton
sample in the Colombo District in Sri Lanka and the use of standard measures of asset and
education. Limitations of the study include potential underreporting of socioeconomic factors
and depression symptoms due to sensitivity, privacy, and stigma (Lorant et al., 2007), lack of
investigation into age-related patterns of moderating effects by socioeconomic conditions,
potential regional representativeness concerns, and the reliance on assumptions in the twin
method that may impact result validity (Rijsdijk & Sham, 2002). Overall, findings contribute to
our understanding of the complex relationship between socioeconomic factors and
depression, with implications for future cross-cultural research and interventions addressing

social disparities in depression.
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5.1.3. Considering selection bias in family data

In my final study, | investigated the impact of selective attrition on phenotypic and genetic
exposure-outcome associations in the MoBa cohort. Findings showed that participation rates
declined over time, with higher rates among older mothers, first-time mothers, and those with
higher educational attainment. Conversely, attrition was linked to higher levels of internalising
symptoms among mothers. In line with previous findings (Howe et al., 2013), selective
participation had an effect on the association between maternal educational attainment and
internalising symptoms, with weaker associations observed among those with higher
participation rates. This suggests the possibility of collider bias, indicating that conditioning
on continued participation, a potential collider, may have introduced bias into the estimate of
the association between educational attainment and internalising symptoms. However, no
moderation effects were found for the association between maternal income rank and
internalising symptoms or for the associations between maternal socioeconomic factors and
offspring outcomes, indicating that the impact of selective participation on these specific
associations was minimal. Genetic factors played a significant role in continued participation,
and genetic correlations were observed between educational attainment or internalising
symptoms and continued participation. Consistent with our study findings, previous research
using genotype data has identified genetic variants associated with ongoing study
participation, and genetic overlap between participation and educational attainment and
depression (Adams et al., 2020; Ask et al., 2021; Taylor et al., 2018; Tyrrell et al., 2020). The
impact of selection bias on the aetiological relationship between maternal educational
attainment and internalising symptoms in MoBa was minimal, as the observed genetic

correlation remained consistent across the full sample and a subset with follow-up data.

Limitations of the study include a specific focus on selection bias at follow-up rather than at
baseline, the need for future research to link registry data for the entire target population to
investigate biases, and the potential lack of generalisability to studies with different selection
criteria, recruitment methods, or cultural/contextual factors. Additionally, the study did not
explore all possible traits associated with participation, and future studies should examine the
impact of selection bias on associations between other socioeconomic factors and mental

health outcomes. Overall, the findings from this study highlights the factors associated with
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continued participation in the MoBa cohort and the potential bias introduced by selective
attrition on phenotypic exposure-outcome associations. The findings underscore the
importance of identifying predictors of participation and considering potential bias to
maintain internal validity and support translational research. Replication of these findings in
diverse populations and cohorts will enhance the generalisability of the results and contribute
to the evidence base in longitudinal research. Such research efforts will help to identify under-
represented groups where community engagement and involvement initiatives could be

focussed.

5.2. General limitations

| have discussed the limitations associated with each research study throughout the chapters
of this thesis. In the following paragraphs, | consider some of the key limitations of this
research in sum. These limitations reflect challenges that apply to all studies exploring the role
of gene-environment interplay in the relationship between socioeconomic status and mental

health, including my presented research.
5.2.1. Generalisability

The findings from chapter 4 in this thesis showed that the MoBa cohort (used in chapters 2
and 4) is characterised by self-selection, with ongoing study participants more likely to be
older, first-born mothers, have higher educational attainment, and lower self-reported
internalising symptoms, compared to those lost to follow-up and to the national average
(Magnus et al., 2016). Similarly, in the CoTASS sample, which represents the Colombo District,
selective participation based on factors such as age, gender, ethnicity and twin status is
evident (Jayaweera et al., 2018). Additionally, mental health data used across chapters were
positively skewed, indicating low levels of symptoms among study participants. Such selection
biases are a pervasive issue for all scientific research that relies upon voluntary participation.
Selection biases can be influenced by factors operating at a global (e.g., inequality in research
funding and infrastructure may lead to the clustering of cohorts in developed countries),
national (e.g., cultural and societal factors may lead to gender and racial biases in study
participation), institutional (e.g., lack of diversity among scientists who design and implement
research protocol may lead to biases in research) and individual (e.g., greater exposure to life

stressors may lead to lower capacity to engage in research) level.
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My results suggest that selection bias may only influence phenotypic associations in cases
where both the predictor and outcome predict study participation. Collider bias occurs when
conditioning on a variable, in this case, continued participation, that is influenced by both the
predictor (educational attainment) and the outcome (internalising symptoms). The weaker
association observed among those with above-average and average participation rates in
chapter 4 suggests that conditioning on continued participation, a potential collider, may have
introduced bias into the estimate of the phenotypic association between participants’
educational attainment and internalising symptoms in MoBa. Such bias could be problematic
particularly if similar characteristics related to participation in different studies as the results
might be reproducible but may equally be biased. Given that internalising symptoms do not
predict follow-up study participation in CoTASS, this could suggest a minimal impact of
selection bias on association estimates between socioeconomic factors and depression
presented in chapter 3. Further, my results from chapter 4 also showed that attrition may have
a limited impact on estimates of genetic and environmental sources of variance and
covariance between socioeconomic factors and internalising problem. This provides
additional reassurance to the validity of results presented throughout the chapters in this

thesis.

The restricted range of participants in terms of socioeconomic status and mental health raises
concerns regarding the generalisability of gene-environment interaction (GxE) findings.
Without a representative sample covering the full distribution of these variables, it is difficult
to fully understand patterns of GxE at the extreme ends of the distribution (Purcell, 2002).
Furthermore, the lack of representativeness in samples means that the voices of marginalised
individuals are not being heard or adequately represented. While there are statistical
corrections available to address biases and make inferences on the entire target population,
such as weighting methods or imputation techniques (Metten et al., 2022), these approaches

do not address broader issues of representativeness.

As in all research, the findings presented in this thesis are specific to the context in which they
were derived, and caution should always be exercised when generalising results to different

contexts. For instance, Norway, a country with a strong welfare state, may exhibit different

152



associations between socioeconomic status and mental health problems compared to Sri
Lanka, which may have a weaker safety net or variation in other potentially important
socioeconomic aspects (e.g., lower labour force participation rates, especially among females
[Department of Census and Statistics Sri Lank, 2022]). Importantly, population estimates from
twin and family-based studies are context- and time-specific, and do not represent “what
could be” but only “what is" at one point in time, in a particular setting. Differences in social,
cultural and economic contexts within and between different regions can shape the
relationships between variables, highlighting the importance of considering the broader

context when interpreting and generalising study results.

The lack of diversity among the samples used in this thesis and in existing mental health
research, as well as among research communities, perpetuates inequality in mental health
and in human science research (Cooper et al., 2013; Maura & Weisman de Mamani, 2017).
Studies from LMIC are severely under-represented in behavioural genetic research, a problem
highlighted in a review of all twin studies conducted over the past 50 years (Polderman et al.,
2015). The continents of Africa, South America and Asia represented only 0.2-5% of published
twin research. Similarly, the vast majority of genome-wide association studies (~88%) have
been conducted on individuals of European ancestry, with African, African-American or Afro-
Caribbean, Hispanic and Latin American, and Asian ancestry groups represented in only 1.0-
2.8% of published studies (Mills & Rahal, 2020). Researchers must acknowledge these
limitations and actively promote inclusivity by conducting diverse research, developing
culturally appropriate mental health measures, improving participant recruitment strategies,
and seeking global funding opportunities. Failure to do so risks perpetuating a cycle of biased
scientific evidence, and subsequently biased policy and intervention, that caters more

towards privileged groups.

Researchers can adopt strategies to improve study participation and strive for better
representation. These strategies may include targeted recruitment efforts to reach
underrepresented populations, creating inclusive study environments, addressing barriers to
participation, and incorporating diverse perspectives in study design and interpretation of
findings. Patient and Public Involvement and Engagement (PPIE), also known as Community

Engagement and Involvement (CEl), has the potential to assist researchers, healthcare
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professionals, and stakeholders in effectively planning and conducting research studies, as
well as implementing health policies, that better align with the specific requirements of the
community (National Institute for Health Research, 2023). It is crucial for researchers to
acknowledge and actively address the limitations of sample representativeness and work
towards improving inclusivity and diversity of research studies. By doing so, researchers can
ensure that findings are more applicable and relevant to a broader range of individuals, and

that voices of marginalised population groups are heard and represented.

5.2.2. Measurement

5.2.2.1. Reporter biases

Across the chapters in this thesis, data on emotional and behavioural symptoms in children,
and internalising symptoms in adults, were collected using parent-report or self-report
guestionnaire items. Compared to other data collection methods, questionnaires are
relatively inexpensive and simple to administer across the large samples that are required for
genetically informed research. In contrast to other sources of information (e.g., national
administrative data), however, questionnaires rely solely on participant perspectives and
ability and/or willingness to respond accurately. Self-report data are subject to a range of

unwanted biases that can arise from inaccurate or biased responding by participants.

Response biases such as social desirability bias have been shown to affect the validity of self-
report measures of socioeconomic factors and psychiatric symptoms due to the sensitive
and/or private nature and stigma associated with reporting them. For example, there is
evidence of social desirability bias in reporting personal income; individuals at the lower end
of the wage distribution are more likely to overreport their income, whereas the highest
earners are more likely to underreport their income (Angel et al., 2019). In chapters 2 and 4,
the use of register data to index socioeconomic conditions is an important strength because
it means that social desirability bias does not influence the socioeconomic measures used in
the (MoBa) analyses. Additionally, the use of register data allowed me to retain individuals in
the analyses who did not provide self-report income and/or education MoBa data. However,

the availability and utility of such data is often limited or non-existent particularly from low-
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and middle-income populations (LMIC). Nevertheless, the wide availability of asset index data
and educational attainment in many studies and comparable data across countries is an
important strength of the study in chapter 3 because it facilitates comparative research.
Research has shown that in many LMIC, such as Sri Lanka, mental health difficulties can carry
additional cultural stigma and individuals may be more inclined to mask psychiatric rather
than, for example, physical health conditions (Mascayano et al., 2015; Samarasekara et al.,
2012). Thus, socio-cultural stigmas associated with socioeconomic conditions and mental
health may have hindered the reporting of them in chapter 3. While this could result in biased
prevalence estimates (Munafo et al., 2018), it is unlikely that results from these analyses were
biased by selection, given that neither socioeconomic status (indicated by educational
attainment or standard of living) or depression predicted follow-up participation in CoTASS-2

(Jayaweera et al., 2018).

5.2.2.2. Measurement tools and procedure

Another potential limitation is that the questionnaire data used in this thesis provide only
crude measures of participants’ mental health symptoms. For example, in chapter 3 the five-
item version of the SCL-5 was used to measure mothers’ internalising symptoms and has been
shown to have relatively low reliability. Nevertheless, prior evidence suggests overall good
psychometric properties of this scale (Schmalbach et al., 2021). The socioeconomic indicators
used throughout the chapters of this thesis only capture certain aspects of participants’
socioeconomic conditions at the time of assessment. Although different socioeconomic
indicators are correlated, each has been shown to measure a distinctive aspect of the
environment and may reflect different pathways through which mental health is affected
(Duncan & Magnuson, 2003; Festin et al., 2017; Howe et al., 2012). Moreover, the chapters in
this thesis focussed specifically on individual-level socioeconomic indicators, rather than
neighbourhood- or country-level indicators of socioeconomic status. As a result, the
understanding of how broader structural socioeconomic inequalities can impact the
development of internalising and externalising problems in children and adults may be

limited.
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5.2.3. Dependence of gene-environment interactions on scaling

In practice, the ability to test theoretically implied GxE interactions is constrained by the
dependence of interaction tests on the observed distributions of the traits (Murray et al.,
2016; Van Hulle & Rathouz, 2015). The presence of non-normality in an observed phenotypic
distribution can lead to incorrect inferences regarding the presence of GXE. Non-normality
could arise for reasons such as failing to sample individuals with the lowest or highest trait
levels from the population or if the measurement instrument used does not capture the full
range of variation in the trait. Many traits of interest in behavioural genetic research, as well
as psychological research in general, show skewed score distributions. Typical behavioural
genetic approaches to correcting for non-normality include non-linear transformations of sum
scores or estimating factor scores from an item response theory (IRT) model (Murray et al.,
2016). Transformation of non-normal sum-scores to normality has been shown to improve
false-positive rates and provide less biased parameter estimates in GxE tests. Data on mental
health symptoms used across the empirical chapters of this thesis were positively skewed and

subsequently corrected using log-linear transformations.

GxE estimates depend on the degrees of individual differences in a trait at different levels of
the moderator, and thus, failing to adequately sample the full socioeconomic distribution from
the population can reduce statistical power to detect GxE effects and lead to incorrect
inferences of the mechanism of interaction. For example, the MoBa dataset used in chapters
2 and 4 is characterised by self-selection and participants have been found to have higher
levels of SES compared to those who did not participate. Less variation at lower levels of SES
can alter the shape and significance of interactions at this end of the distribution. Thus, it is
important for future work to consider the distributions of SES indicators when testing for
theoretically implied GxE interactions, as well as applying appropriate transformations to
skewed trait scores. There are ongoing efforts to link MoBa questionnaire data with
information from a range of administrative registers, including demographic, medical, income
and wealth, education, and criminal records. These linkages provide further opportunities to

assess selection characteristics of the sample and implement methods to correct for bias.
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5.2.4. Cross-sectional data

The empirical studies presented in this thesis adopt a cross-sectional design, limiting the
findings to the concurrent aetiology and relationships between variables, specific to the time
and/or developmental period at which they were assessed. The nature and magnitude of
associations between socioeconomic indicators and mental health outcomes is influenced by
various contextual factors and may exhibit age-related changes. For example, studies have
identified time-varying associations between family socioeconomic conditions and
trajectories of emotional and behavioural problems. Developmental differences in
moderation could be expected given that the aetiology and trajectories of mental health
problems change across development (Hannigan et al., 2017). This is especially relevant for
chapter 2, which is focussed on childhood mental health outcomes, given that various genetic
and environmental factors may become more or less influential as certain behaviours and
cognitive processes become involved in driving the symptoms of emotional and behavioural

problems at different stages of development.

Socioeconomic status is not a static construct, and research suggests that mental health and
other adverse outcomes may be worsened by sharp income fluctuations caused by economic
insecurity (Hardy & Ziliak, 2014; Jacobs & Hacker, 2008; Miller et al., 2021; Whitfield et al.,
2021). Longer-term financial instability may also influence the aetiology of mental health
problems in ways which | have not explored in the chapters of this thesis. Longitudinal studies
have shown links between increased income volatility and poorer socioeconomic and health
outcomes (Miller et al., 2021; Morrissey et al., 2020; Whitfield et al., 2021). In recent years,
household income has become increasingly unstable, especially in families with children and
among low-wage workers (Hardy & Ziliak, 2014; Hill et al.,, 2013). COVID-19 and other
economic crises, including the recent economic crisis in Sri Lanka, have further exacerbated
inequalities in social, economic and mental health outcomes (Kola et al., 2021; Matthias &
Jayasinghe, 2022; Santomauro et al., 2021). This has implications for the interpretation of the
findings presented throughout this thesis because estimates of genetic and environmental
sources of individual differences and underlying causal mechanisms can change over time and

as circumstances change.
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5.2.5. Sample size

An important issue for GxE research in general is that many GxE twin studies are
underpowered due to sample size, which raises concerns as to the likelihood that detected
interaction effects are true positives. Ideally, adequate power to detect true interaction effects
in favour of alternative models requires sample sizes of at least 2,000 twin pairs (Van Hulle &
Rathouz, 2015). A noteworthy strength of the study conducted in chapter 2 is the use of a
large prospective cohort study (MoBa), which included over 16,000 extended mother-child
and father-child extended families. Although the CoTASS dataset used in chapter 3 included a
larger sample size than possible comparison published studies, my results suggest that this
research would have benefited from larger samples to refine findings. Confidence intervals
around the moderated parameters were large and non-significant. However, results from
post-hoc model fitting analyses suggest moderation on the aetiological influences unique to
depression symptoms (i.e., moderation on the variance components not shared with the
socioeconomic indicator) and are consistent with the moderation effects observed in the

interaction graphs (Chapter 3, figure 2).

5.3. Avenues for future research

5.3.1. Exploring the relationship between socioeconomic status and mental health

across time and populations

An interesting future direction could be to explore the nature of the relationship between
socioeconomic conditions and mental health outcomes across time. This could involve
examining whether longitudinal changes in family socioeconomic conditions are associated
with developmental change in offspring emotional and behavioural difficulties across
childhood and adolescence. In chapter 2, | found novel evidence of moderation of genetic
variance that is shared between maternal income and offspring behavioural symptoms in
early childhood. However, it is possible for developmental differences in moderation given
that the aetiology and trajectories of mental health problems change across development.
For example, emotional and behavioural problems tend to increase with the onset of puberty
and transition into adolescence (Costello et al., 2005; Scaramella et al., 1999). At the same
time, adolescents become increasingly aware of their own social standing (Harold & Conger,

1997). Thus, examination of these later developmental periods may reveal different processes
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of gene-environment interplay underlying observed relations between socioeconomic
conditions and mental health. Work to combine longitudinal models with an extended family
design has already begun, in attempts to explore longitudinal co-development of mothers’
internalising and offspring temperament characteristics during early development
(Ahmadzadeh et al.,, 2023). Future studies could next consider using similar large-scale
genetically informative data to build on these models to explore how the dynamics of different
measures of the family socioeconomic environment relate to trajectories of aetiologic
moderation on emotional and behavioural problems across child developmental periods. In
addition to exploring changes in GxE across development, future research employing a

longitudinal design could also explore stability in GXE effects that persist across time.

Another future direction could be to examine the direction of the relationship between
socioeconomic status and mental health outcomes. For example, my findings from chapter 3
provide support for both social selection (significant genetic influences on SES indicators) and
preliminary support for social causation (GxE). A next step could be to expand my analyses to
include data from the first wave (CoTASS-1) and, when available, data collected at the third
assessment (CoTASS-3). This would allow for investigations of the direction of effects between
socioeconomic status and mental health. For example, longitudinal phenotypic research has
found evidence for a reciprocal relationship between SES and depression, suggesting social
causation and social selection act simultaneously to reinforce cycles of socioeconomic
disadvantage and depression (Jin et al., 2020; Lund & Cois, 2018). Using longitudinal
genetically informed data, biometric autoregressive cross-lagged models could be used to
examine whether socioeconomic circumstances prospectively predict mental health
difficulties, or vice versa (i.e., mental illness predicts socioeconomic status), after accounting
for shared aetiology. Versions of this model have been used to demonstrate, for example, that
social anxiety disorder prospectively predicts alcohol use disorder, and not vice versa, after
correction for shared aetiologies (Torvik et al., 2019). A potential is that the socioeconomic
status of participants may not change enough over time to be able to conduct such analyses.
For example, individuals in CoTASS showed similar rates of full-time employment at the
second-wave of assessment (~“56% in CoTASS-2) as reported at the first-wave of assessment

(~53% in CoTASS-1) (Jayaweera et al., 2018; Siribaddana et al., 2008).
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Following from this, a broad future avenue is the inclusion of more diverse samples within
behaviour genetics and science in general. The limited representation of ancestral,
geographic, and demographic diversity in the existing data poses a significant obstacle to
genetic research. Underrepresentation of diverse populations limits our understanding of the
mechanisms through which socioeconomic and other social risk factors impact mental health
and may exacerbate existing health inequalities. As discussed in chapter 4, those who are less
advantaged and less healthy are often under-represented in studies, leading to samples that
are generally ‘healthier and wealthier’ than the intended study population (Howe et al., 2013;
Jacobsen et al., 2010; Nohr & Liew, 2018). My findings indicate that selective participation at
follow-up assessments (i.e., attrition) may result in underestimation of socioeconomic
inequalities in internalising symptoms, and similar biases in several health-related outcomes
have been previously reported (Howe et al., 2013). Future studies may consider applying
methods to adjust for results in the study sample to match results in the target population,
such as inverse probability weighting. Ultimately, however, collection of more representative
and diverse data would be a preferable solution. Another serious issue is that genetically
informative research has been largely restricted to high-income populations (Polderman et
al., 2015). Further, bias towards Western populations is also problematic because estimates
of genetic and environmental sources of individual differences are specific to a population at
a particular time period and have been shown to vary cross-culturally (Hur, 2008; Zavos et al.,
2020). In this thesis, | used a distinct Sri Lankan sample mentioned in Chapter 3, which stands
as a singular twin and singleton registry within a South Asian context. However, with most
twin studies still aggregating in Western populations, there is an ongoing global necessity for
more twin registries. Such research efforts would help to provide new insights into the genetic

and environmental factors, as well as their interplay, underlying complex traits.

5.3.2. Modelling broader family systems

A next step could be to expand my analyses to model broader family systems. For example,
this could involve examining associations between indicators of family socioeconomic
conditions and offspring mental health in models that also account for associations between
two parents. In chapter 2, | modelled extended family units separately for sibling pairs of

mothers or fathers and their children. In doing so, | was able to disentangle the effects of
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mother and father socioeconomic factors on the aetiologies of child emotional and
behavioural problems. Results indicated that aetiological influences on child outcomes were
differentially moderated by maternal versus paternal socioeconomic indicators, which could
suggest that these indicators may partly be reflective of individual traits of the parents and
may affect child outcomes via different pathways. While | modelled mothers and fathers
separately, future analyses could also seek to model them simultaneously as an overall
measure of family socioeconomic status and investigate whether moderation effects differ

between individual and composite measures of SES.

Future studies could also consider modelling both parents per child to examine partner
associations between socioeconomic indicators and potential effects of assortative mating on
parent-offspring correlations. This may be especially relevant when examining the effects of
parents’ educational attainment on child mental health outcomes as partners have been
found to strongly resemble each other on educational attainment in previous studies
(Greenwood et al., 2014; Torvik et al., 2020, 2022), and in my analyses in chapter 2 (r = 0.45).
Torvik et al. (2020) present an extended MCoTS model in which two parents per child are
included in a family unit. Specifically, the authors sought to estimate the genetic overlap
between partners for educational attainment by comparing phenotypic correlations between
parents and their siblings, parents and their partners, and parents and their sibling’s partners
(i.e., in-laws). This estimate of partner genetic similarity was used to adjust offspring sibling
correlations to account for the inflation of sibling genetic overlap as a function of assortative
mating among parents. Using this approach, it is possible to model the effects of maternal and
paternal educational attainment separately on the offspring outcome after accounting for
intergenerationally shared genetic and environmental influences. Future studies could seek
to extend this model to include moderation parameters on these intergenerational pathways

to explore differences in results between parents.

Linkage to population and health registers may also provide opportunities for future studies
to model broader family systems, such as relatives of study participants who did not
participate. For example, in chapter 4 | used ancestry information from the Norwegian birth
register linked with data from MoBa to identify additional extended families linked by mothers

who were cousins. Further, linkage to individual-level register data can be used to identify all
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members of a population who were eligible to participate in a study. Work to identify non-
participants who were eligible to take part in MoBa has already commenced, in efforts to
examine selection biases attributable to differences between participants and non-
participants, rather than between continuing participants and drop-outs. Linkage to data from
birth records enables identification of pedigree structures within the target population, and
this information can be used to conduct genetically informed analyses. This approach could
be taken in future research examining the potential impact of bias due to selective initial
participation and subsequent attrition on estimated phenotypic and genetic exposure-
outcome associations. This may be especially relevant to research on social inequalities in

mental health, given that these factors are strongly associated with participation.

5.3.3. Modelling broader social systems

In the chapters of this thesis, | use data on income or assets and educational attainment to
index individuals’ socioeconomic circumstances. Thus, my analyses focus on the effects of
individual or familial socioeconomic disadvantage on mental health. The effects of these
socioeconomic factors on health inequalities do not operate in a vacuum, but rather interact
with factors operating across multiple levels of the socioeconomic context, such as
neighbourhoods, communities, and wider society, institutions, and culture. For example, the
deprivation amplification model proposes that socioeconomic factors operating at the
individual- and neighbourhood-level may act together to influence risk for mental health
problems, such that individuals with low socioeconomic status living in deprived
neighbourhoods may have elevated risk compared with individuals of low SES living in less
disadvantaged areas (Macintyre et al., 1993; Mann et al., 2022; Maselko, 2017; Stafford &
Marmot, 2003; Visser et al.,, 2021). In addition to the effects of socioeconomic factors,
important inequalities also exist across other population demographic groups, such as sex,
gender, race and ethnicity (Assari, 2017; United Nations, 2020). The term ‘intersectionality’ is
used to describe the combined effects of multiple social categories on outcomes of interest
(Crenshaw, 1991). For example, findings from chapter 3 revealed sex differences in the
aetiology of standard of living, with a small contribution of genetic influences in females but
not in males. One interpretation of this finding is that genetic influences on standard of living

in females may reflect lower variation in environmental exposures due to cultural gender
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inequalities in employment. This suggests the need for future research to consider the
intersections between socioeconomic and other social categories. Thus, a next step could be
to expand my analyses to model broader social systems which consider the effects of multiple

social factors.

One approach to do so could be multilevel analysis, which takes into account the natural
clustering of one unit of analysis (e.g., individual) within another (e.g., area of residence), and
can be used to distinguish between contextual (macro) and compositional (micro) influences.
A recent study in MoBa using genotype data linked with national administrative data on school
and residential environments used multilevel modelling to test for gene-environment
interactions between polygenic indices of educational attainment (EA-PGI) and environmental
levels (Cheesman et al., 2022). Findings indicated an interaction between EA-PGI and schools,
but not neighbourhood, district or municipality. This approach could be considered in future
studies using similar large-scale genetically informative data to explore the causal influences

of multiple socioeconomic and social factors on mental health outcomes.

GxE research the potential to improve our understanding of behavioural traits linked to social
inequality and aid in developing interventions that can be applied at multiple levels. By
identifying genetic and environmental moderation in specific contexts, population-level
studies can assess the impact of social and economic policies on individual differences in
mental health. For instance, the social control/push framework emphasises the role of
societal norms and constraints in shaping behaviour, suggesting policies that strengthen social
institutions, support positive family dynamics, and promote community engagement.
Investments in education, community centres, and mentorship programs can contribute to a
protective social environment. Policies aligned with the diathesis-stress model could involve
early interventions, stress reduction initiatives, and community resources as buffers against
negative environmental influences. The bioecological framework suggests a need for policies
addressing multiple environmental levels, including family, school, and community
interventions fostering supportive environments. Differential susceptibility framework
considerations may lead to personalised education plans and mental health support.
Highlighting social and economic inequalities that contribute to mental health disparities at

the population level is crucial. All GXE models emphasise the influential role of social and
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environmental contexts in the causes of physical and mental health disorders, reinforcing the
importance of upstream societal interventions to improve living and working conditions, such
as labour market regulation, protective employment policies and investment in social
protection (Macintyre et al., 2018). Effective policies should recognize the dynamic interplay
between genetic predispositions and environmental factors, advocating for a comprehensive,
flexible, and multifaceted approach that integrates genetic research with social and

environmental interventions.

5.3.4. Incorporating genomic data

In the chapters of this thesis, | use twin/family data to infer the role of genetic factors and
their interaction with the socioeconomic context. However, recent methodological advances
combining family-based methods with genomic data are giving rise to new research
opportunities for elucidating the mechanisms through which socioeconomic factors impact
mental health. While genomic methods allow for directly testing gene-environment interplay,
they cannot yet replace the methods used in this thesis given that they are currently limited
to additive effects of common genetic variants tagged on DNA arrays, rather than
approximating influence of the entire genome as in twin and family-based methods
(Cheesman et al., 2017; Maher, 2008; Plomin, 2022). Moreover, the biometric moderation
models used in the chapters of this thesis test for variation not only in genetic influences but
in non-genetic influences too. For example, chapter 2 showed that shared environmental
influences on child emotional problems have a greater influence among children from lower
socioeconomic backgrounds, which would not be detected using genomic-based designs.
Identifying contexts in which environmental factors have notable influence on aetiology has
the potential to inform intervention strategies to reduce social inequalities in mental health.
Nevertheless, there are ways that future studies may consider applying genomic methods to
test similar research questions and hypotheses to those explored in this thesis. A particularly
exciting prospect of these methods is that they can be integrated with twin and family-based
datasets. In recent years, genomic data have been collected on participating members of
large-scale family datasets. For example, previous studies have used parent-child genomic
data to explore environmentally mediated genetic effects (termed genetic nurture) of parents

on child depression symptoms (Cheesman et al., 2020). Further, parent-child genomic data
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can be used to control for gene-environment correlation in GxE analyses. In the study by
Cheesman et al. (2022) discussed in the previous section, the authors control for gene-
environment correlation by regressing out the effects of parental genotype on offspring
genotype prior to testing for interaction. Future studies could consider using similar
approaches to explore how family socioeconomic conditions moderate genetic risk for

psychopathology.

Genome-wide methods have been proposed to identify variance-controlling genes that confer
differential sensitivity to the environment (Conley et al., 2018; Paré et al., 2010; Visscher &
Posthuma, 2010; Yang et al., 2011). Genetic effects on trait variance can be inferred from
variance quantitative trait locus (vQTL) analysis among groups of unrelated or related
individuals. Polygenic scores can be calculated based on variance effects found in vQTL
analysis to predict environmental sensitivity and can be examined as moderators of specific
environmental exposures on outcomes. For example, one study showed that polygenic scores
for environmental sensitivity significantly moderated the effects of parenting behaviour on
emotional problems (Keers et al., 2016). In individuals with high polygenic environmental
sensitivity, negative parenting was associated with increased emotional symptoms, while
positive parenting was associated with decreased emotional problems. An interesting future
direction could be to investigate whether polygenic scores for environmental sensitivity
moderate the effects of socioeconomic factors on mental health outcomes. Work to conduct
genome-wide vQTL analysis in MoBa has already commenced, in efforts to calculate polygenic
indices for environmental sensitivity based on the whole-genome findings. These polygenic
indices can be tested as both a predictor and moderator of child/adult mental health

outcomes in future research.

Another future direction could be to expand my analyses in chapter 4 to incorporate genomic
approaches. For example, | could use genomic methods to estimate the SNP heritability of
attrition (as implemented in the genome-wide complex trait analysis (GCTA) software) (Yang
et al., 2011) and examine what proportion of pedigree heritability is accounted for by SNP-
based heritability. Future studies may also consider using parent-child genomic data to
explore the role of parent(s) versus child in determining continued participation in the study

(e.g., trio-GCTA analysis; Eilertsen et al., 2021).
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5.4. Final conclusion

In this thesis, | aimed to explore the relationship between socioeconomic status (SES) and
mental health, focusing on the role of genetic and environmental influences and their
interplay. Through a series of empirical studies, | investigated the impact of socioeconomic
factors on mental health outcomes in both childhood and adulthood, considering gene-
environment interaction (GxE) and gene-environment correlation (rGE). Additionally, |
examined the influence of selection bias in family data and its potential impact on associations
between socioeconomic factors and mental health outcomes. The findings of this thesis
contribute to a deeper understanding of the mechanisms underlying socioeconomic
disparities in mental health. The findings underscore the importance of considering gene-
environment interplay and selection biases in understanding socioeconomic disparities in
mental health outcomes. Future research should aim to address the identified limitations and

explore these relationships in diverse populations and representative samples.
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Table S1. Phenotypic correlations between all study variables.

Variable M SD 1 2 3 4 5 6 7 8 9 10
1.Maternal age 30.30 4.49
2. Paternal age 32.28 5.26 .67**
[.66, .67]
3. Parity 0.78 0.88  .40%** 32%*
[.40,.41]  [.31,.32]
4. Child year of 2005.07 2.20 .07** .05%* -.07**
birth [.06,.08] [.04,.06] [-.08,-.07]
5. Child sex 1.49 0.50 .00 -.00 -.00 -.00
[-.01,.01] [-01,.01] [.01,.01] [-.01,.01]
6. Child emotional 1.25 0.20 -.08** -.04** -.08** -.02** .03**
problems [-.09,-.08] [-.05-.03] [-.08,-07] [-.03,-02] [.02,.04]
7. Child behavioural  1.47 0.26  -.09** -.05%* -.06** -.08** -.08** .39%*
problems [-.09,-08] [-.05,-04] [-.07,-.05] [-.09,-.08] [-.08,-.07] [.38,.39]
8. Maternal registry  0.57 0.24 .06** .02** -.10** .09** .01 -.08%* -.05%*
income [.06,.07] [.01,.02] [.10,-.09] [.08,.10] [-.00,.01] [-.09,-.08] [-.05,-.04]
9. Maternal registry ~ 5.37 1.38  .22%* A1%* -.09%* J15%* .01 -.14%* -.14%* .38%**
education [.21,.22] [.10, .12] [-.10,-.09] [.14,.16] [-.00,.01] [-.14,-13] [-.14,-13] [.37,.38]
10. Paternal registry ~ 0.61 0.23  .05** -.04%* -.01%* .04** .00 -.06** -.05%* .07%* .16%*
income [.05, .06] [-.04,-.03] [-.02,-.00] [.03,.05] [-.01,.01] [-.06,-.05] [-.06,-.05] [.06,.08] [.15,.17]
11. Paternal registry  5.06 1.54 .20** .08** -.03** J10%* .00 -.10** - 11%* J19%* AS5** 33%*
education [.19,.21] [.07,.091 [-.03,-.02] [.10,.11] [-01,.01] [-.11,-.09] [-11,-.10] [.18,.20] [.44,.46]  [.33,.34]

Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95% confidence interval for each

correlation. * indicates p <.05. ** indicates p < .01.
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Table S2. Fit statistics from the biometric moderation MCoTS models of child emotional
and behavioural outcomes moderated by maternal SES indices.

A-2LL A df p AIC
Maternal income and child emotional problems
Full moderation - - - 188201.00
No moderation 85.78 6 2.28e-16 188274.80
Maternal education and child emotional problems
Full moderation 175788.00
No moderation 155.74 6 4.73e-31 175931.70
Maternal income and child behavioural problems
Full moderation - - - 188551.30
No moderation 12.57 6 0.05 188551.90
Maternal education and child behavioural problems
Full moderation - - - 176167.40
No moderation 45.32 6 4.05e-08 176200.70

-2LL =-2 log likelihood; df = degrees of freedom; AIC = Akaike’s
Information Criterion.
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Table S3. Moderated path estimates, standard errors and 95% confidence intervals of child
emotional and behavioural outcomes moderated by maternal SES indices.
Child emotional problems

Maternal income Maternal education

Parameter  Estimate  Std. error LL UL Estimate  Std. error LL UL

Bxu -0.06 0.06 -0.14 0.14 0.11 0.04 -0.17 0.17
Byu -0.03 0.03 -0.08 0.03 -0.06 0.02 -0.11 -0.01
Bxc 0.02 0.05 -0.07 0.11 0.05 0.04 -0.04 0.12
By 0.01 0.03 -0.05 0.06 0.01 0.02 -0.03 0.05
Byc -0.09 0.03 -0.14 0.14 -0.04 0.07 -0.16 0.16
B -0.01 0.02 -0.04 0.03 -0.03 0.02 -0.06 0.01

Child behavioural problems

Maternal income Maternal education
Parameter  Estimate  Std. error LL UL Estimate  Std. error LL UL
Bxu 0.00 0.05 -0.09 0.09 0.00 0.23 -0.17 0.17
Byu 0.00 0.01 -0.03 0.04 -0.03 0.07 -0.08 0.05
Byc 0.06 0.02 0.01 0.09 0.08 0.14 -0.03 0.14
Bau 0.06 0.02 0.02 0.09 0.06 0.03 0.02 0.08
By 0.02 0.03 -0.03 0.08 0.09 0.06 -0.15 0.15
B.c -0.01 0.01 -0.03 0.01 -0.04 0.04 -0.07 0.01

Note: Moderated components estimated under the full moderation model. The parameter estimates
for the mean and unmoderated parameters are not shown. By, Byuand B.,= moderated components
of A2, C2 and E2 (i.e. variance components unique to child emotional or behavioural traits). Bx, Bycand
B.c = moderated components of A1’, C1’ and p (i.e. variance components common to parent SES and
child emotional or behavioural traits). LL = lower bound of the 95% confidence interval. UL = upper
bound of the 95% confidence interval.
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Table S4. Fit statistics from the biometric moderation MCoTS
models of child emotional and behavioural outcomes moderated

by paternal SES indices.

A-2LL A df p AIC
Paternal income and child emotional problems
Full moderation - - - 185850.90
No moderation 59.98 6 4.55e-11 185898.90
Paternal education and child emotional problems
Full moderation - - - 170848.20
No moderation 83.53 6 6.64e-16 170919.80
Paternal income and child behavioural problems
Full moderation - - - 186114.00
No moderation 4.38 6 0.63 186106.40
Paternal education and child behavioural problems
Full moderation - - - 171142.60
No moderation 10.01 6 0.12 171140.60

-2LL =-2 log likelihood; df = degrees of freedom; AIC = Akaike’s

Information Criterion.

181



Table S5. Moderated path estimates, standard errors and 95% confidence intervals of child

emotional and behavioural outcomes moderated by paternal SES indices.

Child emotional problems

Paternal income

Paternal education

Parameter  Estimate  Std. error LL UL Estimate  Std. error LL UL
Bxu 0.04 0.05 -0.13 0.13 0.00 0.08 -0.10 0.10
Byu -0.06 0.04 -0.12 0.07 -0.04 0.01 -0.06 -0.02
Bxc 0.03 0.09 -0.12 0.14 0.01 0.03 -0.06 0.07
By -0.04 0.03 -0.08 0.04 -0.02 0.03 -0.06 0.03
Byc -0.08 0.06 -0.15 0.15 0.01 0.04 -0.07 0.08
B 0.00 0.03 -0.05 0.05 0.00 0.02 -0.04 0.03
Child behavioural problems
Paternal income Paternal education

Parameter  Estimate  Std. error LL UL Estimate  Std. error LL UL
Bxu -0.02 0.03 -0.08 0.06 0.00 0.06 -0.10 0.10
Byu 0.03 0.02 -0.02 0.08 -0.01 0.03 -0.06 0.03
Bic -0.03 0.04 -0.10 0.05 0.04 0.04 -0.06 0.11
Bz -0.02 0.02 -0.06 0.02 -0.04 0.02 NA 0.02
By -0.04 0.04 -0.10 0.10 0.00 0.03 -0.06 0.07
B 0.01 0.01 -0.02 0.04 -0.02 0.02 NA 0.03

Note: Moderated components estimated under the full moderation model. The parameter estimates for
the mean and unmoderated parameters are not shown. By, Byu and B., = moderated components of A2,
C2 and E2 (i.e. variance components unique to child emotional or behavioural traits). B, Bycand Bz =
moderated components of A1’, C1’ and p (i.e. variance components common to parent SES and child
emotional or behavioural traits). LL = lower bound of the 95% confidence interval. UL = upper bound
of the 95% confidence interval.
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Figure S1. Path diagram of the full Multiple-Children-of-Twins-and-Siblings (MCoTS)
structural equation model.

Twin rA=1.00/.50

.50 .50

Sibling 1 Sibling 1 N ’ Sibling 2 Sibling 2
(Parent C1) (Parent C2) (Parent C2) {Parent C1)

al’

al’ a1

al’
Sibling 1’s Sibling 1’s Sibling 2’s Sibling 2’s
Offspring 1 Offspring 2 Offspring 2 Offspring 1

2

a2 c €2 az a2 e2 €2 c2 e2 \ a2

Sib rA=.50 Sib rA=.50

—
Cousin rA=.25/.125

Note. The parent trait varies across offspring. A1 = additive genetic effects on parental trait;
C1 = shared environmental effects on parental trait; E1 = nonshared environmental effects on
parental trait; A1’ = genetic effects shared between parental trait and offspring trait; C1’ =
extended family effects (i.e. shared environment of the parents influences offspring trait); A2
= genetic effects specific to offspring trait; C2 = shared environmental effects on offspring trait;
E2 = nonshared environmental effects on offspring trait; p = residual phenotypic association
after accounting for genetic and environmental overlap; rE = within-parent correlation
between E1 for parent trait of child 1 and 2. The path between Al and A1’ is fixed to 0.5
because parents share half their DNA with their children.
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Figure S2. Purcell (2002) bivariate moderation model.

Note: Bivariate moderation model shown for only one member of a twin pair as proposed by Purcell
(2002). Ac, Cc and Ec are the variance components common to the moderator and the trait. Au, Cu,
and Eu are the variance components unique to the trait. B coefficients index the direction and
magnitude of moderation. The total variance of the trait can be calculated as follows: Var(T|M) = (ac +
BxcM)? + (au + BxuM)* + (cc + BycM)? + (cu + ByuM)? + (ec + B2cM)? + (eu + BuM)>.
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Figure S3. Distributions of child emotional and behavioural outcome variables before and
after logarithmic transformation.

(a)
Skew =1.28 Skew = 0.64
Kurtosis = 3.05 Kurtosis = 0.41
(b)
Skew =0
Skew = 0.67 Kurtosis = -0.21

Kurtosis = 0.63

Note: (a) Histograms of emotional scores scale before (left) and after log transformation
(right). (b) Histograms of behavioural scores scale before (left) and after log transformation
(right).
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Table S1. Items included in standard of living composite.

Items Response options
Housing composite
Tenure of dwelling Owned by employer/government; Rent free 0
(relative/friend/employer); Rent/Lease; Other
Owned by the occupant (/member in the immediate 1
family)
Type of structure Line Room/Row house; Slum/Shanty; Other 0
Single house; Condo; Attached house/Annex/Flat 1
Rooms used for sleeping | One room 0
More than one room 1
Main material of the Wood planks/Bamboo; /Mud/Clay/Sand; Dung; Other 0
floor
Cement; Terrazzo/Tile/Granite; Carpet; Vinyl; Polished 1
wood
Main material of the roof | Metal Sheet; Cadjan/Palmyrah/Straw; Other 0
Tile; Asbestos Sheets; Concrete 1
Main material of the wall | Brick; Cement block; Cabook; Granite 0
Mud/Mud block; Cadjan; Palmyrah; Plank; Metal sheet; 1
Wattle and Daub; Other
Principal type of lighting | Kerosene/Solar/Battery/Prashakthi; Other; None 0
Electricity 1
Principal type of cooking | Firewood/Kerosene; Saw dust; Paddy husk; Other 0
fuel
Gas 1
Source of drinking water | Public tap/Street tap; Protected well outside premises/ 0
Rainwater Collection; River; Tank; Streams; Other
Tap in the yard or premises; Tube well; Protected well 1
within the premises
Tap within premises 2
Ownership of household
appliances
Does your house have a | No/Yes 0/1
Radio
Tv
Refrigerator
Phone (mobile/fixed)
Computer/Laptop
Internet access
Access to any transport | No/Yes 0/1
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Table S2. Unadjusted associations between sociodemographic characteristics and
socioeconomic status indicators.

Standard of living  Educational Financial stability
attainment

N Unadjusted Unadjusted Unadjusted 3

Sex

Male (ref) 1681
(42.4%)

Female 2288 -.16 [-.23,-.09]**  -.02 [-.09, .05] =17 [-.24, -.10]**
(57.6%)

Age

19-29 (ref) 853
(21.5%)

30-39 1012 -.24 [-.36,-.13]** -.45 [-.56, .34]** -.15 [-.25, -.06]**
(25.5%)

40-49 825 -21[-.32,-.13]**  -.62[-.73,-.51]**  -31[-.42,-.20]**
(20.8%)

50-59 665 -.17 [-.28, -.05]**  -74[-.85,-.62]**  -28[-.39,-.17]**
(16.8%)

60-69 376 -.25[-.39, -.11]**  -83[-.96,-.70]**  -.37[-.50, -.23]**
(9.5%)

>70 203 -.25[-.44, -.06]* -.92[-1.09, -.75]** -.14 [-.32, .04]
(5.1%)

Ethnicity

Sinhala (ref) 3647
(91.9%)

Tamil 120 -.45 [-.75,-.16]**  -37[-.63,-.12]**  -29[-.53,-.05]*
(3.0%)

Muslim 150 .12 [-.07, .32] -39 [-.55, -.24]**  -.06 [-.23, .12]
(3.8%)

Other 16 (0.4%) .17 [-.06, .41] -.09 [-.55, .38] -.34 [-.84, .15]

Minority

Marital

Status

Married (ref) 2838
(71.5%)

Previously 329 -32[-.42,-.23]**  -51[-.63,-.40]** -30[-.44,-.16]**

Married (8.3%)

Never 763 .18 [.09, .28]** .49 [.40, .59]** .17 [.08, .25]**

Married (19.2%)

Urbanicity

Urban (ref) 2390
(60.2%)

Rural 532 -32[-.42,-.19]**  -13[-.23,-.02]* 18[.11, .26]**
(13.4%)
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Mixed

Outside
Colombo
Standard of
Living
Mean (SD)

Educational
attainment
No education
(ref)

Grade 1-5

Grade 6 0/Ls
Passed O/Ls

Up to/
passed A/Ls
University
/higher
Financial
Stability
Very difficult
to make ends
meet (ref)
Difficult to
make ends
meet

Just about
getting by
Doing alright

Living
comfortably

826
(20.8%)
221
(5.6%)

14.1
(2.64)

47 (1.2%)

274
(6.9%)
1757
(44.3%)
632
(15.9%)
929
(23.4%)
276
(7.0%)

121
(3.0%)

284
(7.2%)

547
(13.8%)
2616
(65.9%)
365
(9.2%)

-.17 [-.26, -.08]**

-.23 [-.36, -.09]**

13 [-.31, .57]

.57 [.15, 1.00]**
1.16 [.73, 1.59]**
1.44 [1.01, 1.87*%]

1.79 [1.36, 2.23]**

64 [.37, .91]**

.80 [.54, 1.05]**
1.36 [1.12, 1.61]**

2.10 [1.84, 2.35]**

-.15[-.24, -.07]**

.08 [-.06, .21]

181[.17, .19]**

34 .16, .51]**

41 [.25, .57]**
92 [.77, 1.07]**

1.15 [1.33, 1.68]**

16 [.07, .24]**

-.10 [-.24, .05]

15 [.14, .17]**

-15 [-.59, .29]
30 [-.12, .72]
72 [.30, 1.14]**
.87 [.45, 1.28]**

1.00 [.58, 1.43]**

Note. Linear regressions were conducted using standardised outcome variables and clustered
standard errors to account for non-independence of twins in the sample.
*p <0-05; **p < 0-01
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Table S3. Unadjusted and adjusted (for sex and age) associations between depression
symptoms and socioeconomic status indicators.

Standard of living  Education Financial stability
Mean B (95% CI) B (95% Cl) B (95% Cl)
(SD)
Depression 4.86
symptoms (6.19)
Unadjusted -14 [-.17,-.101**  -13[-.17,-.10]** -.14[-.18,-.10]**
Adjusted model® -.13 [-.16, -.09]** -.12[-.15,-.08]** -.12[-.16, -.08]**

Note. Standardised depression and SES indicators were analysed as continuous variables
using linear regression. @ Adjusted for sex and age.
**p <0.01
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Table S4. Fit statistics for univariate ACE models for standard of living, educational
attainment, financial stability, and depression symptoms.

Model Fit
Measure Model -2LL df AIC A-2LL A p
df
Standard of Constrained 10406.71 3846 10424.71 - - -
living correlation
Heterogeneity 10407.09 3847 10423.09 0.39 1 0.535
Scalar 10414.30 3849 10426.30 7.21 2 0.027
Homogeneity = 10418.93 3850 10428.93 11.84 3 0.008
Educational Constrained 10322.37 3831 10340.37 - - -
attainment correlation
Heterogeneity 10323.91 3832 1033991 1.54 1 0.215
Scalar 10328.96 3834 10340.96 5.06 2 0.080
Homogeneity 10329.88 3835 10339.88 5.97 3 0.113
Financial Constrained 10648.05 3848 10666.05 - - -
stability correlation
Heterogeneity 10664.85 3849 10680.85 16.80 1 4.15e-
05
Scalar 10670.06 3851 10682.06 5.21 2 0.074
Homogeneity = 10695.57 3852 10705.57 30.72 3 9.75e-
07
Depression Constrained 10638.44 3830 10656.44 - - -
correlation
Heterogeneity 10638.60 3831 10654.60 0.16 1 0.690
Scalar 10641.48 3833 10653.48 2.88 2 0.237
Homogeneity = 10790.42 3834 10800.42 151.82 3 1.07e-
32

Note. Constrained correlation model: the means and standard deviation equated across birth-
order. Heterogeneity model: sex differences in the magnitude of genetic and environmental
influences on the trait. Scalar model: genetic and environmental influences are equated across
males and females but variance differences across sexes are modelled. Homogeneity model:
genetic and environmental influences are equated across males and females. -2LL = negative
2* log likelihood; df = degrees of freedom; AIC = Akaike’s Information Criterion (lower values
reflect a better fit); A -2LL = likelihood ratio chi-square (X?) test comparing the difference in -
2LL of the models; A df = difference in degrees of freedom of the models; p = p-value of the
X? test.
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Table S5. Fit statistics from the no-sex-differences bivariate moderation models of
depression symptoms moderated by standard of living and educational attainment.

-2LL df  AIC A-2LL  Adf p
Depression moderated by
standard of living
Full moderation 18861.11 6880 18903.11 - - -
No moderation 18876.78 6886 18906.78 15.67 6 0.016
Drop Bau, Bcu and 18873.56 6883 18909.56 12.45 3 0.006
Beu
Drop Bac, Bcc and 18862.24 6883 18898.24 1.13 3 0.770
Bec
Depression moderated by
educational attainment
Full moderation 18637.07 6830 18679.07 - - -
No moderation 18657.97 6836 18687.97 20.90 6 0.002
Drop Pau, Bcu and 18655.13 6833 18691.13 18.06 3 4.28e-
Beu 04
Drop Bac, Bcc and 18640.57 6833 18676.57 3.50 3 0.321
Bec

Note. Bau, Bcu, and Peu are the moderated variance components unique to depression
symptoms. Pac, Bcc, and Pec are the moderated variance components common to the
moderator (i.e., standard of living or educational attainment) and depression symptoms. -2LL
= negative 2 log likelihood; df = degrees of freedom; AIC = Akaike’s Information Criterion
(lower values reflect a better fit); A -2LL = likelihood ratio chi-square (X?) test comparing the
difference in -2LL of the models; A df = difference in degrees of freedom of the models; p = p-

value of the X? test.
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Table S6. Fit statistics from the no-sex-differences bivariate phenotypic moderation

models of depression symptoms moderated by standard of living and educational

attainment.
-2LL df  AIC A-2LL  Adf p

Depression moderated by

standard of living

Full moderation 18808.36 6886 18838.36 - - -

No moderation 18821.59 6888 18847.59 13.24 2 0.001

Drop Bu 18819.31 6887 18847.31 10.95 1 0.001

Drop Bc 18810.02 6887 18838.02 1.66 1 0.197

Depression moderated by

educational attainment

Full moderation 18587.34 6836 18617.34 - - -

No moderation 18603.51 6838 18629.51 16.17 2 3.08e-
04

Drop Bu 18603.13 6837 18631.13 15.78 1 7.10e-
05

Drop Bc 18587.69 6837 18615.69 0.35 1 0.55

Note. PBu is the moderated variance unique to depression symptoms. [c is the moderated
variance components common to the moderator (i.e., standard of living or educational
attainment) and depression symptoms. -2LL = negative 2 log likelihood; df = degrees of
freedom; AIC = Akaike’s Information Criterion (lower values reflect a better fit); A -2LL =
likelihood ratio chi-square (X?) test comparing the difference in -2LL of the models; A df =
difference in degrees of freedom of the models; p = p-value of the X? test.

194



Table S7. Bivariate analyses between standard of living and depression symptoms, and
between educational attainment and depression symptoms.

Cross-Twin Cross- rA rC rE

Trait Correlations

Standard of

Living

MZM -0.10[-0.17, -0.02] -0.15 [-0.28, 1.00 [-1.00, -0.14 [-0.21,
-0.12] 1.00] -0.06]

DZM -0.08 [-0.17, -0.02]

MZF -0.03 [-0.10, 0.03]

DZF -0.05 [-0.13, 0.04]

DzZ0S -0.07 [-0.14, 0.01]

Educational

Attainment

MZM -0.09 [-0.16, -0.01] -0.31 [-0.52, 1.00 [-1.00, -0.01 [-0.07,
-0.14] 1.00] 0.09]

DZM -0.05 [-0.14, 0.05]

MZF -0.13 [-0.19, -0.08]

DZF -0.10 [-0.18, -0.02]

DZ0S -0.02 [-0.09, 0.05]

Note. MZM = monozygotic male; DZM = dizygotic male; MZF = monozygotic female; DZF =
dizygotic female; DZOS = dizygotic opposite sex. rA = genetic correlation; rC = shared
environment correlation; rE = non-shared environment correlation.

Supplementary 8: Code for biometric moderation models

Scripts for the biometric moderation models can be found here:
https://github.com/isabellabadini/ses-depression-cotass
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https://github.com/isabellabadini/ses-depression-cotass
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Table S1. Estimated marginal means (EMMs) of internalising symptoms at different levels
(-1 SD/mean/+1 SD) of education across different levels (-1 SD/mean/+1 SD) of continued
participation.

Educational attainment

-1 0 1
EMM (95% Cl) EMM (95% Cl) EMM (95% Cl)
Continued participation
-1 0.19 (0.18,0.21)  0.06 (0.05, 0.07) -0.08 (-0.10, -0.06)
0 0.10(0.09,0.12) -0.00(-0.01,0.00) -0.11(-0.13,-0.10)
1 0.01 (-0.01,0.03) -0.07 (-0.08, -0.05) -0.15(-0.17,-0.13)

Note. SD = Standard deviation; 95% Cl = 95% confidence intervals

Table S2. Fit statistics for univariate ACE models for continued participation, educational
attainment, and internalising symptoms.

Model Fit
Measure Model -2LL df AIC A-2LL A p
df
Continued Full ACE 109141.4 37478 198151.4 - - -
participation
AE 109141.4 37479 109149.4 -7.28e- 1 1.00
10
E 109232.9 37480 109238.9 91.55 1 1.09e-
21
Educational Full ACE 105178.5 36758 105188.5 - - -
attainment
AE 105178.5 36759 105186.5 0.06 1 0.80
E 105647.1 36760 105653.1 468.65 2 1.72e-
102
Internalising Full ACE 99441.99 34524 9945199 - - -
symptoms
AE 99441.99 34525 99449.99 -8.97e- 1 1.00
08
E 99506.74 34526 99512.74 64.76 2 8.68e-
15

Note. ACE model contains additive genetic (A), shared environmental (C), and nonshared
environmental (E) parameter estimates. AE model contains AE parameter estimates; Best-
fitting model in bold letters. -2LL = negative 2 log likelihood; df = degrees of freedom; AIC =
Akaike’s Information Criterion (lower values reflect a better fit); A -2LL = likelihood ratio chi-
square (X?) test comparing the difference in -2LL of the models; A df = difference in degrees
of freedom of the models; p = p-value of the X? test.
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Table S3. Fit statistics from the extended bivariate ACE models of the relationships
between continued participation and educational attainment or internalising symptoms

Model Fit
Measure Model -2LL df AIC A-2LL Adf p
Continued Full ACE 213038.3 74233 213064.3 - - -
participation— AE 213066.4 74234 213090.4 28.14 1 1.13e-07
educational E 213136.9 74235 213158.9 98.65 2 3.79e-22
attainment
Continued Full ACE 208318.80 71999 208344.8 - - -
participation—  AE 208318.80 72000 208342.8 0.01 1 0.92
internalising E 208336.1 72001 208358.1 17.28 2 1.77e-04
symptoms

Note. ACE model contains additive genetic (A), shared environmental (C), and nonshared
environmental (E) parameter estimates. AE model contains AE parameter estimates; Best-
fitting model in bold letters. -2LL = negative 2 log likelihood; df = degrees of freedom; AIC =
Akaike’s Information Criterion (lower values reflect a better fit); A -2LL = likelihood ratio chi-
square (X?) test comparing the difference in -2LL of the models; A df = difference in degrees
of freedom of the models; p = p-value of the X? test.

Table S4. Fit statistics from the extended bivariate ACE models of the relationships
between educational attainment and internalising symptoms in the full sample and
subsample of individuals who participated at 8-years

Model Fit
Full sample Model -2LL df AIC A-2LL  Adf »p
(N =2424)
Education - Full ACE 203917.4 71279 2039434 - - -
internalising AE 203918.2 71280 203942.2 0.77 1 0.38
E 203946.3 71281 203968.3 28.92 2 5.26e-07
Subsample Model -2LL df AIC A-2LL  Adf »p
(N =14046)
Education - Full ACE 87071.68 31920 87097.68 - - -
internalising
AE 87073.64 31921 87097.64 1.96 1 0.16
E 87078.70 31922 87100.70 7.02 2 0.03

Note. ACE model contains additive genetic (A), shared environmental (C), and nonshared
environmental (E) parameter estimates. AE model contains AE parameter estimates; Best-
fitting model in bold letters. -2LL = negative 2 log likelihood; df = degrees of freedom; AIC =
Akaike’s Information Criterion (lower values reflect a better fit); A -2LL = likelihood ratio chi-
square (X?) test comparing the difference in -2LL of the models; A df = difference in degrees
of freedom of the models; p = p-value of the X? test.
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