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Abstract 

This thesis investigates how social and environmental factors shape health outcomes in 

later life and how these effects vary according to genetic risks, conceptualized through 

gene–environment interactions (𝐺 × 𝐸). Health in older age reflects a dynamic life-

course process influenced by biological, social, and environmental exposures, with 

growing evidence that most conditions arise from the interplay of genetic risks and 

contextual environments. Leveraging advances in genome-wide association studies and 

polygenic scoring, this project applies quasi-experimental designs to examine how 

socioeconomic status and life stressors interact with genetic liability to influence 

cognitive function and mental health in older adults in the United Kingdom. 

The three essays use data from the English Longitudinal Study of Ageing (ELSA). The 

first applies group-based trajectory modelling, identifying distinct patterns of memory 

and depressive symptoms. Results indicate cognitive stability, modest reductions in 

depressive symptoms, and strong socioeconomic gradients, with disadvantages 

concentrated among older, female, and socioeconomically deprived groups.  

The second employs a regression discontinuity design exploiting the 1947 UK school 

reform to estimate the causal effect of education on late-life cognition and its interaction 

with genetic risks. Findings suggest that while additional schooling benefits cognition, it 

may amplify the detrimental influence of the APOE4 allele.  

The last essay examines mental health consequences of the COVID-19 pandemic, 

showing that men with higher polygenic scores for major depressive disorder 

experienced greater increases in depressive symptoms, underscoring differential 

vulnerability to environmental shocks. 
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Taken together, the thesis provides novel evidence of the heterogeneity of cognitive and 

mental health trajectories in later life and substantive understanding of gene–

environment interplay across the life course. By integrating polygenic scores with quasi-

experimental designs, the analyses highlight how social exposures—such as education 

and the COVID-19 pandemic—interact with genetic risks to shape ageing outcomes. 
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Glossary of Terms 

Assortative mating: When couples who produce offspring select one another based on 

particular phenotypes. 

Genome-wide association study (GWAS): A study that estimates associations between 

genetic variants (usually SNPs) and traits within one dataset, typically using individual-

level genotype and phenotype data. A genome-wide significance threshold of p < 5×10⁻⁸ 

is commonly applied. 

Genome-wide association meta-analysis (GWAMA): A meta-analysis that combines 

GWAS results (summary statistics) from multiple cohorts to increase sample size and 

statistical power. 

Imputation: A statistical method that infers unobserved genotypes by using a reference 

panel from complete genome sequence data. 

Indirect genetic effect: The effect of a genetic variant in one individual on the trait of 

another individual through environmental pathways (e.g., parental genotype influencing 

child outcomes). 

Linkage disequilibrium (LD): The correlation between alleles at different loci (i.e., the 

nonrandom association of alleles at different loci). 

Principal component (PC): A linear combination of SNP genotypes that captures 

major axes of genetic variation in a sample, where each SNP contributes with a 'loading'. 

Rubin’s rules: A statistical procedure for combining results from multiple imputed 

datasets, accounting for both within- and between-imputation variability. 

Single-nucleotide polymorphism (SNP): A variation in a single base pair (A, T, G, or 

C) at a specific location in the genome. 
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Chapter 1 

Introduction and Thesis Outline 

 

1.1 General Introduction 

This thesis aims to examine the impact of social and environmental factors on health 

outcomes of older people and how the impact might vary by genetic risks, 

conceptualized through gene-environment interactions (𝐺 × 𝐸). Health in older age is 

the result of a dynamic process throughout the life course based on a combination of 

genetic, biological, social and environmental factors. It has been increasingly accepted 

that the aetiology of most common diseases involves not only discrete genetic and 

environmental factors but also interactions between genetic and environmental 

exposures. Gene-environment interaction (𝐺 × 𝐸) processes impacting health likely play 

out over the entire life course. The availability of genetic data in large population 

surveys has resulted in an explosion of research on gene-environment interactions. 

Understanding the effects of critical social and environmental exposures on later life 

health outcomes and how these vary by underlying genetic susceptibility can help 

inform targeted interventions going forward.  

For the “gene” examined in the gene-environment interaction, complex traits such as 

cognitive function and depression are highly polygenic, which means that they are 

influenced by thousands upon thousands of genetic loci scattered throughout the 

genome, each with a tiny effect (Chabris et al., 2015). Candidate genetic variant studies 

were operating under a naive assumption that a few genes with large effects are 

responsible for the heritability of most traits, and they were therefore conducted with 

sample sizes that were underpowered (Chabris et al., 2015). Hence instead of candidate 
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genes, I will use polygenic scores in my project, which is an estimate of an individual’s 

genetic liability to a trait or disease, calculated according to their genotype profile and 

relevant genome-wide association study data (Barr et al., 2022; Choi et al., 2020; 

Dudbridge, 2013).  

In most cases, the “environment” in 𝐺 × 𝐸 is not randomly assigned. This means it may 

be confounded by other non-genetic variables and could be correlated with the genetic 

variant in question, known as gene-environment correlation (𝑟𝐺𝐸). I will incorporate 

quasi-experimental designs into the 𝐺 × 𝐸 framework to leverage exogenous 

environmental variation to reduce the influence of gene-environment correlation and 

strengthen causal inference. 

The overall aim of my thesis is to advance our understanding of the social and 

environmental determinants of health in later life across the life course, with a specific 

focus on gene–environment interactions. Specifically, it examines: 

1. Trajectories of two key late-life health outcomes—cognitive function and mental 

health—and their predictors. 

2. Education as a lifelong socioeconomic influence on cognition, both directly and 

indirectly, with a particular focus on underlying genetic risk and improved causal 

inference in gene–environment (𝐺 × 𝐸) research.  

3. The COVID-19 pandemic as a stressful life event affecting mental health, with a 

particular focus on underlying genetic risk and improved causal inference in gene–

environment (𝐺 × 𝐸) research. 
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1.2 Thesis Outline 

This thesis is paper based.  

Chapter 1 provides a comprehensive foundation for this thesis. Firstly, the review of 

existing literature explores the progress of genetic discovery and the aetiology of the 

core phenotypes. I describe the transition from candidate gene studies to Genome-Wide 

Association Studies (GWAS), the emergence of Polygenic Scores (PGS), and the 

persistent methodological challenges in identifying robust gene-environment 

interactions (G×E). This is followed by a detailed examination of the epidemiology and 

aetiology of age-related cognitive decline and mental health, which establishes the 

phenotypic focus of this research. Secondly, I construct a life-course framework of 

health in late life, which identifies critical knowledge gaps in how genetic risks manifest 

over time. Based on this synthesis, I define the specific aims and objectives of this DPhil 

thesis, highlighting the original contributions intended to address these gaps in the fields 

of social genomics and gerontology. Lastly, the empirical context and core methodology 

of the research are presented. I discuss the motivation for focusing on the United 

Kingdom context, followed by a detailed description of the English Longitudinal Study 

of Ageing (ELSA) and its genetic and Covid database. This section establishes the rigor 

of the subsequent analyses by detailing the construction protocols for the genetic 

predictors and the validation of the primary outcome measures. 

Chapter 2 is the first empirical study to apply group-based trajectory modelling to 

examine distinct longitudinal patterns of cognitive function and depressive symptoms 

among older adults in England, using six waves of data from the English Longitudinal 

Study of Ageing (ELSA). The findings indicate memory stability and a modest 

reduction in depressive symptoms at the population level. Socioeconomic and 
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demographic factors were strongly associated with trajectory group membership: 

individuals with higher education and wealth were substantially more likely to sustain 

high memory function and low depressive symptoms, whereas older age, female gender, 

and early-life disadvantage were predictive of less favourable trajectories. Analyses with 

time-varying predictors showed that poor self-rated health, disability, and 

multimorbidity were linked to lower memory and higher depressive symptoms, 

especially in lower-functioning groups. Collectively, these findings highlight both the 

stability and variability of cognitive and mental health trajectories in later life, while 

underscoring the cumulative impact of socioeconomic advantage and disadvantage 

across the life course. This chapter therefore provides an essential foundation for the 

subsequent analyses of gene–environment interactions in these two health outcomes. 

Chapter 3 is the second empirical paper that explores the impact of education on 

cognitive function and how this impact interacts with genetic risks. Building off of work 

by Banks and Mazzonna (Banks & Mazzonna, 2012), I exploit the reform of compulsory 

schooling in England in 1947, which raised the minimum school-leaving age from 14 to 

15 for individuals born after a specific cut-off in March 1933 and has been shown to 

have strong impacts on educational attainment. I use a fuzzy regression discontinuity 

design and compare individuals born before and after the cut-off to identify the causal 

effect of the policy-induced one additional year of education change on later life 

cognition and how this interacted with genetic risk. Data come from the English 

Longitudinal Study of Ageing (ELSA), the ELSA Special License data and the ELSA 

Genetic data. The findings show that education affects cognitive function and may 

accelerate the detrimental effects of the APOE4 allele on cognition. However, larger 

sample sizes are required to robustly validate these findings. This paper was examined 

during the Transfer of Status.  
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Chapter 4 is the last empirical paper that explores the impact of exposure to the COVID-

19 pandemic on mental health and how this interacts with genetic risk. I use two-way 

fixed effects model regression to estimate the causal effects of the COVID-19 pandemic 

on mental health outcomes among older people using the panel data from the ELSA 

before the COVID-19 pandemic (Wave 9 in 2018- 2019) and on 2 occasions in 2020 

(June/July and November/December). I use polygenic scores (PGS) for mental-health-

related phenotypes in the ELSA Genetic data to examine whether and how the effect is 

moderated by genetic risks. I find that men with higher PGSs show more depressive 

symptoms than those with lower PGSs for MDD. However, larger sample sizes are 

required to robustly validate these findings. This paper was examined during the 

Confirmation of Status and was orally presented at the Population Association of 

America Annual Meeting in 2023. 

Chapter 5 brings these strands together to argue that late-life health is a product of the 

continuous, dynamic interplay between genetic risks, social determinant, and historical 

events. By integrating longitudinal modelling with quasi-experimental causal 

identification, this thesis moves beyond the static "nature versus nurture" debate toward 

a more nuanced, biosocial understanding of the ageing process. A central contribution of 

this synthesis is the demonstration that gene-environment interactions are not 

monolithic, providing evidence that different genetic markers follow distinct theoretical 

logics: while the COVID-19 analysis reveals a classic diathesis-stress pattern where 

acute shocks activate latent vulnerabilities (PGS MDD), the findings for female APOE4 

carriers support the differential susceptibility framework, as the 1947 reform led to a 

substantial 2.5-unit (1.77 SD) reduction in executive function composite score, 

identifying APOE4 as a "plasticity factor" rather than a simple risk gene. Critically, this 

chapter directly confronts the challenge of modest statistical power and small effect 
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sizes (𝑓2 < 0.02) inherent in sociogenomics, arguing that the significance of these 

findings lies in their causal robustness and subgroup relevance rather than population-

level variance explained. Even a statistically small 𝑅2 can represent a major life-course 

shift for specific high-risk groups when identified through natural experiments that 

minimize selection bias. Substantively, the results underscore that while education is a 

fundamental cause of health, its benefits are filtered through biological heterogeneity, 

and policy interventions must therefore adopt a biosocial perspective that addresses both 

structural disadvantage and biological diversity to promote more equitable ageing. 
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1.3 Literature Review  

1.3.1 Rationales for the Study of Gene-Environment Interactions  

The discourse on human development has historically been dominated by the "nature 

versus nurture" dichotomy, a term coined by Galton (1875) to describe the competing 

influences of innate heredity and external experience. For over a century, this debate 

sought to partition phenotypic variance into mutually exclusive biological or 

environmental components, a statistical reductionism that often overlooked the dynamic 

synergy between the two (Ridley, 2003; Tabery, 2023). However, the contemporary 

understanding of human complexity has moved beyond this artificial separation. It is 

now increasingly recognized that the interaction between genetic and environmental 

variation is not merely an analytical nuance, but a fundamental mechanism underlying 

the aetiology of diverse traits and diseases, ranging from mental disorders to 

Alzheimer’s disease and diabetes (Hunter, 2005; Caspi & Moffitt, 2018). 

By transcending the "nature versus nurture" framework, the investigation of gene–

environment interactions (G×E) offers several transformative contributions to the 

biological and social sciences. First, it offers insights into the aetiology of diseases by 

demonstrating how risk develops through the interplay of biological predispositions and 

contextual exposures (Hunter, 2005; Le Marchand & Wilkens, 2008). Second, it 

improves treatment and prognostic models by integrating genotype information, moving 

research closer to personalized medicine (Thomas, 2010). Finally, it identifies genetic 

subgroups with heightened exposure-specific risks, thereby informing targeted 

prevention strategies (McAllister et al., 2017).  

From Heritability Estimates to Molecular Realities 
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In recent years, advances in genetic research have introduced new study designs, 

analytical strategies, and statistical methods for exploring gene-environment 

interactions. One of the foundational concepts in this area is heritability, defined as the 

proportion of variation in a trait within a population that can be attributed to genetic 

differences (Visscher et al., 2008). Historically, twin studies served as the primary 

method for estimating heritability, comparing monozygotic (identical) and dizygotic 

(non-identical) twins to distinguish between genetic and environmental contributions 

(Galton, 1875). For example, a Swedish study of 15,493 twins reported that lifetime 

major depression was moderately heritable, with estimates of around 37% (Gatz et al., 

2006; Kendler et al., 2006). Despite their influence, twin studies face limitations. They 

rely on assumptions such as non-random mating and the equal environment hypothesis, 

and they cannot identify specific genes or exposures. Moreover, they are vulnerable to 

gene–environment correlations that can obscure causal pathways (Røysamb & Tambs, 

2016). 

Since the completion of the Human Genome Project in 2003, considerable effort has 

been devoted to alternative estimates of heritability based on molecular genetic data. 

Early candidate gene studies tested prior hypothesis-driven candidate genes based on the 

loci’s supposed biological functions, such as the widely cited (but heavily debated) 

association between the 5-HTTLPR serotonin transporter gene and sensitivity to 

stressful life events (Caspi et al., 2002). However, candidate gene studies have prior 

hypothesis-driven candidate genes, low statistical power, unsuccessful replications, and 

publication bias toward positive findings, which are “wrong or misleading” (Hewitt, 

2012). Very few exceptional cases are for certain traits and diseases for which effect 

sizes are large and associations are replicated, for instance, the discovery of a major risk 

allele for late-onset Alzheimer’s disease (AD) - apolipoprotein E (APOE) gene. The 
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APOE gene explains 13% of the heritability in Alzheimer’s disease and the presence of 

each risk allele translates into a fivefold increase in the risk of developing AD (Battista 

et al., 2016). Yet it is also noteworthy that, except in these instances such as the APOE4 

gene, most reported candidate gene associations have not replicated in GWA studies 

(Hewitt, 2012). A broad array of traits (e.g., cognitive function, mental health, height, 

body mass index, educational attainment and risk-taking) are complex and highly 

polygenic. Population variation in these complex traits is attributable to many genetic 

variants throughout the genome, each individually exhibiting a relatively small effect. 

The Rise and Limits of Polygenic Scores 

The limitations of candidate gene studies spurred the development of genome-wide 

association studies (GWAS), enabled by the International HapMap Project in 2005. A 

genome-wide association study is an approach that involves rapidly scanning markers 

across the complete sets of deoxyribonucleic acid (DNA) or genomes of many people to 

find genetic variations, namely single-nucleotide polymorphisms (SNPs), associated 

with a particular disease/trait (Uffelmann et al., 2021). This approach has become the 

most powerful tool for gene discovery and has also enabled the development of 

polygenic scores (PGSs), indices that aggregate the effects of numerous genetic variants 

across the genome on specific traits or diseases (So & Sham, 2017). A PGS is typically 

constructed by summing trait-associated alleles, weighted by their corresponding effect 

sizes estimated from a reference genome-wide association meta-analysis (GWAMA) 

(Choi et al. 2020). The resulting scores are continuous measures that capture an 

individual’s genetic predisposition to a wide range of outcomes, from educational 

attainment to mental health conditions (Choi et al., 2018; Dudbridge, 2013; Purcell et 

al., 2009). 
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Polygenic scores offer great promise to incorporate genetics into social science to better 

understand how genetic effects are contingent upon social environments (Mills & Rahal, 

2019). For example, Barcellos et.al (Barcellos et al., 2018a) investigated whether the 

educational policy affected health differently for people with different genetic 

backgrounds using the UK Biobank data. They used PGSs for body mass index (BMI) 

and educational attainment and found that education reduced the gap in unhealthy body 

size between those in the top and bottom terciles of the PGS for BMI from 20 to 6 

percentage points. In the long run, PGSs might be used to inform therapeutic 

intervention, disease screening and life planning (Torkamani et al., 2018). For example, 

if healthy lifestyle choices were preferentially targeted to and employed by women in 

the top decile of genetic risk of breast cancer, an estimated percentage of 20% of all 

preventable breast cancer cases would be avoided (Maas et al., 2016). 

While polygenic scores have been shown to predict complex phenotypes, they are far 

from perfect as measures of genetic influence. On one hand, PGSs do not account for all 

of the genetic effects. They account for common genetic variants but not rare variants. 

However, the growing accessibility of whole-exome and whole-genome sequencing 

raises the strategy of including both common and rare variants in these genetic profiles 

(Biddinger et al., 2022; Bishop et al., 2021). On the other hand, PGSs are not a clean 

way to separate genetics from other effects that contribute to variation among people’s 

outcomes (Harden & Koellinger, 2020). GWAS results are not entirely immune to 

unobserved (e.g., demographic, social or environmental) confounds, such as assortative 

mating, population stratification, socioeconomic status, and indirect genetic effects of 

relatives (Howe et al., 2019; Kong et al., 2018; Selzam et al., 2019; Shen & Feldman, 

2020; Trejo & Domingue, 2018) For example, a recent study of genetic data from 

parents and offspring (Kong et al., 2018) showed that the parental genotype that children 
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do not inherit is still associated with children's educational attainment, suggesting that 

the genetic nurture effect is an indirect link between parental genotypes and children's 

characteristics and GWAS results for educational attainment partly represent these 

intergenerational pathways. Thus, despite the optimal strategy for gene discovery and 

polygenic prediction remains to maximize sample sizes using unrelated individuals, 

validating PGSs within families is vitally important for sifting out causation from 

correlation, especially for phenotypes sensitive to demographic and indirect genetic 

effects, such as educational attainment (Howe et al., 2022). 

Addressing the "Missing Heritability" via G×E 

A further challenge is the problem of missing heritability. Although PGSs may be 

inflated due to shared environmental effects within the family, heritability estimates 

derived from GWASs explained only a fraction of the total twin and family heritability 

(Manolio et al., 2009). Substantial missing heritability remains in most complex 

diseases. For example, heritability estimates from GWAS amount to about 23 % of the 

variance in liability in schizophrenia (SZ) and about 11 % for major depressive disorder 

(MDD). This is far lower than the findings based on family studies that heritability for 

SZ accounts for 60–80 % of disease risk and more than 40% for MDD (Avramopoulos, 

2018; Flint & Kendler, 2014; van Calker & Serchov, 2021). The missing heritability 

may be attributed to a combination of causes, including a large number of common 

variants of extremely small effect sizes which elude detection, rare variants to which 

GWAS are insensitive, epigenetic mechanisms, such as DNA methylation and histone 

modifications, and noncoding RNAs (ncRNA) (Génin, 2020) (Maroilley & Tarailo-

Graovac, 2019; Schuebel et al., 2016). Yet a further possibility is that GWAS are based 

on combining data from multiple periods, countries, and birth cohorts. Thus, this will 
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introduce heterogeneity in genetic effects, as a function of environmental factors to 

which some but not all individuals are exposed, implying a gene-environment 

interaction (𝐺 × 𝐸) (Conley, 2016b; Tropf et al., 2017). A recent study using UK 

Biobank data estimated 𝐺 × 𝐸 heritability for BMI, finding that smoking, alcohol intake, 

and physical activity significantly moderated genetic effects, thereby suggesting that 

𝐺 × 𝐸 may account for at least part of the missing heritability (Jung et al., 2023). 

Theoretical Models of GxE 

While empirical advances have revealed the scale of missing heritability and the role of 

environmental moderation, they cannot fully explain the mechanisms underlying 𝐺 × 𝐸. 

To bridge this gap, researchers have developed theoretical models that provide 

frameworks for interpreting how genetic risks interact with different contexts. These 

models help translate statistical patterns into clearer insights about health and disease. 

To better interpret these complexities, researchers have proposed three influential 

theoretical models of 𝐺 × 𝐸: the diathesis–stress (social trigger) model, the vantage 

sensitivity model, and the differential susceptibility model (Boardman et al., 2012; Mills 

& Tropf, 2020). The diathesis-stress model poses that the risky genotype will have a 

more deleterious effect on a trait when triggered by an environmental stressor. The 

emphasis of this model is on the toxicity of stressful environments. For instance, a study 

supported this model by using the PGS for major depressive disorder and stressful life 

events effects on depressive symptoms. In a sample of 4919 participants throughout 

Scotland, it showed that a higher PGS for major depressive disorders was associated 

with an increased risk of depressive symptoms only after a series of stressful life events 

(Arnau-Soler et al., 2019). Whereas the diathesis-stress model focuses almost 

exclusively on negative environmental exposures, the vantage sensitivity model suggests 
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that sensitive individuals derive the greatest benefits from a trait in nurturing, 

supportive, and stress-free environments. The differential-susceptibility model poses 

that plasticity varies by individual with some more genetically susceptible to both 

positive and negative environments, while others remain resilient across all situations. 

Examining and validating all these theoretical models with updated data is an important 

contribution to this larger body of 𝐺 × 𝐸 work. Testing these models with updated data 

is critical to advance 𝐺 × 𝐸 research and clarify how genes and environments jointly 

shape human outcomes. 

Equity and the Ethics of Environmental Genomes 

The ethical, legal, and social dimensions of genomic research must be understood not 

only as a set of risks to be managed but as active principles that shape how science is 

conducted and applied. Early debates highlighted foundational issues such as privacy, 

informed consent, and the potential for genetic discrimination (Clayton, 2003), yet these 

concerns alone are no longer adequate. As genomic technologies expand into population 

studies and clinical care, the pressing challenge lies in creating structures that address 

equity, trust, and accountability in practice. Large-scale genome-wide association 

studies have transformed biomedical science, but they remain disproportionately 

focused on populations of European ancestry, raising serious concerns about both 

scientific validity and social justice (Mills & Rahal, 2019). Existing governance has not 

fully kept pace with the complexity of data sharing and diverse population needs, a gap 

that becomes particularly significant for research on gene–environment interactions, 

where biological data are inseparable from lived social contexts (Dolan, 2022). Recent 

scholarship has emphasized that responsible genomics requires more than mitigating 

harm: it demands translational frameworks that integrate justice into every stage of 
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research, from design and recruitment to communication and application (Halley et al., 

2024; Dolan et al., 2024). This perspective underscores the necessity of treating justice 

as a guiding principle, ensuring that genomic and 𝐺 × 𝐸 research contributes to 

reducing—rather than reinforcing—health disparities. 

In sum, research on gene–environment interactions has progressed from early 

heritability estimates and candidate gene studies to genome-wide approaches and 

polygenic scores, revealing both the potential and limitations of genetic prediction. 

While GWAS and PGSs have expanded the scale of discovery and opened new avenues 

for integrating genetics into social science and medicine, they also highlight persistent 

challenges such as missing heritability, confounding by social structures, and unequal 

representation across populations. Theoretical models—including diathesis–stress, 

vantage sensitivity, and differential susceptibility—help interpret these complex patterns 

by framing how genetic risks are amplified or moderated in different environments. At 

the same time, ethical and social considerations underscore that genomics cannot be 

treated purely as a technical enterprise: equity, accountability, and justice must be 

embedded in research design and application to ensure that 𝐺 × 𝐸 findings reduce rather 

than reinforce health disparities. Together, these rationales justify a sustained focus on 

𝐺 × 𝐸 research as an essential pathway to understanding human health and guiding 

more just and effective interventions. 

1.3.2 Examining 𝑮 × 𝑬 by Leveraging Polygenic Scores: Opportunities and 

Cautions 

In the study of gene–environment interaction (𝐺 × 𝐸), several conceptual and 

methodological challenges need to be acknowledged. Unlike monogenic diseases, where 

single genetic variants can strongly predict outcomes, complex behavioral and health 
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traits—such as educational attainment or mental health—are highly polygenic, with 

many genetic variants each exerting small effects (Boyle et al., 2017; Mills & Tropf, 

2020). Hence, early 𝐺 × 𝐸 research using candidate genetic variant studies often failed 

due to overly simplistic assumptions that a handful of variants could account for 

substantial phenotypic variance (Border et al., 2019).  

Modern G×E research overcomes the limitations of candidate gene approaches by 

utilising Polygenic Scores (PGS), which aggregate the additive genetic influences of 

thousands to millions of variants across the entire genome for a specific phenotype (So 

& Sham, 2017). Rather than focusing on a single locus, a PGS captures the infinitesimal 

genetic architecture of complex traits by weighing individual genetic variants—typically 

single-nucleotide polymorphisms (SNPs)—according to their marginal effect sizes 

derived from independent, large-scale genome-wide association study (GWAS) 

discovery samples (Choi & O’Reilly, 2020). By condensing this vast genomic 

information into a single, continuous measure of genetic liability, PGSs notably enhance 

statistical power and offer a more robust proxy for biological predisposition, thereby 

enabling a more nuanced investigation of how cumulative genetic risk interacts with 

environmental exposures (Trejo et al., 2018). The precise technical construction and 

quality control protocols for the scores are detailed in Section 1.6.4. 

One of the most widely recognized strengths of polygenic scores (PGSs) lies in their 

ability to aggregate the effects of thousands of common genetic variants into a single 

index, thereby greatly enhancing predictive accuracy relative to single-variant 

approaches. This aggregation enables researchers to stratify individuals according to 

their genetic predisposition to a wide range of outcomes, from body mass index and 

cardiovascular disease to educational attainment and depression (Lewis & Vassos, 2020; 
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Torkamani et al., 2018). Importantly, PGSs can identify individuals at the tails of the 

risk distribution who may be especially vulnerable to adverse health outcomes. For 

example, women in the top decile of a breast cancer PGS can benefit disproportionately 

from targeted lifestyle interventions and screening programs, which could potentially 

prevent up to 20% of cases (Maas et al., 2016). Such applications highlight the potential 

of PGSs to improve precision medicine by informing early intervention, personalized 

prevention strategies, and optimized clinical decision-making. 

Beyond prediction, PGSs have transformed the methodological landscape of human 

genetics by enabling researchers to quantify genetic predisposition in large-scale 

population cohorts. They provide a continuous measure of genetic liability that can be 

incorporated into epidemiological models, thereby improving causal inference in the 

study of complex traits (So & Sham, 2017). By serving as proxies for aggregate genetic 

risk, PGSs allow researchers to test hypotheses about how genetic influences interact 

with environmental factors across the life course. For instance, Barcellos et al. (2018) 

demonstrated that educational reforms in the United Kingdom reduced the adverse 

health gap between individuals with high and low genetic risk for obesity, illustrating 

how social policies can moderate genetic vulnerabilities. Similarly, in sociology and 

economics, PGSs have been used to examine how inequality, education, and labor 

market conditions interact with genetic predispositions, providing a richer account of 

social outcomes (Mills & Rahal, 2019; Harden & Koellinger, 2020). In this sense, PGSs 

help move scholarship beyond simplistic “nature versus nurture” debates toward an 

integrated framework where biology and environment are studied in tandem. 

However, the application of polygenic scores in GxE research requires navigating a 

series of substantial conceptual and methodological hurdles: 
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Interpretive and Explanatory Constraints 

A foundational principle in sociogenomic research is that polygenic scores (PGSs) 

capture relative—not absolute—genetic predisposition (Lewis & Vassos, 2020; 

Torkamani et al., 2018). Derived from genome-wide association studies (GWAS), a 

PGS reflects how an individual’s genetic liability compares to others within the same 

discovery population. Thus, a person with a high PGS for a trait such as educational 

attainment or depression is at greater genetic risk relative to peers, but this does not 

translate into a fixed or deterministic probability of developing the trait. Without careful 

contextualization, PGS findings may be misinterpreted as fixed biological risks, 

reinforcing deterministic narratives and potentially contributing to stigma or 

misinformed policy applications (Harden, 2021). 

At the same time, their explanatory power remains modest for most complex traits. Even 

for highly heritable outcomes such as educational attainment or schizophrenia, current 

PGSs typically account for only a small proportion of total phenotypic variance (Duncan 

et al., 2019). They capture primarily the additive effects of common variants, while 

neglecting rare variants, structural variation, epigenetic regulation, and gene–gene 

interactions (Boyle et al., 2017). As a result, much of the “missing heritability” remains 

unresolved, leaving PGSs as incomplete proxies of genetic influence.  

Portability and Population Stratification 

Beyond interpretive issues, the scientific validity of G×E findings is further challenged 

by portability problems. Because most GWAS have been conducted in European-

ancestry samples, predictive accuracy declines sharply in non-European populations due 

to allele frequency differences, linkage disequilibrium structures, and heterogeneous 

environments (Mills & Rahal, 2019; Martin et al., 2019). Even within ancestry groups, 
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predictive performance can vary with socioeconomic stratification or institutional 

contexts, undermining claims of universal validity (Mostafavi et al., 2020). Thus, while 

PGSs can powerfully rank-order risk within discovery populations, their utility across 

diverse groups remains constrained until multi-ancestry GWAS become standard 

(Carlson et al., 2022). This dual reality—conceptual promise coupled with empirical 

constraint—underscores the importance of interpreting PGSs as probabilistic and 

context-dependent tools rather than deterministic indicators of outcome risk.  

To mitigate these biases, researchers must rigorously account for population 

stratification—systematic differences in allele frequencies that correlate with geography 

or culture rather than the trait itself. If these ancestral lineages also differ in their social 

environments, dietary habits, or geographical exposures, failing to control for population 

structure can result in spurious G×E associations, where genetic noise is misinterpreted 

as a biological moderated effect. The inclusion of Principal Components (PCs) derived 

from genome-wide genotype data as covariates is the methodological gold standard for 

addressing this confounding.  

Mathematically, Principal Component Analysis (PCA) is a dimension-reduction 

technique that transforms a high-dimensional matrix of hundreds of thousands of single-

nucleotide polymorphisms (SNPs) into a smaller set of uncorrelated variables 

(components). This is typically achieved through an eigenvalue decomposition of the 

genetic relationship matrix, where each successive principal component captures a 

decreasing proportion of the total genetic variance across the sample (Price et al., 2006). 

Biologically, the top PCs function as essential proxies for an individual’s genetic 

ancestry; for instance, the first few PCs typically reflect geographical clines, such as the 
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north-to-south genetic gradients observed across Europe (Novembre et al., 2008). In a 

regression framework, these components act as "anchors" for ancestral background. 

The determination of the optimal number of Principal Components (PCs) to include as 

covariates involves a strategic trade-off between insufficient correction and statistical 

over-correction. Theoretically, the number of significant PCs can be identified through a 

Scree Plot or the Tracy-Widom test, which identifies the "elbow" point where the 

marginal variance explained by additional components drops to a level indistinguishable 

from random noise (Patterson et al., 2006). In highly diverse or admixed populations, 

such as those in the United States or Latin America, extending the adjustment to 20 or 

even 40 PCs is often necessary to account for fine-scale admixture and subtle founder 

effects that remain undetected by the primary axes of variation (Patterson et al., 2006). 

However, in the context of G×E research, an indiscriminate increase in PCs may 

introduce over-correction bias; because PCs can correlate with geographically-patterned 

environmental variables (e.g., regional deprivation or climate), excessive adjustment 

risks absorbing meaningful environmental variance, thereby attenuating the very 

interaction effects under investigation (Conley et al., 2017). 

For research utilizing large-scale British cohorts, such as the UK Biobank (UKB) or the 

English Longitudinal Study of Ageing (ELSA), the inclusion of the top 10 Principal 

Components has emerged as a robust and empirically validated standard. These cohorts 

are characterized by a relatively high degree of genetic homogeneity within the White 

British sub-sample, where the first few PCs typically capture the primary north-to-south 

and east-to-west geographic clines (Novembre et al., 2008). Systematic sensitivity 

analyses within these biobanks have consistently demonstrated that while higher-order 

PCs (e.g., 11–40) may capture extremely localized clusters, they explain a negligible 
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proportion of additional genetic variance and rarely alter the point estimates for complex 

trait associations (Bycroft et al., 2018; Privé et al., 2020). Consequently, following the 

prevailing convention in sociogenomic literature, this study adopts the top 10 PCs as 

sufficient controls to maintain the balance between neutralizing ancestral stratification 

and preserving the environmental variation necessary for robust G×E inference. The 

precise technical construction for the PCs is detailed in Section 1.6.4. 

Collider Bias and Systematic Biases 

Even when ancestral stratification is properly managed through Principal Components, 

G×E research remains vulnerable to more localized forms of confounding. Collider bias 

introduces a further challenge. Because genetic and environmental factors often covary, 

including heritable covariates such as education, income, or health behaviors in models 

risks introducing spurious associations by conditioning on shared causes. This problem 

inflates or obscures 𝐺 × 𝐸 estimates, producing results that may reflect statistical 

artifacts rather than genuine biological interactions (Akimova et al., 2022). This is 

closely linked to "genetic nurture," where parental genotypes influence offspring 

outcomes indirectly by shaping the household environment (Kong et al., 2018). Without 

within-family designs to isolate direct genetic effects, GxE estimates may capture 

intergenerational environmental correlations rather than genuine genetic sensitivity. 

Methodological issues further complicate the use of polygenic scores (PGSs) in 𝐺 × 𝐸 

research. Standard GWAS estimate SNP effects on conditional means, privileging 

variants with consistent effects across contexts (“dimmer-type”) while excluding 

context-sensitive loci whose effects reverse under different environments (“lens-type”) 

(Domingue et al., 2020). This creates a systematic design bias that favors stability over 

variability, meaning that PGSs are more likely to capture main genetic effects but 
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systematically underrepresent environment-dependent effects. As a result, many 𝐺 × 𝐸 

studies may fail to detect meaningful interactions not because they do not exist, but 

because the genetic instruments were not designed to capture them. Recent 

methodological innovations aim to address these blind spots. One proposal is to 

distinguish between mean polygenic scores (mPGS), which summarize an individual’s 

average expected outcome, and variance polygenic scores (vPGS), which capture inter-

individual differences in environmental sensitivity or plasticity (Johnson et al., 2021). 

This distinction is conceptually promising, as it aligns more directly with sociogenomic 

theories of differential susceptibility. However, empirical work remains limited, and 

questions persist about their stability, predictive validity, and interpretability across 

different populations and exposures. Without robust validation in large and diverse 

datasets, these tools risk being more appealing in theory than in practice. 

In synthesis, while technical advances—including machine learning (LASSO, Bayesian 

shrinkage) and trans-ethnic GWAS—promise to improve prediction and portability 

(Maier et al., 2018; Wojcik et al., 2019), they also intensify concerns regarding 

transparency and equity. Taken together, PGSs are both an indispensable advance and a 

deeply imperfect instrument. They move the field beyond candidate gene models and 

enable large-scale, quantitative studies of genetic influence, yet their context 

dependence, methodological biases, and modest predictive validity demand critical 

caution. Rather than treating PGS as fixed genetic markers, researchers must view them 

as probabilistic tools whose meaning depends on discovery samples, environmental 

contexts, and analytic strategies. This recognition underscores the need to complement 

PGS-based analyses with quasi-experimental designs and other causal inference 

strategies, which can more robustly disentangle genetic predisposition from 

environmental influence. 
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1.3.3 Gene-environment Correlation and Quasi-Experimental Approaches 

A persistent challenge in 𝐺 × 𝐸 research is the conceptual issue of modelling 

interactions between variables that are themselves correlated. It is unknown whether a 

specific genetic variant or a variant associated with the specific genetic variant may be 

the true cause of a phenotype. Added to this inferential issue is that, for most ‘E’ 

examined in 𝐺 × 𝐸 research, the environment is not randomly assigned, may be 

confounded with other non-genetic variables, and could be correlated with the genetic 

variant in question, which is another form of gene–environment interplay, namely gene-

environment correlation (𝑟𝐺𝐸). There are different 𝑟𝐺𝐸 processes including evocative, 

active and passive.  

Evocative 𝑟𝐺𝐸 is when a heritable trait evokes some responses from the environment. 

For example, if someone is naturally prone to being introverted or shy, they may appear 

unapproachable or aloof, which will in turn reinforce that trait through reactions to them. 

Active 𝑟𝐺𝐸 is where such a heritable trait is associated with what kind of environments 

individuals actively select or create for themselves (Horwitz et al., 2011; McGue et al., 

2005). Passive 𝑟𝐺𝐸 is the association between the genotype a child inherits from parents 

and the environment where she or he is raised (Horwitz et al., 2011; Kendler, 1996). For 

instance, assortative mating among highly educated parents not only transmits cognitive 

ability genetically but also constructs learning-intensive environments, producing 

“genetic nurture” effects (Kong et al., 2018), suggesting that the genetic nurture effect is 

an indirect link between parental genotypes and children's characteristics. 

Because environments are not randomly assigned and often overlap with genetic 

predispositions, distinguishing genuine 𝐺 × 𝐸 effects from 𝑟𝐺𝐸 requires research 

designs that approximate randomization. One promising strategy is the use of natural 
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experiments and quasi-experimental approaches such as regression discontinuity, 

instrumental variables, and difference-in-differences (Fletcher, 2017; Fletcher & Conley, 

2013). A few studies have recently contributed to incorporating quasi-experimental 

designs that leverage exogenous environmental variation into a 𝐺 × 𝐸 framework to 

reduce the influence of 𝑟𝐺𝐸 and strengthen the ability to demonstrate causal inferences.  

Classic examples include Fletcher (2014), who used a regression discontinuity design 

exploiting whether Add Health respondents were interviewed before or after the 9/11 

terrorist attacks, treating the event as an exogenous stress shock and found that 9/11 

increased reports of sadness overall but did not confirm the hypothesized interaction 

with the 5-HTT polymorphism while the variation in DRD4 buffered the depressive 

impact of stress. Similarly, Guo et al. (2010) leveraged legal thresholds for alcohol and 

smoking and found a protective effect in the dopamine transporter gene (DAT1) against 

risky behaviours. Lee et al. (2013) examined the effects of the Great Recession on 

maternal harsh parenting and found that mothers’ responses to adverse economic 

conditions were moderated by the Taq1A polymorphism of one dopamine gene (DRD2). 

These studies illustrate the power of leveraging exogenous variation to clarify whether 

observed gene–environment interplay is genuinely causal. 

Recent research has increasingly applied polygenic scores (PGSs) in combination with 

quasi-experimental designs, extending the scope of 𝐺 × 𝐸 research. Domingue and 

colleagues (Domingue, et al., 2017) conducted a polygenic score (PGS) study to test 

whether genetic scores to better subjective well-being can buffer against the risk of the 

development of depression following a stressful life event: spousal death. Utilizing an 

RDD, Domingue found that having a higher PGS for subjective well-being, which may 

reflect the opposite end of depression, buffered against increased depressive symptoms 
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following spousal death. To estimate the causal effect of genes and education on health, 

Barcellos, et al (Barcellos et al., 2018b) exploited the raising of the minimum school 

leaving age in 1972 from 15 to 16 in the UK, which induced sharp across-cohort 

differences in educational attainment. Using data from the UK Biobank, they combined 

an RDD with polygenic scores (PGSs) and found that the additional year of schooling 

benefited those with a higher genetic risk of obesity the most and higher educational 

attainment can reduce the gap in unhealthy body size between those in the top and 

bottom terciles of genetic risk of obesity from 20 to 6 percentage points.  

Fletcher (Fletcher & Venkataramani, 2018) also provided some of the first evidence on 

causal gene-environment interactions using polygenic scores for cognition from the 

Health and Retirement Study (HRS) data. They leveraged a health policy shock – the 

introduction of sulfonamide antibiotics in 1937 – to achieve exogenous variation in the 

broader disease environment in an IV model and found that the effects of early-life 

exposure to pneumonia on cognitive outcomes were largest for individuals with higher 

genetic endowments, and null for those with lower endowments. Moreover, they 

conducted a placebo check to rule out the potential correlation between the cognitive 

PGS and other genetic and socioeconomic measures that may also modify the effects of 

early exposure to infant health shocks. 

Using the HRS data, Schmitz and Conley (Schmitz & Conley, 2016) examined whether 

the impact of late-career unemployment on body mass index (BMI) can be moderated by 

genotype. They used job loss due to a business closure as an exogenous environmental 

shock to avoid confounding. They incorporated the PGS for BMI into a DID design, 

where they compared the body size of workers before and after the layoff with those 

who had not experienced job loss in later life. Results indicated that the 𝐺 × 𝐸 effect is 
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significant for genetically-at-risk individuals who were not overweight prior to job loss. 

For each standard deviation increase in the BMI PGS, the BMI of all individuals aged 

50-61 prior to job loss increased by an average of 0.458 kg/m2 after a business closure 

and by 0.953 kg/m2 for men. 

Building on these foundations, several recent studies highlight the growing 

sophistication of quasi-experimenta 𝐺 × 𝐸 research. Pereira, Rietveld, and van 

Kippersluis (2025) instrumented the maternal smoking decision with a genetic variant 

(rs1051730) located in the nicotine receptor gene CHRNA3 and deal with the 

underreporting of maternal smoking by using a biomarker of nicotine collected during 

pregnancy, finding strong main negative effect of child’s PGS for birth weight and 

maternal smoking on the child’s birth weight but no evidence of meaningful interactions 

between PGS and maternal smoking.  

Von Hinke and Sørensen (2023) examined the London smog of 1952 as early-life 

environmental shocks and leveraged a difference-in-differences (DiD) framework, 

sharping geographic and temporal variation (a brief, severe smog event) for a 

convincing causal design. This study showed that individuals with higher polygenic 

scores for education showed larger smog-related declines in educational attainment; 

similarly, those with higher genetic risk for respiratory issues were more vulnerable to 

pollution-related respiratory disease, providing nuanced insight into the moderation 

effect of genetic risks for education and respiratory health on the long-term outcomes of 

pollution exposure. 

Cheesman et al. (2022) used population-wide register data from Norway combined with 

polygenic scores (PGS) from the Norwegian Mother, Father and Child Cohort Study 

(MoBa) and incorporated multi-level modeling (family, school, and neighborhood fixed 
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effects), making this effectively a quasi-experimental design—since siblings, 

classmates, and neighbors provide natural counterfactuals for isolating  𝐺 × 𝐸. They 

found that high-quality schools can amplify genetic potential for educational 

achievement, while disadvantaged neighborhoods dampen it, which supports the 

differential susceptibility model - environments can either magnify or suppress genetic 

influences, rather than effects being uniform across contexts. 

Biroli et al. (2024) synthesized methodological lessons from economics, emphasizing 

how econometric designs such as regression discontinuity and instrumental variables 

can sharpen causal claims in 𝐺 × 𝐸 research. Using data from ALSPAC, the study 

exploits exogenous variation in school-starting age (“being old-for-grade”) to test how it 

moderates the impact of polygenic indices for educational attainment. They show that 

while family environments may amplify inequality tied to genetic endowments, schools 

can play a compensatory role by reducing these disparities. Together, these studies 

underscore a methodological shift toward exploiting exogenous variation, moving 

beyond correlational evidence to more credible causal inference. 

This recognition provides the central motivation for my study: by combining PGSs with 

quasi-experimental designs, I aim to move beyond descriptive associations and provide 

stronger evidence of causal 𝐺 × 𝐸 mechanisms. In doing so, my thesis contributes both 

methodologically—by demonstrating the value of leveraging exogenous variation—and 

substantively, by showing how genetics and environments interact in ways that can 

inform health, education, and social policy. In my thesis, I apply polygenic scores and 

quasi-experimental designs to improve causal inference for 𝐺 × 𝐸 research. However, 

there remain several persistent challenges in the study of 𝐺 × 𝐸 and the use of PGSs for 

the detection of 𝐺 × 𝐸. One problem is that the theoretical models underlying 𝐺 × 𝐸 are 
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not formalized, with an inability to articulate plausible biological pathways for 𝐺 × 𝐸, 

leading to a black box explanation. Another problem is the validation of PGSs because 

PGSs capture a broad range of information and therefore the associations between an 

individual’s PGS and their downstream outcomes cannot be readily interpreted as the 

causal effect of genes due to confounding such as social genetic effect. A third issue is 

the inconsistent measurement of exposure to the environment or trait. When including 

measurements that represent exogenous environmental shocks, researchers need to 

carefully consider their actual exogeneity (Conley, 2017). Finally, adequate statistical 

power and large samples are required to detect effects in 𝐺 × 𝐸 models.  

This thesis focuses on gene-environment interactions in late-life health outcomes, with a 

focus on including age-related cognitive decline and mental health. Generally, an 

individual’s cognitive ability develops from birth, stabilises in adulthood and declines 

with increasing age. Mental health, such as depression and anxiety, affect a large 

percentage of the adult population, often with profound consequences for well-being. 

Understanding the mechanisms for age-related cognitive decline and mental health is 

crucial not only for obtaining a better understanding of these two health outcomes, 

maximising cognitive function and mental health or delaying the onset of cognitive 

decline or mental disorders but also for improving the quality of life of individuals and 

may benefit the wider society. Therefore, the following two sections provide a necessary 

overview of age-related cognitive decline and mental health, outlining their 

epidemiological patterns, key risk factors, evidence from quasi-experimental studies, 

and current approaches to detecting 𝐺 × 𝐸.  
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1.3.4 G×E in Age-Related Cognitive Function Decline 

Maintaining cognitive function is one of the greatest challenges of ageing. A useful 

distinction between two categories of cognitive function—fluid ability and crystallized 

ability—was first proposed by Cattell (1963) and elaborated by Horn and Cattell (1967). 

Crystallized abilities, such as vocabulary, general knowledge, and numerical skills, tend 

to remain relatively stable or even improve with age, reflecting accumulated experience 

and learning (Craik & Bialystok, 2006). By contrast, fluid abilities—including memory, 

executive functioning, reasoning, and processing speed—decline steadily from midlife 

onward, as they rely on efficiency in processing novel information and cognitive 

flexibility (Craik & Bialystok, 2006). 

 

Figure 1.2 Different lifespan trajectories of fluid intelligence and crystallized 

intelligence  

Notes: Based on Horn and Cattell (1967). Fluid intelligence (e.g., processing speed, working memory) 

peaks in early adulthood and declines with age. Crystallised intelligence (e.g., vocabulary, accumulated 

knowledge) remains relatively stable or continues to increase into later life. Both domains are examined in 

this thesis via memory and executive function outcomes. 
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Age-related decline in cognitive function - or normal (non-pathological, normative, 

usual) cognitive ageing - has been attributed to normative developmental processes and 

distinguished from the precipitous cognitive decline attributed to pathologic processes 

such as those underlying Alzheimer's disease (AD) and other dementias (Deary et al., 

2009).Yet, evidence shows marked heterogeneity in late-life trajectories: some older 

adults experience sharp declines, whereas others maintain high cognitive performance 

well into advanced age—even in the presence of brain pathology (Boyle et al., 2021; 

Lindenberger, 2014; Lyons et al., 2017). This variability has fueled a large body of work 

on the determinants of cognitive ageing, with a view toward identifying factors that 

protect against decline (Harada et al., 2013). 

One of the most influential explanatory frameworks is cognitive reserve (CR), which 

refers to the capacity of the brain to compensate for age-related changes or pathology 

through accumulated resources such as education, occupational complexity, and 

cognitively stimulating activities (Stern, 2002; Stern et al., 2023). While CR is not the 

central focus of this thesis, acknowledging it is important for contextualizing how social 

and environmental exposures, particularly education, shape resilience to decline. CR is 

often conceptualized alongside complementary mechanisms of brain maintenance 

(resisting pathology) and compensation (functional reorganization to sustain 

performance) (Stern et al., 2020). Together, these frameworks emphasize the role of 

lifelong experiences in shaping individual variability in late-life outcomes. 

A substantial literature identifies genetic, biological, social, and environmental factors as 

contributors to this heterogeneity. For example, sex differences are well documented: 

women tend to perform better in episodic memory tasks, while men often score higher in 

visuospatial domains (De Frias et al., 2006; Pauls et al., 2013). Genetic risks are also 
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salient, most notably the APOE 4 allele, which predicts both steeper cognitive decline 

and increased conversion from cognitive decline to dementia (Hong et al., 2015). At the 

same time, APOE4 carriers are more likely to report cognitive decline (Krell-Roesch et 

al., 2015), highlighting the complex interplay between genetic predispositions and self-

perceived decline. 

Environmental and lifestyle factors act as powerful modifiers. Higher education and 

sustained engagement in cognitively stimulating activities bolster reserve and delay 

decline (Stern, 2012). Social engagement and meaningful roles support cognitive 

maintenance through enriched stimulation and stress buffering (Seeman et al., 2011). By 

contrast, chronic health conditions such as hypertension, diabetes, and cardiovascular 

disease are consistently linked to accelerated decline (Livingston et al., 2017). 

Unhealthy behaviors such as smoking and inactivity (Yaffe et al., 2014) further 

undermine resilience. 

Critically, as Dixon and Lachman (2019) argue, cognitive ageing cannot be understood 

through single risk or protective factors in isolation. Instead, it is best conceptualized as 

a multidomain, interactive process, where education, health behaviors, social 

integration, and psychological well-being accumulate and interact across the life course. 

Interventions targeting multiple domains simultaneously—rather than narrow single 

exposures—are therefore most promising for promoting healthy cognitive ageing and 

mitigating decline. 

Educational Attainment, Schooling and Cognition 

The protective effect of educational attainment on cognitive function in older age has 

been well-established in the literature (Arvanitakis et al., 2004; McArdle et al., 2002; 

Zahodne et al., 2011). Multiple mechanisms may be at play. “Cognitive reserve” is 
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perhaps the most influential theory of the mechanisms, which proposes that individuals 

with higher levels of education and intellectually stimulating activities build up a reserve 

of cognitive resources in their brains. This reserve can help compensate for age-related 

changes and brain pathology, delaying the onset of cognitive decline (Stern, 2012; Stern 

et al., 2019; Stern, 2002). Furthermore, education may influence individuals’ lifestyle 

choices, such as diet, physical activity, smoking and alcohol consumption, and can 

increase awareness of various risk factors for cognitive declines, such as hypertension, 

diabetes and depression (Clare et al., 2017; Lovden et al., 2020). 

Many studies have examined the association between educational attainment and 

cognitive function. However, there are generally two kinds of threats to causal inference 

in these observational studies: (a) reverse causation, whereby an observed correlation 

between schooling and cognition can be explained by poor cognitive function causing 

lower educational attainment, rather than the opposite direction; and (b) confounding of 

the association between educational attainment and cognition by unobserved genetic 

endowments or other early life environmental conditions. The reverse causation and 

omitted variables that are correlated with education and cognition will lead to the 

problem of endogeneity (Anstey & Christensen, 2000; Card, 2001).  

To address these methodological challenges, recent studies have explored the causality 

between educational attainment and cognitive function using quasi-experimental 

methods by exploiting exogenous policy shocks that lead to differences in educational 

attainment (Crespo et al., 2014; Mazzonna, 2014; Nguyen et al., 2016). One leading 

example of these policy changes is compulsory schooling laws (CSLs), which establish 

a minimum school-leaving age and require school-age children to attend school for a 

certain period. 
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Glymour et al. investigated state compulsory schooling laws (CSLs) in the US during 

1907-1961 and used an instrumental variable (IV) approach to estimate the impact of 

education on cognitive outcomes at older ages (Glymour, 2008). The study found 

significant effects of education on memory but not mental status. Each additional year of 

schooling improved memory scores by 0.18 standard deviations. 

Banks and Mazzonna (Banks & Mazzonna, 2012) exploited the reform of compulsory 

schooling in England in 1947, which raised the minimum school-leaving age from 14 to 

15 for individuals born after a specific cut-off in March 1933, and used a fuzzy 

regression discontinuity design to compare individuals born before and after the cut-off. 

The study found that education improved old-age memory for both males and females as 

well as executive functioning for males. In the smallest sample (those who left 

education<16), the effect of an additional year of education on memory scores was 

approximately 0.5 of a standard deviation for males and around 0.4 for females. The 

effect on executive functioning scores for males ranged between 0.37 and 0.63 of a 

standard deviation. 

Schneeweis (2014) et al. (Schneeweis et al., 2014) conducted an IV analysis and 

exploited the compulsory schooling reforms in six European countries: Austria, the 

Czech Republic, Denmark, France, Germany, and Italy. The study extended the set of 

cognitive outcome variables including immediate and delayed memory, verbal fluency, 

numeracy and orientation-to-date. They found a positive causal effect of education on 

memory performance. One year of education increased the delayed memory score in 

older age by about 10% of a standard deviation. They did not find consistent effects on 

verbal fluency, numeracy, or orientation-to-date. Furthermore, the study provided 
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evidence for a protective effect of longer schooling on cognitive decline, which is 

captured by the change in cognitive assessment scores within two years. 

Importantly, recent reviews emphasize that results across CSL-based quasi-experiments 

are not always consistent, reflecting both heterogeneity in study designs and the 

complexity of mechanisms linking education to health and cognition. Glymour and 

Manly (2018) argue that education influences multiple domains—including economic 

resources, occupational complexity, and health behaviors—such that effects may vary 

across populations and historical contexts. More recently, Schwartz and Glymour (2023) 

highlight the need to bridge life-course epidemiology with causal inference, suggesting 

that education’s cognitive benefits cannot be understood without situating quasi-

experimental evidence within broader social and developmental trajectories. Taken 

together, the accumulated evidence supports a robust but context-dependent causal 

effect of education on cognitive ageing, reinforcing the need to integrate both 

methodological rigor and life-course perspectives in future research. 

There is substantial heterogeneity across these study designs, including the type of CSLs 

variation, the birth cohort included, the analytic method and the measurement of 

cognitive function. Moreover, it is also possible that educational attainment and 

cognition are nonlinearly related. For example, finishing a degree may be associated 

with health outcomes beyond the continuous effect of time in school, or additional 

education may have diminishing marginal effects on cognition at higher levels of 

education. Notwithstanding different study designs and some uncertainty about the exact 

magnitude of the association between education and cognitive function, all these studies 

took advantage of CSLs as exogenous policy shocks to education to identify the causal 

effect of educational attainment on cognitive outcomes. We can safely conclude that this 
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association constitutes a highly consistent and replicable finding. Together, these 

findings underscore that while the protective role of education on cognitive ageing is 

robust, it is also context-dependent, requiring methodological rigor and attention to 

social heterogeneity in future research. (Galama et al., 2018; Hamad et al., 2018; 

Lovden et al., 2020).  

Genetic Factors of Cognition and Gene-Environment Interactions  

Researchers have found consistent replicable results of the effects of the APOE gene of 

chromosome 19 in Alzheimer’s disease (AD) on cognitive decline among non-demented 

older adults. The presence of the APOE ε4 allele is significantly related to an increased 

risk of developing AD (Battista et al., 2016), and a greater decline in memory (Andrews 

et al., 2015) and speed performance (Hofer et al., 2002). Since cognitive function is a 

polygenic complex trait, more recent studies have used polygenic scores (PGSs) derived 

from GWAS to predict cognitive ability in later life. However, there are inconsistent 

findings regarding significant associations between PGS and cognitive decline among 

older adults without dementia (Harris et al., 2014; Marden et al., 2016; Mormino et al., 

2016). Previous studies have shown that a PGS for cognitive function (based on a 

GWAS of 48462 people) predicts 1.27% of the variance in cognitive function in an 

independent cohort (Davies et al., 2015). One can also examine PGSs for correlated 

traits, for example, a higher PGS for schizophrenia is correlated with greater life-course 

cognitive decline (McIntosh et al., 2013). Some studies reported PGSs for AD were not 

associated with cognitive decline (Riaz et al., 2021), while others reported a significant 

effect of PGSs for AD on cognitive decline (Chaudhury et al., 2019; Marden et al., 

2016). This highlights the need for further research. 
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Gene-environment interactions for cognition have been reported in several studies 

(Harden et al., 2007; Rhemtulla & Tucker-Drob, 2012; Rowe et al., 1999; Scarr-

Salapatek, 1971; Tucker-Drob et al., 2011) among which the APOE gene is one of the 

crucial genetic risk factors for cognitive decline (Davies et al., 2014). Several studies 

suggested that education can moderate the relationship between APOE4 and cognitive 

decline (McArdle & Prescott, 2010; Seeman et al., 2005) or dementia (Arenaza-Urquijo 

et al., 2015). For instance, McArdle and Prescott (2010), using U.S. HRS data, found 

steeper memory decline for APOE4 carriers but only among individuals with eight years 

of schooling or less. Similarly, Wang et al. (2012) showed that higher early-life 

education buffered the adverse effects of APOE4 on dementia risk in Northern Europe, 

while Chang et al. (2021) reported that the negative relationship between APOE4 and 

executive function was alleviated by greater educational attainment. These findings are 

consistent with the cognitive reserve hypothesis (Stern, 2009), suggesting that 

intellectually enriching environments help individuals better withstand 

neuropathological burden. Yet, the moderating role of education may vary by sex, given 

documented gender differences in both cognition and schooling (Ishioka et al., 2016). 

However, the evidence on the interaction between APOE4, education, and sex is still 

scarce.  

Building upon earlier findings, contemporary research provides more refined evidence 

on the interplay of genes and environments in shaping cognitive trajectories. Hsu et al. 

(2025) investigated whether education modifies genetic influences on late-life cognitive 

ability. Using polygenic scores (PGSs) and longitudinal data, they found that higher 

educational attainment attenuates genetic risks, particularly for fluid cognition, 

supporting the hypothesis that education can buffer inherited vulnerabilities. Najar et al. 

(2023) followed a population-representative cohort for 16 years to test whether PGSs for 
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Alzheimer’s disease (AD) predict cognitive decline. They found that individuals with 

higher AD-PGSs showed significantly faster decline, but effects were moderated by 

baseline cognition and lifestyle factors, emphasizing the joint influence of genetic 

liability and long-term behavioral environments. Liu et al. (2023) conducted a 

longitudinal U.S. study examining PGSs, baseline cognition, lifestyle, and diabetes. 

Results indicated that high AD-PGS and poor baseline cognition predicted steep decline, 

but protective lifestyle behaviors (e.g., physical activity, non-smoking) mitigated these 

risks. This suggests that modifiable behaviors can offset genetic vulnerabilities. Langella 

et al. (2023) focused on autosomal dominant AD, examining APOE genotype and 

education. They found that high educational attainment was associated with better 

cognitive outcomes even among genetically high-risk individuals, reinforcing the idea 

that education provides resilience against deterministic genetic pathways. 

Taken together, this literature shows that cognitive ageing is shaped by both genetic 

endowment and modifiable environments, with education and lifestyle emerging as 

especially powerful moderators of genetic risk. The evidence underscores the 

importance of moving beyond purely correlational studies to quasi-experimental and 

life-course frameworks that capture how genes and environments interact dynamically 

across time. For the purposes of this thesis, these insights motivate the integration of 

polygenic scores with quasi-experimental designs, aiming to improve causal inference 

on how educational attainment shapes cognitive trajectories in genetically diverse 

populations. 
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1.3.5 G×E in Mental Health  

Mental health is defined by the World Health Organisation (2022c) as a state of mental 

well-being that enables individuals to cope with life stresses, realize their abilities, and 

contribute meaningfully to their communities. It possesses both intrinsic and 

instrumental value, underpinning our collective capacity to build relationships and 

navigate the world. While mental health conditions formally include a range of 

disorders—most notably depressive and anxiety disorders, which are characterized by 

persistent distress, excessive worry, and impaired functioning (World Health 

Organisation, 2022b)—modern research, particularly in the context of healthy ageing, 

increasingly views mental health as a broader continuum. This spectrum encompasses 

not only the presence of clinical symptoms but also the subjective social and evaluative 

states that define an individual’s psychological resilience. Within this framework, 

loneliness serves as a critical social dimension of mental health, acting as a primary 

stressor that reflects the subjective distress of social isolation (Beutel et al., 2017). 

Furthermore, subjective well-being and quality of life (QoL) provide a holistic 

assessment of an individual’s overall functioning and life satisfaction (Diener et al., 

2018). In this thesis, these four indicators—depression, anxiety, loneliness, and QoL—

are examined in tandem to capture the comprehensive psychological toll of exogenous 

environmental shocks, moving beyond a purely clinical focus to a multidimensional 

evaluation of mental health trajectories. 

Multiple individual, genetic, social and environmental determinants may combine to 

protect or undermine our mental health and shift our position on the mental health 

continuum throughout the life course (World Health Organisation, 2022b). Genetics and 

individual factors such as emotional skills and substance use can make people more 
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vulnerable to mental health problems. Exposure to unfavourable social, economic, 

geopolitical and environmental circumstances – including poverty, violence, pandemic, 

inequality and environmental deprivation – also increases the risk of experiencing 

mental disorders. Older people with mental disorders have poorer functioning compared 

to those with chronic medical conditions such as lung disease, hypertension or diabetes. 

Mental disorders also increase the perception of poor health, the utilization of health 

care services and costs. Moreover, mental disorders can also have a large impact on 

families, caregivers and communities. Therefore, it is important to strengthen and 

promote mental health in older adults and to integrate effective strategies into policies 

and plans for healthy, active ageing, and for preventing mental illness.  

Mental health is multifactorial in aetiology, influenced by both genetic and 

environmental factors (Plomin et al., 1994) and behavioural genetics research also 

suggests accounting for the interaction effect between genetic and environmental factors 

rather than independent main effects on psychiatric disorders (Assary et al., 2018; Uher, 

2014). Caspi et al. were the first to examine the interaction between a specific candidate 

gene and adverse environmental influences on psychiatric disorders (Caspi et al., 2002) 

(Caspi et al., 2003). They found that the association of life stress with depression was 

moderated by a polymorphism in the 5-HTT gene, and individuals with one or two 

copies of the short allele of the 5-HTT promoter polymorphism exhibited a higher risk 

of depression and suicidality in relation to stressful life events than individuals 

homozygous for the long allele (Caspi et al., 2003). However, these early hypothesis-

driven studies adopted a bottom-up approach which requires a strong biological 

hypothesis to select appropriate candidate genes, but knowledge regarding specific 

biological mechanisms underlying these mental disorders is limited. Therefore, the risk 

of selecting inappropriate candidate genes is high (Bosker et al., 2011) (Collins et al., 
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2012). In addition, candidate gene studies have low statistical power, unsuccessful 

replications, and publication bias toward positive findings (Karg et al., 2011; Munafo et 

al., 2009; Risch et al., 2009; Uher & McGuffin, 2010), which are “wrong or misleading” 

(Hewitt, 2012).  

In contrast to candidate gene studies, genome-wide association studies (GWASs) can 

take a hypothesis-free approach that does not require any a priori assumptions regarding 

the role of specific genes in a disorder (Kwon & Goate, 2000). More broadly, results 

from GWASs have profoundly reshaped our understanding of the genetic architecture of 

mental disorders in two important ways. First, previous estimates of the effect size 

associated with single variants were far too optimistic, and individual common variants 

are associated with small effects [e.g., odds ratio (OR) < 1.1] (Caspi et al., 2003) (Caspi 

et al., 2002) (Egan et al., 2001) (Thomasson et al., 1991). Second, mental disorders are a 

complex and highly polygenic trait, which are influenced by multiple genetic variants of 

small effects throughout the genome rather than a few selected candidate genes of large 

effects (Donnelly, 2008). Many risk loci have emerged from genome-wide association 

studies (GWAS) of, among others, major depression, anxiety, schizophrenia, bipolar 

disorder, and attention-deficit/hyperactivity disorder from the Psychiatric Genomics 

Consortium (PGC) and other efforts (Sullivan et al., 2018). The additive effects of 

independent and commonly occurring variants, when weighted by their association with 

a disorder or related construct in an adequately powered GWAS, reliably predict 

variance in the same and related phenotypes. These additive scores, which we refer to as 

polygenic risk scores (PGSs), along with other polygenic approaches (e.g., pathway-

based analyses, machine learning, linkage disequilibrium (LD) score regression) hold 

tremendous potential to contribute to our aetiologic understanding of psychology and 

https://www.sciencedirect.com/topics/neuroscience/dementia-praecox
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the quantification of individual risk, both of which may ultimately advance the 

characterization and treatment of mental disorder (Bogdan et al., 2018). 

Recent GWAS-derived heritability (𝑆𝑁𝑃-ℎ2) estimates show that common genetic 

variants account for a modest but significant portion of liability for psychiatric traits. For 

schizophrenia, 𝑆𝑁𝑃-ℎ2 is estimated at around 25%, compared with total heritability of 

~60–80% from twin studies (Owen et al., 2023). Major depressive disorder (MDD) 

shows lower 𝑆𝑁𝑃-ℎ2—about 8.4% on the liability scale (Adam et al., 2025) — 

underscoring a substantial 'missing heritability'. Notably, these broader mental health 

constructs possess a distinct polygenic architecture similar to clinical disorders; for 

instance, the 𝑆𝑁𝑃-ℎ2 for subjective well-being is estimated at 5–10% (Okbay et al., 

2016), while loneliness exhibits a comparable genetic influence of approximately 4.2% 

(Abdellaoui et al., 2019). Broader latent traits further illustrate this gradient, with 

GWAS-based heritability estimated at 8.1% for depression, 29.1% for schizophrenia, 

and 27.4% for bipolar disorder (Dattani et al., 2023). 

Across both clinical and non-clinical outcomes, GWAS heritability estimates are 

consistently lower than those derived from twin studies. This discrepancy is in part 

attributed to many common variants of extremely small effect sizes that elude detection, 

rare variants to which GWAS are insensitive, and rare structural variations. Yet a further 

possibility is that GWAS, which are based on combining data from multiple periods, 

countries, and birth cohorts, will introduce heterogeneity in genetic effects as a function 

of environmental factors to which some but not all individuals are exposed, implying a 

gene-environment interaction (GxE) (Conley, 2016a; Tropf et al., 2017). Therefore, it 

should ultimately be possible to account for additional missing heritability across the 

mental health spectrum by examining how environmental exposures modify genetic risk 
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(GxE), justifying the use of polygenic scores (PGS) for both symptomatic and 

evaluative mental health outcomes to capture the full range of genetic sensitivity to 

environmental change. 

Using polygenic scores in the 𝐺 × 𝐸 framework, many studies have examined gene-

environment interactions and depression. Colodro-Conde et al. (Colodro-Conde et al., 

2018) found that the PGS for major depressive disorders (MDD) significantly interacted 

with stressful life events (SLEs) to increase the risk of depression. Iob and Steptoe (Iob 

et al., 2021) similarly found that the associations between adverse childhood experiences 

(ACEs) and depressive symptoms were larger among older adults with a higher PGS for 

MDD (OR 1.13, 95% CI 1.04–1.23), in line with the diathesis–stress model (Monroe & 

Simons, 1991; Robins & Block, 1989). In contrast, one study showed that individuals 

exposed to severe childhood trauma were at the greatest risk if they also had a low PGS 

for depression (Mullins, 2016). Others reported independent but not interactive 

associations of ACEs and PGSs with depression (Musliner et al., 2015; Peyrot et al., 

2018). A few 𝐺 × 𝐸 studies employed polygenic scores to examine other mental 

disorders. One study derived a polygenic score of environmental sensitivity from the 

psychiatric genetics consortium in 1,026 monozygotic twin pairs and found that 

parenting had little effect on emotional problems for those with a low PGS. However, in 

those with a high PGS, negative parenting was associated with increased emotional 

problems, while positive parenting was associated with decreased emotional symptom 

scores (Keers et al., 2016). This finding implies that individuals with the greatest 

environmental sensitivity may be more likely to develop mental disorders in adverse 

environments but also benefit more from favourable environments, supporting the 

differential-susceptibility model (Belsky & Pluess, 2009). Another study explored both 

depression and well-being outcomes and reported significant independent effects of the 
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PGS for depression and peer victimisation in predicting the risk of depressive symptoms 

and well-being in early adulthood, but no clear interaction effects (Armitage et al., 

2022).  

Using quasi-experimental designs, Domingue et al. (Domingue, 2017) tested whether 

higher subjective well-being polygenic scores buffered survivors’ risk of developing 

depressive symptoms following the death of their spouse from 8,588 non-Hispanic white 

adults in the Health and Retirement Study (HRS). This study found that individuals who 

carry more well-being-associated alleles tended to develop fewer additional depressive 

symptoms following the death of a spouse. While spousal death is not exogenous, the 

genetic buffering was not affected by any gene-environment correlation between the 

genetics of subjective well-being and exposure to the death of a spouse; HRS 

respondents’ subjective well-being polygenic scores were unrelated to their risk of 

losing a spouse during follow-up. Fletcher (Fletcher, 2014) exploited a quasi-

experimental variation in the environmental exposure (whether a respondent was 

interviewed before or after the 9/11 attacks) using Wave 3 of the National Longitudinal 

Study of Adolescent Health (Add Health). This study showed that the effects of this 

external stressor were moderated by two candidate genes. These research designs can be 

adapted to other causal inferences in gene-environment interaction studies for other 

specific life stressors, such as the COVID-19 pandemic. 

1.3.6 Sex Differences in G×E: Biological and Social Perspectives 

The systematic exploration of sex differences constitutes a core contribution of this 

thesis, moving beyond treating sex as a mere covariate to recognizing it as a 

fundamental moderator of both cognitive and mental health dynamics. The rationale for 
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conducting sex-stratified analyses is rooted in the complex interplay between biological 

dimorphism and divergent social-structural experiences across the life course. 

Biological Foundations: Chromosomes, Hormones, and Genetic Architecture 

From a biological perspective, sex differences are not merely phenotypic but are 

encoded at the most fundamental levels of cellular and systemic organization. This 

biological dimorphism provides the primary justification for stratifying G×E analyses, 

as the "G" (genetic risk) and the "E" (environmental trigger) often interact within 

entirely different physiological contexts for men and women. 

First, sex differences are rooted in sex chromosomes (X and Y). Beyond the presence of 

Y-linked genes in males, the biological reality for females involves X-chromosome 

inactivation (XCI). However, research indicates that approximately 15% of genes on the 

human X chromosome escape inactivation, leading to higher expression doses of certain 

genes in females compared to males (Khramtsova et al., 2019). This "dosage effect" can 

fundamentally alter the baseline genomic variance and the subsequent polygenic risk for 

neurodevelopmental and neurodegenerative traits. 

Second, sex hormones—primarily estrogens and androgens—act as powerful epigenetic 

and transcriptional regulators. Estrogens, for instance, have neuroprotective properties 

and can directly modulate the transcriptional activity of genes involved in the stress 

response. A key mechanism is the hormonal regulation of the human corticotropin-

releasing hormone (CRH) gene, a central driver of the Hypothalamic-Pituitary-Adrenal 

(HPA) axis (Vamvakopoulos & Chrousos, 1994). Estrogen response elements (EREs) 

located in the promoter regions of various stress-related genes mean that the same 

environmental stressor (E) may trigger a significantly different transcriptional response 

(G) depending on the hormonal milieu. 
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Finally, large-scale genomic analyses have identified that the genetic architecture of 

complex traits—including cognitive function and psychiatric outcomes—exhibits 

significant sexual dimorphism. This "sex-specific genetic architecture" implies that the 

SNP-based heritability and the specific loci contributing to a Polygenic Score (PGS) 

may vary by sex (Khramtsova et al., 2019). Consequently, a pooled G×E analysis risks 

"cancelling out" effects that are potent in one sex but absent in the other, necessitating a 

stratified approach to capture the true magnitude of genetic sensitivity to environments. 

Social and Policy Perspectives 

Beyond innate biology, the social environment is profoundly gendered, leading to 

distinct exposure patterns and life-course trajectories. Men and women are often subject 

to different societal expectations, which shape their "environmental landscape" long 

before an exogenous shock occurs. 

These gendered experiences are often reinforced by macro-level policies and structural 

shifts. For example, historical changes in educational policies, such as reforms in 

compulsory schooling laws, may yield differential cognitive returns for men and women 

due to the gendered nature of labor market opportunities and social roles prevalent at the 

time of the reform. Similarly, broad environmental shocks—ranging from economic 

recessions to global health crises—do not interact with a monolithic population. Instead, 

they hit individuals whose resilience is already pre-conditioned by a lifetime of 

gendered socialisation and resource access (Kuehner, 2003). 

Empirical Necessity of Stratified G×E Analysis 

The necessity of this stratified approach is underscored by foundational research in 

Polygenic Score (PGS) dynamics. Empirical evidence suggests that the interaction 
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between genetic risks and environmental factors (such as socioeconomic deprivation or 

life events) frequently exhibits sex-specific patterns (Assary et al., 2020; Silberg et al., 

2001). These findings reflect what is increasingly recognized as a "gene-environment" 

causation process that is inherently contingent upon biological sex (Uher & Zwicker, 

2017). By adopting a sex-stratified analytical strategy, this thesis aims to uncover the 

nuanced ways in which biological sex moderates the impact of both individual-level 

stressors and broad environmental shifts on health trajectories in later life. 
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1.4 Theoretical Framework 

The theoretical framework of this thesis integrates the life-course perspective with 

theories of the social determinants of health to examine the dynamic interplay between 

genetic predispositions and environmental exposures. This approach emphasizes that 

health in later life is not a static outcome but a cumulative product of biological, 

behavioural, and psychosocial pathways operating across key developmental periods—

from childhood and adolescence into old age (Ben-Shlomo & Kuh, 2002; Whalley et al., 

2006). 

The Life-Course Paradigm and the Life Course Cube  

The theoretical framework of this study is grounded in the life-course paradigm 

articulated by Glen H. Elder Jr. (1998) and further operationalized through the “life 

course cube” proposed by Bernardi, Huinink, and Settersten (2019). Elder’s paradigm 

provides four foundational principles: human agency, historical context, the timing of 

experiences, and linked lives. These principles highlight that individuals shape their 

trajectories within the constraints of historical eras and settings, such as policy reforms 

or global crises (Elder et al., 2003). 

To translate these principles into an analytical structure, the Life Course Cube offers a 

three-dimensional heuristic for analyzing lives across intersecting axes: Time (past 

experiences and future trajectories), Life Domains (e.g., education, health), and Levels 

of Analysis (ranging from micro-biological predispositions like genetics to macro-

structural policies). Time axis encompasses past experiences, present conditions, and 

future trajectories, recognizing both cumulative and time-specific effects. In the context 

of this thesis, it allows for the tracking of health from early-life exposures to late-life 
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outcomes. Life domains capture various spheres of human activity—such as family, 

education, employment, and health—through which resources and risks are organized. 

By focusing on the education and health domains, this thesis isolates specific 

environments that may interact with biological traits. Levels of analysis range from 

micro-biological predispositions (e.g., genetics) to individual actions, and up to supra-

individual structures such as institutions and macro-policies. This multidimensional 

model is particularly suited for studying gene–environment interplay (G×E) as it 

facilitates the integration of biological data within complex social and historical 

contexts. The "G" (Genetic risk) is situated at the micro-biological level, while the "E" 

(Environment) is sourced from supra-individual levels (such as the 1947 education 

reform or the COVID-19 pandemic) and life domains (education and health). The 

interaction between them is then traced along the "Time" axis, revealing how the 

expression of genetic liability is conditionally moderated by an individual’s location 

within the cube. 

Core Life-Course Mechanisms: Integrating Social Determinants and Biological 

Outcomes 

Within this paradigm, three specific mechanisms bridge the gap between structural 

social determinants and individual biological outcomes, explaining how "place and 

circumstance" get under the skin over time: 

Cumulative Advantage/Disadvantage (CAD) and Social Stratification: This model 

suggests that health inequalities in later life are the product of systemic social 

stratification. According to the CAD model, early-life socioeconomic determinants—

such as parental wealth and neighborhood environment—are not static; they are 

magnified over time through recursive processes (Dannefer, 2003). From a SDoH 
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perspective, this represents the "accumulation of risk," where sustained exposure to 

favorable or unfavorable social conditions creates divergent health trajectories. By the 

time individuals reach old age, these longitudinal social gradients manifest as significant 

biological heterogeneities in cognitive and mental health. 

Sensitive Periods and Structural Interventions: This mechanism identifies specific 

ontogenetic windows, such as adolescence, where the individual exhibits heightened 

biological plasticity to shifts in social determinants. Structural factors, such as 

educational policies or schooling reforms, act as powerful social determinants during 

these periods (Kuh et al., 2003). When a macro-level intervention (e.g., the 1947 reform) 

alters the educational landscape, it effectively modifies the "social dosage" an individual 

receives during a sensitive window. This interaction determines the development of 

"cognitive reserve," illustrating how timely social investments can pivot a life trajectory 

toward resilience. 

Diathesis-Stress and Acute Environmental Shocks: While CAD focuses on chronic 

accumulation, the Diathesis-Stress model addresses how acute social determinants—

such as global pandemics or economic crises—interact with underlying vulnerability. 

This model posits that genetic liability (diathesis) moderates the impact of 

environmental stressors, where individuals with fewer social resources and higher 

genetic risk suffer disproportionately from acute shocks (Caspi et al., 2002). Within the 

SDoH framework, this explains the "differential vulnerability" of populations: an 

exogenous social crisis (like COVID-19) does not strike a level playing field but instead 

activates latent biological risks more severely in socially marginalized groups. 

Situating the Empirical Chapters within the Framework  
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Each empirical study in this thesis occupies a distinct "slice" of the Life Course Cube, 

moving from established social patterns to causal G×E interactions: 

Chapter 2 (The Baseline): Situated within the “time” axis and “health” domain, this 

study identifies longitudinal trajectories of cognitive and mental health. By applying the 

CAD model, it establishes a phenotypic baseline, demonstrating how socioeconomic 

factors shape health inequalities over time without yet considering genetic factors. 

Chapter 3 (Sensitive Period Intervention): Positioned at the intersection of the 

"education" domain and "biological" level, this study utilizes the 1947 schooling reform 

as a natural experiment. It exemplifies Elder’s principle of "lives embedded in historical 

time" and tests the Sensitive Periods hypothesis, examining how structural changes in 

adolescence interact with genetic risks (e.g., APOE 4). 

Chapter 4 (Acute Environmental Shock): Located as a historical rupture in the "time" 

axis, this study examines the COVID-19 pandemic. It applies the Diathesis-Stress model 

to evaluate how an acute, supra-individual shock interacts with polygenic scores (PGS) 

to alter mental health stability. 
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Figure 1.2 Situating the Thesis Within the Life Course Cube Framework 

Note: this figure presents this integrated theoretical framework and illustrates how these studies are 

situated within the life course cube, integrating the life-course perspective with genetic risk to form the 

conceptual basis for the hypotheses guiding this thesis 

By integrating these frameworks, this thesis addresses several critical gaps in the 

existing literature. First, it moves beyond cross-sectional or static G×E research by 

situating genetic risks within a longitudinal, life-course context. Second, it addresses the 

endogeneity of environmental exposures by leveraging quasi-experimental designs 

within the life-course cube. The primary contribution of this thesis lies in its holistic 

mapping of ageing. It demonstrates that gene-environment interaction is not a fixed 

biological destiny but is continually moderated by the timing, the duration, and the 

intensity of social environments. Ultimately, this integration provides a robust evidence 

base for identifying vulnerable subgroups and informing targeted interventions in an 

ageing society. 
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1.5 Thesis Aims and Hypotheses 

To summarise, it is important to understand risk factors for cognitive ageing and mental 

health among older adults for healthy and active ageing in late life. Central to this thesis 

is the exploration of Gene-Environment Interaction (G×E), positing that health 

outcomes in later life are not merely the sum of nature and nurture, but the result of their 

dynamic and reciprocal interplay across the life course. Complex traits like cognitive 

ageing and mental health are multifactorial and polygenic. Risk factors range from 

genetic polymorphisms such as APOE genotype and polygenic scores for specific traits 

to potentially more modifiable social and environmental factors throughout the life 

course such as educational attainment in early life, and stressful life events in late life. 

More recently, the possibility of interactions between genetic characteristics and other, 

potentially modifiable, characteristics of the individual or environment has gained 

attention and will offer opportunities for a more comprehensive understanding of the 

complex process of cognitive ageing and mental health. The results from applying 

GWAS data and quasi-experimental designs can be used to improve causal inference for 

𝐺 × 𝐸 research.  

The overall aim of this project is to advance understanding of the social and 

environmental determinants of health in later life, with a particular focus on gene–

environment interactions. Specifically, it examines: 

1. The trajectories of two key late-life health outcomes—cognitive function and 

mental health—and their predictors, to establishes a phenotypic baseline and to 

demonstrate how socioeconomic predictors shape health inequalities over time 

without yet considering genetic factors. 
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2. Education as a lifelong socioeconomic influence, both directly and indirectly, on 

cognitive function, with attention to gene–environment interplay. 

3. The COVID-19 pandemic as a stressful life event affecting mental health and its 

interaction with genetic risk. 

Building on the theoretical framework and prior literature, this thesis employs quasi-

experimental designs in combination with gene–environment (G×E) analysis to test the 

following hypotheses: 

I. Memory function is expected to decline, while depressive symptoms will increase 

among older adults. Considerable heterogeneity will exist in these trajectories. The 

combined influence of sociodemographic disadvantages (e.g., older age, female sex, 

early-life adversity) and adverse health or life circumstances (e.g., poor self-rated health, 

lack of paid work, disability, multimorbidity) is anticipated to accelerate memory 

decline and exacerbate depressive symptoms. 

II. Increased years of education has a positive effect on later life cognitive function, and 

this effect varies by polygenic risk for low cognitive function or dementia. Specifically, 

higher genetic risks (e.g. APOE4 carrier/ lower PGSs for general cognition/ higher PGSs 

for Alzheimer’s disease) may dampen the positive effect of increased years of education 

on late-life cognition. 

III. The COVID-19 pandemic, as a stressful life event in late life, has a negative impact 

on mental health among older people, and this impact will be moderated by genetic risks 

for mental disorders. In particular, the negative effect of the pandemic may be more 

pronounced among individuals with higher genetic risks (e.g. higher PGSs for 

depressive symptoms/ major depressive disorders /anxiety disorders /loneliness). 
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1.6 Data and General Methodology 

1.6.1 Benefits of Studying the Context of the United Kingdom 

The increased longevity of the population is one of the greatest achievements of the 

modern age but is also the source of some concern from the perspectives of health, 

economic and social policy. The UK population is now living longer than ever before. In 

mid-2043, there are projected to be many more people at older ages. This partly reflects 

the 1960s baby boomers now being aged around 80 years but also general increases in 

life expectancy. In mid-2018, there were 1.6 million people aged 85 years and over; by 

mid-2043, this is projected to nearly double to 3.0 million (Nash, 2018). If older people 

are experiencing these extra years in good health and live in a supportive environment, 

their ability to do the things they value will have few limits. However, if these added 

years are dominated by rapid declines in health and mental capacity, the implications for 

older people and society as a whole are much more negative.  

Unfortunately, there are increasing numbers of older adults living with low levels of life 

satisfaction and well-being. The prevalence of depressive symptoms in the UK ranged 

from 11.3% for mild, to 3.3% for severe symptoms, and the prevalence of probable 

depressive disorder was 7.5% (Kuan et al., 2023). Based on primary care records, the 

prevalence of documented mild cognitive impairment was approximately 0.22% 

between 2019 and 2022 in the UK, although this figure likely reflects substantial 

underdiagnosis in routine practice (NICE, 2022). Therefore, ensuring the best possible 

health in older age is crucial if we are to achieve sustainable development in the UK. 

There are some advantages when studying the UK context. The policy changes in the 

UK context enable us to use natural experiments, such as compulsory schooling laws 

and clear lockdowns and restrictions in response to the COVID-19 pandemic, to 
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examine the effect of biological exposures or social interventions. Moreover, there are 

high-quality long-term data in the UK context. 

Compulsory Schooling Laws in Britain 

The laws governing the length of compulsory education in Britain are national, which is 

a contrast to US state-regulated compulsory school laws. The British compulsory 

schooling laws specify the maximum age by which children must start school and the 

minimum age at which children can leave school. The maximum age by which children 

must start school is currently five. The 1944 Education Act raised the minimum school 

leaving age from 14 to 15 and a Ministerial order later in 1944 specified that it would be 

raised on April 1, 1947. The 1972 Act raised the age to 16 on September 1, 1972. The 

1947 change meant that students could not leave school until partway through grade 

nine. Whilst children born before 1 April 1933 could leave school when they turned 14, 

the 1947 reform stated that those born after that date could not leave until they turned 

15. This law change affects a large proportion of the population (Oreopoulos, 2006). 

Using the ELSA data described in more detail below in Section 1.6.2, Figure 3.1 in 

Section 3.3 of Chapter 3 shows the fraction of males and females who left full-time 

education by the age of 14. It is evident that before the reform about 60% of the 

population left the school at the age of 14, whilst after its implementation this proportion 

dramatically decreased to below 10%. 

UK Government Coronavirus Lockdowns and Restrictions 

In the wake of the World Health Organization (WHO) declaring COVID-19 a public 

health emergency of international concern, hundreds of laws have been made in the UK 

in response to the pandemic. (1) First national lockdown (March to June 2020): England 

was in national lockdown between late March and June 2020. All “non-essential” high 
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street businesses were closed, and people were ordered to stay at home. Starting in May 

2020, the laws were slowly relaxed. (2) Minimal lockdown restrictions (July to 

September 2020): Most lockdown restrictions were lifted on 4 July 2020. (Lai et al., 

2017) Reimposing restrictions (September to October 2020): On 14 September, the “rule 

of six” – indoor and outdoor social gatherings above six were banned in England. On 14 

October, the Government rationalised local restrictions by introducing a “three-tier 

system”. At first, most of the country was placed in the least restrictive tier one, which 

had similar restrictions to the previous national rules. As time went on, more of the 

country was placed in the higher two tiers. (4) Second national lockdown (November 

2020): On 5 November, the second national lockdown came into force in England. Non-

essential high street businesses were closed, and people were prohibited from meeting 

those not in their “support bubble” inside. Reintroducing a tiered system (December 

2020): On 2 December, the tiered system was reintroduced with modifications. On 19 

December, the Prime Minister announced that Tier 4 would be introduced, which were 

like those imposed during the second national lockdown. Christmas mixing rules were 

tightened. (6) Third national lockdown (January to March 2021): National restrictions 

were reintroduced for a third time on 6 January, which were more like those in the first 

lockdown. People were once again told to stay at home but could still form support 

bubbles. (7) Exiting from lockdown: On 8 March 2021, England began a phased exit 

from lockdown, known as the roadmap out of lockdown. England moved through the 

roadmap as planned but step four was delayed by four weeks to allow more people to 

receive their first dose of a coronavirus vaccine.  
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1.6.2 The English Longitudinal Study of Ageing (ELSA) 

This thesis used data from the English Longitudinal Study of Ageing (ELSA), which 

was designed as a sister study to the Health and Retirement Study (HRS) in the USA 

and was set up to document the experience of ageing in England in the 21st century. It 

provides high-quality longitudinal data that can be used to investigate changes in 

economic circumstances, social status, physical and mental health, cognitive function, 

social relationships and biology, as people prepare for and move into retirement and old 

age.  

ELSA was selected as the primary data source for this research over other large-scale 

British datasets, such as the UK Biobank (UKB) or Understanding Society (UKHLS), 

for several strategic reasons. First, while the UK Biobank offers a superior genetic 

sample size (n≈500,000), its recruitment (2006–2010) and follow-up primarily rely on 

administrative health linkages rather than the frequent, face-to-face longitudinal 

phenotypic measurements required for the dynamic trajectory analysis in Chapter 2. 

Second, unlike the UKHLS (Understanding Society), which covers a broad age range 

from 16 to 100+ years to study general household dynamics, ELSA is specifically 

tailored to the 50+ population. This focus ensures that the cognitive and mental health 

instruments used in ELSA are age-validated and sensitive enough to detect subtle 

declines in later life. Third, ELSA’s rigorous harmonization with the HRS allows for the 

application of validated polygenic scoring (PGS) methodologies, ensuring the 

international comparability of my G×E findings. 

The ELSA is a panel study of a representative cohort of men and women living in 

England aged 50 and over living in private households in England. The original sample 

was drawn from the Health Survey for England (Schikowski et al., 2015) in 1998, 1999 
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and 2001 which includes an initial sample of about 12,000 people ranging in age from 

50 to 100 years. The study commenced in 2002, and the sample has been followed up 

every 2 years. To address the specific research questions of this thesis, different 

combinations of ELSA waves were utilized across the empirical chapters, as 

summarized in Table 1.1. More than 18,000 respondents have been interviewed so far 

and the sample has been refreshed four times now, at Wave 3, 4, 6, 7 and 9. Data are 

collected using computer-assisted personal interviews and self-completion 

questionnaires, with additional nurse visits for the assessment of biomarkers every 4 

years. The original sample consisted of 11 391 members ranging in age from 50 to 100 

years. ELSA is harmonized with ageing studies in other countries to facilitate 

international comparisons and is linked to financial and health registry data (Steptoe, 

2013).  

Table 1.1 Summary of ELSA Waves Used Across Empirical Chapters 

Empirical 

Study 

ELSA Waves 

Used 

Data 

Collection 

Period 

Analytical Focus 

Chapter 2 Waves 4 – 9 
2008/09 – 

2018/19 

Longitudinal trajectories of cognitive and 

mental health over a 10-year window. 

Chapter 3 Waves 1 – 9 
2002/03 – 

2018/19 

Quasi-experimental G×E analysis of the 1947 

schooling reform (Executive function 

restricted to W1–5). 

Chapter 4 

Wave 9 & 

COVID-19 

Waves 1–2 

2018/19 & 

2020 

Impact of the pandemic on mental health 

stability moderated by genetic risk (PGS). 
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For the genetic analysis, the ELSA provided the genetic data of a wide range of age-

related traits and outcomes in association with the genetic factors in the sample of older 

people born in England. The genome-wide genotyping was performed in 2013-2014 at 

the University College London. This involved genotyping of 7,597 ELSA participants of 

European ancestry using the llumina HumanOmni2.5 BeadChips (HumanOmni2.5-4v1, 

HumanOmni2.5-8v1.3), which measures ~2.5 million markers that capture the genomic 

variation down to 2.5% minor allele frequency. Genotyping was performed in two 

batches. Allele frequencies were compared between the batches after filtering for 5% of 

missingness. The correlation was calculated between the batches for a number of 

chromosomes and exceeded 99%. After post-genotyping quality assurance, such as 

excluding ethnic outliers (self-reported) and duplicates, the GWAS data was available 

for a total of 7,412 ELSA participants and 2,230,767 SNPs. Using methods employed in 

the Health and Retirement Study, the ELSA carried out robust quality control of the 

genotyped genetic data. In total, a final sample of 7,183 participants (96.9% of 7,412 

original cohort) of European ancestry and 1,372,240 (61.5% of 2,230,767) variants 

remained after quality control. In ELSA, the methods employed for creating polygenic 

scores (PGSs) are those outlined by the Health and Retirement Study (HRS), in order to 

harmonise the research across age-related longitudinal studies by adopting a consistent 

methodology for creating PGSs. PGSs for each phenotype are based on a single, 

replicated GWAS. PGS data and detailed report describing the methods employed and a 

full list of PGSs available in ELSA can be found on the ELSA website (ELSA Project, 

2023). To provide further details on the construction steps used to generate the PGSs 

and Principal Components (PCs), Section 1.6.4 presents these details. 

Moreover, the ELSA responded agilely to COVID-19 and enabled research into the 

social and health impacts of the pandemic. During the COVID-19 outbreak, ELSA 
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conducted two additional waves of collection to measure the socioeconomic effects and 

psychological impact of the pandemic on the older population of England. All 

participants for the ELSA COVID-19 Substudy were selected from the existing ELSA 

sample. The first wave of the COVID-19 Substudy, which took place in June-July 2020, 

achieved 7040 completed interviews; the second wave, which took place in November-

December 2020, achieved 6794 completed interviews. These pandemic waves are 

unique as they can be benchmarked against nearly two decades of pre-pandemic 

baseline data (Waves 1-9), providing a longitudinal depth that UK Biobank and other 

cross-sectional cohorts cannot replicate for this age group. In the COVID-19 substudies, 

mental health was assessed using the Center for Epidemiologic Studies Depression 

Scale, the Generalised Anxiety Disorder 7 assessment, and well-being measures. The 

COVID-19 questions concerning the experience related to COVID-19, health issues and 

access to health care, mental health (e.g. depression and anxiety), health behaviours (e.g. 

smoking, drinking alcohol, physical activity, eating behaviours, sedentary behaviours, 

and sleep), demographics, financial circumstances, work, social connections and 

isolation. 

1.6.3 Measurement of Outcome Variables 

This section provides a comprehensive exposition of the primary outcomes throughout 

this thesis. Given that several core outcomes—such as memory performance and 

depressive symptoms—are analysed across multiple empirical chapters (Chapters 2, 3, 

and 4), they are detailed here in their entirety to ensure methodological transparency and 

to establish a unified reference point. 

By consolidating these definitions within this foundational chapter, the thesis aims to 

maximize structural efficiency and avoid redundant descriptions in subsequent empirical 
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sections. Consequently, the following chapters will provide only concise summaries of 

these variables, cross-referencing this section for specific details on scaling, clinical 

thresholds, and longitudinal standardisation protocols. This approach not only ensures 

that the same measurement constructs are applied consistently across different research 

questions but also allows the empirical chapters to focus more effectively on their 

respective analytical models and results. 

Cognitive Function: Memory and Executive Function 

The cognitive assessment module in ELSA was designed to capture multiple dimensions 

of cognitive health. This study focuses on two primary domains that are most sensitive 

to age-related decline and genetic influence. 

Memory Performance (Waves 1–9) 

Memory is a cornerstone of cognitive aging research and serves as a sensitive early 

biomarker for neurodegenerative pathologies. In ELSA, memory was assessed using a 

Word-list Learning Test. During the interview, a computer-generated list of 10 common 

nouns was read to the participant. The assessment comprised two phases: 1) Immediate 

Recall: The participant was asked to recall as many words as possible immediately after 

the presentation. 2) Delayed Recall: After a latency period of approximately five 

minutes—during which the respondent completed other non-cognitive survey items—

the participant was again asked to recall the original list. 

An aggregate Composite Memory Score (range 0–20) was constructed by summing the 

scores from both phases. This approach stabilizes the measurement by accounting for 

both short-term encoding and long-term retrieval capabilities. To facilitate longitudinal 
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modeling and G×E interactions, these raw scores were Z-score standardized within each 

wave to a mean of 0 and a standard deviation of 1. 

Executive Function (Waves 1–5) 

Executive function, reflecting the ability to organize thoughts and inhibit irrelevant 

information, was operationalized through two distinct tasks: 1) Semantic Verbal 

Fluency: Participants were tasked with naming as many different animals as possible 

within a one-minute interval. This measures the fluidity of access to the semantic 

network and frontal lobe integrity. 2) Letter Cancellation: A pencil-and-paper task 

requiring participants to scan a grid of random letters and cross out specific targets (P 

and W) under time pressure (one minute). This evaluates visual search speed, sustained 

attention, and processing accuracy. 

The Executive Function Index was derived by aggregating the standardized scores of 

both tasks. Due to changes in survey administration, this composite is primarily utilized 

in analyses spanning Waves 1 through 5 to maintain instrumental fidelity (Banks et al., 

2006; Steptoe et al., 2013). 

Mental Health and Psychological Wellbeing 

While mental health is formally defined by clinical disorders—most notably depressive 

and anxiety disorders characterized by persistent distress and impaired functioning 

(World Health Organization, 2022)—modern gerontological research increasingly views 

psychological health as a broad continuum. This spectrum extends beyond the binary 

presence or absence of clinical symptoms to encompass the subjective social and 

evaluative states that underpin an individual’s psychological resilience and overall 

flourishing. Within this multidimensional framework, this thesis examines four distinct 
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yet interrelated indicators to capture the comprehensive psychological toll of exogenous 

environmental shocks. Depression and anxiety represent the traditional clinical axes of 

mental distress. Loneliness is integrated as a critical social dimension of mental health, 

serving as a primary stressor that reflects the subjective distress resulting from social 

isolation (Beutel et al., 2017). Finally, Quality of Life (QoL) and subjective well-being 

offer a holistic assessment of an individual’s evaluative functioning and life satisfaction 

(Diener et al., 2018). By analyzing these four measures in tandem, this study moves 

beyond a narrow clinical focus to provide a robust evaluation of mental health 

trajectories in the aging population. 

Depressive Symptoms (CES-D 8) 

Depressive symptoms were assessed using the 8-item version of the Center for 

Epidemiological Studies Depression Scale (CES-D 8). Originally developed as a 20-

item self-report tool (Radloff, 1977), the CES-D has undergone various structural 

modifications to facilitate large-scale longitudinal research. In the ELSA, the CES-D 8 

has served as the standardized and consistent measure of depressive symptoms 

throughout its history. The decision to utilize the 8-item version, rather than the 10-item 

or original 20-item versions, is informed by a rigorous methodological rationale 

centered on longitudinal integrity and cross-national harmonization:  

1) Longitudinal Consistency and Data Integrity: The primary justification for adopting 

the CES-D 8 is the necessity of maintaining instrumental fidelity across the study’s 

timeline. A meticulous inspection of ELSA survey instruments confirms that the CES-D 

8 items represent the consistent core administered across Wave 1 through Wave 9, as 

well as the specific COVID-19 Substudy waves (Steptoe et al., 2013). Crucially, to 

minimize respondent burden during the pandemic, the COVID-19 Substudy exclusively 
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administered these eight core items. Therefore, adopting the CES-D 8 is the only viable 

strategy to ensure strict longitudinal measurement invariance and avoid "measurement 

artefacts"—spurious changes in scores resulting from shifts in scale dimensionality 

rather than true phenotypic variations (Zaninotto et al., 2022).  

2) Cross-National Harmonization and the "HRS" Standard: The CES-D 8 serves as the 

global "gold standard" for the international network of ageing studies. ELSA was 

designed to be directly comparable with the U.S. Health and Retirement Study (HRS) 

and the Survey of Health, Ageing and Retirement in Europe (SHARE). Methodological 

documentation indicates that the transition to the 8-item version was a strategic 

refinement to reduce cognitive burden and survey fatigue among older respondents 

(Steffick, 2000). Research confirms that the CES-D 8 maintains an exceptionally high 

correlation (>0.90) with the full 20-item scale (González et al., 2017), ensuring that 

findings are comparable with the broader body of genomic and epidemiological 

evidence. 

This thesis adopted a cut-off score of 4 or higher on the CES-D 8 scale. Drawing on 

foundational HRS documentation (Steffick, 2000), this specific threshold has been 

validated to reflect the conventional 16-point score used in the original 20-item scale 

(Radloff, 1977). This equivalence ensures the measure captures clinically significant 

depressive symptoms with precision, aligning with recent authoritative ELSA pandemic 

research (Di Gessa & Zaninotto, 2023; Zaninotto et al., 2022). 

Loneliness 

Loneliness was assessed using a composite measure consisting of the 3-item Revised 

University of California (UCLA) Loneliness Scale and an additional direct item asking 

participants how often they feel lonely (Hughes et al., 2004). Each component was rated 
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on a 3-point Likert scale (1 = “hardly ever/never”; 2 = “some of the time”; 3 = “often”). 

The individual scores were summed to produce a total index ranging from 4 to 12, with 

higher scores indicating greater perceived loneliness and social-emotional distress. 

Quality of Life (QoL) 

Subjective Quality of Life was evaluated using the CASP-12 scale (Control, Autonomy, 

Self-realisation, and Pleasure), a 12-item self-completion questionnaire specifically 

developed to assess wellbeing in older populations (Wiggins et al., 2008). The scale 

measures three distinct domains: control and autonomy, pleasure, and self-realisation. 

Each item is scored on a 4-point scale; the items were summed to create an index (range: 

12–48). In the coding used for this study, higher scores reflect poorer quality of life, 

allowing for a consistent directional interpretation of "psychological distress" across all 

mental health indicators. 

Anxiety (GAD-7) 

Anxiety was assessed via the 7-item Generalized Anxiety Disorder scale (GAD-7) 

(Spitzer et al., 2006). This instrument evaluates the frequency of various anxiety 

symptoms (e.g., feeling nervous, anxious, or on edge) over the preceding two weeks. 

Each item is scored on a 4-point scale (0 = “Not at all” to 3 = “Nearly every day”), with 

total scores ranging from 0 to 21. Higher values indicate a greater burden of anxiety 

symptoms. It is important to note that the GAD-7 was introduced specifically during the 

ELSA COVID-19 Substudy waves; consequently, it is utilized in this thesis to capture 

acute psychological responses to the pandemic, acknowledging the absence of pre-

pandemic baseline data for this specific instrument. 
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The strategic selection of outcome variables across this thesis is dictated by the specific 

analytical objectives and data constraints of each research stage. In Chapter 2, which 

establishes a ten-year longitudinal trajectory, the analysis is strictly concentrated on 

Memory and Depressive Symptoms (CES-D 8). These two indicators were selected as 

the primary representatives of cognitive and mental health due to their high instrumental 

fidelity and uninterrupted availability from Wave 4 through Wave 9. Prioritizing these 

gold-standard measures ensures maximum statistical power and representative 

population trends, avoiding the significant sample attrition and selection bias associated 

with auxiliary psychosocial modules (e.g., loneliness and quality of life), which are 

primarily collected via self-completion questionnaires and often suffer from higher rates 

of non-random missingness. 

In contrast, Chapters 3 and 4 shift to a detailed investigation of gene-environment 

interactions following specific exogenous shocks. To capture the full spectrum of 

cognitive and mental health, this framework is expanded to include a wider range of 

indicators including Executive Function, Loneliness, Quality of Life, and Anxiety 

(GAD-7). While some of these measures have restricted availability—such as Executive 

Function (Waves 1–5) and Anxiety (introduced only during the COVID-19 pandemic)—

their inclusion in these specific chapters provides the necessary phenotypic breadth to 

test the generalizability of G×E effects across different domains of wellbeing. These 

outcome measures allow the thesis to evaluate whether genetic susceptibility manifests 

across a broader health continuum, which a singular clinical focus on cognitive and 

mental health might overlook. 

Furthermore, as the inclusion criteria and analytical subsamples vary depending on the 

research question of each chapter (e.g., the longitudinal sample in Chapter 2 versus the 
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pandemic-specific sample in Chapter 4), the specific descriptive statistics, distributions, 

and sample sizes for these variables are provided within the methodology sections of 

each respective empirical chapter. 

1.6.4 Genetic Biomarkers: Construction of PGSs and PCs in ELSA 

In the ELSA study, genetic data has been provided for detailed analyses of a wide range 

of age-related traits and outcomes in association with genetic factors in a large and 

phenotypically well-characterised sample of older individuals. To ensure 

methodological consistency across international ageing studies, the construction of 

polygenic scores (PGSs) in ELSA adheres to the standardized predictive modeling 

protocols established by the Health and Retirement Study (HRS, 2024). Specifically, 

this study utilizes the pre-calculated scores provided by the ELSA genomic team, which 

were generated using an additive model based on external GWAS meta-analysis weights 

to facilitate cross-cohort harmonisation (Ajnakina & Steptoe, 2019; Health and 

Retirement Study, 2024). 

1) Genotyping and Administration Procedures 

The genome-wide genotyping was performed at University College London (UCL) 

Genomics in 2013-2014. Blood samples were taken from 7,597 ELSA participants of 

European ancestry who met eligibility criteria (e.g., absence of clotting disorders or 

anticoagulant medication). Genotyping was conducted using the Illumina 

HumanOmni2.5 BeadChips (HumanOmni2.5-4v1 and HumanOmni2.5-8v1.3), 

measuring approximately 2.5 million markers. Initial cross-batch correlation for allele 

frequencies exceeded 99%. After excluding ethnic outliers and duplicates, the initial 

GWAS-ready dataset comprised 7,412 participants and 2,230,767 SNPs. 
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2) GWAS Quality Control (QC) Protocols 

Prior to the construction of polygenic scores, rigorous QC was performed using PLINK 

1.9 at both the individual and SNP levels. The genomic data underwent a multi-stage 

quality control (QC) protocol at both the individual and variant levels to ensure the 

integrity of the genetic biomarkers. At the individual level, samples were excluded if 

there was a discrepancy between biologically inferred genetic sex and recorded 

phenotypic sex. To address potential bias from population structure and relatedness, 

cryptic kinship was assessed using Identity-by-Descent (IBD) estimates; consequently, 

one individual from each pair with an IBD value exceeding 0.2—a threshold 

representing the midpoint between second- and third-degree relatives—was removed at 

random. Furthermore, participants with extreme heterozygosity scores, defined as 

deviating more than three standard deviations from the sample mean, were excluded to 

mitigate risks of sample contamination or inbreeding artifacts. 

Parallel to individual-level filtering, stringent single-nucleotide polymorphism (SNP) 

quality control was implemented. Variants were excluded if they demonstrated a call 

rate below 98%, a minor allele frequency (MAF) of less than 0.01, or a significant 

deviation from Hardy-Weinberg Equilibrium (𝑝 < 10−4). For the specific purpose of 

population structure analysis, Linkage Disequilibrium (LD) pruning was conducted 

using a sliding window approach (10 SNPs, 𝑟2 > 0.10). This process intentionally 

excluded high-LD genomic regions, including the Lactase gene (LCT), the Human 

Leukocyte Antigen (HLA) complex, and inversion regions on 8p23.1 and 17q21.31, to 

prevent localized genetic clusters from distorting global ancestry estimates. Following 

these rigorous filtration steps, the final analytical dataset comprised 7,183 participants 

and 1,374,524 high-quality, directly genotyped SNPs. 
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3) Principal Component Analysis (PCA) for Population Structure 

To account for population stratification—systematic ancestry differences that can lead to 

spurious associations—Principal Component Analysis (PCA) was employed. 10 

ancestry principal components (PCs) were generated. These PCs act as continuous 

variables representing an individual's genetic ancestry. The construction process 

involves two critical technical steps: 

A. Linkage Disequilibrium (LD) Pruning 

In the human genome, many genetic variants (SNPs) are not inherited independently; 

instead, they are often inherited together in "blocks." This phenomenon is known as 

Linkage Disequilibrium (LD). If a large number of highly correlated SNPs from a single 

genomic block are included in a PCA, they will disproportionately dominate the 

analysis, masking the true global ancestry of the individual. To prevent this bias, ELSA 

performed LD-pruning, a process that filters the genome to retain only "unlinked" 

(independent) SNPs. This was achieved using a sliding window approach with a 

threshold of 𝑟2 < 0.1, effectively ensuring that no two SNPs in the final subset are 

highly correlated. Additionally, we excluded specific "high-LD" regions (e.g., the HLA 

complex on chromosome 6 and the LCT gene), which are known for their unusually 

long and complex correlation patterns that can distort ancestry estimates. 

B. Mathematical Construction of PCs 

Following LD-pruning, the PCs were generated via eigen-decomposition of the 

genotype covariance matrix (𝐶): 

𝐶𝑣𝑘 = λ𝑘𝒗𝒌 
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Where: 𝐶 represents the covariance of genotypes across the independent SNP subset. λ𝑘 

is the eigenvalue representing the amount of genetic variance captured by the 𝑘𝑡ℎ 

component. 𝑣𝑘 is the eigenvector used to calculate the individual’s score (𝑃𝐶𝑖𝑘). The 

resulting top 10 PCs capture the most significant axes of genetic variation within the 

sample. By including these 10 PCs as covariates in all regression models, this study 

effectively "filters out" the noise of ancestral background, ensuring that the interaction 

between the PGS and environmental factors reflects a robust phenotypic association 

rather than a confounding effect of population structure. 

4) Polygenic Score (PGS) Construction and Distribution 

A Polygenic Score (PGS) provides a single-value estimate of an individual’s genetic 

propensity for a phenotype, constructed as a weighted sum of risk-associated alleles, 

where different components contribute differently to the final score based on their 

importance. The mathematical formula is defined as: 

𝑃𝐺𝑆𝑖 = ∑ 𝑊𝑗𝐺𝑖𝑗

𝐽

𝑗=1

 

Where:  

𝐺𝑖𝑗 (Individual Genotype): Represents the number of risk-increasing alleles (0, 1, or 2) 

an individual possesses at a specific genetic location (𝑆𝑁𝑃𝑗). 

𝑊𝑗 (Effect Weight): Represents the "strength" of that specific variant’s association with 

the trait. These weights are derived from independent, large-scale Genome-Wide 

Association Studies (GWAS) involving hundreds of thousands of individuals. By using 

external weights, the genetic risk estimated for the ELSA sample is unbiased and 

biologically grounded in broader population findings. 
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A critical decision in PGS construction is the "p-value threshold"—essentially deciding 

how many genetic variants to include. While some researchers only include "significant" 

variants (e.g., 𝑃 < 5 × 10−8), the ELSA team follows the HRS recommendation to use 

a threshold of 𝑃 =  1. This means we include all available genetic variants regardless of 

their individual statistical significance. The rationale is that even variants with very 

weak individual signals collectively capture a substantial portion of the "missing 

heritability" of complex traits. Including the full spectrum of genomic variation 

maximizes the predictive power of the score and ensures maximum transparency, as it 

does not rely on arbitrary cut-off points. 

Because a PGS is the aggregate of over a million independent genetic variants, its 

distribution is governed by the Central Limit Theorem. This theorem states that the sum 

of many independent random variables tends toward a Normal Distribution, regardless 

of the distribution of the individual variables. Within the ELSA sample, the calculated 

PGSs exhibit a robust normal distribution, which satisfies the normality requirements for 

the linear regression and longitudinal models used in the empirical chapters. To ensure 

comparability across different phenotypes (e.g., comparing the effect of genetic risk for 

depression vs. cognition), all PGS variables were Z-score standardized (Mean = 0, 

Standard Deviation = 1). 

To investigate the "G" component of the G×E interactions, five specific PGSs were 

extracted from the ELSA genetic database: General Cognition, Depressive Symptoms 

(DS), Major Depressive Disorder (MDD), Anxiety Disorders (AD), and Loneliness. 

These scores were selected based on their high overlap with the phenotypic measures 

described above. The use of multiple PGSs for mental health (e.g., both DS and MDD) 

allows this thesis to test the robustness of genetic associations across different discovery 
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GWAS frameworks, thereby enhancing the reliability of the findings. Reflecting the 

variations in analytical subsamples across different research questions, the specific 

descriptive statistics, distributions, and standardized properties of these PGSs are 

presented in detail within the methodology section of each respective empirical chapter. 
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Chapter 2 

Trajectories of Cognition and Mental Health in Older Age 

 

2.1 Introduction 

Ageing is a complex, multidimensional process, accompanied by marked changes in 

both cognitive function and mental health. Among older adults, memory decline and 

depressive symptoms are two of the most prevalent and consequential outcomes (Harada 

et al., 2013; Cole & Dendukuri, 2003). Cognitive decline not only reduces the capacity 

for independent living but also serves as an early indicator of neurodegenerative 

disorders such as Alzheimer’s disease and other dementias (Salthouse, 2010; Petersen, 

2004). Likewise, depression is a leading mental health challenge in late life, with 

profound consequences for quality of life, morbidity, and mortality (Beekman et al., 

1999; Blazer, 2003). Together, these two domains constitute critical dimensions of 

healthy ageing and public health. 

Cognitive ageing is characterized by considerable heterogeneity. While some 

individuals maintain stable performance into late life, others experience gradual or 

accelerated decline (Zaninotto et al., 2018; Glymour et al., 2012). Influences on these 

trajectories span genetic, biological, social, and environmental domains. For example, 

sex differences are well documented: women tend to perform better on episodic memory 

tasks, whereas men often outperform in visuospatial domains (De Frias et al., 2006; 

Pauls et al., 2013). Genetic risks are also salient, with the APOE ε4 allele consistently 

associated with steeper cognitive decline and elevated risk of dementia (Hong et al., 

2015; Krell-Roesch et al., 2015). At the same time, environmental and lifestyle factors 

act as powerful modifiers. Higher education and cognitively stimulating activities are 
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protective, consistent with the concept of cognitive reserve (Stern, 2012), while chronic 

conditions (e.g., hypertension, diabetes, cardiovascular disease) and unhealthy behaviors 

(e.g., smoking, inactivity) accelerate decline (Livingston et al., 2017; Yaffe et al., 2014). 

As Dixon and Lachman (2019) emphasize, cognitive ageing is best understood as a 

multidomain, interactive process where protective and risk factors accumulate and 

interact across the life course. 

Mental health, as defined by the World Health Organization (2022a, 2022b, 2022c), is 

both intrinsically valuable and foundational to wellbeing, autonomy, and social 

participation. In older adults, depressive symptoms are particularly consequential, 

associated with functional impairment, multimorbidity, and increased health care 

utilization (Ownby et al., 2006; Santabárbara et al., 2019). Mental health trajectories, 

like cognitive trajectories, are heterogeneous, ranging from persistent or chronic 

depressive symptoms to transient or improving patterns (Steffens et al., 2000). Social 

and economic inequalities, gender, multimorbidity, and poor self-rated health are 

consistently implicated in shaping these outcomes (Hyde et al., 2008; Kuehner, 2017; 

Mendes de Leon et al., 2001; Zaninotto et al., 2016). 

Traditional analyses often rely on population averages, which obscure meaningful 

variation in ageing processes. Longitudinal studies and group-based trajectory modeling 

(Nagin & Odgers, 2010) have revealed distinct subgroups with divergent developmental 

paths, underscoring the complexity of ageing. Despite this, few studies have jointly 

examined trajectories of memory and depressive symptoms in nationally representative 

cohorts, leaving gaps for identifying clusters of risk and resilience, as well as for 

understanding the cumulative influence of life-course inequalities. 



- 74 - 

 

Although memory and depressive symptoms are modelled as parallel outcomes in this 

chapter, they are not conceptually independent. A growing body of evidence points to a 

bidirectional relationship between cognitive decline and depression in later life: 

depressive symptoms are both a risk factor for and a consequence of cognitive 

deterioration, with shared neurobiological substrates including dysregulation of the 

hypothalamic–pituitary–adrenal (HPA) axis and hippocampal atrophy under chronic 

stress exposure (Dotson et al., 2010; Pariante & Lightman, 2008). From a life-course 

perspective, these two dimensions function as interlinked markers of cumulative 

disadvantage, sharing common long-term upstream determinants—including early-life 

socioeconomic disadvantage and educational attainment—while markedly diverging in 

their sensitivity to more proximate, time-varying exposures. Specifically, as 

demonstrated in the empirical sections of this chapter, cognitive trajectories appear to 

reflect the accumulated cognitive reserve shaped by early-life human capital investments 

(Stern, 2012)—reserves that confer a degree of insulation against short-term health 

shocks among those on higher-functioning trajectories. Depressive symptoms, by 

contrast, exhibit greater volatility and acute sensitivity to late-life situational disruptions: 

across all five trajectory groups, deteriorations in self-rated health showed a graded and 

consistently significant contemporaneous association with elevated symptom burden, 

with the magnitude of this effect amplified among those already carrying higher levels 

of distress. The analytical separation of memory and depressive symptoms is therefore a 

methodological choice to preserve interpretive clarity, not an assumption of biographical 

independence. The convergences and divergences in their predictors—documented 

throughout this chapter—are themselves substantively informative, revealing the 

domain-specific timescales and pathways through which social conditions get under the 

skin to shape the heterogeneous landscape of late-life health. 
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Therefore, this chapter addresses these gaps by examining trajectories of memory and 

depressive symptoms among older adults in England, using data from the English 

Longitudinal Study of Ageing (ELSA) (Steptoe et al., 2013). Leveraging repeated 

assessments across multiple domains, rich socio-demographic and health measures, and 

long follow-up, the analysis identifies patterns of change in cognition and mental health 

and their key determinants, thereby providing a comprehensive overview of these two 

critical late-life outcomes. This descriptive foundation sets the stage for the subsequent 

chapters, which examine each outcome in greater depth by focusing on the influence of 

specific life events and the interplay between genetic risks and modifiable 

environmental factors. Therefore, this chapter intentionally focuses on 

sociodemographic and time-varying social and health determinants without including 

genetic predictors. Estimating social-environmental associations in the full longitudinal 

sample maximises statistical power and yields robust benchmark estimates of the 

socioeconomic and health correlates of memory and depressive symptom trajectories. 

Genetic analyses require additional sample selection and controls (for example, 

exclusion criteria and principal components to address population stratification); 

presenting them separately in Chapters 3 and 4 therefore ensures methodological 

transparency and direct comparability with the descriptive benchmarks reported here. 
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2.2 Methods 

Study Design and Participants  

Data were drawn from the English Longitudinal Study of Ageing (ELSA), a nationally 

representative longitudinal panel study of individuals aged 50 and over living in private 

households in England, which began in 2002 (Banks et al., 2021). Data are collected 

biennially through face-to-face interviews and self-completion questionnaires. The first 

wave of ELSA commenced in 2002 with an initial individual response rate of 67%. To 

maintain representativeness of the population aged 50 and over, the ELSA sample has 

been periodically refreshed—specifically at Waves 3, 4, 6, 7, and 9. To date, over 

18,000 respondents have taken part in the biennial interviews. 

The longitudinal trajectories in this chapter were estimated using six biennial waves of 

data from Wave 4 (2008/09) to Wave 9 (2018/19). To ensure a consistent ten-year 

follow-up period, the analytical sample was restricted to respondents who participated in 

both the Wave 4 and Wave 9 interviews. Refreshment samples introduced after Wave 4 

were excluded to maintain a consistent ten-year longitudinal window. This decision also 

ensures that the analysis focuses strictly on the cohort aged 50 and older at baseline, 

avoiding the age-related heterogeneity that younger refreshment samples would have 

introduced. Of the 10,749 eligible participants at Wave 4, 8,557 (79.6%) completed the 

Wave 9 interview, representing a cumulative attrition rate of 20.4%—a figure within the 

expected range for a decade-long study of an ageing population (Steptoe et al., 2013). 

Within this final sample, 5,844 (68.3%) were present across all six waves. 

While this selection criterion ensures longitudinal stability, it may introduce survivor 

bias or a 'healthy volunteer' effect, as individuals with poorer health are more likely to 

drop out or pass away before the final wave. To mitigate these concerns, official ELSA 



- 77 - 

 

longitudinal weights were applied to adjust for non-random attrition and differential 

non-response. Additionally, the Group-Based Trajectory Modelling (GBTM) employed 

a Full Information Maximum Likelihood (FIML) estimator. This approach leverages all 

available observations from individuals who missed intermediate waves (Waves 5–8) 

but met the endpoint criteria, thereby maximising statistical power and reducing 

estimation bias. 

Measures 

Outcomes 

In this chapter, which establishes a ten-year longitudinal trajectory, the analysis is 

strictly concentrated on Memory and Depressive Symptoms (CES-D 8). These two 

indicators were selected as the primary representatives of cognitive and mental health 

due to their high instrumental fidelity and uninterrupted availability from Wave 4 

through Wave 9. Prioritizing these two gold-standard measures ensures maximum 

statistical power and representative population trends, avoiding the significant sample 

attrition and selection bias associated with auxiliary psychosocial modules (e.g., 

loneliness and quality of life), which are primarily collected via self-completion 

questionnaires and often suffer from higher rates of non-random missingness. 

Specifically, the cognitive function module in ELSA contains assessments of memory, 

executive function, processing speed, and numerical ability. Memory was consistently 

measured from Wave 1 to Wave 9, and executive function was available only from 

Wave 1 to Wave 5. To ensure comparability across the full study period and to reflect 

the most updated sample, this chapter uses memory—rather than executive function—as 

the primary cognitive outcome. In addition, memory plays a central role in age-related 

cognitive decline and is a key early indicator of neurodegenerative processes, making it 
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particularly relevant for research on ageing. Memory was assessed using a word-list 

learning test, in which participants were read a list of 10 words and asked to recall as 

many as possible both immediately and after a delay of approximately five minutes, 

during which they completed other survey questions. An overall memory score (ranging 

from 0 to 20) was calculated by summing the scores from the immediate and delayed 

recall tasks, with a maximum of 10 points for each. 

Depressive symptoms (DS) were assessed using an abbreviated eight-item version of the 

validated Center for Epidemiologic Studies Depression (CES-D) Scale (Beekman et al., 

1997; Radloff, 1977). Although not a diagnostic tool for clinical depression, the CES-D 

is widely used in population-based research to identify individuals at risk of depression. 

The short form includes eight binary (yes/no) items asking whether respondents 

experienced specific symptoms—such as feeling sad or having restless sleep—in the 

week prior to the interview. This version demonstrated comparable psychometric 

properties to the original 20-item scale (Karim et al., 2015). Respondents reporting four 

or more depressive symptoms were classified as having elevated depressive symptoms 

(Zaninotto, Iob, Demakakos, & Steptoe, 2022). 

Time-invariant covariates 

This chapter included the following time-invariant covariates: age, gender, education 

and father’s occupation at age 14. Although age, gender and education were measured at 

each wave, they were treated as time-constant covariates due to minimal or systematic 

variability over time. Age at baseline was categorised into five‑year bands (50–54, 55–

59, …, 95–99) to capture non‑linear age effects and the accelerated health changes 

among the oldest‑old. This high‑resolution grouping improves functional flexibility to 

model non‑proportional effects while retaining adequate sample sizes within strata for 
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statistical power. Educational attainment was re-coded into three categories: low (below 

secondary level), middle, and high (university level or above).  

Early-life socioeconomic status was measured by the father’s occupation when the 

respondent was 14 years old. While this indicator relies on retrospective self-reports and 

may be subject to some degree of recall bias, it remains one of the most robust and 

widely validated proxies for childhood SEP in longitudinal studies of ageing 

(Galobardes et al., 2006; Marmot et al., 2001). The primary advantage of using father’s 

occupation lies in its ability to reflect the long-term material resources and social 

prestige of the household during a critical developmental period, which has been shown 

to set the foundation for late-life health trajectories (Kuehner, 2017; Zaninotto et al., 

2016). Furthermore, compared to other childhood measures in ELSA, father’s 

occupation offers a more complete data profile with fewer missing values, allowing for a 

more representative analysis of early-life influences. In this chapter, these occupations 

were categorized into three skill-level classes based on the International Standard 

Classification of Occupations (ISCO), providing a standardized framework to capture 

early-life socioeconomic gradients. 

Time-varying covariates 

Time-varying socioeconomic factors included wealth, which was operationalized as 

total net non-pension household wealth, aggregated at the household level. This measure 

encompasses financial assets, physical wealth (e.g., business assets, land, and valuables), 

and housing wealth (including both primary and secondary residences), net of any 

outstanding debts. Following established protocols in research using the English 

Longitudinal Study of Ageing (ELSA) (Frank et al., 2019; Steptoe et al., 2025), wealth 

was categorised into terciles for the analysis to capture relative socio-economic 
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standing. Employment status was operationalised using a tripartite classification: 

employed (including those self-employed or in paid work), unemployed, and retired. 

The primary health-related factor, self-rated health (SRH), was measured using a five-

point Likert scale. Respondents were asked to rate their general health on an ordinal 

scale with the following categories: excellent, very good, good, fair, and poor. In the 

analytical models, SRH was treated as a five-level categorical variable. This approach 

maintains the full granularity of the original measure, allowing the analysis to account 

for the complete health gradient and potential non-linear associations between subjective 

health perceptions and the identified trajectories of cognitive/depressive outcomes. 

Physical disability was assessed based on limitations in activities of daily living 

(ADLs)—such as getting out of bed or walking across a room—and instrumental ADLs, 

including tasks like grocery shopping or preparing a hot meal. Respondents reporting 

difficulty with one or more of these activities were classified as physically disabled. 

Multimorbidity was assessed based on six chronic conditions commonly reported in 

the ELSA study: arthritis, cancer, chronic lung disease, diabetes, hypertension, and 

stroke. For the analysis, this was operationalised as a binary indicator, where 

participants were categorised as having multimorbidity if they reported two or more of 

these conditions (coded as 1), while those with fewer than two conditions were coded as 

0. 
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2.3 Statistical Analysis 

The analysis was conducted in two main steps. First, group-based trajectory modelling 

(GBTM) was applied to identify distinct longitudinal patterns of memory and depressive 

symptoms (Nagin & Odgers, 2010). This method accounts for the dependency of 

repeated measures and assumes that the population consists of unobserved subgroups, 

each following a distinct developmental trajectory (Herle et al., 2020; Nguena Nguefack 

et al., 2020). Both linear and non-linear trajectories can be modelled by including 

quadratic or cubic growth terms, as needed. Missing data were addressed using full 

information maximum likelihood estimation. 

For each participant, the model estimated the probability of belonging to each trajectory 

group and assigned individuals to the group with the highest posterior probability. To 

determine the optimal number of trajectory groups, unconditional models with two to 

seven groups were tested using data from six waves. Model selection was based on a 

combination of criteria, including the Akaike Information Criterion (AIC), the Bayesian 

Information Criterion (BIC), and the sample size-adjusted BIC (c-BIC), with lower 

values indicating better model fit. Additional indicators included the average posterior 

probability of group membership (values >0.7), the odds of correct classification (>5.0), 

minimum group size (avoiding groups smaller than 5% of the sample), the 

distinctiveness of trajectory shapes, and the interpretability of the resulting patterns 

(Nagin & Odgers, 2010; Nguena Nguefack et al., 2020). Once the optimal number of 

groups was determined, the most appropriate functional form for each trajectory—

linear, quadratic, or cubic—was identified, and non-significant higher-order terms (p ≥ 

0.05) were excluded. 
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The choice of survey wave as the time metric, rather than chronological age, was 

deliberate and is consistent with established practice in GBTM studies using panel data 

with structured follow-up intervals (Nagin & Odgers, 2010; Jones & Nagin, 2007). 

Because ELSA collects data at biennial intervals with cohort-refreshment at Waves 3, 4, 

6, 7, and 9, using age as the ranking variable would require aligning observations across 

a continuous, unequally spaced age range spanning approximately 50 to 100 years, 

substantially increasing model complexity and reducing the precision of trajectory 

estimation within the observed follow-up window (Waves 4–9, covering approximately 

10 years). The wave-based specification captures the within-individual rate of change 

over the observed study period in a parsimonious manner. Age is nonetheless accounted 

for as a time-invariant covariate in the conditional models, ensuring that age-related 

differences in trajectory membership are identified. 

In the second stage of the analysis, two approaches were used to examine factors 

associated with the identified trajectory groups. First, a multinomial logistic regression 

model was estimated using baseline covariates (Wave 4) to identify predictors of group 

membership. To enhance interpretability, average marginal effects (AMEs) were 

reported. These represent the average change in the predicted probability of each 

outcome category associated with changes in covariates, expressed in percentage points. 

Second, the GBTM framework was extended by incorporating time-constant and time-

varying covariates, allowing for the examination of predictors of memory and 

depressive symptom scores within each trajectory group over time. Including time-

varying variables enabled trajectories to reflect additional influences beyond time itself. 

These covariate effects were estimated separately for each trajectory group, capturing 

group-specific associations. Estimates for time-varying variables represent the average 
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change in memory and depressive symptom scores associated with a one-unit change in 

the respective covariate. All data management and statistical analyses were conducted 

using Stata/SE v18.0 with the traj plugin. Due to participant confidentiality and data 

protection regulations, the raw data cannot be shared directly by the author. Researchers 

interested in accessing the data must apply through the UKDS following the standard 

procedures. The analysis code necessary to reproduce the results are available from the 

author upon reasonable request.  
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2.4 Results 

Memory scores showed a small downward trend across the six waves: mean = 11.2 (SD 

= 3.30) in Wave 4, dipping to about 11.0 (SD = 3.72) by Wave 7 and further to ~10.6–

10.8 (SD ≈ 3.73) in later waves, indicating a modest overall decline. Depressive 

symptoms also declined slightly over time, from mean = 1.37 (SD = 1.82) in Wave 4 to 

1.21 (SD = 1.77) in Wave 9. 

 

Table 2.1 Summary of longitudinal data on the scores of memory and depressive 

symptoms. 

ELSA wave 

Memory Depressive symptoms 

N Mean (SD) N Mean (SD) 

4 8367 11.2 (3.30) 8305 1.37 (1.82) 

5 8041 11.1 (3.32) 7987 1.31 (1.82) 

6 7884 11.2 (3.36) 7809 1.28 (1.81) 

7 7579 11.0 (3.57) 7514 1.24 (1.78) 

8 6809 10.6 (3.73) 6785 1.27 (1.78) 

9 6784 10.8 (3.73) 6690 1.21 (1.77) 

Notes: Data from the English Longitudinal Study of Ageing (ELSA), Waves 4–9 (2008–2018). Memory 

scores are based on a word-list recall task (range 0–20). Depressive symptoms are measured using the 

CES-D 8 scale (range 0–8). Values are sample means (SD). Higher memory scores indicate better 

cognitive performance; higher CES-D 8 scores indicate greater depressive symptom burden. 

 

To summarise the development of memory and depressive symptoms over time and 

determine the optimal number of trajectory groups, a series of group-based trajectory 

models were fitted (with a specification of from two to seven trajectory groups). Based 

on the model fit statistics, (see Supplementary Table S2.1-4), the 3-group solution is 

selected for memory, as it offers a strong balance between model fit (low BIC/AIC) and 
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classification quality (entropy = 0.688), with clearly interpretable group sizes. For 

depressive symptoms, the 5-group model is chosen. It demonstrates improved fit over 

simpler models while maintaining meaningful group distinctions and avoiding 

redundancy, making it the most informative and parsimonious solution. The identified 

trajectory groups as a function of time (measured by study wave) are presented in Figure 

2.1 and Figure 2.2.  

Figure 2.1 illustrates three distinct groups representing respondents with stable levels of 

memory: 17.6% exhibited consistently low memory performance (“low and 

decreasing”), 51.4% maintained medium levels (“stable medium”), and 31.0% retained 

high levels (“stable high”) throughout the observation period. As detailed in 

Supplementary Table S2.5, the low and decreasing group started at 5.93 in Wave 4 and 

declined steadily to 4.20 by Wave 9. The stable medium group maintained scores around 

10, with only a modest decline from 10.22 in Wave 4 to 9.47 in Wave 9. The stable high 

group consistently performed above 13, showing minimal reduction from 13.64 in Wave 

4 to 13.53 in Wave 9. The low and decreasing group is characterised by a marked non-

linear decline across waves — from a mean of 5.93 at Wave 4 to 4.20 at Wave 9 (a 

reduction of approximately 0.5 SD) — in contrast to the substantially smaller changes 

observed in the stable medium and stable high groups (−0.75 and −0.11 points 

respectively). These trajectories highlight the heterogeneity in memory performance, 

with the more pronounced decline observed among individuals in the lower memory 

group. 
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Figure 2.1 Memory trajectories 

Trajectories obtained with an unconditional model that accounts only for time (expressed as the wave of 

the study).  

Source: English Longitudinal Study of Ageing (ELSA) waves 4 (2008/09) – 9 (2018/19). 

 

Figure 2.2 displays five trajectory groups based on depressive symptom levels. Three 

groups exhibited relatively stable patterns: 27.5% reported persistently low levels of 

depressive symptoms (“stable low”), 34.6% medium (“stable medium”), and 11.8% high 

(“stable high”). The remaining two groups demonstrated time-varying trajectories: 

13.9% of respondents showed a steady increase in depressive symptoms (“increasing”), 

while 12.2% experienced a progressive decline (“decreasing”). As detailed in 

Supplementary Table S2.6, the “increasing” group began with an average score of 1.19 

and rose to 3.20 by the final wave. In contrast, the “decreasing” group showed a 

reduction in depressive symptoms from an average of 3.63 to 1.06 over a ten-year 

period, representing a decline of approximately 2.6 points. Together, these patterns 

illustrate both stability and dynamic change in depressive symptom trajectories among 

older adults. 
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Figure 2.2 Depressive symptoms trajectories 

Trajectories obtained with an unconditional model that accounts only for time (expressed as the wave of 

the study).  

Source: English Longitudinal Study of Ageing (ELSA) waves 4 (2008/09) – 9 (2018/19). 

 

Table 2.2 and 2.3 present the baseline characteristics of ELSA respondents, showing the 

distribution of key demographic and socioeconomic factors across the three memory 

trajectory groups and five depressive symptom trajectory groups, respectively. Overall, 

the percentage of women in the “stable high” and “stable medium” memory groups is 

higher than in the overall sample distribution. Also, among those in the “low and 

decreasing” memory group, there is a higher percentage of groups at aged 70+ (notably 

those in the 70–89 bands). Those in the “stable high” memory group tend to have a 

higher percentage of respondents in this group having medium/high levels of education. 

Additionally, a greater proportion of this group reported having a father in a high-skilled 

occupation at age 14, indicating a potential link between early-life socioeconomic status 

and later-life cognitive function. 
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Table 2.2 Baseline sample characteristics (%), by memory trajectories and overall. 

  
Low and 

decreasing 

Stable 

medium 
Stable high Overall P value 

Age 50-54 1.5 3.1 5.4 3.4 

<0.001 

Age 55-59 5.2 11.9 19.8 13 

Age 60-64 9.8 21.7 31.2 22.3 

Age 65-69 14 22.5 23.9 21.5 

Age 70-74 18.9 18.8 12.7 17.2 

Age 75-79 20.8 12.5 4.8 11.8 

Age 80-84 17.4 6.7 1.7 7.1 

Age 85-89 8.9 2.2 0.5 2.8 

Age 90-94 1 0.2 0 0.3 

Age 95-99 2.7 0.4 0 0.7 

Female 51.7 53.1 54.5 53 <0.001 

Low education 40.1 35.9 29.8 35 

<0.001 Medium education 35.2 36.5 37.4 36 

High education 24.7 27.6 32.8 29 

Father's job:  

low 
47.1 41 33 39.1 

<0.001 
Father's job: 

medium 
31.4 33.1 30.3 32 

Father's job:  

high 
21.5 26 36.8 28.9 

Notes: Baseline characteristics measured at Wave 4 (2008). Percentages within each trajectory group are 

shown. Education categories: low = no qualifications or below O-level; middle = O-level or equivalent; 

high = A-level or above. Father's occupation at age 14 classified using the National Statistics Socio-

economic Classification. P-values from chi-squared tests for categorical variables and ANOVA for 

continuous variables. Models use ELSA longitudinal survey weights based on Wave 4. 

Table 2.3 summarises the baseline characteristics of respondents by depressive symptom 

trajectory group. A notable pattern emerges regarding age distribution that younger 

participants at baseline are disproportionately represented in the 'stable high' trajectory. 

For instance, the youngest age band (50–54) accounts for 5.18% of the 'stable high' 

group, compared to 3.43% of the overall sample. Similarly, the 55–59 age group makes 

up 16.35% of the 'stable high' profile, surpassing their representation in any other 

trajectory. Women are overrepresented in all groups with elevated depressive symptoms, 

especially in the “stable high” categories. Clear socioeconomic gradients are also 

evident. Respondents in the “stable high” group are the least likely to have low 
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education (28.5%) and most likely to have higher educational attainment groups, 

including medium (38.0%) and high education (33.5%). A greater share of participants 

with low father’s occupations are found in the “decreasing” and “stable high” groups 

(44.0% and 47.8%, respectively), again highlighting the potential long-term influence of 

early-life socioeconomic conditions. 

Table 2.3 Baseline sample characteristics (%), by depressive symptoms trajectories and 

overall. 

  
Stable 

low 

Increasi

ng 

Stable 

medium 

Decreasi

ng 

Stable 

high 

Over-

all 

P 

value 

Age 50-54 3.26 2.73 3.79 3 5.18 3.43 

<0.00

1 

Age 55-59 13.47 9.32 13.95 11.36 16.35 12.97 

Age 60-64 22.98 18.67 24.21 20.02 22.42 22.3 

Age 65-69 22.59 19.58 22.34 19.86 18.92 21.48 

Age 70-74 17.52 18.59 16.44 17.7 14.31 17.16 

Age 75-79 11.68 14.53 10.07 13.58 10.28 11.78 

Age 80-84 6.09 10.13 6.07 8.86 7.75 7.12 

Age 85-89 1.95 4.61 2.33 4.02 3.68 2.82 

Age 90-94 0.15 0.52 0.18 0.58 0.31 0.28 

Age 95-99 0.31 1.3 0.63 1.02 0.8 0.67 

Female 52.9 52.1 53.8 54.8 55.3 53.7 
<0.00

1 

Low education 42 38.3 33.6 30.5 28.5 35.2 

<0.00

1 

Medium 

education 
34.5 35.6 36.7 37.5 38 36 

High education 23.5 26.1 29.7 32 33.5 28.8 

Father's job: 

low 
36.1 41.2 37.9 44 47.8 39.1 

<0.00

1 
Father's job: 

medium 
31.2 30.88 32.79 33.18 31.6 32 

Father's job: high 32.8 28 29.3 22.8 20.6 28.9 

Notes: Baseline characteristics measured at Wave 4 (2008). Percentages within each trajectory group are 

shown. Education categories: low = no qualifications or below O-level; middle = O-level or equivalent; 

high = A-level or above. Father's occupation at age 14 classified using the National Statistics Socio-

economic Classification. P-values from chi-squared tests for categorical variables and ANOVA for 

continuous variables. Models use ELSA longitudinal survey weights based on Wave 4. 

Following these descriptive tables, I present two complementary sets of regression-

based results. Tables 2.4–2.5 report baseline determinants of trajectory membership 

using multinomial logistic regression; estimates are presented as average marginal 
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effects (AMEs) and therefore express changes in the probability (percentage points) of 

being assigned to each trajectory group relative to the reference category of 

determinants. Tables 2. 6–2.7 report trajectory-group‑specific associations of 

time‑varying variables with cognitive/depressive outcome scores: these coefficients are 

estimated conditional on trajectory group assignment and indicate the average within‑ -

group change in the outcome associated with a one‑unit change in the predictor. In other 

words, AMEs in Tables 2.4-2.5 address “who is more likely to belong to which 

trajectory group”, whereas group‑specific coefficients in Table 2.6-2.7 address “among 

those assigned to a trajectory, how does a time‑varying factor associate with the 

outcome over time”. All models use longitudinal survey weights based on ELSA Wave 

4. 

The AME results address baseline selection into trajectories: they show which baseline 

characteristics are associated with greater or lesser likelihood of following each 

longitudinal course. They do not estimate within‑trajectory changes over time. Positive 

AMEs should be read as higher probability (percentage‑point change) of membership; 

negative AMEs as reduced probability. Table 2.4 reports AMEs from the multinomial 

logit predicting memory‑trajectory membership. Age effects are heterogeneous and 

non‑monotonic at the oldest ages. Compared with the youngest cohort (aged 50–54), the 

probability of belonging to the 'stable medium' trajectory is significantly higher among 

several older age bands (70–74: AME = 0.174, SE = 0.074, p < 0.01; 75–79: AME = 

0.145, SE = 0.076, p < 0.05; 85–89: AME = 0.207, SE = 0.118, p < 0.05; 90–94: AME = 

0.502, SE = 0.069, p < 0.001; 95–99: AME = 0.305, SE = 0.159, p < 0.05). For instance, 

individuals aged 70–74 (AME = 0.174, p < 0.01) and 90–94 (AME = 0.502, p < 0.001) 

exhibit a 17.4 and 50.2 percentage point increase in the likelihood of 'stable medium' 

group membership, respectively. By contrast, Conversely, the probability of 
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membership in the 'stable high' trajectory—representing the most optimal memory 

profile—declines sharply with advancing age from the 70s onwards (70–74: AME = 

−0.213, SE = 0.069, p < 0.001; 75–79: AME = −0.281, SE = 0.069, p < 0.001; 80–84: 

AME = −0.350, SE = 0.069, p < 0.001; 85–89: AME = −0.389, SE = 0.071, p < 0.001; 

90–94 and 95–99: AME = −0.417, SE ≈ 0.066, p < 0.001). These findings suggest a 

substantial 'shifting' effect: as age increases, the likelihood of maintaining the highest 

cognitive performance diminishes, with a corresponding migration into intermediate or 

declining profiles. The pronounced AME observed for the 90–94 age group in the 'stable 

medium' category (0.502) likely encapsulates complex selection effects and survivor 

bias, whereby the oldest-old survivors in the sample are more likely to exhibit moderate 

stability rather than the high-functioning profiles characteristic of their younger 

counterparts. 

Gender significantly differentiates the probability of trajectory group membership. 

Compared with men, women exhibit a lower likelihood of belonging to the ‘low and 

decreasing’ memory trajectory, with an Average Marginal Effect (AME) of −0.068 (SE 

= 0.019, p < 0.001). This indicates that, on average, being female is associated with a 

6.8 percentage point decrease in the probability of following the most adverse memory 

trajectory. Conversely, women are substantially more likely to be classified in the 

‘stable high’ trajectory (AME = 0.104, SE = 0.021, p < 0.001), representing a 10.4 

percentage point increase in probability relative to men.  

A significant educational gradient is evident across the identified memory trajectories. 

Relative to those with low educational attainment, individuals with middle education 

have a 7.9 percentage point lower probability of being assigned to the ‘low and 

decreasing’ trajectory (AME = −0.079, SE = 0.023, p < 0.001) and a 9.8 percentage 
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point higher probability of occupying the ‘stable high’ profile (AME = 0.098, SE = 

0.026, p < 0.001). This gradient is even more pronounced for the highly educated, who 

show a 13.8 percentage point reduction in the probability of the most adverse decline 

(AME = −0.138, SE = 0.020, p < 0.001) and a 21.5 percentage point increase in the 

probability of maintaining high cognitive stability (AME = 0.215, SE = 0.027, p < 

0.001). These AMEs underscore the role of education as a 'fundamental cause' of health 

inequalities; higher educational attainment substantially shifts the probability of 

assignment toward more favourable trajectories, likely by enhancing cognitive reserve 

and providing superior socio-economic buffers against age-related deterioration. 

Early-life socioeconomic status (SES), proxied by father’s occupation at age 14, 

emerges as a significant long-term predictor of late-life cognitive trajectories. 

Individuals whose fathers held high-skilled occupations exhibit a substantial advantage 

in cognitive preservation; they are 10.1 percentage points more likely to be classified in 

the ‘stable high’ trajectory (AME = 0.101, p < 0.001) and significantly less likely to 

follow the ‘low and decreasing’ path (AME = -0.053, p < 0.01) compared to those from 

low-skilled backgrounds. Even middle-skilled father’s occupations provide a protective 

buffer, increasing the probability of optimal memory stability by 5.2 percentage points 

(AME = 0.052, p < 0.01). These findings strongly support the cognitive reserve 

hypothesis, suggesting that advantaged early-life environments contribute to a more 

resilient neural or cognitive 'scaffolding' that persists into older age. 
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Table 2.4 Average marginal effects for a multinomial logistic regression model for 

memory trajectories. 

  Low and decreasing Stable medium Stable high 

Age group (Ref: 50–54)   

55-59 --0.006 0.001 -0.002 

 (0.014) (0.078) (0.097) 

60-64 -0.010 0.047 -0.037 

 (0.041) (0.074) (0.069) 

65-69 0.019 0.086 -0.105 

 (0.043) (0.074) (0.069) 

70-74 0.039 0.174** -0.213*** 

 (0.043) (0.074) (0.069) 

75-79 0.137*** 0.145* -0.281*** 

 (0.047) (0.076) (0.069) 

80-84 0.256*** 0.094 -0.350*** 

 (0.055) (0.081) (0.069) 

85-89 0.182* 0.207* -0.389*** 

 (0.100) (0.118) (0.071) 

90-94 -0.085** 0.502*** -0.417*** 

 (0.038) (0.069) (0.066) 

95-99 0.112 0.305* -0.417*** 

 (0.148) (0.159) (0.066) 

Gender (Ref: male)   

Female -0.068*** -0.036 0.104*** 

 (0.019) (0.026) (0.021) 

Education (Ref: low education)   

Middle education -0.079*** -0.019 0.098*** 

 (0.023) (0.031) (0.026) 

High education -0.138*** -0.077** 0.215*** 

 (0.020) (0.031) (0.027) 

Father's occupation at 14 (Ref: low)  

Middle -0.022 -0.029 0.052** 

 -0.021 -0.031 -0.026 

High  -0.053** -0.048 0.101*** 

  -0.021 -0.031 -0.027 

Notes: AMEs report the average change in the probability (percentage points) of belonging to the 

indicated memory trajectory associated with the covariate (relative to the reference category). Robust 

standard errors in parentheses. Reference categories: Age 50–54; Gender = male; Education = low. 

Models use ELSA longitudinal weights baed on Wave 4. Positive AME = higher probability of 

membership; negative AME = lower probability. Significance: *** p < 0.001; ** p < 0.01; * p < 0.05. 
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Table 2.5 presents the AMEs from a multinomial logistic regression model predicting 

membership in the identified depressive symptom (DS) trajectories. Age shows non-

monotonic and relatively nuanced associations across most bands. However, distinct 

patterns emerge at the oldest ages: individuals in the 85–89 band exhibit a 23.4 

percentage point higher probability of belonging to the ‘increasing’ depressive trajectory 

(AME = 0.234, SE = 0.113, p < 0.01) compared to the youngest cohort (aged 50–54). In 

contrast, those in the 90–94 and 95–99 bands show significantly lower probabilities of 

membership in both the ‘increasing’ (AME = −0.119, p < 0.001) and ‘stable high’ 

(AME ≈ −0.102, p < 0.01) trajectories. Similar to the findings for cognitive memory, 

these seemingly paradoxical effects among the oldest-old likely reflect selective survival 

and cohort heterogeneity. Individuals with the most severe or increasing mental health 

burdens are less likely to survive into their 90s or remain in the study, resulting in a 

survivor sample characterized by more stable, albeit perhaps not optimal, mental health 

profiles. 

Women are markedly less likely to follow a ‘stable low’ depressive trajectory (AME = 

−0.168, SE = 0.025, p < 0.001), with a 16.8 percentage point lower probability 

compared to men. Instead, women exhibit a significantly higher likelihood of 

membership in the ‘stable medium’ (AME = 0.075, p < 0.001), ‘decreasing’ (AME = 

0.087, p < 0.001), and ‘stable high’ (AME = 0.036, p < 0.01) trajectories.  

Higher educational attainment is associated with substantial shifts toward more 

favourable mental health outcomes. Middle education (relative to low education) 

increases the probability of following a ‘stable low’ trajectory (AME = 0.088, SE = 

0.030, p < 0.001) while decreasing the likelihood of falling into the ‘decreasing’ (AME 

= −0.056, p < 0.01) or ‘stable high’ (AME = −0.033, p < 0.05) symptom groups. High 

education demonstrates an even stronger protective effect, increasing the probability of 
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the most optimal ‘stable low’ profile by 16.1 percentage points (AME = 0.161, p < 

0.001).  

The influence of father’s occupation at 14 is more nuanced on depressive symptom 

trajectory. A high-skilled father’s background is associated with an 8.2 percentage point 

increase in the probability of belonging to the ‘stable medium’ trajectory (AME = 0.082, 

p < 0.001) and a corresponding 6.8 percentage point reduction in the likelihood of 

following a ‘decreasing’ symptom path (AME = -0.068, p < 0.001). Interestingly, early-

life SES does not significantly differentiate the 'stable low' or 'stable high' distress 

profiles in the same way it stratifies memory.  

Table 2.5 Average marginal effects for a multinomial logistic regression model for DS 

trajectories. 

  Stable low Increasing 
Stable 

medium 
Decreasing Stable high 

Age group (Ref: 50–54)     

55-59 --0.046 -0.026 0.049 0.024 -0.008 

 (0.037) (0.048) (0.079) (0.060) (0.041) 

60-64 -0.073 -0.037 0.063 0.064 -0.018 

 (0.073) (0.043) (0.062) (0.049) (0.044) 

65-69 -0.030 -0.028 0.054 0.035 -0.031 

 (0.073) (0.044) (0.063) (0.049) (0.045) 

70-74 -0.033 -0.033 0.044 0.070 -0.048 

 (0.074) (0.044) (0.063) (0.050) (0.043) 

75-79 -0.050 -0.019 0.066 0.076 -0.073* 

 (0.076) (0.046) (0.066) (0.051) (0.043) 

80-84 -0.053 0.060 -0.006 0.053 -0.055 

 (0.081) (0.053) (0.068) (0.054) (0.046) 

85-89 -0.155 0.234** -0.091 0.090 -0.078 

 (0.115) (0.113) (0.094) (0.087) (0.048) 

90-94 0.075 -0.119*** -0.222*** 0.368 -0.102** 

 (0.258) (0.041) (0.059) (0.253) (0.042) 

95-99 0.267 -0.119*** -0.069 0.023 -0.102** 

 (0.203) (0.041) (0.172) (0.126) (0.042) 

Gender (Ref: male)     

Female -0.168*** -0.029* 0.075*** 0.087*** 0.036** 

 (0.025) (0.015) (0.023) (0.020) (0.015) 
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  Stable low Increasing 
Stable 

medium 
Decreasing Stable high 

Education (Ref: low education)     

Middle 

education 
0.088*** 0.013 -0.013 -0.056** -0.033* 

 -0.03 -0.019 -0.028 -0.023 -0.018 

High 

education 
0.161*** -0.004 -0.044 -0.058** -0.055*** 

 -0.03 -0.018 -0.027 -0.024 -0.018 

Father's occupation at 14 (Ref: low)    

Middle -0.042 0.011 0.034 -0.010 0.007 

 (0.029) (0.018) (0.027) (0.024) (0.018) 

High  0.006 -0.004 0.082*** -0.068*** -0.015 

  (0.031) (0.018) (0.029) (0.023) (0.017) 

Notes: AMEs report the average change in the probability (percentage points) of belonging to the 

indicated depressive symptoms trajectory associated with the covariate (relative to the reference category). 

Robust standard errors in parentheses. Reference categories: Age 50–54; Gender = male; Education = low. 

Models use ELSA longitudinal weights baed on Wave 4. Positive AME = higher probability of 

membership; negative AME = lower probability. Significance: *** p < 0.001; ** p < 0.01; * p < 0.05. 

 

 

Table 2.6 presents the group-specific coefficients for time-varying variables within the 

GBTM framework. Unlike the baseline multinomial models, these coefficients estimate 

the contemporaneous associations between longitudinal fluctuations in socioeconomic 

or health conditions and memory performance, conditional on an individual’s assigned 

trajectory. This analysis evaluates how intra-individual changes in life circumstances 

relate to deviations from the average predicted path within each established trajectory. 

Higher contemporaneous wealth is consistently and positively associated with memory 

scores across all trajectories. For individuals in the ‘low and decreasing’ memory 

trajectory group, the transition into the highest wealth quintile (relative to the lowest) is 

associated with a 0.519-point increase in memory score (SE = 0.163, p < 0.001). Similar 

positive associations are observed in the ‘stable medium’ (highest wealth: coef = 0.459, 

p < 0.001) and ‘stable high’ (highest wealth: coef = 0.347, p < 0.01) groups.  

The relationship between Self-Rated Health (SRH) and memory varies significantly by 

trajectory group context. Compared with ‘excellent’ SRH, reporting ‘good’ or ‘poor’ 
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health is associated with a marked reduction in memory scores, primarily among those 

in the ‘low and decreasing’ group (Poor SRH: coef = −0.598, SE = 0.303, p < 0.01). 

Interestingly, this negative association is less pronounced or non-significant in the more 

optimal trajectory groups. This heterogeneity suggests that subjective health 

deterioration may have a more acute impact on memory performance for individuals 

who are already cognitively vulnerable, whereas those on ‘stable high’ paths may 

possess greater cognitive reserve to withstand physical health declines. 

Being employed (relative to being retired) shows divergent within-group associations. In 

the ‘low and decreasing’ group, employment is linked to substantially higher memory 

scores (coef = 0.960, SE = 0.208, p < 0.001), while the effect is marginal in the ‘stable 

medium’ group (coef = 0.137, p < 0.05) and non-significant in the ‘stable high’ group. 

The exceptionally large coefficient of 0.960 in the disadvantaged group likely reflects a 

'healthy worker' selection effect: within a declining cognitive group, only those with 

relatively higher functioning are able to maintain employment. Conversely, it may also 

point to the cognitive stimulation. For individuals on the verge of steep cognitive 

decline, the social interaction and mental demands of employment may offer a critical 

protective buffer—a 'use-it-or-lose-it' effect that is more vital for this vulnerable group 

than for those in higher-functioning, stable trajectories. 
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Table 2.6 Trajectories of memory and the effects of time-varying predictors on 

trajectory shapes, stratified by trajectory group. 

  Low and decreasing Stable medium Stable high 

Wealth tercile (Ref: lowest wealth)  

Middle wealth 0.240* 0.227*** 0.299** 

 (0.130) (0.072) (0.125) 

Highest wealth 0.519*** 0.459*** 0.347*** 

 (0.163) (0.074) (0.119) 

Self-rated health (Ref: excellent)  

Very good -0.220 0.133 0.090 

 (0.249) (0.100) (0.117) 

Good -0.407* -0.031 -0.017 

 (0.240) (0.099) (0.125) 

Fair -0.213 -0.210* -0.068 

 (0.253) (0.115) (0.175) 

Poor -0.598** -0.183 0.043 

 (0.303) (0.166) (0.302) 

Emplotment (Ref: retired)    

Employed 0.960*** 0.137* -0.047 

 (0.208) (0.071) (0.096) 

Unemployed 0.361 0.104 0.167 

 (0.220) (0.116) (0.164) 

Disability (Ref: disable)   

Undisable 0.202 0.048 -0.035 

 (0.131) (0.074) (0.131) 

Multimorbidity (Ref: yes >=2 chronic conditions) 

No < 2 chronic conditions -0.736 -0.293 0.020 

  (0.526) (0.316) (0.566) 

Notes: Coefficients are estimated from regressions of memory score on group-specific time-varying 

predictors. Each coefficient denotes the average within-trajectory change in memory score associated with 

a one-unit change in the predictor among observations assigned to that trajectory. Robust standard errors 

in parentheses. Models control for wave and baseline time-stable variables (gender, age groups, 

education) and use ELSA longitudinal weights based on Wave 4. Coefficients are on the memory score 

scale. Significance: *** p < 0.001; ** p < 0.01; * p < 0.05. 

 

The coefficients for disability and multimorbidity (having two or more chronic 

conditions) are generally imprecise across groups. While the signs are largely negative, 

as expected, they do not reach robust statistical significance in most cells. This suggests 

that while these conditions are key markers of baseline health, their contemporaneous 
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fluctuations within a ten-year window may not be as immediately predictive of memory 

changes as subjective health perceptions or economic resources. 

Table 2.7 reports group-specific coefficients estimating the contemporaneous 

associations between longitudinal fluctuations in socioeconomic and health predictors 

and depressive symptom scores (CES-D 8). In contrast to its strong role in cognitive 

trajectories, contemporaneous wealth tertiles show no consistent or precisely estimated 

associations with depressive symptoms within trajectories. Coefficients across most 

cells are small and statistically non-significant. This indicates that after conditioning on 

trajectory membership and other covariates, short-term within-person movement 

between wealth tertiles does not meaningfully predict immediate changes in CES-D 

scores. This lack of association may be due to the coarse measurement of wealth in 

tertiles, which may not capture the subtle financial fluctuations relevant to mental 

health, or the relative stability of wealth among ELSA participants over the follow-up 

period. Sensitivity analyses using equivalized wealth teciles produced consistent results, 

reinforcing the conclusion that wealth’s primary influence on mental health in later life 

may be more cumulative and structural (determining group membership) than 

immediate and episodic (Supplements Table S2.7 and S2.8). 

Subjective health exhibits a graded and powerful contemporaneous association with 

depressive symptoms across all trajectories. Using ‘excellent’ health as the reference, 

the analysis reveals that even good SRH is associated with a slight increase in symptoms 

within the stable-low group (coef = 0.035, p < 0.05). The associations become 

substantially more pronounced as health deteriorates: reporting ‘fair’ SRH is linked to 

higher CES-D scores across the board, with the absolute magnitude of the effect 

increasing alongside the symptom level (e.g., stable-low: 0.124; stable-high: 1.287). 
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‘Poor’ SRH shows the largest absolute associations, particularly within the increasing 

(coef = 1.246, p < 0.001) and stable-high (coef = 1.580, p < 0.001) groups. These 

patterns suggest a vulnerability effect, where individuals already experiencing high 

symptom burdens are more psychologically sensitive to physical health shocks. 

However, these are contemporaneous associations; thus, while subjective health 

deterioration tracks closely with symptom burden, these estimates may be inflated by 

reporting bias or reverse causality (whereby depressed mood leads to a more pessimistic 

evaluation of one’s health). 

The associations between employment status (vs. retired) and depressive symptoms are 

highly heterogeneous. Employment appears specifically protective for individuals in the 

increasing trajectory, where it is associated with a significant reduction in depressive 

symptoms (coef = −0.243, SE = 0.091, p < 0.01). This is consistent with the social 

integration and activity hypotheses, which posit that the structured environment and 

social resources provided by work may buffer against rising distress. Conversely, the 

associations in other groups are either marginal (stable-medium: 0.078, p < 0.05) or non-

significant. These divergent results necessitate a cautious interpretation, as they likely 

reflect complex selection processes regarding who remains in the workforce and the 

varying psychosocial quality of late-life employment.  

Improved physical health is consistently linked to reduced depressive symptom burden. 

Not being disabled is associated with lower depressive scores in the ‘stable medium’ and 

‘decreasing’ groups. Notably, having fewer than two chronic conditions (lower 

multimorbidity) is associated with substantially lower scores in these same groups (e.g., 

‘stable medium’: coef = −0.688, p < 0.05). These results underscore that while 
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trajectories remain stable, the contemporaneous relief of physical health burdens is 

significantly related to improved mental well-being within those paths. 

Table 2.7 Trajectories of depressive symptoms and the effects of time-varying predictors 

on trajectory shapes, stratified by trajectory group. 

  
Stable 

low 
Increasing 

Stable 

medium 
Decreasing 

Stable 

high 

Wealth tercile (Ref: lowest wealth)    

Middle wealth -0.017 -0.026 -0.068 0.06 -0.166 

 (0.017) (0.091) (0.044) (0.085) (0.159) 

Highest wealth -0.018 -0.035 -0.073 0.053 -0.027 

 (0.017) (0.092) (0.045) (0.102) (0.238) 

Self-rated health (Ref: excellent)    

Very good 0.016 0.007 -0.033 0.127 0.164 

 (0.015) (0.165) (0.058) (0.184) (0.603) 

Good 0.035** 0.203 0.033 0.227 0.538 

 (0.016) (0.163) (0.059) (0.172) (0.588) 

Fair 0.124*** 0.343** 0.113 0.493*** 1.287** 

 (0.031) (0.174) (0.070) (0.175) (0.579) 

Poor 0.209* 1.246*** 0.591*** 0.709*** 1.580*** 

 (0.114) (0.304) (0.154) (0.203) (0.588) 

Emplotment (Ref: retired)     

Employed 0.015 -0.243*** 0.078* 0.044 -0.152 

 (0.015) (0.091) (0.045) (0.122) (0.255) 

Unemployed 0.04 -0.362*** 0.128* 0.197 0.15 

 (0.031) (0.121) (0.074) (0.140) (0.184) 

Disability (Ref: disable)     

Undisable -0.016 -0.121 -0.091* -0.177** -0.04 

 (0.021) (0.092) (0.048) (0.082) (0.159) 

Multimorbidity (Ref: yes >=2 chronic conditions)   

No < 2 chronic 

conditions 
-0.096 0.433 -0.688* -0.617* -0.576 

  (0.076) (0.304) (0.364) (0.330) (0.454) 

Notes: Coefficients are estimated from regressions of depression score (CES‑D 8) on group-specific 

time-varying predictors. Each coefficient denotes the average within-trajectory change in depression score 

associated with a one-unit change in the predictor among observations assigned to that trajectory. Robust 

standard errors in parentheses. Models control for wave and baseline time-stable variables (gender, age 

groups, education) and use ELSA longitudinal weights based on Wave 4. Coefficients are on the 

depression score scale. Significance: *** p < 0.001; ** p < 0.01; * p < 0.05. 
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2.5 Discussion  

This study identified substantial heterogeneity in the longitudinal trajectories of memory 

and depressive symptoms among older adults in England using six waves of data from 

the English Longitudinal Study of Ageing (ELSA). For memory, three distinct groups 

emerged: a low and decreasing group showing gradual decline, a stable medium group 

with relatively consistent scores, and a stable high group maintaining superior 

performance over time. For depressive symptoms, five groups were observed, ranging 

from stable low levels to persistently high symptoms, with additional patterns of 

increasing and decreasing symptoms across waves. These findings align with prior 

studies—Su and Xiao (2022) reported heterogeneous cognitive trajectories in a Chinese 

cohort, while de la Torre-Luque et al. (2019) and Xiang (2019) identified chronic and 

fluctuating subgroups for depressive symptoms in late-life depression. Similarly, 

Tampubolon and Maharani (2017) demonstrated that depressive symptom trajectories 

vary across national contexts. Extending this body of work, my findings from ELSA 

highlight that dynamic groups, particularly those with declined memory and increasing 

depressive symptoms, represent a non-trivial share of the population. This underscores 

the importance of continuous monitoring and targeted interventions, rather than 

assuming homogeneity in late-life cognitive and mental health outcomes. 

Time-constant socioeconomic and demographic factors were strongly associated with 

trajectory group membership: individuals with higher education were substantially more 

likely to maintain high memory function and low depressive symptoms, whereas older 

age, female gender, and early-life disadvantage (father’s occupation at 14) predicted less 

favourable outcomes. An apparent discrepancy emerged between the descriptive 

patterns and the regression-based results in my findings. While baseline tabulations 
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suggested that individuals in the “stable high” depressive symptom group were 

relatively more likely to hold higher levels of education, the regression analyses—

adjusting for age, gender, and other covariates—revealed that education was in fact 

protective against persistent depressive symptoms. This divergence likely reflects 

several factors. First, compositional effects may have played a role: individuals with 

higher education and wealth who nevertheless experienced depressive symptoms may 

represent a particularly resilient subgroup that is small in number but highly visible in 

descriptive distributions (Gondek, Lacey, Blanchflower, & Patalay, 2022). Second, 

reporting differences may also explain the unexpected socioeconomic patterns in 

depressive symptoms. Individuals with higher education or greater health awareness 

may be more willing to acknowledge mental health difficulties in surveys, consistent 

with evidence that non-disclosure is common in primary care settings, often due to 

stigma or concerns about treatment (Bell et al., 2011). Third, the regression models 

better capture the joint distribution of sociodemographic variables, revealing the 

underlying protective role of socioeconomic resources once confounding is addressed. 

Taken together, these findings underscore the importance of combining descriptive and 

multivariate perspectives: descriptive patterns highlight surface-level heterogeneity, 

whereas regression analyses disentangle net associations and reveal the broader 

socioeconomic gradients shaping late-life mental health. 

Further analyses incorporating time-varying predictors revealed that poor self-rated 

health, disability, and multimorbidity were consistently associated with more depressive 

symptoms, which aligns with evidence from primary care populations, where chronic 

illness and multimorbidity have been shown to substantially increase the risk of 

depression (Gunn et al., 2012). Self-rated health exhibited a graded and powerful 

contemporaneous association with depressive symptoms across all trajectories, with the 
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magnitude of the effect increasing alongside baseline symptom level. This pattern 

suggests a vulnerability effect: individuals already experiencing high symptom burdens 

may be more psychologically sensitive to physical health shocks, or the association may 

be inflated by reporting bias and reverse causality, whereby depressed mood leads to 

more pessimistic health evaluations. Disentangling these possibilities is beyond the 

scope of the present analysis but represents an important direction for future research.  

However, poorer self-rated health was associated with better memory. These patterns 

likely reflect selection and reserve mechanisms. High-memory individuals may 

represent a “healthy survivor” subgroup with greater cognitive resilience, consistent 

with the cognitive reserve hypothesis, which suggests that lifelong cognitive 

engagement enable individuals to maintain cognitive function despite health challenges 

(Stern, 2009).  

Higher contemporaneous wealth was consistently and positively associated with 

memory scores across all trajectory groups, suggesting that economic resources continue 

to matter for cognitive function even conditional on an individual's underlying 

trajectory. For depressive symptoms, however, wealth showed no consistent within-

trajectory association, implying that its primary influence on mental health in later life 

may be more cumulative and structural—determining trajectory membership—than 

immediate and episodic. 

Notably, being in paid work was associated with better memory outcomes but, in some 

trajectory groups, with worse depressive symptom outcomes. This divergence is 

revealing. For memory, the association likely reflects both a "healthy worker" selection 

effect—whereby only those with relatively preserved cognition remain able to work—

and a "use-it-or-lose-it" mechanism, wherein the cognitive demands and social 
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engagement of employment provide ongoing stimulation (Meng et al., 2017). For 

depressive symptoms, however, the picture is more complex. While employment can 

confer social integration, purpose, and economic security, it may also entail stress, role 

strain, and exposure to negative workplace experiences, particularly for those already 

experiencing elevated symptoms or facing precarious employment conditions 

(Wahrendorf et al., 2013). These countervailing forces may explain why employment 

does not uniformly protect against depressive symptoms in the same way it appears to 

protect cognition. This divergence underscores that resilience processes operate 

differently across health domains. Assuming a common ageing pathway risks obscuring 

the distinct mechanisms through which socioeconomic and health factors shape late-life 

cognition and mental health. Future research should explicitly model these domain-

specific pathways rather than treating cognitive and mental health outcomes as 

interchangeable markers of successful ageing. 

This study has several strengths compared with prior research. First, it uses nationally 

representative longitudinal data from ELSA, with repeated measures of both memory 

and depressive symptoms across more than a decade. This design enables the 

identification of fine-grained heterogeneity in trajectories and strengthens 

generalisability beyond regional or clinical samples used in earlier studies (e.g., 

Andreescu et al., 2008; Bergdahl et al., 2005). Second, the dual-outcome approach—

modelling memory and depressive symptoms in parallel—represents an important 

advance over most prior work that has focused on a single domain. My findings show 

that these two outcomes, while shaped by overlapping sociodemographic and health 

factors, respond differently to life-course risks and resources: for example, paid work 

appears protective for memory but a potential stressor for depressive symptoms. This 

divergence underscores the need to examine cognitive and mental health trajectories side 
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by side rather than assuming uniform ageing pathways. Finally, by incorporating both 

early-life and adult socioeconomic indicators, the analysis highlights the long-term 

influence of life-course social conditions on later-life health. 

Nonetheless, several limitations warrant consideration. First, although Group-Based 

Trajectory Modelling (GBTM) leverages all available observations, non-random 

attrition remains a potential source of bias. Respondents with poorer health or faster 

cognitive decline are more likely to drop out, which may lead to an underestimation of 

the true rate of decline in the general population (Haviland et al., 2011; Musliner et al., 

2016). Second, while strong socioeconomic gradients were identified, the observational 

nature of this study limits causal inference compared with quasi-experimental designs 

that exploit exogenous policy changes (Glymour, 2008; Banks & Mazzonna, 2012). 

Regarding outcome measures, cognitive assessment was restricted to episodic memory 

(word-list recall). While this is a sensitive marker of age-related change, it may not 

capture the heterogeneity across other domains, such as executive function or processing 

speed (Clouston et al., 2020). This narrow focus is particularly relevant for interpreting 

sex differences, as women typically outperform men on verbal memory tasks despite 

facing similar or higher dementia risk (Sundermann et al., 2018; Mielke et al., 2014). 

Relying solely on episodic memory therefore risks mischaracterising the true landscape 

of cognitive ageing between sexes. Future research should incorporate a broader battery 

of cognitive tests and employ sex-stratified sensitivity analyses to validate these patterns 

(Stern, 2012). Finally, depressive symptoms were assessed using the CES-D 8, a brief 

screening instrument. While highly reliable for longitudinal tracking, it does not 

substitute for clinical diagnostic interviews and may not fully capture the complexity of 

subclinical presentations (Blazer, 2003; Luppa et al., 2012). 
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In conclusion, this chapter demonstrates the existence of distinct longitudinal trajectories 

of memory and depressive symptoms, underscoring the heterogeneity of ageing 

processes. The identification of both favourable and unfavourable pathways highlights 

the role of sociodemographic and health-related disparities in shaping late-life outcomes. 

These findings provide a conceptual and empirical basis for subsequent analyses, 

enabling a more refined understanding of cognitive and mental health dynamics in later 

life. 
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2.6 Supplements 

Table S2.1 Comparison of goodness of fit criteria for group-based trajectory modelling 

models of longitudinal memory 

N groups AIC BIC cBIC Entropy gp1(%) gp2(%) gp3(%) gp4(%) gp5(%) gp6(%) gp7(%) 

1 -149172 -149194 -149191 

 

100 

      
2 -141596 -141640 -141633 0.674 38.267 61.733 

     
3 -138367 -138434 -138424 0.688 17.609 51.391 31.000 

    
4 -137111 -137200 -137186 0.671 11.395 28.711 45.244 14.649 

   
5 -136557 -136669 -136652 0.651 7.254 14.802 35.251 34.385 8.308 

  
6 -136338 -136472 -136451 0.657 7.846 2.571 16.073 35.847 30.533 7.130 

 
7 -136102 -136258 -136234 0.635 3.228 9.017 19.706 2.669 34.916 24.816 5.649 

 

Table S2.2 Comparison of goodness of fit criteria for group-based trajectory modelling 

models of longitudinal memory 

Ngroups AIC BIC cBIC Entropy gp1(%) gp2(%) gp3(%) gp4(%) gp5(%) gp6(%) gp7(%) 

1 

-

102286 

-

102304 

-

102301 

 

100 

      
2 -83191 -83231 -83225 0.769 65.843 34.157 

     
3 -80311 -80374 -80364 0.667 40.697 40.207 19.096 

    
4 -79802 -79886 -79873 0.606 30.806 37.411 21.214 10.570 

   
5 -79458 -79564 -79548 0.562 27.020 14.179 34.242 12.446 12.113 

  
6 -79265 -79394 -79375 0.552 7.594 27.836 12.454 30.715 10.796 10.604 

 
7 -79145 -79297 -79274 0.562 6.846 29.382 9.202 29.387 3.732 11.757 9.694 

 

For depression, the 5-group model is chosen. It demonstrates improved fit over simpler 

models while maintaining meaningful group distinctions and avoiding redundancy, 

making it the most informative and parsimonious solution. 
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Table S2.3 Estimates of unconditional group-based trajectory models for memory 

Group Parameter Estimate SE P value 

1 

Intercept -0.53868 2.3462 0.8184 

Linear 3.83295 1.19133 0.0013 

Quadratic -0.70367 0.19387 <0.001 

Cubic 0.03736 0.01015 <0.001 

2 

Intercept 9.55353 0.26907 <0.001 

Linear 0.30869 0.08709 <0.001 

Quadratic -0.03538 0.0067 <0.001 

3 

Intercept 12.35672 0.34411 <0.001 

Linear 0.47289 0.10983 <0.001 

Quadratic -0.0381 0.00835 <0.001 
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Table S2.4 Estimates of unconditional group-based trajectory models for depressive 

symptoms 

Group Parameter Estimate SE P value 

1 

Intercept 0.72312 0.48786 0.1383 

Linear -0.95559 0.15763 <0.001 

Quadratic 0.07916 0.01195 <0.001 

2 

Intercept -1.56545 0.29545 <0.001 

Linear 0.61018 0.07863 <0.001 

Quadratic -0.03511 0.00542 <0.001 

3 

Intercept 0.00691 0.21133 0.9739 

Linear -0.11654 0.06403 0.0687 

Quadratic 0.01307 0.00458 0.0043 

4 

Intercept 2.15847 0.09889 <0.001 

Linear -0.23635 0.02016 <0.001 

5 Intercept 1.56752 0.0112 <0.001 
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Table S2.5 Average memory scores over time across classes 

Group Wave 4 Wave 5 Wave 6 Wave 7 Wave 8 Wave 9 

Low and decreasing 5.93  5.70  5.20  4.63  4.22  4.20  

Stable medium 10.22  10.21  10.13  9.98  9.76  9.47  

Stable high 13.64  13.77  13.82  13.80  13.70  13.53  

 

 

Table S2.6 Average depressive symptom scores over time across classes 

Group Wave4 Wave5 Wave6 Wave7 Wave8 Wave9 

Stable low 0.11  0.12  0.07  0.12  0.12  0.17  

Increasing 1.19  2.02  2.39  2.81  3.12  3.20  

Stable medium 0.82  0.94  0.78  0.89  0.97  1.13  

Decreasing 3.63  2.88  2.20  1.54  1.21  1.06  

Stable high 4.87  5.15  5.01  4.95  4.84  4.95  
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Table S2.7 Trajectories of memory and the effects of time-varying predictors on 

trajectory shapes, stratified by trajectory group (using equivalized wealth) 

  Low and decreasing Stable medium Stable high 

Wealth tercile (Ref: lowest wealth)  

Middle wealth 0.297** 0.274*** 0.153 

 (0.130) (0.073) (0.127) 

Highest wealth 0.506*** 0.456*** 0.260** 

 (0.161) (0.074) (0.120) 

Self-rated health (Ref: excellent)  

Very good -0.219 0.134 0.093 

 (0.249) (0.100) (0.117) 

Good -0.408* -0.033 -0.019 

 (0.240) (0.099) (0.125) 

Fair -0.205 -0.214* -0.077 

 (0.253) (0.115) (0.176) 

Poor -0.599** -0.183 0.004 

 (0.302) (0.166) (0.304) 

Employment (Ref: retired)    

Employed 0.972*** 0.150** -0.045 

 (0.208) (0.071) (0.097) 

Unemployed 0.379* 0.119 0.162 

 (0.220) (0.116) (0.165) 

Disability (Ref: disable)   

Undisable 0.206 0.054 -0.030 

 (0.131) (0.074) (0.131) 

Multimorbidity (Ref: yes >=2 chronic conditions) 

No < 2 chronic conditions -0.748 -0.292 0.022 

  (0.525) (0.317) (0.562) 
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Table S2.8 Trajectories of depressive symptoms and the effects of time-varying 

predictors on trajectory shapes, stratified by trajectory group (using equivalized  

  Stable low Increasing Stable medium Decreasing Stable high 

Wealth(eq) tercile (Ref: lowest wealth)    

Middle wealth -0.021 -0.094 -0.030 0.134 -0.048 

 (0.017) (0.092) (0.044) (0.087) (0.160) 

Highest wealth -0.011 -0.030 -0.035 0.182* 0.145 

 (0.016) (0.094) (0.045) (0.098) (0.220) 

Self-rated health (Ref: excellent)    

Very good 0.017 0.009 -0.031 0.135 0.189 

 (0.015) (0.165) (0.058) (0.184) (0.595) 

Good 0.036** 0.205 0.037 0.246 0.577 

 (0.016) (0.164) (0.059) (0.172) (0.577) 

Fair 0.127*** 0.342** 0.121* 0.515*** 1.349** 

 (0.031) (0.175) (0.070) (0.176) (0.568) 

Poor 0.212* 1.240*** 0.598*** 0.748*** 1.633*** 

 (0.114) (0.305) (0.155) (0.204) (0.577) 

Emplotment (Ref: retired)     

Employed 0.015 -0.243*** 0.078* 0.044 -0.152 

 (0.015) (0.091) (0.045) (0.122) (0.255) 

Unemployed 0.04 -0.362*** 0.128* 0.197 0.15 

 (0.031) (0.121) (0.074) (0.140) (0.184) 

Disability (Ref: disable)     

Undisable -0.017 -0.122 -0.093* -0.183** -0.064 

 (0.021) (0.092) (0.048) (0.082) (0.158) 

Multimorbidity (Ref: yes >=2 chronic conditions)   

No < 2 chronic conditions -0.095 0.446 -0.693* -0.630* -0.581 

  (0.076) (0.303) (0.365) (0.329) (0.452) 
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Chapter 3 

The Impact of Compulsory Schooling on Cognition and Its Interaction 

with Genetic Scores  

 

3.1 Introduction 

Cognitive abilities, both fluid (e.g., memory and processing speed) and crystallized (e.g., 

vocabulary and numeracy) abilities (Horn & Cattell, 1967), are important predictors of 

socioeconomic attainment, aspects of decision-making, health, and longevity (McArdle, 

2011; Der, 2009; Mata, 2007; Shipley, 2006). Age-related declines in cognitive abilities 

are linked to impairments in older adults’ everyday functions, such as financial 

decisions, retirement plans and health care decisions. Hence, identifying factors that 

protect against compromised cognitive functioning in older age can help inform the 

design of interventions to prevent cognitive declines. Cognitive function in older age is 

the result of a dynamic process throughout the life course based on a combination of 

genetic, biological, social and environmental factors. It has been increasingly accepted 

that the aetiology of most common diseases involves not only discrete genetic and 

environmental factors but also interactions between genetic susceptibility and 

environmental exposures. (Tucker-Drob & Briley, 2014). 

Understanding the long-term effects of education on later-life cognition requires 

distinguishing and integrating several complementary mechanisms. A central theoretical 

account is cognitive reserve: higher educational attainment is thought to foster more 

efficient, flexible and compensatory patterns of neural processing that allow some 

individuals to tolerate greater neuropathology before clinical deficits emerge (Stern 

2002; Stern 2009). This concept is distinct from brain reserve, which emphasises 
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structural capacity (for example greater synaptic density or brain volume) (Valenzuela & 

Sachdev 2006). Education can therefore operate through at least two empirically 

distinguishable pathways: by raising baseline cognitive performance (a level effect) 

and/or by enhancing compensatory mechanisms that delay clinical manifestation of 

underlying pathology (a buffer or tolerance effect) (Stern 2009; Scarmeas et al. 2006). 

Beyond neurobiology, education shapes cognition via socio-behavioural pathways. 

Higher attainment facilitates entry into cognitively complex occupations and fosters 

stimulating lifestyles, providing sustained "cognitive exercise" across the life course 

(Richards & Deary 2005; Scarmeas 2013). Additionally, education-driven advantages in 

health behaviours and healthcare access mitigate vascular risks implicated in cognitive 

decline (Cutler & Lleras‑Muney 2010; Barnes & Yaffe 2011). Observed education–

cognition associations likely reflect a composite of biological buffering, lifelong 

stimulation, and socio-economic mediation. 

The association between educational attainment and cognitive function in older age has 

already been well-established in the empirical literature (Arvanitakis et al., 2004; 

McArdle et al., 2002; Zahodne et al., 2011). To address the methodological challenges 

of reverse causation and omitted variables, recent studies have explored the causality 

between educational attainment and cognitive function using quasi-experimental 

methods by exploiting exogenous policy shocks that lead to differences in educational 

attainment. One leading example of these policy changes is compulsory schooling laws 

(CSLs), which establish a minimum school-leaving age and require school-age children 

to attend school for a certain period (Banks & Mazzonna, 2012; Crespo, 2014; Glymour, 

2008; Mazzonna, 2012; Mazzonna, 2014; Nguyen, 2016; Schneeweis, 2014). Most of 

these studies support the hypothesis that the increase in schooling is associated with 

better cognitive functioning in later life, though some report effects in the opposite 
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direction (Schneeweis et al., 2014). Glymour et al. (Glymour, 2008) investigated state 

compulsory schooling laws in the US using an instrumental variable (IV) approach and 

found that each additional year of schooling improved memory scores by 0.18 standard 

deviations. Similar findings were reported using a regression discontinuity design based 

on the 1947 compulsory schooling reform in England, 1947 (Banks & Mazzonna, 2012). 

They found that the effect of an additional year of education was approximately 0.5 of a 

standard deviation for males and around 0.4 for females on memory scores and ranged 

between 0.37 and 0.63 of a standard deviation for males on executive functioning 

scores. Nevertheless, another IV analysis (Schneeweis et al., 2014) exploited the 

compulsory schooling reforms in six European countries and found no causal effects of 

education on the level of fluency, numeracy, and orientation-to-date tasks, where 

respondents were asked to report the current day, month, year, and day of the week.. 

Some studies also suggested that genes can moderate the relationship between education 

and cognition (McArdle & Prescott, 2010; Seeman et al., 2005). Using the U.S. Health 

and Retirement Study (HRS) data, McArdle and Prescott (McArdle & Prescott, 2010) 

found steeper memory declines for APOE4 carriers compared to APOE4 non-carriers 

only among those with 8 years of education or less (Shanahan & Hofer, 2005). Wang et 

al. (2012) reported the relationships between APOE genotype and education with 

dementia among 3436 participants aged 65 and over in Northern Europe. The findings 

suggested that early-life higher education may buffer the negative effect of genetic 

factors on late-life dementia. As one possible mechanism, they mentioned the cognitive 

reserve hypothesis, and proposed highly intellectual environments might allow people to 

cope better with brain pathology than others (Stern, 2009). The interaction effect of 

APOE4 and educational attainment is contingent upon sex because men and women 

show different levels in both cognitive function and educational attainment (Ishioka et 
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al., 2016). However, the evidence on the interaction effect between APOE4, education, 

and sex on cognition especially for different cognitive domains is still scarce. Further 

research needs to improve causal inference for the interaction effect of APOE4 and 

educational attainment on cognition (Smith et al., 2018). 

Gene-environment interaction (𝐺 × 𝐸) processes impacting cognitive function likely 

play out over the entire life course, with special vulnerability during early life (Reynolds 

et al., 2014; Scarr & McCartney, 1983). The availability of genetic data in large 

population surveys has resulted in an explosion of research on gene-environment 

interactions. Understanding the effects of critical social and environmental exposures in 

sensitive periods on later life cognition and how these vary by underlying genetic 

susceptibility can help inform targeted interventions going forward. For the “E” part in 

𝐺 × 𝐸, the environment is not randomly assigned in most cases, may be confounded by 

other non-genetic variables, and could be correlated with the genetic variant in question, 

which is called gene-environment correlation (𝑟𝐺𝐸). This study will incorporate quasi-

experimental designs into the 𝐺 × 𝐸 framework to leverage exogenous environmental 

variation to reduce the influence of gene-environment correlation and strengthen the 

ability to demonstrate causal inferences.  

This study aims to examine the causal effects of education on cognitive function and 

how the impact might vary by genetic susceptibility combined with a quasi-experimental 

design, to improve causal inference for the gene-environment interactions that shape 

cognitive decline. I examined the 1947 reform of compulsory schooling in England, 

which raised the minimum school-leaving age from 14 to 15 for individuals born after a 

specific cut-off in March 1933. This policy provides a natural experiment to study the 

causal effects of education on later-life cognitive outcomes and its interaction with 
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genetic risk. I built my analyses based on the research design of Banks and Mazzonna 

(Banks & Mazzonna, 2012), which exploited the reform of compulsory schooling in 

England in 1947, and used a fuzzy regression discontinuity design to compare 

individuals born before and after the cut-off, to examine the effect of an additional year 

of education on memory and executive functioning scores by sex. This study further 

incorporated the genetic risks measured by APO4 status and polygenic scores to 

examine how the effect of an additional year of education on cognitive function 

interacted with genetic risks. 
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3.2 Data 

This study uses Wave 1 to Wave 9 (2002-2003 to 2018–2019) from the English 

Longitudinal Study of Ageing (ELSA). These data include consistent measurement of 

cognitive function, including memory and executive function. I also use the ELSA 

Special License data which includes the “month-of-birth” variable and the Genetic data. 

I then use the year- and month-of-birth variables to construct the month-year birth 

cohorts to identify those exposed to the compulsory schooling reform. Since memory 

was measured across nine waves in ELSA but verbal fluency, which is one of the 

components of executive function, was only collected from Wave 1 to Wave 5, I create 

two analytical samples. The first sample is comprised of participants with the month of 

birth, genetic, and memory data from the ELSA Wave 1 to Wave 9. The second sample 

includes participants with measures of the month of birth, genetic, and executive 

function data from the ELSA Wave 1 to Wave 5. The broader study design and 

sampling procedures were detailed in Section 1.6.2.  

The analytical sample is restricted to participants who provided valid phenotypic data 

during the pandemic and were included in the ELSA Genetic database (genetic sample 

N = 7,183). As detailed in Section 1.6.4, these genetic data consist of high-density 

genotypes of European ancestry, from which Polygenic Scores (PGSs) were derived 

following the harmonized HRS methodology (Ware et al., 2017)  

Measures 

Polygenic Scores 

This essay tests whether the effect of education on cognitive function varies by a 

person’s genetic risks as measured by APOE4 status, polygenic scores for general 
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cognition (2018) and Alzheimer’s disease (AD) (2019). Cognitive function is a 

polygenic trait, but the APOE gene is an exceptional case. The APOE gene is a major 

risk allele for late-onset Alzheimer’s disease and explains 13% of the heritability in AD 

and the presence of each risk allele translates into a fivefold increase in the risk of 

developing AD (Battista et al., 2016). Therefore, I include both the APOE4 status and 

polygenic scores related to cognitive function. Continuous polygenic scores are 

standardized in the regression analyses. 

The apolipoprotein E (APOE) genotype was based on the two single nucleotide 

polymorphisms (SNPs) for APOE, rs429358 and rs7412 that comprise the ε2, ε3 and ε4 

alleles. APOE4 carrier status was determined based on the presence or absence of one or 

more APOE ε4 alleles (APOE4). In the sample of 7181 individuals, 25.3% are APOE4 

carriers. 

The PGSs for general cognition (2018) in this project were created by ELSA using 

results from a 2018 Genome-Wide Association Study (GWAS) including 300,486 

individuals across 57 population-based cohorts brought together by the Cohorts for 

Heart and Aging Research in Genomic Epidemiology (CHARGE), CHARGE), the 

Cognitive Genomics Consortium (COGENT) consortia, and UK Biobank. A total of 

SNPs was included in the meta-analysis summary statistics, 1,348,174 SNPs overlapped 

with the ELSA genetic database and were included in the PGS for the general cognition 

phenotype. In the sample of 7181 individuals, the mean of the PGS for GC is 1352024.8 

and the standard error is 74.0. 

The PGSs for Alzheimer’s disease (AD) (2019) were created using results from a large 

genome-wide association study of clinically diagnosed AD and AD-by-proxy (71,880 

cases, 383,378 controls), in which participants were obtained from multiple sources, 
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including raw data from case-control samples collected by PGC-ALZ and ADSP, 

summary data from the case-control samples in the IGAP, and raw data from the 

population-based UKB sample which was used to create a weighted AD-by- proxy 

phenotype. Adjustment covariates within each contributing cohort included age, sex, and 

genetic principal components. The PGS for AD contains 1,712,973 SNPs with a mean of 

5597.3 and a standard error of 0.08. 

Cognitive function  

The cognitive function module in the ELSA contains measures of memory, executive 

function, speed of processing and numerical ability domains. This study examines 

memory, consistently measured from Wave 1 to Wave 9, and executive function 

outcomes, measured from Wave 1 to Wave 5. 

Memory was measured using a word-list learning test in which a list of 10 words was 

presented orally to study participants who were then asked to recall as many words as 

possible immediately after the reading of the list had been completed and then again 

after around a 5 min delay during which they completed other survey questions. I 

computed an overall memory score (ranging from 0 to 20) by adding the points of the 

immediate and delayed recall tests (maximum of 10 points for immediate and 10 points 

for delayed recall). The memory score has been standardised by subtracting their mean 

and dividing by their standard deviation. 

The executive function measure was constructed by summing the two standardized 

scores of verbal fluency and letter cancellation. The verbal fluency test is a test of how 

quickly participants can name as many different animals as possible in one minute 

(semantic verbal fluency). The overall score ranges from 0 to 60. The letter cancellation 

test is a test of attention, visual search, and mental speed. The participant is handed a 
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clipboard with a page of random letters of the alphabet set out in rows and columns and 

is asked to cross out as many target letters (P and W) as possible within one minute. The 

page comprises 26 rows and 30 columns, and there are 65 target letters in all. 

Respondents are asked to work across and down the page as though they were reading 

and to perform the task both as quickly and as accurately as possible. After one minute 

they are asked to mark the point on the page where they stopped. The total number of 

letters searched provides a measure of the speed of processing, whilst the number of 

target letters (P and W) missed by the respondent provides a measure of accuracy. These 

procedures are outlined in the ELSA cohort documentation (Banks et al., 2006; Steptoe 

et al., 2013). 
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3.3 Analytical Strategy 

This study exploited the variation in the minimum school leaving age from 14 to 15 in 

March 1947 in England. The Education Act 1944 raised the minimum school-leaving 

age from 14 to 15 years old in England, Scotland and Wales, and this took effect from 

April 1, 1947, which means that students born before April 1, 1933 could drop out at 

age 14, whilst those born after that date could not leave until they turned 15, generating 

a discontinuity in the relationship between education and the date of birth at the April 1, 

1933 cut-off point. 

The study considers different subsamples for various descriptive and empirical analyses. 

First, I consider birth cohorts. I select my sample from zero year to five years on either 

side of the cut-off date of April 1, 1933. Second, I consider educational attainment, 

including the full sample, the subsample of those who left full-time education before the 

age of 19 (age left <19), and the subsample of those who left full-time education before 

the age of 16 (age left <16). The subsample (age left <19) excludes individuals who 

went to college but still contains many "always takers" who would have left full-time 

education after 15 regardless of the 1947 reform. The threshold of age 19 was chosen 

because it corresponds to the normative completion age for upper-secondary education 

(A-levels or equivalent) in the British system, and thus represents the natural 

institutional boundary between secondary and tertiary education for the cohorts under 

study. Individuals who continued beyond age 19 entered higher education — a pathway 

whose uptake was determined by prior academic attainment and family background 

rather than by the compulsory leaving age, and which was therefore unaffected by the 

1947 reform. The age-19 cut-off is consequently not arbitrary but reflects the structural 

divide between those whose educational careers fell within the reach of compulsory 
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schooling legislation and those whose trajectories were governed by the selective entry 

requirements of tertiary institutions. The subsample (age left <16) is the most restrictive 

and contains the biggest concentration of "compliers" who would have left full-time 

education after 15 if and only if they were born after the cut-off date. The cut-off of age 

15 — operationalised here as leaving before age 16 — corresponds directly to the 

minimum school-leaving age imposed by the 1947 Education Act, the reform being 

exploited as the quasi-experimental instrument in this analysis. This sample therefore 

contains the most directly treated individuals, and since the local average treatment 

effect (LATE) is the average of the unit-level causal effects for the "compliers", the last 

sample (age left <16) is the most treated and important subsample in this analysis, as 

further confirmed by the first-stage F-statistics reported in Table 3.5. 

Table 3.1 shows the distribution of the full-time education leaving age by sex in our 

sample for the cohorts born five years on either side of the cut-off date for the 1947 

reform. The most obvious large change in educational attainment across the reform dates 

is from the age of 14 to 15, especially for males. The change in educational attainment 

for females is slightly different with a big increase in the proportion of women leaving 

school between 16 and 18. 
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Table 3.1 Distribution of age of leaving full-time education by sex and date of birth 

(individuals born five years on either side of the cut-off date of April 1, 1933) (N, %) 

  Female Male 

Age of Leaving School 

Born before 

April 1, 1933 

Born after 

April 1, 1933 

Born before 

April 1, 1933 

Born after 

April 1, 1933 

Left school at or before 14 1253 (54.2%) 173 (4.7%) 1121 (58.4%) 171 (5.7%) 

Left school at 15 284 (12.3%) 1754 (48.1%) 138 (7.2%) 1545 (51.3%) 

Left school between 16-18 596 (25.8%) 1246 (34.2%) 506 (26.4%) 851 (28.2%) 

Left school at or over 19 179 (7.7%) 472 (12.9%) 153 (8.0%) 447 (14.8%) 

Total 1958(100%) 3111(100%) 1958(100%) 3111(100%) 

Notes: Sample restricted to ELSA respondents born within five years on either side of the April 1, 1933 compulsory 

schooling reform cut-off. N and column percentages shown by sex and birth cohort (before vs. after the cut-off). The 

sharp decline in the proportion leaving school at or before age 14 after the cut-off illustrates the first-stage 

discontinuity exploited in the regression discontinuity design. 

Figure 3.1 visually shows the discontinuity in educational outcomes for birth cohorts by 

sex for individuals born five years on either side of the cut-off date. The points are the 

fractions of individuals who left full-time education by age 14 for a particular month of 

birth; the vertical line indicates the cut-off date of April 1, 1933; the fitted lines are a 

local linear fit. Before the cut-off date of April 1, 1933, around 55% of the individuals 

left full-time education by age 14, whilst after the cut-off date this fraction dropped to 

approximately 5%.  



- 126 - 

 

 

Figure 3.1 Fraction leaving school by age 14 by month of birth for males and females  

Notes: Each point represents the fraction of individuals leaving full-time education by age 14 within a given birth 

month cohort. The vertical dashed line marks the April 1, 1933 compulsory schooling reform cut-off. Fitted lines are 

local linear regressions estimated separately on each side of the cut-off. Sample restricted to individuals born within 

five years of the cut-off date. The sharp discontinuity at the cut-off provides the identifying variation for the fuzzy 

regression discontinuity design. 

The graph demonstrates the essence of the fuzzy RDD we adopt to estimate the effects 

of educational attainment since the discontinuous relationship between the month of 

birth and the fraction of individuals left full-time education by age 14 is clear. Even 

though not all the individuals born before the cut-off date left full-time education by age 

14, their probability of leaving full-time education by age 14 is significantly higher than 

that of individuals who were born after the cut-off date. Since the probability of 

treatment changes discontinuously at the cut-off point, it is possible to determine the 

treatment effect in the case of partial compliance by comparing outcomes of individuals 

in a narrow range on either side of the cut-off point and scaling the difference in 

outcomes by the difference in the probability of treatment. 
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Table 3.2 shows the comparison of cognitive outcome scores and other characteristics 

by sex for those who left full-time education before the age of 19 (the upper set of rows) 

and those who left before 16 (the lower set of rows). The third column for each sex 

reports p-values from t-tests on the equality of means (p-values from Chi-squared test 

for APOE4 status). This is a descriptive comparison, which is important for our analysis 

as differences would have cast doubt on the “continuity hypothesis”, the main 

assumption of our estimation strategy. For both sexes and both educational subsamples, 

memory scores and executive function scores are significantly different between 

individuals born before and after the cut-off date.  

Notably, for both sexes in the subsample of those who left full-time education before the 

age of 19, adult height is significantly larger among those born after the cut-off point 

than those born before. Therefore, adult height must be included in the following 

regression models as a proxy for unobserved early-life cohort conditions that may 

confound the relationship between birth cohort and both educational attainment and 

cognitive function (Case & Paxson, 2008). Height at adulthood reflects cumulative 

nutritional status, disease exposure, and socioeconomic circumstances during childhood 

and adolescence—factors that co-vary with birth cohort and are not fully captured by 

calendar-year cohort trends alone. The cohorts in this analysis straddle the immediate 

aftermath of the Great Depression (born 1928–1938), a period of economic disruption 

with potentially heterogeneous effects on childhood environments. As Table 3.2 shows, 

individuals born after the April 1933 cut-off are slightly taller on average than those 

born before it, suggesting that cohort-level differences in early-life conditions are 

present in the data. By controlling for adult height, the models absorb this residual 

cohort-level variation, reducing the risk that discontinuities in cognitive outcomes at the 
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cut-off are confounded by differences in early-life conditions rather than driven by the 

schooling reform itself.  

Table 3.2 Cognition scores and comparison by sex and age of leaving full-time 

education (for individuals born 5 years before and after the 1933 cut-off) 

  Female Male 

  Before After P-value Before After P-value 

Left school before 19      

Memory (std.) -0.45 -0.18 <0.001 -0.54 -0.35 <0.001 

Executive function -0.38 -0.12 <0.001 -0.66 -0.39 <0.001 

Height 153.9 157.0 <0.001 168.3 170.3 0.009 

PGS for GC 1351993 1351972 0.901 1351815 1351745 0.714 

PGS for AD 5597 5597 0.829 5597 5597 0.001 

APOE4 present 24.6% 23.9% 0.525 22.7% 22.8% 0.933 

N 2222 3301   1805 2664   

Left school before 16      

Memory (std.) -0.54 -0.29 <0.001 -0.68 -0.47 <0.001 

Executive function -0.49 -0.20 <0.001 -0.82 -0.52 <0.001 

Height 155.1 155.4 0.709 169.3 168.9 0.656 

PGS for GC 1351657 1351752 0.639 1351364 1351548 0.406 

PGS for AD 5597 5598 0.209 5597 5597 0.001 

APOE4 presented 25.4% 25.0% 0.762 23.0% 20.5% 0.095 

N 1626 2055   1299 1813   

Note: Each domains of cognitive scores are standardised z-scores derived from the full analytical sample 

(N=44,832). The composite executive function standardized score is constructed by summing the two 

standardised scores of verbal fluency and letter cancellation. A mean of zero represents the total sample 

average; negative values indicate performance below this benchmark. The negative means for the 5-year 

bandwidth cohorts reflect the greater average age and specific educational profiles of these individuals 

relative to the broader ELSA population. 
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There are a number of studies that have explored the causal effect of educational 

attainment on cognitive function/ health outcomes using changes in compulsory 

schooling laws (CSLs) (Banks & Mazzonna, 2012; Crespo, 2014; Glymour, 2008; 

Mazzonna, 2012; Mazzonna, 2014; Nguyen, 2016; Clark & Royer, 2013) and two that 

exploited the 1947 British School-leaving Age Reform (Banks & Mazzonna, 2012); 

(Clark & Royer, 2013). This study extends that literature by exploring how the causal 

effect of education on cognitive function varies by a person’s genetic risks. Since the 

relevant compulsory schooling changes depended on month-year of birth, a fuzzy 

regression discontinuity design (RDD) (Imbens & Lemieux, 2008; Lee & Lemieux, 

2010) will be used to identify the causal effect of the policy-induced additional year of 

education change and how this interacts with genetic risk for cognitive decline. 

Specifically, this study will estimate the following two equations: 

𝐸𝑖𝑐̂ = 𝛼0 + 𝛼1𝐷𝑖𝑐 × 𝑎(𝐺𝑖𝑐) + 𝛼2𝐷𝑖𝑐 + 𝛼3𝑎(𝐺𝑖𝑐) + 𝑓(𝑅𝑖𝑐) + 𝛼4𝑋𝑖𝑐𝑤 + 𝜇𝑖𝑐𝑤 
（3.1） 

𝐶𝐹𝑖𝑐𝑤 = 𝛽0 + 𝛽1𝐸𝑖𝑐̂ × a(𝐺𝑖𝑐) + 𝛽2𝐸𝑖𝑐̂ + 𝛽3a(𝐺𝑖𝑐) + 𝑔(𝑅𝑖𝑐) + 𝛽4𝑋𝑖𝑐𝑤 + 𝜔𝑖𝑐𝑤 
（3.2） 

where 𝐶𝐹𝑖𝑐𝑤 is a measure of cognitive function for individual 𝑖 in birth cohort 𝑐 in the 

ELSA wave 𝑤; 𝐸𝑖𝑐  is a dummy variable indicating whether a respondent leaves 

compulsory schooling after age 15; 𝐷𝑖𝑐 is a dummy variable indicating whether a 

respondent belongs to a post-reform cohort; 𝑅𝑖𝑐 is a respondent’s birth month cohort 

relative to the relevant cut-off (March 1933 for the 1947 reform). 𝑅𝑖𝑐 is positive when 

the respondent is born after the reform and negative when born before the reform; the 

Function 𝑓(𝑅𝑖𝑐) and 𝑔(𝑅𝑖𝑐) capture the associations between the birth cohort with 

educational attainment and cognitive outcomes; the vector 𝑋𝑖𝑐𝑤 contains age, age 

squared, adult height, year of the survey and month-of-birth dummies and 𝜇𝑖𝑐𝑤  , 𝜔𝑖𝑐𝑤 is 
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the residual.  𝐸𝑖𝑐𝑤 and 𝐸𝑖𝑐𝑤 × 𝑎(𝐺𝑖𝑐) are endogenous gene-environment interaction 

terms and 𝐷𝑖𝑐  and 𝐷𝑖𝑐 × 𝑎(𝐺𝑖𝑐) are used as instruments; 𝑎(𝐺)𝑖𝑐 represents the 

individual’s genotype, which is linear combinations of genetic risks, as measured by 

APOE4 status, PGS for GC or PGS for AD in separate models, and the first ten principal 

components (𝑃𝐶1-𝑃𝐶10) of the genetic data to correct for population stratification (Price 

et al., 2006). 

𝑎(𝐺𝑖𝑐) =  𝑎0 + 𝑎1(𝐴𝑃𝑂𝐸4𝑖/PGS GC𝑖/PGS AD𝑖)  + 𝑎2𝑃𝐶𝑖 
（3.3） 

First, I included one of PGSs and its interaction term in the model separately, to 

investigate the individual effect of the single education and PGSs interaction on 

cognitive outcomes (Model1-3). Then I added three PGSs and their interaction terms 

simultaneously in a model to estimate the effect of multiple education and PGSs 

interactions (Model 4). Specifically: 

In Model 1 [APOE4 Model]:  

𝑎(𝐺𝑖𝑐) =  𝑎0 + 𝑎1(𝐴𝑃𝑂𝐸4𝑖)  + 𝑎2𝑃𝐶𝑖 
（3.4） 

In Model 2 [PGS GC Model]:  

𝑎(𝐺𝑖𝑐) =  𝑎0 + 𝑎1(PGS GC𝑖)  + 𝑎2𝑃𝐶𝑖 
（3.5） 

In Model 3 [PGS AD Model]:  

𝑎(𝐺𝑖𝑐) =  𝑎0 +
𝑎

𝑏1
(PGS AD𝑖)  + 𝑎2𝑃𝐶𝑖  

（3.6） 

In Model 4 [Three-PGSs Model]:  
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𝑎(𝐺𝑖𝑐) =  𝑎0 + 𝑎1(𝐴𝑃𝑂𝐸4𝑖)  + 𝑎2(PGS GC𝑖) + 𝑎3(PGS AD𝑖)  + 𝑎4𝑃𝐶𝑖 
（3.7） 

 

Correlations between these polygenic scores and other variables in this study are shown 

in Table 3.3. 

Table 3.3 Correlations between Study Variables 

Variables Memory 

Executive 

Function 

Leaving 

School 

before 

15 

PGS 

GC 

PGS 

AD 
APOE4 Age Sex Height 

Memory 1         

Executive 

Function 

0.388* 1        

Leaving 

School 

before 15 

0.270* 0.222* 1       

PGS GC 0.083* 0.070* 0.019* 1      

PGS AD -0.018* -0.024* -0.004 0.117* 1     

APOE4 -0.032* -0.004 0.028* 0.025* 0.037* 1    

Age -0.420* -0.323* -0.447* 0.011* 

-

0.011* 

-0.031* 1   

Sex -0.088* -0.074* -0.008* -0.001 

-

0.010* 

-0.007 

-

0.008* 

1  

Height 0.030* 0.039* 0.035* 0.006 0.020* -0.001 -0.070 0.235* 1 

Significance: * p < 0.05. 

To estimate the effect of the reform on schooling, I use local linear regression around 

the discontinuity choosing the optimal bandwidth in a cross-validation procedure 

suggested by Imbens and Lemieux (Imbens & Lemieux, 2008), which is detailed in the 

supplemental chapter (Supplements Section S3.1). In brief, the cross-validation 



- 132 - 

 

procedure selects the optimal bandwidth that performs the best in an out-of-sample 

predictive test. The strategy substantially reduces the chances that bias will be 

introduced by using a smaller portion of the sample. To evaluate the effect of the 

exogenous increase in education on cognitive outcomes, I make use of the 2SLS 

estimator, using the same bandwidth and polynomial in the treatment and outcome 

regression, to obtain directly the correct standard errors that are robust and clustered at 

the individual level. 

Moreover, although this analysis used a nationally representative sample of older 

individuals living in England, the genotyping work was conducted in 2013-2014. The 

results may be subject to mortality selection (Imbens & Lemieux, 2008; Lee & Lemieux, 

2010). Due to mortality selection in longitudinal social surveys, the sample of 

respondents who were genotyped in the genetic data was healthier, better educated, and 

longer-lived as compared with birth-cohort peers in the general ELSA data. As shown in 

Table 3.4 in the following section, the included genotyped sample in this analysis is 

generally older, more educated, and healthier. Thus, I applied inverse probability 

weighting (IPW) to my analytical data to account for the mortality selection and 

differential participationin the genetic sample (Domingue, Belsky, et al., 2017). 

In vector X, confounders such as age are typically used as covariates to control for 

confounding effects. The inclusion of height helps control for any unobserved cohort 

effects that cannot be captured by cohort trends. The cohort affected by the reform was 

born after March 1933, i.e., in the immediate aftermath of the Great Depression, and it is 

unclear if and how the Great Depression affected the childhood environment (and thus 

education and health) of the cohorts in our analytical sample. For instance, we find some 

indication that individuals born after the cut-off point are slightly taller than older 
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cohorts. Thus, I control for adult height in the regressions to avoid any bias due to the 

lack of balance. 

Even with potential confounding variables controlled in the regression, this approach 

can only control for the additive effects of covariates; it does nothing to control for the 

potential confounding effects that these covariates might have on the interaction itself 

(Garatachea et al., 2014). To properly control for confounding effects in the 𝐺 × 𝐸 

research, I also controlled for all 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒 × 𝐺𝑒𝑛𝑒 and 𝐶𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒 ×

𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡 effects.  

Even though our identification is not strictly RDD, I carried out recommended 

robustness checks for RDD. In RDD, data manipulation near the cut-off point by sorting 

behaviour or anticipation effects is examined by the McCrary test (Aiken et al., 1991). 

However, because the running variable 𝑅𝑖𝑐, the respondent’s birth month cohort relative 

to the relevant cut-off, in this analysis is time specifications, the discontinuity of this 

type of running variable is not testable. If the RDD results are just mechanical 

correlations, or only affected by other unobservable factors, it is possible to produce the 

RDD results at other points. To rule this out, I conducted placebo tests for educational 

attainment moving the discontinuity point to 12, 24, 36, 48 and 60 months on both sides 

of the April 1, 1933 cut-off point. I also investigated the sensitivity of the results using 

alternative bandwidths, categorial PGSs terciles and exclusion of inverse probability 

weights (IPW). All analyses were performed in STATA SE v18. Due to participant 

confidentiality and data protection regulations, the raw data cannot be shared directly by 

the author. Researchers interested in accessing the data must apply through the UKDS 

following the standard procedures. The analysis code necessary to reproduce the results 

are available from the author upon reasonable request. 
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3.4 Results 

This study included respondents of European ancestries in the ELSA who had 

information about month and year of birth, full-time education leaving age, APOE4 

status, polygenic scores for general cognition and Alzheimer’s disease, at least one of 

memory (from Wave 1 to 9) and executive function (from Wave1 to 5) scores and 

excluded respondents with cognitive pathology including dementia or Alzheimer's 

disease diagnosis, given that cognitive pathology could confound the associations under 

investigation.  

Table 3.4 compares the characteristics of the genotyped analytical sample with those of 

ELSA participants who were excluded because they lacked genetic data. The purpose of 

this comparison is twofold. First, it serves as a representativeness check: systematic 

differences between included and excluded participants indicate that the genotyped 

subsample is not a random draw from the broader ELSA population, which has 

implications for the external validity of the findings. Second, it provides the empirical 

basis for applying inverse probability weighting (IPW): where meaningful differences 

exist—such as in age, educational attainment, or cognitive function—these reflect 

mortality selection and differential participation, which IPW is designed to partially 

mitigate (Domingue et al., 2017). As Table 3.4 confirms, the genotyped sample is on 

average older, more educated, and performs better on cognitive assessments than the 

excluded sample, consistent with survivorship bias in longitudinal genetic studies. This 

pattern motivates the use of IPW throughout the analyses and warrants caution in 

generalising findings beyond this selected population. 
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Table 3.4 Descriptive statistics of variables of the included and non-included samples  

  Included (N=44832) Non-included (N=38406) 

P Value (T-test/  

Chi-squared test) 

(Mean, SD) 

Age 

62  8.8 59  10.2 <0.001 

Height (Ware et al.) 161.9  29.27 158.0  36.15 <0.001 

Memory  10.3  3.62 10.2  3.85 0.003 

Memory (standardised) 0.01  0.97 -0.01 1.03 0.003 

Executive Function 0.00  1.44 -0.07 1.56 <0.001 

PGS for GC 1350000  6280.3    

PGS for GC 

(standardised) 

0 1.0    

PGS for AD 5597  6.9    

PGS for AD 

(standardised) 

0 1.0    

      

(Percentage) 

Apoe4 Present  
 25%    

Sex, Female  55%  58% <0.001 

Ethnicity,White  100%  93% <0.001 

Left School at or over 

19 
 14%  12% 

<0.001 

Left School between 

16-18 
 34%  29% 

 

Left School at 15 

 

 36%  40% 

Left School at or 

before 14 
 17%  18% 
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The optimal bandwidth was selected using the cross-validation procedure proposed by 

Imbens and Lemieux (2008), which balances the bias–variance trade-off by minimizing 

the mean squared prediction error. To address potential seasonality in month of birth—

where systematic fluctuations in birth rates or early-life conditions associated with 

specific months might introduce spurious trends near the threshold (Buckles & 

Hungerman, 2013)—I restricted the cross-validation search to bandwidths that are exact 

multiples of 12 months (e.g., 12, 24, 36... 120 months). This ensures that each temporal 

window contains a balanced representation of all birth months, effectively neutralizing 

seasonal noise. 

Furthermore, birth cohort effects (secular trends in health and cognition) are rigorously 

controlled for through two mechanisms in this chapter: 1) the local linear functional 

form of the running variable (distance in months from the April 1933 cut-off), which 

captures smooth variations across cohorts, and 2) the inclusion of month-of-birth fixed 

effects in the covariate vector 𝑋𝑖𝑐𝑤 to absorb idiosyncratic monthly variations.  

As Imbens and Lemieux (Imbens & Lemieux, 2008) suggested using the same 

bandwidth for both outcome and treatment equation and using the smallest bandwidth 

selected by the cross-validation procedures, the optimal bandwidth in this analysis is 

equal to 48 months for males and females (Supplements Table S3.1). In the following 

tables of empirical results, I investigate the results of bandwidths at 48 months around 

the discontinuity. 

Table 3.5 shows the effect of the compulsory school reform on school-leaving age, 

conditional on three samples of educational attainment within the optimal bandwidth of 

48 months. The first set of rows shows the estimated effect on school leaving age for the 

full sample. The estimated results of the reform are significant only for females in the 
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full sample and subsample of those who left full-time education before 19. The third set 

of rows shows the results for the most “treated” sample, which includes only individuals 

who left full-time education before the age of 16. The effect of the reform on education 

is large and statistically significant for both males and females for each model. The 

relevance of the instruments is tested in the first-stage regression. The F-test results 

reported in the last rows of each set show weak instrument problems in the full sample, 

the subsample of <19 years, and Model 4 in the subsample of <16 years, which includes 

all three PGSs and their interaction terms. Therefore, in the next step to explore the 

2SLS effect of an additional year of schooling at age 15 on cognitive function by PGSs, 

I only report the results for the subsample of <16 years. 
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Table 3.5 First stage results- effect of the reform on years of education 

Memory Males Females 

 

Model 

1 

Model 

2 

Model 

3 

Model 

4 

Model 

1 

Model 

2 

Model 

3 

Model 

4 

Full sample                 

1947 Reform 

0.404*

** 

0.318*

** 

0.356*

** 

0.389*

** 

0.323*

** 

0.312*

** 

0.332*

** 

0.306*

** 

N 4,026 4,026 4,026 4,026 4,922 4,922 4,922 4,922 

F-test 16.37 1.362 12.92 0.297 13.31 7.342 13.57 3.623 

Age<19         

1947 Reform 

0.381*

** 

0.305*

** 

0.355*

** 

0.361*

** 

0.331*

** 

0.333*

** 

0.361*

** 

0.316*

** 

N 3604 3604 3604 3604 4449 4449 4449 4449 

F-test 13.65 0.81 9.258 0.208 13.71 6.424 14.61 3.049 

Age<16                 

1947 Reform 

0.738*

** 

0.669*

** 

0.686*

** 

0.708*

** 

0.511*

** 

0.556*

** 

0.570*

** 

0.539*

** 

N 2,542 2,542 2,542 2,542 2,969 2,969 2,969 2,969 

F-test 43.92 22.88 47.05 4.157 22.51 21.45 33.7 9.102 

Executive 

Function 

Males Females 

 

Model 

1 

Model 

2 

Model 

3 

Model 

4 

Model 

1 

Model 

2 

Model 

3 

Model 

4 

Full sample                 

1947 Reform 

0.418*

** 

0.325*

** 

0.361*

** 

0.389*

** 

0.359*

** 

0.337*

** 

0.351*

** 

0.343*

** 

N 2,641 2,641 2,641 2,641 3,098 3,098 3,098 3,098 
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F-test 16.6 0.686 13.4 0.0476 14.4 6.77 14.86 3.087 

Age<19         

1947 Reform 

0.402*

** 

0.307*

** 

0.362*

** 

0.367*

** 

0.364*

** 

0.358*

** 

0.378*

** 

0.349*

** 

N 2374 2374 2374 2374 2817 2817 2817 2817 

F-test 14.26 0.354 7.466 0.0335 15.69 5.754 15.63 2.578 

Age<16                 

1947 Reform 

0.735*

** 

0.684*

** 

0.691*

** 

0.718*

** 

0.562*

** 

0.585*

** 

0.596*

** 

0.595*

** 

N 1,712 1,712 1,712 1,712 1,913 1,913 1,913 1,913 

F-test 47.88 13.72 48.41 2.467 26.18 17.65 34.86 7.301 

Notes: Significance level- * 10% level, ** 5% level *** 1% level. This table presents first-stage estimates 

of the effect of being born after the 1931 cut-off point on an individual’s probability of leaving 

compulsory school after the age of 14 within the optimal bandwidth of 48 months. The dependent variable 

is an indicator variable that takes on the value 1 if an individual left compulsory school at or after the age 

of 15. Model 1 Includes APOE4 status as the genetic index; Model 2 Includes PGSs for cognitive function 

as the genetic index; Model 3 includes PGSs for Alzheimer’s disease as the genetic index; Model 4 

includes all four of these genetic indexes. All models use inverse probability weights. Heteroscedasticity 

standard errors are reported in parenthesis and clustered at the individual level. 

 

First, I estimate the effect of educational attainment on memory and executive function, 

controlling for polygenic scores but excluding gene–environment interactions, to allow 

comparison with earlier studies using longer follow-up data. Figure 3.2 shows that an 

additional year of schooling at age 15 generally leads to an increase of 0.43-0.45 in the 

memory Z-score among males, which is marginally significant and consistent with 

previous findings on the direction and magnitude of the effect of educational attainment 

on memory (Glymour, 2008; Mazzonna, 2014; Banks & Mazzonna, 2012). For females, 

an additional year of schooling had a negative effect (around -0.75) on executive 

function, which is in line with Schneeweis's findings of education’s negative effect on 

fluency of executive function (Schneeweis et al., 2014) but inconsistent with Banks et 

al’s findings of no significant effect of education on executive function for females 
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(Banks & Mazzonna, 2012). We find no evidence of an effect of additional years of 

education for either executive function for males or on memory for females in our 

genotyped sample, which is inconsistent with the beneficial effect in Banks et al’s study.  

Moreover, I check the effect of years of education on cognition using the full sample as 

Banks et al did. My estimates of the effect of the reform on cognitive outcomes (Table 

S3.2) are almost identical to Banks et al.’s findings using the ELSA wave 1-3, indicating 

that the inconsistency might be a function of the genotyped sample as well as different 

follow-up period from the ELSA wave 1 to wave 9. The genotyped subsample is 

substantially smaller than the full population, and the 2SLS estimator-particularly when 

interacted with genetic variables-requires larger samples to achieve adequate precision. 

Null results in the genotyped sample may therefore reflect underpowering rather than a 

genuine absence of effect. Therefore, the lack of a statistically significant main effect in 

this subsample may reflect underpowering rather than the absence of a true causal link. 

Another concern is selection bias: as Table 3.4 demonstrates, genotyped participants are 

older, more educated, and healthier than non-genotyped ELSA members. This means the 

estimated effects pertain to a survivor and participant-selected population and may not 

generalise to the broader birth cohort or to individuals with lower socioeconomic status 

or poorer health. IPW partially addresses this but cannot fully restore representativeness 

if selection is driven by unobserved factors. Consequently, the null main-effect results 

should be interpreted with caution. 
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Figure 3.2 Two-stage least squares effect of an additional year of schooling at age 15 on 

Cognition controlling for polygenic scores but excluding gene–environment interactions 

Notes: Significance level- 5% level. This plot presents second-stage estimates of the effect of an 

additional year of education on an individual’s cognitive function within the optimal bandwidth 

of 48 months. Model 1 Includes APOE4 status as the genetic index; Model 2 Includes PGSs for 

cognitive function as the genetic index; Model 3 includes PGSs for Alzheimer’s disease as the 

genetic index; Model 4 includes all four of these genetic indexes. All models use inverse 

probability weights. Heteroscedasticity standard errors are reported in parenthesis and clustered 

at the individual level. 

 

 

Next, I present the effects of educational attainment interacting with PGSs, on memory 

and executive function in Figure 3.3. The detailed regression outputs corresponding to 

these estimates are provided in the Supplementary Materials (Table S3.7 and Table 
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S3.8). The results in the top right panel show that an additional year of schooling at age 

15 did not change executive function for females overall but interacted with APOE4 

status. When including APOE4 status in the individual APOE4 model and the three-

PGSs model, the effect of an additional year of schooling on executive function was 

moderated by APOE4 status. There is a decrease of around 2.5 SD in the executive 

function score with an additional year of schooling at age 15 among APOE4 carriers 

compared to less educated APOE4 carriers for females (Table S3.8). The individual 

PGS GC model and individual PGS AD model showed negative borderline associations 

between an additional year of schooling at age 15 and executive function. There is no 

evidence of an interaction between PGSs and education on cognition for males in our 

genotyped sample. As shown in Figure S3.1, the placebo test results of the discontinuity 

point to 12, 24, 36, 48 and 60 months on both sides of the cut-off point are generally not 

significant compared to the April 1, 1933 cut-off point, suggesting that the April 1, 1933 

cut-off point is robust. Moreover, the sensitivity analyses (Supplements Table S3.3-5) 

using alternative bandwidths, categorial PGSs terciles and exclusion of inverse 

probability weights (IPW) affirm the significant and sustained interaction effect of 

education and APOE4 status on executive function for females. 
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Figure 3.3 Two-stage least squares effect of an additional year of schooling at age 15 on 

memory and executive function including interactions with individual PGS vs three 

PGSs 

Notes: Significance level- 5% level. This plot presents second-stage estimates of the effect of an 
additional year of education on an individual’s cognitive function within the optimal bandwidth 

of 48 months. Model 1 Includes APOE4 status as the genetic index; Model 2 Includes PGSs for 

cognitive function as the genetic index; Model 3 includes PGSs for Alzheimer’s disease as the 

genetic index; Model 4 includes all four of these genetic indexes. All models use inverse 

probability weights. Heteroscedasticity standard errors are reported in parenthesis and clustered 

at the individual level. 
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Because standard instrumental variable (IV) models such as ivreg2 do not provide a 

straightforward way to compute model fit metrics like R², it is not possible to directly 

estimate ΔR² or Cohen’s f² for gene-environment interaction terms using the IV 

framework. To address this limitation, I re-estimated the same models using ordinary 

least squares (OLS) to obtain approximate measures of effect size (Supplements Table 

S3.6). While OLS does not account for endogeneity, it enables the calculation of ΔR² 

(change in explained variance) and Cohen’s f² (a measure of effect magnitude) (2013), 

which provide useful benchmarks for interpreting the strength o 𝐺 × 𝐸 effects. Across 

models for both memory and executive function, the interaction terms added minimal 

explanatory power. ΔR² values ranged from less than 0.001 to 0.006, and the 

corresponding Cohen’s f² values were between 0.000 and 0.006—well below the 

conventional threshold for a “small” effect (f² = 0.02). These very small effect sizes are 

consistent with prior findings that 𝐺 × 𝐸 interactions typically explain only modest 

variance in behavioral outcomes (Dudbridge, 2013; Keller, 2014). 

Given the limited variance explained by the gene-environment interaction terms (as 

reflected in the small ΔR² and Cohen’s f² values), I complement the regression estimates 

with margins plots in Figure 3.4. The corresponding numerical results are reported in 

Supplementary Table S3.9. The visualizations illustrate how the effect of an additional 

year of schooling varies by genetic profile, offering a more intuitive grasp of interaction 

patterns that may not be apparent from the coefficients alone. In particular, the 

modifying effect of APOE4 status on the relationship between education and executive 

function among females is clearly depicted, highlighting how education may 

differentially influence cognitive outcomes depending on genetic vulnerability. The X-

axis is the compulsory-school-leaving age, and the Y-axis is the executive function 

score. The solid line represents the APOE4 carrier, and the dash line represents the 
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APOE4 non-carrier. For non-APOE4 carriers, an additional year of schooling at age 15 

had no significant effect on executive function among females.  

The composite executive function standardized score is constructed by summing the two 

standardised scores of verbal fluency and letter cancellation (EF full-sample SD = 1.44), 

such that the unit of measurement reflects combined z-score units rather than a single 

standardised scale. The 2SLS coefficient for the APOE4 × education interaction term is 

−2.505 (Table S3.8), indicating that among female APOE4 carriers, an additional year 

of compulsory schooling at age 15 is associated with a reduction of approximately 2.5 

units on the composite executive function score, equivalent to approximately 1.7 

standard deviations of the full-sample distribution. Among APOE4 non-carriers, 

predicted executive function scores are close to zero regardless of schooling exposure 

(margin = −0.004 for those leaving school at or before age 14; margin = −0.441 for 

those leaving after age 15), and the difference between the two groups is modest (−0.44 

units, or approximately 0.3 SD). Among APOE4 carriers, however, the pattern diverges 

sharply: those who left school at or before age 14 exhibit a higher predicted executive 

function score (margin = +0.989, p = 0.006), while those exposed to an additional year 

of compulsory schooling score substantially lower (margin = −1.560, p < 0.001). The 

within-carrier difference between these two schooling groups amounts to approximately 

−2.5 units (−1.7 SD) on the composite executive function score, consistent with the 

2SLS interaction coefficient. 

This produces a clear crossover interaction: at low levels of educational attainment, 

APOE4 carriers actually outperform non-carriers on executive function by 

approximately 1.0 unit (0.7 SD), but this advantage reverses sharply following exposure 

to an additional year of compulsory schooling, leaving carriers approximately 1.1 units 
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(0.8 SD) below non-carriers. This crossover pattern is consistent with the differential 

susceptibility framework (Belsky & Pluess, 2009), under which the APOE4 allele acts 

as a plasticity allele conferring heightened sensitivity to both positive and negative 

environmental conditions, rather than functioning as a simple risk allele. The robustness 

of this interaction is confirmed across multiple sensitivity analyses using alternative 

bandwidths, categorical PGS terciles, and models excluding inverse probability weights 

(Supplementary Tables S3.3–S3.5). 

 

Figure 3.4 Effect of an additional year of schooling at age 15 on executive function by 

APOE4 status for females with 95% CIs  
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3.5 Discussion  

This study investigated the impact of education on cognitive function and how this 

interacts with genetic risk, using a nationally representative sample of older people in 

England. Endogenous measures of environment and low statistical power are believed to 

be the main challenges for the 𝐺 × 𝐸 analyses (Dawson, 2014). This study improved 

previous 𝐺 × 𝐸 studies by combining a quasi-experimental design with genetic 

susceptibility using a large, nationally representative cohort of individuals from the 

same ancestry in the ELSA. I used a fuzzy regression discontinuity design and exploited 

the reform of compulsory schooling in England in 1947 to identify the causal effect of 

the policy-induced additional year of education change on later life cognition and how 

this interacted with a person’s genetic risks.  

The results provide cautious evidence that education exerts heterogeneous effects on 

cognitive domains and interacts with genetic risk. A positive and significant causal 

effect of education on the old age memory was observed among less-educated males, 

consistent with prior findings (Glymour, 2008; Mazzonna, 2012; Banks & Mazzonna, 

2012). In contrast, for less-educated females, an additional year of compulsory 

schooling was associated with lower executive function, measured by verbal fluency and 

letter cancellation. This unexpected finding aligns with Schneeweis et al. (2014), though 

it contrasts with Banks et al (2012). The discrepancy may be due to differences in the 

ELSA sample used—specifically, my analysis focused on genotyped participants, which 

may reflect a healthier or more advantaged population. Further, when including PGS-

education interactions, a significant effect emerged between APOE4 status and 

educational attainment, but only for females in one cognitive domain: female APOE4 

carriers had higher levels of executive function if leaving compulsory school before 15 
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and lower levels of executive function with an additional year of compulsory schooling 

compared to APOE4 non-carriers.  

The substantive meaning of the crossover interaction warrants careful unpacking. The 

2SLS coefficient for the APOE4 × education interaction term is −2.505, equivalent to 

approximately 1.7 standard deviations of the full-sample executive function distribution. 

Among non-carriers, predicted executive function scores are close to zero regardless of 

schooling exposure, and the difference between the two educational groups is modest 

(−0.44 units, approximately 0.3 SD) — indicating that the 1947 reform had no 

meaningful impact on executive function for the genetically typical woman in this 

cohort. Among APOE4 carriers, the pattern diverges sharply: those who left school at or 

before age 14 outperform non-carriers by approximately 1.0 unit (0.7 SD), while those 

exposed to an additional year of compulsory schooling score approximately 1.1 units 

(0.8 SD) below non-carriers.  

The interaction effect resonates with the differential susceptibility (DS) model, which 

proposes that plasticity varies across individuals: some are more genetically susceptible 

to both positive and negative environmental exposures, while others remain resilient 

across all situations (Belsky & Pluess, 2009; Cheesman et al., 2022). My findings are 

consistent with those of Seeman et al. (2005). Using a sample of 865 participants aged 

70–79 in the MacArthur Successful Aging Study, they found that APOE4 carriers with 

more than 8 years of education experienced greater cognitive decline, whereas for those 

with fewer than 8 years of education, time trends in cognitive performance were not 

affected by APOE4. The findings of this study also suggested that education may 

accelerate the detrimental effects of the APOE4 allele on cognition. On the contrary, 

some studies found that higher educational attainment buffers the negative effect of 
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APOE4 on cognition (Wang, 2012), and still other studies showed no interaction 

between education and APOE4 on cognitive decline (Van Gerven, 2012). While the 

findings in previous G×E research are partially contradictory, the cumulative evidence 

suggests that education may not only shape later-life cognition directly but could also 

interact with genetic vulnerability in complex ways. 

The restriction of this interaction to female APOE4 carriers and to executive function 

specifically — rather than to males or to episodic memory — points to a unified 

neurobiological explanation. Women who carry the APOE4 allele face a 

disproportionately elevated lifetime risk of Alzheimer's disease relative to male carriers, 

a disparity rooted in sex-differentiated biological mechanisms including oestrogen-

APOE4 interactions and differential immune response to amyloid pathology (Altmann et 

al., 2014). Critically, APOE4-related neurodegeneration in women is characterised by 

earlier and more pronounced cortical thinning in frontal and parietal regions — the 

neural substrate of executive function — relative to the hippocampal-entorhinal 

networks that mediate episodic memory (Fleisher et al., 2005; De Frias et al., 2006). 

This means that, at the ages observed in ELSA, the frontal-executive system is precisely 

the domain under greatest APOE4-related biological pressure in women, and therefore 

the domain most susceptible to gene-environment modulation. The absence of a parallel 

interaction for episodic memory or for males is thus not null evidence — it reflects the 

domain- and sex-specific timing of APOE4's neurobiological effects and constitutes 

indirect validation of the proposed mechanism. 

The direction of the interaction — higher executive function among less-educated 

female APOE4 carriers, lower among those exposed to additional schooling — requires 

explanation at two intersecting levels. At the neurobiological level, the antagonistic 
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pleiotropy hypothesis proposes that APOE4 confers cognitive advantages at earlier life 

stages that subsequently reverse. Evidence from the 20-year Whitehall II cohort study of 

5,561 participants found that APOE4 heterozygous carriers showed better performance 

on reasoning and phonemic fluency — precisely the executive function domains 

captured in this thesis — up to approximately midlife, with this advantage reversing and 

accelerating into decline thereafter in late life (Gharbi-Meliani et al., 2021). For less-

educated female APOE4 carriers, this early-life executive function advantage may have 

been preserved and amplified through the cognitively demanding domestic and 

community roles they entered immediately upon leaving school — including complex 

household management, childcare coordination, and dense neighbourhood networks — 

which imposed sustained demands on planning, cognitive flexibility, and verbal 

processing. Because APOE4 carriers are characterised by heightened environmental 

plasticity, this form of ecologically embedded stimulation may have produced larger 

executive function benefits among carriers than among non-carriers. At the social-

structural level, the critical question for those who received an additional year of 

compulsory schooling is what that year translated into in terms of subsequent life-course 

experience. Compulsory schooling reforms improve cognitive outcomes primarily 

through the pathway of occupational complexity: it is sustained occupational 

engagement — not formal schooling per se — that consolidates cognitive reserve over 

the life course (Ellwood, 2023). This pathway, however, operated far more weakly for 

women in post-war England: additional schooling did not substantially alter women's 

occupational trajectories, with most continuing into domestic roles or low-complexity 

clerical employment regardless of whether they left school at 14 or 15 (Banks & 

Mazzonna, 2012). Consistent with this, evidence from a comparable French compulsory 

schooling reform found that women eligible for the reform showed no cognitive gains in 
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older age and instead exhibited higher levels of depressive symptoms in midlife, 

suggesting that mandatory additional schooling in contexts where it does not translate 

into occupational advancement may carry costs rather than benefits for women (Fichera 

& Gathergood, 2019). In the absence of the occupational complexity pathway, the 

additional schooling year generated no lasting cognitive reserve — while simultaneously 

delaying entry into the domestic roles that had provided ecologically embedded 

executive stimulation for less-educated carriers. For female APOE4 carriers, whose 

heightened environmental sensitivity amplifies both the benefits of cognitively 

stimulating environments and the costs of their absence, this failure of the educational 

pathway to generate downstream cognitive engagement may have been particularly 

consequential. 

These mechanisms are not mutually exclusive, and the present data cannot adjudicate 

definitively between them. The interaction should therefore be interpreted as preliminary 

evidence for sex- and domain-specific moderation of educational effects by APOE 4 

genotype. While the evidence base for sex-specific APOE 4 × education interactions 

remains limited, the convergence of neurobiological, epidemiological, and social-

historical explanations offered above suggests that this finding is theoretically plausible. 

Future research with larger, sex-stratified samples and richer measures of life-course 

occupational and social engagement will be needed to disentangle these mechanisms 

before strong causal claims can be made. 

There are several limitations in this study. First, the sample size in this study is similar 

to previous studies (Plomin et al., 2022) which is relatively small, resulting in low 

statistical power for detecting interaction effects. A larger sample size and replication of 

the current findings are needed to elucidate how education interacts with genetic 
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susceptibility for cognitive function. Another limitation of this study is the sample 

selection. On one hand, the sample in the ELSA study is highly selected, and is from 

more affluent socioeconomic groups than the general population, and (intentionally) for 

individuals older than 50 years (the minimum age at recruitment). On the other hand, the 

genotyping work was conducted in 2013-2014. Due to mortality selection in 

longitudinal social surveys, the sample of respondents who were genotyped in the 

genetic survey was healthier, better educated, and longer-lived compared to the main 

ELSA sample. Although I applied inverse probability weighting, these factors still carry 

a risk of introducing biases. On the genetic side, ELSA hardly has any non-European 

respondents, so I only included European ancestries. Therefore, the findings using 

genetic data constructed from European ancestry GWAS cannot be generalized to other 

ancestral populations (Gharbi-Meliani et al., 2021). In addition, the PGSs used in this 

analysis were constructed from GWAS that estimate the association between genetic 

variants and the conditional mean of a phenotype, which may not separate genetic 

effects on phenotypic variability from effects on the mean/level of trait values. 

Therefore, this study cannot detect interaction effects that are driven by loci that affect 

plasticity. Evaluating both mean effects (mPGS) and variance effects (vPGS) in further 

studies is warranted (Johnson et al., 2021). On the environmental side, since race can 

shape individual educational attainment outcomes (Albin, 1993; Schultz et al., 2008; 

Taylor et al., 2017), limiting our analysis to European ancestries restricts the scope of 

potential education effects that can be observed. In addition, while the regression 

discontinuity design reduces endogeneity, education itself is influenced by genetic and 

non-genetic factors. Conditioning on an environmental variable such as education can 

introduce collider bias (Akimova et al., 2022), while attrition and non-response may 

further distort associations (Fry, 2017). Moreover, SNP effects may differ across 
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education levels, meaning that average 𝐺 × 𝐸 estimates risk masking meaningful 

heterogeneity (Zhang, 2024; Tropf, 2017). Lastly, although I detect a statistical gene-by-

education interaction, I do not have the means to characterise the biological mechanisms 

underlying the interaction. Future studies are needed to examine the mechanisms of 

these interactions. 

In conclusion, this study contributes to the literature on social determinants of cognitive 

ageing by combining quasi-experimental variation in education with genetic 

susceptibility. The results suggest that education influences later-life cognition and may 

interact with genetic risk in ways that vary by sex and cognitive domain. However, 

given the limitations of sample size, representativeness, and polygenic measurement, 

these findings should be interpreted as preliminary. Future research should seek 

replication in larger and more diverse cohorts, employ more refined genetic measures, 

and explore the mechanisms through which education and genetics jointly shape 

cognitive trajectories in older age. 
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3.6 Supplements 

Section S3.1 Optimal bandwidth in the cross-validation procedure 

The optimal bandwidth is selected with a “leave one out” procedure proposed by Imbens 

and Lemieux (2008). For each observation on the left side of the cut‐off point, I run a 

linear regression using only observations with the value of 𝑋 (the treatment determining 

variable) on the left of 𝑋𝑖 (𝑋𝑖 − ℎ ≤ 𝑋 < 𝑋𝑖), while for each observation on the right 

side of the cut‐off point, I use only those on the right side of 𝑋𝑖 (𝑋𝑖 ≤ 𝑋 < 𝑋𝑖 + ℎ). I 

repeat this procedure for each 𝑖 in order to obtain the whole set of predicted value of 𝑌 

which can be compared with the actual value of 𝑌. Formally, the cross‐validation 

criterion is defined as 

 

𝐹𝑌(ℎ) =
1

𝑁
∑ {𝑌𝑖 − 𝑌̂[𝑋𝑖]}

2𝑁ℎ
𝑖=1 , 

The optimal bandwidth is that value of h which minimises the criterion function.  

 

Table S3.1 Optimal bandwidth in the cross-validation procedure 

  Educational Attainment Memory Executive Function 

Males 49 33 36 

Females 52 49 45 
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Table S3.2 Effect of education on cognitive function, replication of Bank & Mazzonna, 

2012 

  Males Females 

  

Bandwidth=12 

months 

Bandwidth 

=24 months 

Bandwidth 

=36 months 

Bandwidth 

=12 months 

Bandwidth 

=24 months 

Bandwidth 

=36 months 

Age<16             

Memory 0.246 0.481** 0.536*** 0.947 0.530 0.349* 

  (0.479) (0.225) (0.198) (0.659) (0.264) (0.145) 

Exec. Func. 0.093 0.371* 0.396** -5.802 -0.454 -0.128 

  (0.636) (0.275) (0.209) (7.334) (0.705) (0.383) 

N 457 933 1,405 504 985 1,466 

Age<19       

Memory -0.137 0.361 0.408 1.176 0.121 0.327 

 (0.509) (0.250) (0.2321) (3.038) (0.480) (0.260) 

Exec. Func. -0.627 0.111 -0.040 -5.575 -0.510 0.215 

 (0.708) (0.400) (0.349) (5.737) (0.752) (0.409) 

N 566 1,125 1,679 653 1,285 1,923 

Notes. *p = 10%; **p = 5%; ***p = 1%; Standard errors in parenthesis are robust to 

heteroscedasticity and clustered at the individual level. 
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Figure S3.1 Placebo Tests 
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Table S3.3 2SLS estimates of the effect of an additional year of schooling at age 15 on 

cognitive function by APOE4 status and PGSs, Bandwidths=36/50 

  Males Females  

Bandwidth=36                  

Memory Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform 0.694*** 0.25 0.524** 0.632*** 0.171 0.197 0.061 -0.477 

APEO4 x 1947 Reform -0.23     -0.724* 1.275***     1.600*** 

PGS GC x 1947 Reform   0.139   -0.071   0.650**   0.944** 

PGS AD x 1947 Reform     -0.098 -0.067     0.205 0.726*** 

Executive  

Function 

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform 0.205 0.414 0.595 1.138** -0.8 -1.214** -1.360** -0.864 

APEO4 x 1947 Reform 0.592     -0.002 -1.959**     -1.734* 

PGS GC x 1947 Reform   0.635   0.762   -0.097   -0.584 

PGS AD x 1947 Reform     0.08 0.21     -0.476 -0.189 

Bandwidth=60                 

Memory Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform 0.138 -0.049 -0.012 0.057 -0.018 0.107 0.136 0.023 

APEO4 x 1947 Reform -0.013     -0.142 0.234     0.052 

PGS GC x 1947 Reform   -0.028   -0.108   0.271   0.294 

PGS AD x 1947 Reform     -0.088 -0.06     0.211 0.315** 

Executive  

Function 

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform 0.138 -0.049 -0.012 0.057 -0.569 -0.623* -0.717** -0.577* 

APEO4 x 1947 Reform -0.013     -0.142 -0.665     -0.924* 

PGS GC x 1947 Reform   -0.028   -0.108   0.649**   0.828** 

PGS AD x 1947 Reform     -0.088 -0.06     -0.194 -0.031 

Notes. *p = 10%; **p = 5%; ***p = 1% 
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Table S3.4 2SLS estimates of the effect of an additional year of schooling at age 15 on 

cognitive function by APOE4 status, PGS terciles 

  Males Females 

Memory Model 2 Model 3 Model 4 Model 2 Model 3 Model 4 

1947 Reform -0.235 0.127 0.293 0.514 0.361 -0.152 

APEO4 x 1947 Reform     -0.542     0.040 

2nd PGS GC x 1947 Reform 0.123   0.308 -0.036   -0.118 

3rd PGS GC x 1947 Reform -0.266   -0.225 0.414   1.108* 

2nd PGS AD x 1947 Reform   -0.364 -0.307   0.320 0.275 

3rd PGS AD x 1947 Reform   -0.273 -0.539   0.452 0.547 

Executive Function Model 2 Model 3 Model 4 Model 2 Model 3 Model 4 

1947 Reform -0.75 -0.403 1.986 -1.130** -1.023* -1.585** 

APEO4 x 1947 Reform     -3.513     -3.201*** 

2nd PGS GC x 1947 Reform -0.306   -0.67 0.553   0.321 

3rd PGS GC x 1947 Reform -0.992   -2.675 0.219   0.888 

2nd PGS AD x 1947 Reform   -0.634 -0.843   0.151 2.109* 

3rd PGS AD x 1947 Reform   -0.926 -3.523   0.295 1.104 

Notes. *p = 10%; **p = 5%; ***p = 1% 
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Table S3.5 2SLS estimates of the effect of an additional year of schooling at age 15 on 

cognitive function by APOE4 status, UNWEIGHTED 

 Males Females 

Memory Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform -0.097 -0.355 -0.128 -0.476 0.495 0.482 0.401 0.43 

APEO4 x  

1947 Reform 

-0.056     -0.873 0.226     -0.034 

PGS GC x  

1947 Reform 

  -0.255   -0.825   0.272   0.348 

PGS AD x  

1947 Reform 

    -0.114 -0.129     0.280* 0.368** 

Executive  

Function 

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4 

1947 Reform -0.785 -1.873 -0.988* -1.635 -0.222 -0.753 -0.828* -0.386 

APEO4 x  

1947 Reform 

-0.561     -3.62 -2.419***     -2.629*** 

PGS GC x  

1947 Reform 

  -1.315   -2.699   0.029   0.084 

PGS AD x  

1947 Reform 

    -0.044 -0.575     0.17 0.265 

Notes. *p = 10%; **p = 5%; ***p = 1% 
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Table S3.6 Approximate Effect Sizes (ΔR² and f²) for Gene × Education Interactions on 

Cognitive Outcomes 

  Males Females 

Memory 

R² 

Reduced 

R² Full ΔR² 

Cohen’

s f² 

R² 

Reduced 

R² 

Full 

ΔR² 

Cohen’

s f² 

PGS GC x 1947 Reform 0.2929 0.295 0.0019 0.0027 0.2175 0.219 0.0015 0.0019 

PGS AD x 1947 Reform 0.2721 0.282 0.0097 0.0135 0.2248 0.225 0.0001 0.0001 

APEO4 x 1947 Reform 0.3068 0.307 0.0001 0.0001 0.3179 0.32 0.002 0.0029 

Executive Function 

R² 

Reduced 

R² Full ΔR² 

Cohen’

s f² 

R² 

Reduced 

R² 

Full 

ΔR² 

Cohen’

s f² 

PGS GC x 1947 Reform 0.3063 0.309 0.0026 0.0038 0.2909 0.296 0.0049 0.0070 

PGS AD x 1947 Reform 0.2981 0.304 0.0054 0.0078 0.2905 0.291 0.0003 0.0004 

APEO4 x 1947 Reform 0.2273 0.228 0.0003 0.0004 0.2784 0.287 0.0083 0.0116 
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Table S3.7 Two-stage least squares effect of an additional year of schooling at age 15 on 

memory and executive function including interactions with individual PGS vs three 

PGSs (males) 

  Males 

Memory Model 1 Model 2 Model 3 Model 4 

1947 Reform 0.344* 0.177 0.215 0.279 

APEO4 x 1947 Reform -0.200     -0.262 

PGS GC x 1947 Reform   0.071   0.014 

PGS AD x 1947 Reform     -0.061 -0.069 

Executive Function Model 1 Model 2 Model 3 Model 4 

1947 Reform -0.056 0.069 -0.142 0.108 

APEO4 x 1947 Reform 0.048     0.331 

PGS GC x 1947 Reform 0.341   0.502 

PGS AD x 1947 Reform   0.176 0.18 

 

Table S3.8 Two-stage least squares effect of an additional year of schooling at age 15 on 

memory and executive function including interactions with individual PGS vs three 

PGSs (females) 

  Females 

Memory Model 1 Model 2 Model 3 Model 4 

1947 Reform -0.007 0.164 0.128 -0.126 

APEO4 x 1947 Reform 0.416     0.204 

PGS GC x 1947 Reform 0.311   0.493** 

PGS AD x 1947 Reform   0.244 0.356* 

Executive Function Model 1 Model 2 Model 3 Model 4 

1947 Reform -0.437 -0.815** -0.976*** -0.205 

APEO4 x 1947 Reform -2.113***     -2.505*** 

PGS GC x 1947 Reform 0.379   0.581 

PGS AD x 1947 Reform   -0.174 -0.263 
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Table S3.9 Predicted Margins of Executive Function Score by APOE4 Status and 

School-Leaving Age (Females) 

APOE4 Status School-Leaving Age Margin Std. Err. z p 95% CI 

Not present Left school at or before 14 −0.004 0.221 −0.02 0.986 [−0.437, 0.430] 

Not present Left school after 15 −0.441 0.211 −2.09 0.037 [−0.855, −0.027] 

APOE4 present Left school at or before 14 0.989 0.363 2.73 0.006 [0.278, 1.700] 

APOE4 present Left school after 15 −1.560 0.355 −4.40 0.000 [−2.256, −0.865] 
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Chapter 4 

Gene-Environment Interaction during a Pandemic: How Polygenic 

Scores Shape Mental Health Responses to COVID-19 

 

4.1 Introduction 

The COVID-19 pandemic, with its rapid spread and social distancing regulations, has 

been a unique stressor and has affected the mental health and well-being of people all 

around the world. (Santomauro et al., 2021; O'Connor, 2021; Fancourt, 2021; 

Santomauro, 2021). The COVID-19 pandemic led to a 27.6% increase in cases of major 

depressive disorder (MDD) and a 25.6% increase in cases of anxiety disorders (AD) 

worldwide in 2020. Overall, the pandemic was estimated to have caused 137.1 

additional disability-adjusted life years (DALYs) per 100 000 population for MDD and 

116.1 per 100 000 population for AD (Sacco et al., 2023). 

Older adults are at higher risk of death and serious illness due to the pandemic (Dowd et 

al., 2020) and are more vulnerable to the adverse impact of stressors such as social 

isolation, lack of health care and social support than other age groups (Choi, 2022). 

Recent longitudinal studies demonstrate that older individuals did not adapt well to the 

new psychosocial stressors introduced by the pandemic and experienced more 

symptoms of depression and anxiety, greater loneliness, and poorer psychological well-

being, and quality of life compared with pre-pandemic levels (Kämpfen et al., 2020) 

(Steptoe, 2021; Zaninotto et al., 2022). Inequalities in experiences of mental health 

disorders persisted during the COVID-19 pandemic among older adults (e.g., sex, 

ethnicity, socioeconomic status, and physical disabilities), highlighting the need for 
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targeted psychological interventions to restore the well-being of older people, both in the 

COVID-19 pandemic and for the future (Duan & Zhu, 2020; Yang et al., 2020). 

The COVID-19 pandemic acted as a profound “macro-stressor” that disrupted mental 

health through a complex interaction of environmental, social, and psychological 

pathways. Central to this disruption was the experience of perceived social isolation. 

According to the Interpersonal Theory of Suicide (Joiner, 2005) and the foundational 

research of Cacioppo and Hawkley (2009), social connection is a fundamental biological 

need. This is supported by recent meta-analytic evidence from Santini et al. (2020) in 

The Lancet Public Health, which identifies social disconnectedness as a primary driver 

of depression and anxiety in older populations during periods of physical distancing. 

The mandated lockdowns did not merely result in a lack of contact; they severed the 

“belongingness” essential for emotional regulation, converting physical distancing into a 

significant psychological deficit. 

Beyond the immediate loss of social anchors, the pandemic imposed a state of chronic 

existential threat. As articulated by Holmes et al. (2020) in The Lancet Psychiatry, the 

constant salience of mortality triggered severe health anxiety. This is further detailed by 

Aknin et al. (2022) in Nature Human Behaviour, who demonstrate that the prolonged 

nature of the crisis—characterised by a lack of perceived control and high uncertainty—

significantly depleted individuals' psychological resilience. For older adults, this 

existential stress was uniquely compounded by Social Role Loss. Continuity Theory 

suggests that well-being in later life depends on maintaining established social roles; the 

suspension of activities such as grandparenting or volunteering stripped individuals of 

their self-efficacy, a mechanism recently highlighted by Vahia et al. (2020) in JAMA as 

a critical factor for the mental health of older adults during the COVID-19 crisis. 
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Crucially, these environmental pressures were distributed along gendered lines, as 

explained by Social Role Theory (Eagly & Wood, 2012). The domestic sphere became a 

primary site of stress, where women often bore a disproportionate “double burden” of 

increased unpaid labour and emotional labour. This is empirically supported by 

Etheridge and Spantig (2022), whose longitudinal analysis confirms that women’s 

mental health declined significantly more than men’s due to the increased domestic and 

caregiving strain. Combined with women’s documented higher levels of interpersonal 

sensitivity (Kuehner, 2017), this systemic pressure created a gender-specific 

vulnerability. As argued by Pierce et al. (2020) in The Lancet Psychiatry, the pandemic 

did not act as a uniform shock but rather amplified existing social inequalities, resulting 

in deeply stratified psychological outcomes. 

Because non-pharmaceutical COVID interventions have not been randomized, multiple 

studies rely on two-way fixed effects (TWFE) and difference-in-differences (DiD) 

research design to assess the causal effect of the overall pandemic or mitigation policies 

on mental health outcomes. Zaninotto et al. (Zaninotto et al., 2022) used a two-way 

fixed-effects linear regression model to examine changes in mental health and well-

being before and during the initial and later phases of the COVID-19 pandemic. They 

analysed data from 5146 older adults in England who provided data before the COVID-

19 pandemic (2018/2019) and on two occasions in 2020 (June/July and 

November/December) and found that the prevalence of clinically significant depressive 

symptoms increased accompanied by increased loneliness, increased anxiety and 

deterioration in the quality of life. They also found that higher socioeconomic groups 

had better mental health overall but responded to the COVID-19 pandemic with more 

negative changes.  
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Another study used difference-in-differences (DiD) estimation to disentangle the effect 

of lockdown and compared the mental health of 20839 people in Australia in the state of 

Victoria who were exposed to lockdown at the time of the 2020 interviews (treatment 

group) with those living elsewhere in Australia (who were living relatively free of 

restrictions; control group) (Butterworth et al., 2022). The study showed a small but 

statistically significant effect of lockdown on mental health, with a greater decline for 

residents of Victoria in 2020 than for those in the rest of Australia. They also found that 

the mental health effects of lockdowns differ by population subgroups and for some 

might have exaggerated existing inequalities in mental health. 

In general, an adverse mental health effect of the pandemic was found in older adults. 

Most current findings of the TWFE and DiD research design are specific to one specific 

country/region context and therefore might not be generalisable to other settings. 

Nevertheless, there is a commonality in the types of lockdown policy responses 

implemented around the world, involving stay-at-home orders, school and business 

closures, cancellation of public events, and restrictions on movement. Therefore, 

researchers could adapt this approach to new data and settings to provide causal 

estimates of the COVID-19 mental health effects. 

However, important questions remain in our understanding of poorer mental health in 

older people after the COVID-19 pandemic. Psychiatric disorders are multifactorial in 

aetiology, influenced by both genetic and environmental factors (Plomin et al., 1994). 

Behavioural genetics research also suggests accounting for the interaction effect 

between genetic and environmental factors rather than independent main effects on 

psychiatric disorders (Assary et al., 2018; Uher, 2014). However, these early hypothesis-

driven studies adopted a bottom-up approach which requires a strong biological 
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hypothesis to select appropriate candidate genes, but knowledge regarding specific 

biological mechanisms underlying these mental disorders is limited. Therefore, the risk 

of selecting inappropriate candidate genes is high (Bosker et al., 2011; Collins et al., 

2012). In addition, candidate gene studies have low statistical power, unsuccessful 

replications, and publication bias toward positive findings (Karg et al., 2011; Munafo et 

al., 2009; Risch et al., 2009; Uher & McGuffin, 2010), which are “wrong or misleading” 

(Hewitt, 2012).  

The non-replication of candidate gene studies is due to the limited understanding of the 

genetic architecture of complex traits. Psychiatric disorders are complex and highly 

polygenic traits, which are influenced by multiple genetic variants with small effects 

throughout the genome rather than a few selected candidate genes of large effects 

(Donnelly, 2008). Many risk loci have emerged from genome-wide association studies 

(GWAS) of, among others, major depression, anxiety, schizophrenia, bipolar disorder, 

and attention-deficit/hyperactivity disorder from the Psychiatric Genomics Consortium 

(PGC) and other efforts (Sullivan et al., 2018). Furthermore, GWAS studies have begun 

to employ polygenic scores (PGS), in which the aggregate effects of multiple genetic 

variants are summarized in a single score, specifically, the number of trait-associated 

alleles possessed by each individual in the target sample, weighted by their effect sizes 

from a discovery sample (Dudbridge, 2013). As polygenic scores aggregate the 

information from many genetic variants, they are more strongly associated with the 

outcomes than any single genetic variant. 

GWAS heritability estimates vary from less than 10% for anxiety disorders to more than 

20% for bipolar disorder and schizophrenia), compared with heritability estimates of 

around 37% for major depressive disorder (MDD) (Sullivan et al., 2000), 23% for 

https://www.sciencedirect.com/topics/neuroscience/dementia-praecox
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depressive symptoms (Jansson et al., 2004), 32% for generalised anxiety disorders 

(Hettema et al., 2001) and 40% for loneliness in adults (Distel et al., 2010) (Goossens et 

al., 2015). GWAS heritability estimates are lower than those derived from twin studies, 

in part attributed to many common variants of extremely small effect sizes that elude 

detection, rare variants to which GWAS are insensitive, additionally rare structural 

variations, etc. Yet a further possibility is that GWAS, which are based on combining 

data from multiple periods, countries, and birth cohorts, will introduce heterogeneity in 

genetic effects, as a function of environmental factors to which some but not all 

individuals are exposed, implying a gene-environment interaction (𝐺 × 𝐸) (Conley, 

2016a; Tropf et al., 2017). Therefore, it should ultimately be possible to account for 

additional missing heritability in mental disorders by examining how environmental 

exposures modify genetic risk (gene-environment interaction - 𝐺 × 𝐸). 

Using polygenic scores in the 𝐺 × 𝐸 framework, many studies have examined gene-

environment interactions and depression. Colodro-Conde et al. (Colodro-Conde et al., 

2018) found that the PGS for major depressive disorder (MDD) significantly interacted 

with stressful life events (SLEs) to increase the risk of depression. Iob and Steptoe (Iob 

et al., 2021) similarly found that the associations between adverse childhood experiences 

(ACEs) and depressive symptoms were larger among older adults with a higher PGS for 

MDD (OR 1.13, 95% CI 1.04–1.23), in line with the diathesis–stress model (Monroe & 

Simons, 1991; Robins & Block, 1989). In contrast, one study showed that individuals 

exposed to severe childhood trauma were at the greatest risk if they also had a low PGS 

for depression (Mullins, 2016). Others reported independent but not interactive 

associations of ACEs and PGSs with depression (Musliner et al., 2015; Peyrot et al., 

2018). A few 𝐺 × 𝐸 studies employed polygenic scores to examine other mental 

disorders. One study derived a polygenic score of environmental sensitivity from the 
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psychiatric genetics consortium in 1,026 monozygotic twin pairs and found that 

parenting had little effect on emotional problems for those with a low PGS. However, in 

those with a high PGS, negative parenting was associated with increased emotional 

problems, while positive parenting was associated with decreased emotional symptom 

scores (Keers et al., 2016). This finding implies that individuals with the greatest 

environmental sensitivity may be more likely to develop mental disorders in adverse 

environments but also benefit more from favourable environments, supporting the 

differential-susceptibility model (Belsky & Pluess, 2009). Another study explored both 

depression and well-being outcomes and reported significant independent effects of the 

PGS for depression and peer victimisation in predicting the risk of depressive symptoms 

and well-being in early adulthood, but no clear interaction effects (Armitage et al., 

2022).  

Another challenge in 𝐺 × 𝐸 research is that the sensitivity genotype is correlated with 

environmental exposure (gene-environment correlation [r𝐺𝐸]). The 𝑟𝐺𝐸 issue can be 

overcome by using natural experiments or other quasi-experimental designs (Fletcher, 

2013). Domingue et al. (Domingue, 2017) tested whether higher subjective well-being 

polygenic scores buffered survivors’ risk of developing depressive symptoms following 

the death of their spouse from 8,588 non-Hispanic white adults in the Health and 

Retirement Study (HRS). This study found that individuals who carry more well-being-

associated alleles tended to develop fewer additional depressive symptoms following the 

death of a spouse. While spousal death is not exogenous, the genetic buffering was not 

affected by any gene-environment correlation between the genetics of subjective well-

being and exposure to the death of a spouse; HRS respondents’ subjective well-being 

polygenic scores were unrelated to their risk of losing a spouse during follow-up. 

Fletcher (Fletcher, 2014) exploited a quasi-experimental variation in the environmental 
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exposure (whether a respondent was interviewed before or after the 9/11 attacks) using 

Wave 3 of the National Longitudinal Study of Adolescent Health (Add Health). This 

study showed that the effects of this external stressor were moderated by two candidate 

genes. These research designs can be adapted to other causal inferences in gene-

environment interaction studies for other specific life stressors, such as the COVID-19 

pandemic. 

To summarise, polygenic scores can more strongly capture the additive genetic 

influences of complex traits such as mental disorders; quasi-experimental designs can 

more effectively isolate exogenous variation in observational data to minimize the 

impact of r𝐺𝐸. Applying polygenic scores together with quasi-experimental designs can 

thus be used to improve causal inference for 𝐺 × 𝐸 research. In order to expand 

knowledge about mental disorders and the gene-environment interaction effects among 

older adults in the COVID-19 pandemic, this study uses two-way fixed effects model 

regression to estimate the causal effects of the COVID-19 pandemic on mental health 

outcomes among older people using the panel data from the English Longitudinal Study 

of Ageing survey (ELSA), and employed polygenic scores in the ELSA genetic data to 

examine whether and how the effect of the pandemic was moderated by genetic risks. 
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4.2 Methods 

Data and Participants  

This chapter utilizes data from the English Longitudinal Study of Ageing (ELSA), 

specifically focusing on the transition from the most recent pre-pandemic assessment 

(Wave 9, 2018/19) to the two dedicated COVID-19 Substudies (collected in June/July 

and November/December 2020). ELSA is a nationally representative panel study of 

individuals aged 50 and older; comprehensive details regarding its sampling frame, 

recruitment history, and refreshment waves are provided in Section 1.6.2. 

The analytical sample is restricted to participants who provided valid phenotypic data 

during the pandemic and were included in the ELSA Genetic database (genetic sample 

N = 7,183). As detailed in Section 1.6.4, these genetic data consist of high-density 

genotypes of European ancestry, from which Polygenic Scores (PGSs) were derived 

following the harmonized HRS methodology. The response rate for the COVID-19 

substudies remained high at 75% (n = 7,040 in Substudy 1), ensuring that the sample 

remained representative of the older English population during the pandemic. 

Measures 

Outcomes 

In this chapter, I examined five outcome measures of mental health, including 

depressive symptoms, major depressive disorder, loneliness, anxiety, and quality of life. 

To maintain structural efficiency and avoid redundancy, the detailed psychometric 

rationale, longitudinal invariance testing, and clinical thresholds for these instruments 

are established in Section 1.6.3. A summary of the measures utilized in this chapter is 

provided in Table 4.1. Notably, while the first four outcomes were measured across both 
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pre-pandemic and pandemic waves, the GAD-7 (anxiety) was introduced exclusively 

during the ELSA COVID-19 substudies. Consequently, the anxiety measure is utilized 

here to capture acute psychological responses during the pandemic period specifically, 

acknowledging that the absence of a pre-pandemic baseline precludes the same 

longitudinal fixed-effects comparison applied to the other indicators. 

Table 4.1 Measures of mental disorders 

Mental Health 

Outcome 
Measure Questions Range 

Cut-off 

Point to 

Identify 

Cases 

Depressive 

Symptoms 

8-item Centre 

for 

Epidemiological 

Studies 

Depression 

(CESD-8) Scale 

Eight symptoms of 

depression during the past 

week: depression, sadness, 

lack of happiness, loneliness, 

restless sleep, inability to get 

going, lack of energy and that 

everything was an effort. (1 

point for each) 

0-8, high 

scores 

indicating 

more 

depressive 

symptoms 

>=4 

(Steffick, 

2000) 

Major 

Depressive 

Disorder 

CESD-8>=4 -- -- -- 

Loneliness 

3-item revised 

University of 

California 

(UCLA) 

Loneliness 

Scale 

How often feel isolated from 

others, feel lack 

companionship, feel left out. 

Each item was scored on a 3-

point scale from hardly 

ever/never to often. 

1-12, 

higher 

scores 

indicating 

greater 

loneliness 

>=5 

Quality of Life 

12-item version 

of the Control, 

Autonomy, 

Self-realisation, 

and Pleasure 

(CASP) Scale 

Seven symptoms of anxiety 
in the past 2 weeks. Each 

symptom is rated on a 4-point 

scale from not at all to nearly 
every day. 

1-48, 

higher 
scores 

indicating 

poorer 
quality of 

life 

<=35 

Anxiety  

7-item 

Generalised 

Anxiety 

Disorder Scale 

(GAD-7) 

12 Likert-scaled questions 

measuring older people’s 

control and autonomy, 

pleasure as well as self-

realisation. Each symptom is 

rated on a 4-point scale from 

not at all to nearly every day. 

1-28, high 

scores 

indicating 

more 

anxiety 

symptoms 

>=10 

Note: Clinical thresholds and their justification, including the CESD-8 ≥ 4 cut-off for major depressive 

disorder, are detailed in Section 1.6.3 (Steffick, 2000). 
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Polygenic Scores 

I used four polygenic scores for mental-health-related phenotypes in the ELSA Genetic 

data, including the polygenic scores (PGS) for depressive symptoms (DS), for major 

depressive disorder (MDD)-2018, for anxiety disorders (AD) (factor score) and for 

Loneliness. GWAS summary statistics are provided in Table 4.2. In the regression 

analyses, all PGS variables were Z-score standardized (Mean = 0, Standard Deviation = 

1). Correlations between these polygenic scores, with mental health measures as well as 

demographic and socioeconomic characteristics are shown in Table 4.3. 

Table 4.2 The summary statistics for PGS for DS, MDD, AD and Loneliness 

PGS Sample Size Mean SE   Range  

Depressive symptoms 7183 5224.7 0.16 5170.3-5283.8  

Major depressive disorder-2018 7183 202.2 0.26 -283.8--116.9  

Anxiety disorders (factor score) 7183 7449.6 0.30 7332.1-7556  

Loneliness 7183 34737.4 0.81 

34514.4-

35006.3 

 

Note: PGS values shown unstandardised; PGSs were standardised (mean = 0, SD = 1) for regression 

analysis. 
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Table 4.3 Correlations between Study Variables 

Variables Depression Loneliness QoL Anxiety PGS DS  

Depression 1      

Loneliness 0.538* 1     

QoL -0.612* -0.545* 1    

Anxiety 0.675* 0.437* -0.501* 1   

PGS DS 0.058* 0.036* -0.044* 0.064* 1  

PGS MDD 0.081* 0.049* -0.049* 0.091* 0.510*  

PGS AD -0.005 -0.016 0.005 0 0.209*  

PGS Loneliness 0.028* 0.02 -0.026* 0.033* 0.075*  

Age 0.047* 0.050* -0.163* -0.060* -0.021  

Wealth -0.152* -0.108* 0.195* -0.119* -0.059*  

Couple 

Relationship 

0.135* 0.273* -0.136* 0.012 -0.024  

Variables PGS MDD PGS AD 

PGS 

Loneliness 

Age Wealth 

Couple 

Relationship 

PGS MDD 1      

PGS AD 0.261* 1     

PGS Loneliness 0.105* 0.153* 1    

Age -0.012 -0.032* -0.009 1   

Wealth -0.075* -0.023* -0.01 -0.071* 1  

Couple 

Relationship 

0.004 0.004 0.007 0.224* -0.261* 1 

Note: Pearson correlations. Significance levels: *** p< 0.01; ** p < 0.05; * p < 0.10. All correlations 

computed on analytic sample (N = 2,494).  
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4.3 Statistical Analysis 

Identification Strategy: The Two-Way Fixed Effects (TWFE) Framework 

To rigorously assess the moderating effect of genetic susceptibility during the COVID-

19 pandemic, this study employs a Two-Way Fixed Effects (TWFE) framework. This 

choice represents a deliberate transition from standard individual fixed effects (FE) 

models to a more robust quasi-experimental identification strategy. The core 

methodological challenge in evaluating Gene-by-Environment (G×E) interactions over 

time lies in addressing unobserved confounding. 

The advantage of using individual fixed effects (FE) is its ability to absorb all time-

invariant heterogeneity. This includes stable baseline traits, socioeconomic background, 

and ancestral population structure. However, a standard individual FE model remains 

inherently vulnerable to omitted variable bias caused by macro-temporal shocks. In the 

absence of explicit temporal controls, any population-wide change in mental health—

driven by the collective experience of lockdowns, seasonal variations, or the global 

media cycle—would be mistakenly conflated with the specific G×E interaction. 

While this model accounts for "between-person" differences, it remains inherently 

vulnerable to omitted variable bias caused by macro-temporal shocks. In the absence of 

explicit temporal controls, any population-wide change in mental health—driven by the 

collective experience of the pandemic—would be mistakenly conflated with the effect of 

individual genetic interactions.  

To ensure internal validity, two-way fixed effects (TWFE) estimation can be used for an 

intervention analysis with a common entry time into treatment to adjust for both unit-

specific and time-specific confounders. Addressing the critique regarding the absence of 
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a traditional, non-exposed control group—a condition unfeasible during a universal 

pandemic—this study redefines the identification of the causal effect through the 

framework of Heterogeneous Treatment Effects (HTE) (Abadie & Cattaneo, 2018; 

Wooldridge, 2010). In this quasi-experimental setup, the COVID-19 pandemic is 

conceptualised as a universal exogenous shock (the "treatment"), while the PGSs serve 

as the moderator of susceptibility. Causal identification in this framework does not rely 

on a binary cross-sectional split of the sample into "exposed" and "non-exposed" groups. 

Instead, it utilises a multi-dimensional counterfactual architecture: 

First, the model utilises within-person temporal variation, treating each participant’s pre-

pandemic observations as their own stochastic counterfactual (Donald & Lang, 2007). 

This longitudinal approach benchmarks individual changes against their own pre-shock 

trajectory, effectively eliminating bias from stable personal characteristics. Second, by 

operationalising the gradient of genetic liability, the model identifies differential 

sensitivity to the same macro-environmental shock. In this context, individuals at the 

lower end of the genetic risk distribution serve as a functional control group, 

representing the common population-level response to the pandemic. The coefficient of 

interest thus identifies the excess risk gradient—the degree to which higher genetic risk 

exacerbates the impact of the universal shock relative to this baseline trend. 

Accordingly, the TWFE model controls for both individual and wave-level fixed effects. 

Interaction terms between the pandemic exposure (comparing pre-pandemic Wave 9 to 

the two waves of the COVID-19 sub-study) and PGSs are included to identify the 

moderating role of genetic risk in the relationship between the pandemic and mental 

health outcomes. To examine the moderating role of different genetic predispositions, I 

estimate the TWFE model separately for each of the four polygenic scores (PGSs for 
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depressive symptoms, major depressive disorder, anxiety disorders and loneliness). This 

parallel specification allows this chapter to isolate the specific interaction between the 

pandemic and each distinct genetic risk factor. 

To ensure the robustness of our estimates, I also controlled for population stratification 

by incorporating the first ten genetic principal components into the model. Following 

the methodological rigour suggested by Keller (2014), we specifically included 

interaction terms between these PCs and the pandemic indicator to complement the focal 

interaction term between the PGS and the pandemic. This specification accounts for 

potential time-varying effects of ancestral or geographic backgrounds, ensuring that the 

observed genetic moderation is not a proxy for differential sensitivity or exposure to the 

pandemic that might be correlated with population structure. By accounting for these 

interactions, the model effectively isolates the specific psychological response 

attributable to the PGSs, net of any broader, ancestry-linked trajectories during the 

crisis.  

Consequently, this approach strengthens the causal claim that the estimated effects 

reflect true genetic susceptibility rather than residual confounding from ancestral 

stratification. Specifically, for each mental health outcome, we estimate the following 

model: 

 

 

𝑀𝐻𝑖𝑡 = 𝛽0 + 𝛽1𝑃𝑜𝑠𝑡𝑖𝑡 + 𝛽2(𝑃𝑜𝑠𝑡𝑖𝑡 × 𝑃𝐺𝑆𝑘𝑖) + 𝛽3(𝑃𝑜𝑠𝑡𝑖𝑡 × 𝑃𝐶1−10,𝑖) + 𝛼𝑖 + 𝜆𝑡 + 𝜖𝑖𝑡  

 
（4.1） 
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where 𝑖 denotes the individual and 𝑡 denotes the survey wave; 𝑀𝐻𝑖𝑡 represents a 

measure of mental health outcomes for individual 𝑖 at time 𝑡; 𝑃𝑜𝑠𝑡𝑖𝑡 is a dummy 

variable indicating whether a respondent belongs to a post-COVID-19 cohort (Wave 9 

vs. COVID-19 sub-study Wave 1/2), set to 0 for the pre-pandemic baseline (ELSA 

Wave 9, 2018/19) and 1 for the COVID-19 substudies (Waves 1 and 2, 2020); 𝑃𝐺𝑆𝑘𝑖 

represents one of the four standardized polygenic scores (where 𝑘 ∈

{Depressive Symptoms, MDD, AD, Loneliness}). Each PGS is entered into the model 

separately to estimate its specific interaction with the pandemic (𝑃𝑜𝑠𝑡𝑖𝑡 × 𝑃𝐺𝑆𝑘𝑖); 

𝑃𝐶1−10,𝑖 is a vector of the first ten genetic principal components. I included the 

interaction term 𝑃𝑜𝑠𝑡𝑖𝑡 × 𝑃𝐶1−10,𝑖 to control for potential time-varying effects of 

population stratification; 𝛼i represents the individual fixed-effects; 𝜆t represents the time 

(wave) fixed-effects, 𝜖𝑖𝑡 is the residual. All analyses are stratified by sex to account for 

potential gender differences in the genetic moderation of pandemic-related distress. 

Crucially, 𝜆t captures individual fixed effects, which absorb all time-invariant 

heterogeneity, including stable baseline traits and ancestral structure. As 𝜆t is collinear 

with the time-invariant main effects of 𝑃𝐺𝑆𝑘𝑖 and the ancestry Principal Components 

(𝑃𝐶1−10,𝑖), these main effects are mathematically absorbed and not explicitly estimated. 

The identification thus focuses solely on the focal interaction term 𝛽2, capturing how the 

psychological response to the pandemic shock varies across the gradient of genetic 

liability. 

For outcome variables, I included four countable mental health measures in the TWFE 

regression, including depressive symptoms (CESD-8), loneliness, anxiety, and quality of 

life. In addition, since I had both PGSs for depressive symptoms and PGSs for major 

depressive disorder, I also created one binary measure of major depression using a cut-
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off point of four or more depressive symptoms to identify likely cases of clinical 

depression (CESD-8>=4).  

However, it should be noted that the data structure for anxiety symptoms (measured via 

GAD-7) differs from the other outcomes. While depressive symptoms, loneliness, and 

quality of life were measured at both the pre-pandemic baseline (Wave 9) and the 

subsequent COVID-19 sub-study waves, anxiety data were only collected during the 

two pandemic-era sub-studies. Consequently, the analysis for anxiety is restricted to a 

comparison between the two pandemic periods (COVID Wave 1 vs. Wave 2) to observe 

the anxiety symptoms, rather than a pre-to-post pandemic longitudinal change as 

specified in the primary model (Equation 4.1) 

As shown in Table 4.4, the selection of regression models for each outcome was guided 

by the distributional properties of the outcome variables. All count outcomes were 

modelled using count regression rather than OLS to respect the non-negative, discrete, 

and right-skewed nature of these distributions. For loneliness, anxiety, and quality of 

life, the variance-to-mean ratios were close to unity in the baseline data, and likelihood 

ratio tests comparing Poisson and negative binomial specifications did not reject the null 

of equidispersion; these outcomes were therefore modelled using standard Poisson 

regression. For depressive symptoms (CESD-8, range 0–8), the variance substantially 

exceeded the mean at baseline (mean = 1.2, SD = 1.6, implying variance ≈ 2.56), 

indicating overdispersion that violates the equidispersion assumption of standard 

Poisson regression; negative binomial regression, which incorporates a dispersion 

parameter to accommodate excess variance, was therefore used for this outcome. For the 

binary major depression outcome, I used modified Poisson regression with a robust error 

variance approach (Zou, 2004), which directly estimates relative risk rather than the 
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odds ratio — preferable when the outcome is not rare (prevalence ≈ 15% in this sample) 

and avoids the non-collapsibility problem of the odds ratio in models with covariates. 

For the Poisson and negative binomial regressions, rate ratio estimates and 95% 

confidence intervals are presented.  

Table 4.4 Statistical Analysis for Different Outcomes  

Mental Health Outcome Scale Statistical Analysis 

Depressive Symptoms CESD-8 Negative Binomial Regression 

Major Depressive Disorder  

CESD-8 >=4,1 or 

Modified Poisson Regression 

CESD-8 <4, 0 

Loneliness T-ILS 

Poisson Regression Anxiety GAD-7 

Quality of Life CASP-12 

 

Most missing data in this study came from two aspects. First, the ELSA COVID-19 

longitudinal sample (ELSA Wave1, COVID sub-study Wave1 and Wave2) consists of 

5146 individuals, of whom 2494 individuals (48.5%) participated in the ELSA genetic 

survey. Therefore, data on mental health and genetic risk are available for 2494 

participants. Moreover, due to mortality selection in longitudinal social surveys (Ware et 

al., 2017), the sample of respondents who were genotyped in the genetic data was 

healthier and longer-lived as compared with birth-cohort peers in the general ELSA data 

(as shown in Table 3.4 in the previous chapter). Therefore, in one of the sensitivity 

analyses, I estimated the same models using the weighted sample. The inverse 

probability weighting (IPW) was applied in the sensitivity analyses to account for the 

selection bias and missingness in the genetic sample. Second, due to a survey error, the 

last item of the CESD-8 questionnaire for depressive symptoms was not administered 
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for around 75% of the sample in the first wave of the ELSA COVID-19 sub-study. I 

assumed that these CESD-8 item data were missing completely at random (MCAR). I 

used multiple imputation (MI) by chained equations with all variables of the analysis 

included as predictors of the imputation models as well as auxiliary variables, including 

age, sex, education, wealth, employment, etc. 20 imputations were used and then the 

regression estimates were pooled across the imputed datasets using Rubin’s rules 

(Appendix) (Rubin, 1987). 

I conducted four types of sensitivity analyses. First, I estimated the same models using 

the sample of participants with complete data on all variables without imputation. 

Second, I reran the models including the interaction terms between the COVID-19 and 

socioeconomic characteristics (age, wealth, and partnership) in addition to the COVID-

19 and PGSs interaction terms. Third, I investigated the sensitivity of the results using 

inverse probability weighted data. Fourth, I estimated the same models using terciles of 

PGSs rather than continuous PGSs. All analyses were conducted in Stata/SE v18.0. Due 

to participant confidentiality and data protection regulations, the raw data cannot be 

shared directly by the author. Researchers interested in accessing the data must apply 

through the UKDS following the standard procedures. The analysis code necessary to 

reproduce the results are available from the author upon reasonable request. 
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4.4 Results 

This study included respondents of European ancestries from ELSA Wave 9 as well as 

the two waves of the COVID-19 Sub-study. Table 4.5 reports the descriptive statistics of 

the included sample (2494 observations) and non-included sample at the ELSA Wave 9. 

The mean age in this sample is 73.4. 55.0% of the sample is male. The included 

genotyped sample are generally older, wealthier and healthier. The genetic 

characteristics of the included sample are close to the original genetic sample. 

Table 4.5 Comparison of the sample included vs. non-included from the ELSA COVID-

19 longitudinal study 

  

Included 

(N=2494) 

Non-included 

(N=2652) 

P Value (T-test/ Chi-

squared test) 

(Mean, SD)      

Age 73.4 6.5 64.5 9.2 <0.001 

Depressive symptoms CESD-8 1.2 1.6 1.3 1.8 0.006 

Loneliness 3.9 1.4 4.1 1.5 <0.001 

Quality of Life CASP-12 39.3 5.5 39.0 6.0 0.030 

Anxiety GAD-7 9.5 3.7 10.3 4.3 <0.001 

PGS for Depressive symptoms  5224.4 13.6    

PGS for Depressive symptoms 

(standardised) 

0.0 1.0    

PGS for Major depressive 

disorder-2018 

-202.5 22.3    

PGS for Major depressive 

disorder-2018 (standardised) 

-0.0 1.0       

PGS for Loneliness 

34514.

4 

70.3    
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Included 

(N=2494) 

Non-included 

(N=2652) 

P Value (T-test/ Chi-

squared test) 

PGS for Loneliness 

(standardised) 

-0.0 1.0    

PGS for Anxiety disorders  7450.2 25.4    

PGS for Anxiety disorders 

(standardised) 

-0.0 1.0       

(Percentage)      

Sex, Female   55.0%  58.8% 0.005 

Ethnicity, White  100.0%  92.8% <0.001 

Couple Relationship, Partnered  68.3%  67.3% 0.130 

Education      

Low  37.9%  22.9% 

<0.001 Middle  39.9%  50.1% 

High  22.3%  27.0% 

Long-standing -illness  50.5%  50.5% <0.001 

Wealth      

Lowest  12.2%  19.2% 

<0.001 Middle  28.9%  29.1% 

Highest  58.9%  51.7% 

Work Status       

Retired  83.6%  47.7% 

<0.001 Employed  12.3%  42.8% 

Other    4.1%   9.5% 

Note: Means (SD) or proportions shown. Differences tested with t-tests or chi-square. Non-included 

respondents are ELSA participants not in genotyped analytic sample. Use IPW in sensitivity analyses. 

 

Figure 4.1 and Table 4.6 present the changes in mental health outcomes before and 

during COVID-19, with higher percentages of depression, loneliness and anxiety, and 

lower percentages of good quality of life in both sexes, which all indicate poorer mental 



- 184 - 

 

health outcomes. There is a significant sex difference in the mental health outcomes, 

with poorer mental health scores among men than women. Some recent molecular and 

empirical studies have also suggested sex-dependent or sex-specific effects on mental 

health. Therefore, I stratified by sex in the following analyses. 

 

Figure 4.1 Mental Health Trajectories before and after the COVID-19 Pandemic 

Note: Sample = ELSA analytic sample (genotyped subset with valid outcomes; N = 2,494). Points 

are sample means for each wave; vertical bars are 95% confidence intervals. Waves: Wave 9 

(pre-pandemic, 2018–19); COVID Wave1 (June–July 2020); COVID Wave2 (Nov–Dec 2020).  
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Table 4.6 Descriptive changes in mental health before and during COVID-19 by sex 

  ELSA Wave9 

ELSA COVID 

Wave1 

ELSA COVID 

Wave2 

  Male Female Male Female Male Female 

Depression, % 5.2 11.4 14.0 23.9 14.5 26.2 

    Chi2 Test P Value by Sex <0.001 0.009 <0.001 

    Chi2 Test P Value by Wave <0.001 

Loneliness, % 21.7 27.3 24.5 36.8 25.1 37.0 

    Chi2 Test P Value by Sex 0.002 <0.001 <0.001 

    Chi2 Test P Value by Wave <0.001 

Quality of Life, % 81.3 80.3 78.7 73.0 75.0 69.0 

    Chi2 Test P Value by Sex 0.548 0.001 0.001 

    Chi2 Test P Value by Wave <0.001 

Anxiety, %  27.8 40.9 30.4 44.5 

    Chi2 Test P Value by Sex  <0.001 <0.001 

    Chi2 Test P Value by Wave 0.021 

 

I examined the within-person effects of the COVID-19 pandemic on mental-health 

outcomes and then report how those effects are moderated by polygenic scores. The 

analysis employs a series of two-way fixed-effect regressions to exploit within-

individual variation. To account for potential structural differences in how the pandemic 

and genetic risks affect mental health across genders, all models are estimated separately 

for males and females rather than merely adjusting for sex as a covariate. Figures 4.2 

and 4.3 provide a comprehensive suite of coefficient plots delineating the results from 

these interaction models. Each figure is organized into five distinct panels, facilitating a 

systematic comparison across diverse psychological and well-being dimensions: (A) 

depressive symptoms (D) (CES-D 8 scale), (B) the binary probability of major 
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depressive disorder (MDD) (caseness threshold of CESD-8 ≥ 4), (C) loneliness, (D) 

quality of life (QoL) (CASP-19 scores), and (E) anxiety symptoms. Within each panel, 

the visualisation contrasts the baseline pandemic main effect (the Post COVID-19 

indicator) against specific G×E interaction terms (e.g., Post × PGS MDD). This multi-

panel structure is designed to allow for a direct comparative assessment of how the same 

exogenous environmental shock—the COVID-19 pandemic—is differentially 

moderated by various genetic risks across different outcomes. The x-axis represents 

exponentiated coefficients (Incidence Rate Ratios, IRRs), where a value of 1.0 denotes 

the null hypothesis. This facilitates the immediate identification of whether a specific 

polygenic score amplifies or attenuates the pandemic’s impact. To ensure the robustness 

of these findings, sensitivity analyses are summarised in Supplement S4.1. Full 

regression estimates, including standard errors, are documented in Supplementary 

Tables S4.2–S4.11. To quantify the explanatory power of the gene-environment (G×E) 

interactions, I calculated approximate effect sizes ΔR² and Cohen’s f² for each model 

using linear fixed-effects regressions as an approximation (Table S4.12). These metrics 

reflect how much additional variance in mental health outcomes is explained by the 

interaction terms.  

Main Effects of the COVID-19 Pandemic 

Consistent with the descriptive analyses, the pandemic had an adverse overall effect on 

mental health. These are the main pandemic effects (Post COVID-19) rather than the 

G×E interactions: across sexes the pandemic is associated with more depressive 

symptoms, major depressive disorder and loneliness and with lower QoL, with anxiety 

increases more consistently observed among females. 
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Specifically, For females, the pandemic is associated with statistically significant 

adverse changes: depressive symptoms increase (Post COVID‑19: IRR = 1.562, SE = 

0.062; 95% CI 1.441–1.683; Table S4.7), indicating a 56.2% higher expected CESD‑8 

score post‑pandemic, and the probability of major depressive disorder rises substantially 

(Post COVID‑19: IRR = 2.275, SE = 0.204; 95% CI 1.877–2.758; Table S4.8), 

indicating a 2.28‑fold higher risk of caseness; loneliness increases (Post COVID-19: 

IRR = 1.085, SE = 0.011; Table S4.9) and quality‑of‑life scores decline (Post COVID-

19: IRR = 0.952, SE = 0.004; Table S4.10). These female main effects are robust across 

the sensitivity checks reported in Supplement S4.1.  

For males the adverse shift is more outcome‑specific: the Post COVID-19 indicator is 

not consistently significant for continuous depressive symptoms or major depressive 

disorder (DS: IRR = 1.016, SE = 0.068, Table S4.2; MDD: IRR = 0.846, SE = 0.114, 

Table S4.3), loneliness shows no consistent post effect (Post COVID-19: IRR = 0.989, 

SE = 0.008; Table S4.4), whereas quality of life exhibits a small but statistically 

significant post change (Post COVID-19: IRR = 1.015, SE = 0.003; Table S4.5) and 

anxiety increases at the Nov–Dec 2020 wave (Nov–Dec 2020: IRR = 1.018, SE = 0.010; 

Table S4.6).  
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Figure 4.2 Post × PGS Interaction Effects on Mental‑Health Outcomes (Males) 

Note: “Post COVID-19” denotes observations collected in the two ELSA COVID substudies (June–

July 2020 and November–December 2020). The Post indicator equals 0 for the pre‑pandemic 

baseline (ELSA Wave 9, 2018–19) and 1 for the two COVID substudy waves. For anxiety models 

that use a wave‑specific indicator, the Nov–Dec 2020 occasion is modelled separately. Coefficient 

plot of exponentiated coefficients (IRRs) from TWFE models. Each symbol represents an IRR for 

Post or Post×PGS from separate models for PGS DS, PGS MDD, PGS AD, PGS Loneliness. Error 

bars = 95% CIs. See Supplementary Tables S4.2–S4.7 for full coefficients and sample sizes. 

Exponentiated coefficients (IRR) reported; value 1 = null. 
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Figure 4.3 Post × PGS Interaction Effects on Mental‑Health Outcomes (Females) 

Note: As Figure 4.2 but for the female sample. See Tables S4.7–S4.12 for full results. 

 

These estimates describe the direct effects of the pandemic (the COVID-19 pandemic 

main effects), not the COVID × PGS interaction; the observed sex differences in these 

main effects further justify sex‑stratified analyses. Overall, the pandemic’s impact 

manifests as a universally detrimental shift in mental health trajectories for both men 

and women. However, the magnitude of these changes exhibits a distinct gender 

gradient: while both sexes experienced significant declines, the effect sizes for females 

are notably larger, especially regarding the increased depressive symptoms and the 

increased probability of major depressive disorder. 
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PGS × Pandemic (G×E) Interactions  

The GxE interaction effects are heterogeneous across PGSs, mental health outcomes and 

sex. The clearest interaction signal emerges for major depressive disorder in males. 

Figure 4.2 and Table S4.3 report a Post × PGS MDD interaction of IRR = 2.683 (SE = 

0.402; approximate 95% CI 1.90–3.47; p < 0.01), indicating a substantial increase in the 

within‑person post effect for men with higher genetic risks for MDD.  

For females the Post × PGS MDD interaction on MDD is positive and statistically 

detectable but markedly smaller: Table S4.8 reports IRR = 1.104 (SE = 0.046; p < 0.01). 

The female effect therefore indicates modest genetic amplification of pandemic‑related 

MDD risk, yet ΔR²/f² for this cell (Table S4.12) are an order of magnitude smaller than 

for males. In short, both sexes show PGS MDD moderation of major depressive 

disorder, but the male effect is substantially larger in both relative and absolute terms. 

Results for continuous depressive symptoms exhibit less consistency across models. 

While the interaction between the pandemic and PGS DS among males (Table S4.2) 

suggests a significant relative increase in depressive symptoms reported (IRR = 1.592, 

SE = 0.086), the incremental variance explained remains negligible (Δ𝑅2 ≈ 0.001; 

Table S4.12). When these relative estimates are converted into absolute CES-D 8 scores 

through marginal analysis, the resulting shifts in predicted symptom counts appear 

substantively minor. To illustrate this, marginal analysis shows that for a male 

individual at the mean level of genetic risk (PGS DS = 0) the onset of the pandemic is 

associated with an increase in the expected CES‑D‑8 count of approximately 0.465 units 

(dy/dx = 0.4648; SE = 0.0539; 95% CI = 0.3591–0.5704). For an individual at +1 SD of 

genetic risk for DS (roughly the upper‑middle of the distribution) the predicted increase 

is approximately 0.469 units (dy/dx = 0.4694; SE = 0.0725; 95% CI = 0.3273–0.6115). 
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The absolute difference between these two marginal effects is therefore only ≈0.0047 

CES‑D‑8 units (0.4694 − 0.4648 ≈ 0.0047), which a negligible amount. Given that the 

standard deviation of the CES‑D 8 score in this analytic sample is 1.6) the 

pandemic‑associated increase at the mean corresponds to ≈0.465/1.6 ≈ 0.29 SD, whereas 

the difference in that increase between mean and +1 SD individuals corresponds to 

≈0.0047/1.6 ≈ 0.003 SD. Thus, although the Post × PGS interaction is statistically 

detectable in the model, the increment in average symptom counts attributable to higher 

genetic liability is functionally trivial on the CES‑D‑8 scale. 

Among females, Post×PGS interactions for depressive symptoms are generally closer to 

unity (Table S4.7) and lack robustness across different specifications. In sensitivity 

checks, the directional patterns for depressive symptoms mirror those for major 

depressive disorder, yet the statistical evidence is considerably weaker. This is 

consistent with the theoretical expectation that acute environmental shocks may trigger 

clearer G×E signals in extreme clinical outcomes than in modest shifts across a 

continuous symptom distribution. 

Anxiety models use a Nov–Dec 2020 indicator for the second pandemic wave. The 

Nov‑Dec × PGS AD interaction is statistically detectable in both sexes but of vanishing 

practical magnitude. In males (Table S4.6) Nov‑Dec × PGS AD IRR = 0.981 (SE = 

0.009; p < 0.05) and in females (Table S4.11) IRR = 0.975 (SE = 0.010; p < 0.01). Both 

IRRs are very close to 1 and Table S4.12 shows essentially zero incremental variance 

explained (ΔR² ≈ 0, f² ≈ 0). Margins convert these IRRs into absolute 

predicted‑probability differences well below one percentage point. Therefore, although 

the sign is consistent and reproducible across some robustness checks, the interaction is 

practically negligible at the population level. 
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Across PGS specifications I find little evidence of meaningful G×E moderation for 

loneliness or QoL. Some interaction coefficients for loneliness (for example, male 

Post×PGS Loneliness reported as IRR ≈ 1.035 in Table S4.4) achieve statistical 

significance because standard errors are small, but the relative magnitudes are tiny, and 

margins imply minimal absolute changes; ΔR²/f² values for these interactions are orders 

of magnitude smaller than conventional thresholds for practical importance (Table 

S4.12). QoL models similarly show Post×PGS estimates clustered around 1 in both 

sexes (Tables S4.5 and S4.10) and negligible explained variance. In short, the 

coefficient plots (Figures 4.2–4.3) and full regressions (Tables S4.4, S4.5, S4.9, S4.10) 

together indicate no consistent, policy‑relevant moderation of pandemic effects on 

loneliness or QoL by the PGSs tested. 

Across 𝐺 × 𝐸 outcomes, the values of f² were generally small (e.g., f² < 0.01), 

suggesting that while the 𝐺 × 𝐸 interactions are statistically observable, their practical 

effect sizes are limited (Table S4.12). This aligns with the broader literature indicating 

small effect sizes in polygenic score × environment studies (Dudbridge, 2013; Keller, 

2014). The highest observed effect sizes were in models where PGS MDD interacted 

with the pandemic to predict major depressive disorder among males, supporting the 

earlier graphical findings (Figures 4.2-3). 

The interaction effect of PGS MDD and Post COVID-19 on depression for males is 

demonstrated in Figure 4.4. The X-axis is the standardized polygenic score for major 

depressive disorder, and the Y-axis is the probability of major depressive disorder 

(CESD-8 >=4). The solid line represents the time after the COVID-19 pandemic and the 

dash line represents the time before the pandemic.  
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For males, sensitive individuals with a higher PGS for major depressive disorder and 

those who are less sensitive with a lower PGS MDD do not differ from one another with 

respect to depressive symptoms before the COVID-19 pandemic. Differences in overall 

sensitivity, however, lead to a departure such that individuals with a higher PGS MDD 

report significantly higher levels of depressive symptoms in increasingly stressful 

environments after the outbreak of the COVID-19 pandemic compared to those with a 

lower PGS MDD.  

 

Figure 4.4 Marginal effects of PGS MD x Post COVID-19 with 95% CIs 

Note: Predicted probability of major depressive disorder (CESD-8 ≥ 4) at grid points of standardised 

PGS MDD. Dashed = pre-pandemic; solid = post-pandemic. Shaded bands are 95% CIs computed 

using the delta method.  
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In conclusion, the results indicate selective genetic moderation of pandemic‑related 

mental‑health change. The most robust and interpretable G×E signal is the amplification 

of pandemic effects on major depressive disorder by PGS MDD in men — an effect that 

is statistically robust, translates into a meaningful absolute increase in the probability of 

MDD for higher genetic risks, and exhibits the largest interaction effect size in ΔR²/f² 

terms. Other detected interactions are either very small in absolute terms or explain 

negligible additional variance; hence, while genetic heterogeneity contributes to 

differential vulnerability, its practical contribution to population‑level change following 

COVID‑19 is limited. 
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4.5 Discussion 

To my knowledge this is the first study to assess the interactive associations of the 

COVID-19 pandemic and polygenic scores for psychopathology with trajectories of 

mental health, using a nationally representative sample of older people in the UK. My 

analysis revealed several important findings. First, levels of depression, loneliness and 

anxiety increased and ratings of high quality of life decreased significantly during the 

COVID-19 pandemic. Women reported worse mental health than men before and after 

the COVID-19 pandemic and exhibited more negative responses to the pandemic. My 

findings are consistent with previous studies suggesting that older individuals did not 

adapt well to the stressors introduced by the pandemic and experienced more symptoms 

of mental health disorders compared with pre-pandemic levels (Zaninotto, 2022; 

Steptoe, 2021).  

Importantly, my study extends prior research by providing suggestive evidence that 

genetic vulnerability moderated the adverse mental health impact of the COVID-19 

pandemic on older people. Specifically, I found that higher polygenic risks for major 

depressive disorder (PGS MDD) amplified the pandemic’s effect on major depressive 

disorder among men (Post × PGS MDD: IRR = 2.683; SE = 0.402; 95% CI 1.90–3.47), 

with margins indicating appreciably larger absolute increases in MDD probability for 

men in higher PGS strata, in line with the diathesis-stress model emphasizing the 

toxicity of stressful environments (Monroe & Simons, 1991; Robins & Block, 1989). It 

is important to note that the findings presented in this chapter reflect associations 

identified through observational panel analysis and should not be interpreted as causal 

relationships in the strict counterfactual sense. Although the TWFE specification 

controls for all time-invariant individual-level confounders, it cannot fully exclude time-
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varying confounding from unmeasured factors that changed concurrently with the 

pandemic onset. Accordingly, findings are described throughout in terms of associations 

and within-person change rather than causal effects. 

My findings of the 𝐺 × 𝐸 interplay for major depressive disorder support those from 

Colodro-Conde et al. (Colodro-Conde et al., 2018) and Arnau-Soler et al. (Arnau-Soler, 

2019), with an independent sample and study design. Colodro-Conde et al. (Colodro-

Conde et al., 2018) used scores of stressful life events rather than a specific stressful life 

event in a sample of 5221 individuals from 3083 families in Australia. Their findings 

pointed to an extra risk for individuals with combined polygenic vulnerability and a high 

number of reported SLEs beyond the additive contributions of these factors to the 

liability for depression. Arnau-Soler et al. (Arnau-Soler, 2019) tested the stress-diathesis 

model using an independent sample of 4919 unrelated white British participants from 

Generation Scotland, and assessed the differences between women and men, using self-

reported depressive symptoms and recent SLEs. They also found that high PGS MDD 

increased the risk of depression in participants reporting a high number of SLEs.  

At the same time, these interaction effects should be interpreted cautiously. Only a 

subset of the tested 𝐺 × 𝐸 models yielded significant interactions in my study. 

Furthermore, I performed multiple sensitivity checks (complete‑data estimation, 

inclusion of SES interactions, IPW for selection into genotyped sample, and alternative 

PGS codings such as terciles). The male PGS_MDD × Post interaction is directionally 

consistent across many specifications and remains statistically significant in several; 

other interactions are less stable. Therefore, the general pattern does not provide 

conclusive support for the diathesis-stress model. The heterogeneity in 𝐺 × 𝐸 effects is 

well documented and may reflect differences in statistical power, timing of stress 
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exposure, symptom severity, or the psychosocial buffering factors unequally distributed 

across subgroups. Thus, while the current results suggest plausible gene-environment 

interactions—especially for MDD—they also underscore the complexity of this 

interplay and the importance of contextual and biological moderators. Further research 

with larger, diverse samples and harmonized measures is needed to elucidate these 

relationships. 

The sex‑stratified results - larger pandemic main effects among women but stronger 

PGS MDD moderation on major depressive disorder among men - deserve careful, 

non‑speculative interpretation. Possible explanations include baseline differences 

(ceiling/floor effects), sex‑dependent biological expression of genetic liability, and 

gendered differences in coping and help‑seeking. For example, higher baseline symptom 

levels among women might diminish the marginal detectability of Post×PGS effects on 

mean scores, while men with lower baseline prevalence might show sharper relative 

increases that are more likely to cross clinical thresholds. These hypotheses require 

replication and direct tests (biomarkers, measures of social support and help seeking) 

before causal attribution. Moreover, these sex-specific findings are contrary to previous 

research. Colodro-Conde et al. reported PGS MDD × SLEs effects for depression only 

in women, and Arnau-Soler et al. similarly found interactions only among women when 

using continuous SLEs scores. However, when SLEs were categorized into levels to 

investigate diathesis effects, Arnau-Soler et al. detected a significant effect among men 

who reported no stressful events in the prior six months. Such inconsistencies 

underscore the need for replication in larger cohorts and more harmonized measures of 

stress and mental health. While theoretical frameworks like diathesis–stress remain 

valuable, they require a more nuanced operationalisation that accounts for biological 

mechanisms and heterogeneity across subgroups. 
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There are several limitations in this study. First, principally, the sample size in this study 

is 2494, which is relatively small in 𝐺 × 𝐸 studies, resulting in low statistical power for 

detecting interaction effects. A larger sample size and replication of the current findings 

are needed to elucidate how the pandemic interacts with genetic vulnerability for 

depression. Another limitation of this study is that the sample in the ELSA study is 

highly selected and the ELSA genotyping work was conducted in 2013-2014, which will 

induce mortality selection bias. While this study uses inverse probability weighting to 

adjust for non-random selection, observational COVID-19 research is particularly 

susceptible to collider bias (Holmberg, 2022; Griffith, 2020). Analysing the ELSA data, 

compared to the wider cohort of the pandemic-exposed individuals were highly selected 

for a range of genetic, behavioural, cardiovascular, demographic, and anthropometric 

traits. Moreover, if SNP effects vary across stress levels, average 𝐺 × 𝐸 estimates risk 

obscuring meaningful heterogeneity (Zhang, 2024; Tropf, 2017). On the genetic side, 

due to a tiny minority of non-European respondents in the ELSA survey, I only included 

European ancestries. Therefore, the findings using genetic data constructed from 

European ancestry GWAS cannot be generalized to other ancestral populations (Gharbi-

Meliani et al., 2021). In addition, the PGSs employed were based on GWAS that capture 

average effects on phenotypes, not genetic influences on plasticity or variance. As such, 

potential vPGS effects could not be detected (Johnson et al., 2021). On the 

environmental side, since race can shape individual life and health outcomes (Albin, 

1993; Schultz et al., 2008; Taylor et al., 2017), limiting this analysis to European 

ancestries restricts the scope of potential effects of the pandemic that can be observed. 

Lastly, this study focuses on the mental health impact of the COVID-19 pandemic 

among older people. The use of a specific stressful life event may not generalize to other 

measures of exposure to stressors or populations of other age groups. 



- 199 - 

 

In conclusion, mental health deteriorated among older people during the COVID-19 

pandemic and a higher PGS MDD increased the risk of depression after the pandemic 

among males. My findings add to the growing literature on the mental health 

consequences of the COVID-19 pandemic by showing both overall declines in well-

being and suggestive evidence that genetic risks for depression moderated these effects 

among older men. While these findings are preliminary, they highlight the importance of 

incorporating genetic risks into analyses of population health shocks. Future research 

should replicate these findings in larger and more diverse samples, integrate variance-

sensitive polygenic measures, and examine mechanisms through which genetic risks 

interacts with acute and chronic stressors. Such work will be crucial for identifying at-

risk populations and informing targeted interventions to mitigate the long-term mental 

health burden of the pandemic. 
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4.6 Supplement 

Section S4.1 Sensitivity Analyses Results 
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Table S4.2 Full Regression Estimates for Depressive Symptoms Among Males 

Depressive symptoms PGS DS PGS MDD PGS AD 
PGS 

Loneliness 

PGS x COVID 1.592*** 1.590*** 1.592*** 1.593*** 
 (0.086) (0.086) (0.086) (0.086) 

COVID 1.016 1.017 1.016 1.017 
 (0.068) (0.068) (0.068) (0.068) 

3rd Wave 1.003 1.022 0.973 0.965 
 (0.050) (0.053) (0.050) (0.048) 

PC1 0.993 0.907 1.183 1.092 
 (4.188) (3.815) (4.987) (4.602) 

PC2 0.094 0.105 0.095 0.088 
 (0.389) (0.436) (0.392) (0.363) 

PC3 19.903 21.202 19.626 21.845 
 (83.684) (89.264) (82.460) (92.002) 

PC4 0.117 0.111 0.108 0.149 
 (0.519) (0.494) (0.482) (0.666) 

PC5 0.071 0.070 0.074 0.069 
 (0.308) (0.300) (0.320) (0.299) 

PC6 1.937 1.671 2.220 1.984 
 (8.388) (7.257) (9.578) (8.534) 

PC7 3.026 2.817 2.776 3.009 
 (12.929) (12.048) (11.885) (12.860) 

PC8 2.798 2.873 2.557 2.280 
 (11.448) (11.710) (10.404) (9.329) 

PC9 4.963 5.137 5.246 5.777 
 (20.451) (21.193) (21.640) (23.848) 

PC10 0.118 0.123 0.107 0.100 
 (0.517) (0.532) (0.461) (0.430) 

Constant 1.193 1.193 1.192 1.193 
 (0.137) (0.138) (0.138) (0.138) 

Observations 3,369 3,369 3,369 3,369 

General note for Tables S4.2–S4.11: Each table reports full regression coefficients, standard errors (in 

parentheses), and sample sizes (Observations). For count models coefficients are exponentiated and 

presented as IRRs. Significance levels: *** p < 0.01; ** p < 0.05; * p < 0.10.  
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Table S4.3 Full Regression Estimates for Major Depressive Disorder Among Males 

Major depressive disorder PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x COVID 2.712*** 2.683*** 2.731*** 2.730*** 
 (0.405) (0.402) (0.407) (0.407) 

COVID 0.846 0.846 0.846 0.846 
 (0.114) (0.114) (0.114) (0.114) 

3rd Wave 1.114* 1.210*** 1.023 1.040 
 (0.073) (0.080) (0.067) (0.074) 

PC1 0.873 0.678 0.993 1.014 
 (5.079) (3.888) (5.790) (5.907) 

PC2 0.000 0.000 0.000 0.000 
 (0.000) (0.001) (0.000) (0.000) 

PC3 28.836 34.786 27.674 23.659 
 (162.802) (195.346) (157.725) (134.049) 

PC4 20.758 18.459 40.331 32.266 
 (116.830) (102.885) (226.867) (183.402) 

PC5 0.127 0.117 0.116 0.104 
 (0.712) (0.658) (0.651) (0.584) 

PC6 27,505.894* 11,119.460* 37,086.295* 41,184.188* 
 (149,222.783) (60,956.689) (202,501.729) (223,879.694) 

PC7 84.560 54.253 104.646 98.457 
 (456.513) (296.175) (566.128) (533.393) 

PC8 16.013 18.166 23.893 29.113 
 (79.045) (89.699) (116.778) (143.031) 

PC9 1.393 2.128 1.076 0.997 
 (7.738) (11.824) (5.970) (5.495) 

PC10 0.018 0.015 0.011 0.012 
 (0.096) (0.079) (0.061) (0.063) 

Constant 0.051*** 0.051*** 0.051*** 0.051*** 
 (0.007) (0.007) (0.007) (0.007) 

Observations 3,369 3,369 3,369 3,369 
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Table S4.4 Full Regression Estimates for Loneliness Among Males 

Loneliness PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x COVID 1.035*** 1.035*** 1.035*** 1.035*** 
 (0.011) (0.011) (0.011) (0.011) 

COVID 0.989 0.989 0.989 0.989 
 (0.008) (0.008) (0.008) (0.008) 

3rd Wave 0.991 0.986 0.984 0.997 
 (0.009) (0.009) (0.010) (0.010) 

PC1 0.691 0.712 0.731 0.685 
 (0.522) (0.534) (0.552) (0.518) 

PC2 0.874 0.844 0.878 0.884 
 (0.718) (0.691) (0.720) (0.726) 

PC3 0.866 0.844 0.817 0.863 
 (0.696) (0.678) (0.656) (0.693) 

PC4 0.572 0.583 0.537 0.555 
 (0.422) (0.431) (0.398) (0.409) 

PC5 2.985 3.007 2.957 3.002 
 (2.402) (2.419) (2.359) (2.421) 

PC6 1.164 1.229 1.218 1.118 
 (1.041) (1.111) (1.092) (1.002) 

PC7 0.800 0.832 0.767 0.797 
 (0.678) (0.706) (0.652) (0.675) 

PC8 3.106 3.066 2.996 2.952 
 (2.549) (2.527) (2.463) (2.437) 

PC9 0.167** 0.162** 0.171** 0.171** 
 (0.131) (0.126) (0.134) (0.134) 

PC10 1.103 1.122 1.095 1.137 
 (0.906) (0.921) (0.899) (0.935) 

Constant     
 

    
Observations 3,369 3,369 3,369 3,369 
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Table S4.5 Full Regression Estimates for Quality of Life Among Males 

Quality of life PGS DS PGS MDD PGS AD 
PGS 

Loneliness 

PGS x COVID 0.972*** 0.972*** 0.972*** 0.972*** 
 (0.004) (0.004) (0.004) (0.004) 

COVID 1.015*** 1.015*** 1.015*** 1.015*** 
 (0.003) (0.003) (0.003) (0.003) 

3rd Wave 1.001 1.002 0.997 1.002 
 (0.004) (0.004) (0.004) (0.004) 

PC1 1.473 1.473 1.505 1.472 
 (0.428) (0.427) (0.438) (0.427) 

PC2 1.114 1.118 1.114 1.115 
 (0.381) (0.382) (0.381) (0.381) 

PC3 0.923 0.924 0.911 0.918 
 (0.307) (0.307) (0.303) (0.304) 

PC4 1.718* 1.720* 1.726* 1.712* 
 (0.553) (0.554) (0.554) (0.550) 

PC5 1.263 1.264 1.251 1.256 
 (0.437) (0.437) (0.434) (0.436) 

PC6 0.815 0.810 0.832 0.819 
 (0.251) (0.251) (0.259) (0.252) 

PC7 0.674 0.673 0.673 0.674 
 (0.220) (0.220) (0.219) (0.220) 

PC8 1.170 1.175 1.180 1.188 
 (0.390) (0.391) (0.393) (0.396) 

PC9 1.408 1.410 1.407 1.392 
 (0.431) (0.431) (0.430) (0.427) 

PC10 1.124 1.120 1.109 1.124 
 (0.308) (0.307) (0.304) (0.308) 

Constant     
 

    
Observations 3,369 3,369 3,369 3,369 
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Table S4.6 Full Regression Estimates for Anxiety Among Males 

Anxiety PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x Nov-Dec 2020 0.993 0.981** 0.981** 0.992 
 (0.010) (0.009) (0.009) (0.009) 

Nov-Dec 2020 1.018* 1.018* 1.017* 1.017* 
 (0.010) (0.009) (0.009) (0.010) 

PC1 1.216 1.264 1.341 1.225 
 (0.823) (0.851) (0.905) (0.828) 

PC2 0.449 0.426 0.459 0.450 
 (0.367) (0.347) (0.375) (0.367) 

PC3 1.329 1.271 1.244 1.361 
 (1.016) (0.967) (0.946) (1.040) 

PC4 0.192** 0.200** 0.178** 0.194** 
 (0.158) (0.164) (0.145) (0.158) 

PC5 2.760 2.773 2.745 2.820 
 (2.346) (2.347) (2.322) (2.389) 

PC6 0.279 0.309 0.301 0.270 
 (0.224) (0.247) (0.241) (0.216) 

PC7 4.181 4.366* 3.919 4.132 
 (3.681) (3.830) (3.457) (3.636) 

PC8 1.915 1.903 1.847 1.787 
 (1.441) (1.422) (1.376) (1.337) 

PC9 1.905 1.793 1.982 1.992 
 (1.352) (1.271) (1.404) (1.417) 

PC10 1.585 1.574 1.583 1.615 
 (1.158) (1.153) (1.162) (1.188) 

Constant     
 

    
Observations 2,246 2,246 2,246 2,246 
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Table S4.7 Full Regression Estimates for Depressive Symptoms Among Females 

Depressive symptoms PGS DS PGS MDD PGS AD 
PGS 

Loneliness 

PGS x COVID 0.982 0.947 1.011 0.972 
 (0.038) -0.036 -0.04 (0.038) 

COVID 1.562*** 1.566*** 1.561*** 1.561*** 
 (0.062) (0.063) (0.062) (0.062) 

3rd Wave 0.971 0.970 0.970 0.971 
 (0.051) (0.051) (0.051) (0.051) 

PC1 3.092 3.230 2.842 2.889 
 (9.969) (10.432) (9.237) (9.332) 

PC2 0.636 0.520 0.693 0.649 
 (2.049) (1.678) (2.231) (2.086) 

PC3 1.633 1.288 1.850 1.899 
 (5.121) (4.003) (5.758) (5.919) 

PC4 0.283 0.341 0.289 0.295 
 (0.890) (1.075) (0.908) (0.929) 

PC5 0.021 0.021 0.019 0.022 
 (0.070) (0.070) (0.063) (0.072) 

PC6 0.876 0.887 0.897 0.937 
 (2.851) (2.891) (2.926) (3.052) 

PC7 3.310 4.356 3.188 3.002 
 (10.392) (13.686) (10.062) (9.439) 

PC8 0.974 0.920 1.022 0.898 
 (3.172) (2.999) (3.329) (2.929) 

PC9 3.696 3.384 3.638 3.672 
 (11.808) (10.837) (11.642) (11.749) 

PC10 312.858* 304.847* 310.143* 268.087* 
 (995.478) (971.491) (988.657) (857.873) 

Constant 1.640*** 1.648*** 1.638*** 1.640*** 
 (0.156) (0.158) (0.156) (0.156) 

Observations 4,113 4,113 4,113 4,113 
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Table S4.8 Full Regression Estimates for Major Depressive Disorder Among Females 

Major depressive disorder PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x COVID 1.111** 1.104** 0.982 1.024 
 (0.046) (0.046) (0.042) (0.042) 

COVID 2.275*** 2.274*** 2.284*** 2.284*** 
 (0.204) (0.204) (0.205) (0.205) 

3rd Wave 0.874 0.874 0.874 0.874 
 (0.080) (0.081) (0.081) (0.081) 

PC1 0.035 0.039 0.060 0.053 
 (0.128) (0.143) (0.225) (0.197) 

PC2 0.094 0.150 0.056 0.066 
 (0.325) (0.523) (0.193) (0.226) 

PC3 199.969 227.036 129.901 132.769 
 (729.125) (825.182) (475.523) (485.583) 

PC4 10.116 8.163 8.993 8.790 
 (34.277) (27.768) (30.411) (29.932) 

PC5 1.097 1.098 1.408 1.240 
 (3.649) (3.668) (4.677) (4.158) 

PC6 0.521 0.457 0.469 0.419 
 (2.057) (1.802) (1.867) (1.663) 

PC7 101.528 85.880 112.504 122.260 
 (336.251) (284.958) (374.412) (405.552) 

PC8 13.897 14.575 10.306 11.366 
 (42.579) (45.243) (31.759) (34.983) 

PC9 20.875 31.141 27.446 27.384 
 (72.104) (107.468) (94.843) (94.530) 

PC10 7.627 8.429 8.293 9.245 
 (26.889) (29.609) (29.289) (32.628) 

Constant 0.113*** 0.113*** 0.113*** 0.113*** 
 (0.009) (0.009) (0.009) (0.009) 

Observations 4,113 4,113 4,113 4,113 
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Table S4.9 Full Regression Estimates for Loneliness Among Females 

Loneliness PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x COVID 0.996 0.996 0.99 1.003 
 (0.010) (0.010) (0.010) (0.010) 

COVID 1.085*** 1.085*** 1.085*** 1.085*** 
 (0.011) (0.011) (0.011) (0.011) 

3rd Wave 0.993 0.993 0.993 0.993 
 (0.008) (0.008) (0.008) (0.008) 

PC1 0.623 0.623 0.659 0.616 
 (0.536) (0.535) (0.560) (0.531) 

PC2 1.100 1.080 1.072 1.124 
 (0.879) (0.858) (0.858) (0.901) 

PC3 1.852 1.838 1.831 1.871 
 (1.598) (1.576) (1.582) (1.603) 

PC4 1.488 1.502 1.419 1.467 
 (1.124) (1.134) (1.075) (1.107) 

PC5 0.714 0.714 0.736 0.704 
 (0.570) (0.570) (0.588) (0.563) 

PC6 2.429 2.447 2.536 2.445 
 (2.126) (2.140) (2.218) (2.136) 

PC7 0.276 0.279 0.259 0.275 
 (0.231) (0.234) (0.216) (0.230) 

PC8 0.783 0.785 0.798 0.804 
 (0.715) (0.715) (0.731) (0.738) 

PC9 4.530* 4.454* 4.428* 4.466* 
 (3.900) (3.839) (3.813) (3.859) 

PC10 4.096* 4.071* 4.010* 4.119* 
 (3.434) (3.407) (3.355) (3.457) 

Constant     
 

    
Observations 4,113 4,113 4,113 4,113 
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Table S4.10 Full Regression Estimates for Quality of Life Among Females 

Quality of life PGS DS PGS MDD PGS AD 
PGS 

Loneliness 

PGS x COVID 0.998 0.999 0.999 1.002 
 (0.004) (0.004) (0.004) (0.004) 

COVID 0.952*** 0.952*** 0.952*** 0.952*** 
 (0.004) (0.004) (0.004) (0.004) 

3rd Wave 1.014*** 1.014*** 1.014*** 1.014*** 
 (0.003) (0.003) (0.003) (0.003) 

PC1 1.108 1.100 1.151 1.098 
 (0.387) (0.383) (0.402) (0.382) 

PC2 1.010 1.012 0.986 1.026 
 (0.305) (0.307) (0.300) (0.309) 

PC3 0.626 0.629 0.623 0.631 
 (0.190) (0.192) (0.188) (0.190) 

PC4 1.283 1.285 1.252 1.274 
 (0.377) (0.377) (0.368) (0.376) 

PC5 1.482 1.480 1.501 1.473 
 (0.449) (0.449) (0.453) (0.447) 

PC6 1.233 1.235 1.267 1.233 
 (0.395) (0.395) (0.407) (0.395) 

PC7 1.418 1.418 1.366 1.411 
 (0.422) (0.423) (0.404) (0.419) 

PC8 0.996 0.998 0.993 1.008 
 (0.327) (0.328) (0.324) (0.330) 

PC9 0.724 0.720 0.716 0.719 
 (0.228) (0.227) (0.225) (0.226) 

PC10 0.682 0.681 0.677 0.685 
 (0.235) (0.234) (0.233) (0.236) 

Constant     
 

    
Observations 4,113 4,113 4,113 4,113 
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Table S4.11 Full Regression Estimates for Anxiety Among Females 

Anxiety PGS DS PGS MDD PGS AD PGS Loneliness 

PGS x Nov-Dec 2020 0.984* 0.980** 0.975** 1.015 
 (0.010) (0.009) (0.010) (0.010) 

Nov-Dec 2020 1.035*** 1.035*** 1.035*** 1.034*** 
 (0.010) (0.010) (0.010) (0.010) 

PC1 4.522* 4.504* 5.136** 4.329* 
 (3.493) (3.466) (3.957) (3.318) 

PC2 1.117 0.998 1.059 1.211 
 (0.907) (0.815) (0.861) (0.984) 

PC3 0.590 0.576 0.619 0.625 
 (0.461) (0.447) (0.481) (0.485) 

PC4 0.271 0.282 0.240* 0.253* 
 (0.224) (0.232) (0.199) (0.209) 

PC5 1.666 1.679 1.749 1.567 
 (1.337) (1.345) (1.398) (1.259) 

PC6 1.199 1.250 1.358 1.209 
 (0.991) (1.036) (1.122) (0.999) 

PC7 0.628 0.660 0.535 0.620 
 (0.533) (0.556) (0.452) (0.522) 

PC8 1.369 1.344 1.428 1.478 
 (1.142) (1.113) (1.186) (1.234) 

PC9 1.075 1.011 1.012 1.020 
 (0.855) (0.801) (0.801) (0.807) 

PC10 0.258* 0.253* 0.240* 0.267* 
 (0.207) (0.202) (0.192) (0.213) 

Constant     
 

    
Observations 2,742 2,742 2,742 2,742 
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Table S4.12 Approximate Effect Sizes (ΔR² and f²) for Gene × COVID Interactions on 

Mental Health Outcomes 

    

Females Males 

ΔR² Cohen’s f² ΔR² Cohen’s f² 

Depressive symptoms 

PGS DS x COVID 5.88E-07 6.20E-07 5.88E-07 6.20E-07 

PGS MDD x COVID 5.88E-07 6.20E-07 5.88E-07 6.20E-07 

PGS AD x COVID 1.83E-06 1.93E-06 

0.0000398

7 

0.0000416 

PGS Loneliness x 

COVID 

0.0001047

7 

0.0001104

5 

5.66E-08 5.90E-08 

Major depressive 

disorder 

PGS DS x COVID 3.39E-05 3.54E-05 

0.0002254

1 

0.0002328

6 

PGS MDD x COVID 

0.0001337

3 

0.0001398

1 

0.0016723

4 

0.0017302 

PGS AD x COVID 

0.0002708

6 

0.0002832

2 

5.45E-05 5.63E-05 

PGS Loneliness x 

COVID 

0.0003376

2 

0.0003530

4 

0.0003376

2 

0.0003530

4 

Loneliness 

PGS DS x COVID 

0.0000384

2 

0.0000399 

0.0004733

2 

0.0004789

1 

PGS MDD x COVID 

0.0000551

2 

0.0000572

5 

0.0012093

1 

0.0012245 

PGS AD x COVID 

0.0004902

1 

0.0005093

5 

0.0016899

5 

0.0017120

2 

PGS Loneliness x 

COVID 

8.04E-05 8.35E-05 5.19E-05 5.24E-05 

Quality of life PGS DS x COVID 

0.0001193

6 

0.0001291

1 

9.69E-05 

0.0001001

4 
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Females Males 

ΔR² Cohen’s f² ΔR² Cohen’s f² 

PGS MDD x COVID 4.64E-06 5.01E-06 

0.0001160

7 

0.0001200

2 

PGS AD x COVID 

0.0013554

7 

0.0014681

7 

0.0003902

8 

0.0004036

7 

PGS Loneliness x 

COVID 

0.0001323

3 

0.0001431

5 

0.0001890

9 

0.0001955

4 

Anxiety 

PGS DS x COVID 0 0 0 0 

PGS MDD x COVID 0 0 

0.0001890

9 

0.0001955

4 

PGS AD x COVID 0 0 0 0 

PGS Loneliness x 

COVID 

0 0 0 0 

Note: Effect‑size table reports ΔR² and Cohen’s f² computed from linear FE approximations. 
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Chapter 5 

Conclusion 

 

Summary of Findings 

This thesis examined how genetic risks interact with social and environmental exposures 

to shape cognitive function and mental health in later life, drawing on data from the 

English Longitudinal Study of Ageing (ELSA). Across three empirical studies 

employing distinct methodologies, the findings converge on a central argument: ageing 

trajectories are neither uniform nor biologically predetermined, but emerge from the 

dynamic interplay between individual genetic endowments and the structural, social, and 

historical conditions of the life course. 

The first empirical study applied group-based trajectory modelling to characterise 

heterogeneity in cognitive and mental health pathways among older adults in England 

from 2008 to 2018. Three distinct memory trajectories were identified—"low and 

decreasing" (17.6%), "stable medium" (51.4%), and "stable high" (31.0%)—alongside 

five depressive symptom trajectories: "stable low" (27.5%), "increasing" (13.9%), 

"stable medium" (34.6%), "decreasing" (12.2%), and "stable high" (11.8%). 

Socioeconomic gradients were pronounced throughout. Higher educational attainment 

was associated with a 13.8 percentage point reduction in the probability of belonging to 

the most adverse memory trajectory and a 21.5 percentage point increase in the 

probability of maintaining the most stable cognitive profile. Early-life socioeconomic 

conditions, proxied by father's occupational status at age 14, independently predicted 

late-life trajectory membership—children of high-skilled fathers were 10.1 percentage 

points more likely to maintain high cognitive stability—underscoring the long reach of 
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childhood disadvantage into late-life health. Women were more likely than men to 

follow the stable high memory trajectory, but also more likely to experience elevated 

and persistent depressive symptoms, reflecting well-documented sex differences in both 

cognitive and mental health ageing. Contemporaneous analyses within trajectory groups 

further showed that wealth, employment, and self-rated health all predicted within-

person deviations from expected cognitive and mental health scores, with effects 

concentrated among those already following adverse trajectories—suggesting that 

socioeconomic resources provide critical protection precisely for those most biologically 

vulnerable. 

The second empirical study exploited the 1947 compulsory schooling reform in England 

as a natural experiment to estimate the causal impact of education on late-life cognition 

and how this effect is moderated by genetic risk. Using a fuzzy regression discontinuity 

design, the analysis found that an additional year of compulsory schooling improved 

memory scores among less-educated males by approximately 0.43–0.45 standard 

deviations, consistent with prior evidence from the same reform (Banks & Mazzonna, 

2012). The novel contribution, however, was the identification of a crossover interaction 

between APOE4 status and educational attainment among females for executive 

function. Among female APOE4 carriers, those who left school at or before age 14 

showed markedly higher executive function than non-carriers (margin = +0.989), while 

those exposed to an additional year of compulsory schooling scored substantially lower 

(margin = −1.560)—a within-carrier difference of approximately 2.5 units (1.7 SD) on 

the composite executive function score. This crossover pattern is consistent with the 

differential susceptibility framework, in which the APOE4 allele confers heightened 

environmental sensitivity rather than simply increasing risk. 



- 218 - 

 

The third empirical study examined the mental health consequences of the COVID-19 

pandemic using a two-way fixed-effects design. The pandemic was associated with 

broadly adverse mental health outcomes for both men and women: depression, 

loneliness, and anxiety increased, while quality of life declined. Women experienced 

larger main effects—a 56.2% higher expected CES-D 8 score and a 2.28-fold higher 

probability of major depressive disorder post-pandemic. The key G×E finding 

concerned men: a higher polygenic score for major depressive disorder (PGS MDD) 

substantially amplified the pandemic's effect on MDD risk (Post × PGS MDD: IRR = 

2.683; 95% CI 1.90–3.47), with marginal analyses confirming appreciably larger 

absolute increases in MDD probability across higher genetic risk strata. This finding is 

consistent with the diathesis-stress model, under which acute environmental stressors 

reveal and amplify latent genetic vulnerabilities that remain masked in more stable 

conditions. 

Taken together, these three studies demonstrate that genetic risks do not operate 

independently of social context, and that the patterning of health in older age reflects the 

accumulated interplay of biology, environment, and historical circumstance. The 

methodological contribution—combining polygenic scores with quasi-experimental 

designs within a life-course framework—advances on prior observational G×E research 

by reducing confounding and gene–environment correlation. 

Intellectual honesty requires, however, that these contributions be situated alongside a 

limitation that runs through all three empirical chapters: the effect sizes are uniformly 

small. In Chapter 3, OLS-approximated ΔR² values for G×E interaction terms range 

from less than 0.001 to 0.006 (Cohen's f² = 0.000–0.006), well below the conventional 

threshold for even a "small" effect (f² = 0.02). In Chapter 4, the most robust finding—

the male PGS MDD × pandemic interaction on MDD (IRR = 2.683)—is the largest 
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effect observed, yet it accounts for only a negligible fraction of total variance, and most 

other G×E interactions are practically trivial in absolute magnitude. These small effect 

sizes are not a failure of design; they are consistent with the broader G×E literature and 

reflect the polygenic and environmentally complex nature of the outcomes (Keller, 

2014; Dudbridge, 2013). But they mean that the findings should be read as proof of 

concept and preliminary directional evidence, not as definitive estimates on which 

strong policy or clinical decisions should rest without replication. 

Theoretical Contributions 

Beyond its empirical findings, this thesis makes substantive contributions to three 

intersecting theoretical traditions: the social determinants of health, the life-course 

perspective, and gene–environment interaction theory. 

Social determinants of health. The thesis engages directly with a well-established 

theoretical tradition arguing that health is fundamentally shaped by social conditions 

rather than biology alone. From the Black Report's documentation of socioeconomic 

health gradients (Townsend & Davidson, 1982) through Marmot's work on the social 

gradient in health (Marmot et al., 1991; Marmot, 2005), to Link and Phelan's 

fundamental cause theory (Link & Phelan, 1995), this literature holds that 

socioeconomic status functions as a "fundamental cause" of health inequalities because 

it confers flexible resources—knowledge, money, power, and social connections—that 

can be deployed to reduce risk or minimise the consequences of disease, regardless of 

the proximate mechanisms in play. The empirical findings of Chapter 2 directly 

instantiate this framework: education and wealth are strong predictors of both cognitive 

and mental health trajectory membership, with effects persisting across time, and 

father's occupation at age 14 independently predicts late-life outcomes even after 
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controlling for adult socioeconomic position—extending the fundamental cause 

argument backward into early life and connecting it to the literature on the long shadow 

of childhood conditions (Ben-Shlomo & Kuh, 2002; Kuh & Ben-Shlomo, 2004). 

Crucially, however, the thesis goes beyond documenting social gradients to ask whether 

genetic endowments modify them—a question that fundamental cause theory has not 

traditionally engaged with. The findings offer a theoretically significant complication: 

the same social intervention can produce heterogeneous biological returns depending on 

genetic profile. Among female APOE4 carriers, an additional year of compulsory 

schooling was associated with lower executive function, while among non-carriers and 

males it was neutral or beneficial. This suggests that social determinants of health 

operate through biologically heterogeneous pathways, and that the effectiveness of 

social interventions cannot be evaluated without attention to genetic variation in 

responsiveness. Rather than undermining the social determinants framework, this 

extends it: it calls for a biosocial account in which genetic susceptibility is itself socially 

patterned and socially expressed, and in which policies targeting social exposures may 

not close health inequalities uniformly across genetically diverse populations. 

Life-course theory. This thesis situates its analyses within Elder's life-course paradigm 

(Elder et al., 2003) and the life course cube (Bernardi et al., 2019), which organises 

individual trajectories along three intersecting dimensions: historical time, institutional 

contexts, and linked lives. Each empirical chapter can be read as an application of this 

framework. Chapter 2 documents the cumulative effects of socioeconomic exposures 

across time, showing how early-life disadvantage and adult resources combine to shape 

late-life trajectories—consistent with the life-course principles of cumulative advantage 

and linked lives. Chapter 3 exploits a specific historical turning point—the 1947 

compulsory schooling reform—as an exogenous shock to the institutional context of 
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education, demonstrating that macro-level institutional change can have lasting 

biological consequences decades later. Chapter 4 uses the COVID-19 pandemic as a 

further historical shock, showing how acute disruption to the social environment 

amplifies latent genetic vulnerabilities in sex-differentiated and outcome-specific ways. 

The theoretical contribution is to demonstrate that genetic risks are not life-course 

constants but life-course variables: their expression depends on the historical moment, 

the institutional environment, and the social resources available to individuals at critical 

junctures. This moves beyond static G×E models toward a dynamic, life-course 

conception of gene–environment interplay—in which the question is not simply "does 

environment moderate genetic risk?" but "when, for whom, and under what institutional 

conditions does this moderation occur?" 

Gene–environment interaction theory. The G×E literature has been shaped by two 

competing theoretical frameworks. The diathesis-stress model (Monroe & Simons, 

1991) proposes that genetic variants increase vulnerability to adverse environmental 

exposures, such that high-risk genotypes produce worse outcomes under stress while 

genetic differences are masked in benign environments. The differential susceptibility 

model (Belsky & Pluess, 2009) proposes instead that certain genetic variants confer 

heightened sensitivity to environments in both directions—functioning as plasticity 

alleles rather than simple risk alleles, making carriers both more harmed by adversity 

and more benefited by positive conditions. These frameworks make different predictions 

about interaction shape and carry different implications for intervention. 

The findings of this thesis provide differentiated support for each. The COVID-19 

results—where PGS MDD amplified pandemic-related MDD risk among men—are 

most consistent with the diathesis-stress model: genetic predisposition for depression is 
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expressed most strongly under acute stress. The APOE4 × education crossover 

interaction in Chapter 3—where APOE4 carriers outperform non-carriers at low 

education but underperform at higher education—is most consistent with the differential 

susceptibility model: APOE4 appears to confer sensitivity to both adverse and beneficial 

environmental conditions. Together, the findings suggest that different genetic variants 

may operate through different mechanisms, and that a single unified framework is 

insufficient to capture the range of G×E patterns observable in polygenic, population-

level data. 

The thesis also directly engages with a central methodological critique of the G×E 

literature. Keller (2014) argued that most G×E studies have failed to adequately control 

for gene–environment correlation (rGE): if a genetic variant predicts both the 

environmental exposure and the outcome, apparent interactions may be artefactual 

confounds rather than true biological moderation. By using quasi-experimental 

variation—the 1947 schooling reform and the COVID-19 pandemic—this thesis 

substantially reduces this concern. Both shocks provide exogenous environmental 

variation uncorrelated by design with individual genetic profiles, allowing interaction 

terms to be interpreted with greater causal confidence than is possible in observational 

designs (Fletcher & Conley, 2013; Biroli et al., 2024). This methodological integration 

of the quasi-experimental toolkit with sociogenomic analysis constitutes a concrete 

response to Keller's critique and a model for future G×E research. 

Finally, the thesis contributes to ongoing debates about the interpretive status of 

polygenic scores. PGSs capture additive genetic effects on phenotype means but exclude 

rare variants, gene–gene interactions, and variance-related genetic effects. They are 

better understood as probabilistic indices of average genetic liability than as measures of 

individual genetic destiny. The modest effect sizes observed throughout—G×E terms 
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explaining less than 1% of variance in most models—are consistent with the "fourth law 

of behavioral genetics" (Chabris et al., 2015), which holds that variation in any complex 

trait is associated with many genetic variants of very small effect. This positions PGS-

based G×E research as a tool for detecting systematic population-level patterns of 

differential susceptibility, not for individual prediction or clinical application in its 

current form. 

Strengths and Limitations 

This thesis makes several methodological and substantive contributions to the emerging 

field of sociogenomics and the sociology of health ageing. 

Methodologically, the most important contribution is the integration of polygenic scores 

with quasi-experimental designs. Chapter 3 combined a fuzzy regression discontinuity 

approach—exploiting exogenous variation in schooling induced by a national policy 

reform—with genetic risk measures including APOE4 status and polygenic scores for 

general cognition and Alzheimer's disease. This design reduces the gene–environment 

correlation (rGE) that plagues conventional G×E analyses and provides a stronger basis 

for causal inference about how education moderates genetic expression. Chapter 4 

similarly leveraged the COVID-19 pandemic as a near-exogenous environmental shock, 

using two-way fixed effects to control for time-invariant individual characteristics. 

These quasi-experimental strategies represent a substantive advance over the 

observational designs that dominate the G×E literature, addressing longstanding 

methodological critiques about confounding and reverse causality (Fletcher & Conley, 

2013; Biroli et al., 2024). Chapter 2 provided methodological complementarity by 

employing group-based trajectory modelling to characterise outcome heterogeneity 
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before any genetic analysis, ensuring that the social environmental landscape was well 

characterised. 

Substantively, the thesis generates three novel contributions. First, it demonstrates that 

the protective effect of education on cognitive ageing is not genetically uniform: for 

female APOE4 carriers, an additional year of compulsory schooling was associated with 

lower executive function, suggesting that social advantage can, under certain genetic 

conditions, produce unexpected costs rather than uniform benefits. This challenges 

simplistic policy narratives about education as an unambiguously protective factor and 

enriches theoretical frameworks such as differential susceptibility (Belsky & Pluess, 

2009). Second, the thesis shows that environmental shocks such as COVID-19 can 

activate latent genetic vulnerabilities in ways that are sex-differentiated and outcome-

specific, with the clearest signal appearing for major depressive disorder among men—a 

result consistent with diathesis-stress theory and with the broader literature linking PGS 

MDD to stress reactivity (Colodro-Conde et al., 2018; Arnau-Soler et al., 2019). Third, 

Chapter 2 documents the persistence of early-life socioeconomic influences on late-life 

cognitive and mental health trajectories, extending the life-course paradigm (Elder et al., 

2003; Ben-Shlomo & Kuh, 2002) by showing that father's occupation at age 14 

independently predicts cognitive trajectory membership decades later, even after 

controlling for adult education and wealth. 

Theoretically, the thesis broadens the scope of sociogenomics by embedding genetic 

analysis within a life-course framework. By drawing on Elder's life-course paradigm and 

the life course cube (Bernardi et al., 2019), genetic risks are situated within historical 

time, institutional settings, and linked lives, rather than treated as decontextualised 

biological constants. The COVID-19 pandemic analyses in particular illustrate how a 

shared historical event generates heterogeneous biological responses depending on 
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genetic predisposition—an illustration of the "historical time and place" principle of life-

course theory operating at the genomic level. 

Several important limitations must be acknowledged, and given the examiners' request 

for transparency, the magnitude of effect sizes warrants particular attention. The G×E 

interaction terms across all three empirical chapters explain only a very small fraction of 

variance in outcomes. In Chapter 3, OLS-approximated ΔR² values for interaction terms 

ranged from less than 0.001 to 0.006 (Cohen's f² = 0.000–0.006), well below the 

conventional "small" effect threshold of f² = 0.02. In Chapter 4, similar patterns 

obtained, with the notable exception of the male PGS MDD × Post interaction on MDD 

probability, which showed the largest—but still modest—effect in relative terms (IRR = 

2.683). These small effect sizes are consistent with the broader G×E literature (Keller, 

2014; Dudbridge, 2013) and reflect the polygenic nature of the outcomes under study: 

no single genetic variant or score can be expected to explain large proportions of 

variance in complex behaviours and health outcomes. Nevertheless, this means the 

findings should be regarded as providing preliminary, directional evidence rather than 

definitive causal estimates, and replication in larger and more diverse samples is 

essential before strong conclusions are warranted. 

Statistical power is a related and serious constraint. The genotyped ELSA subsample, 

while appropriate for the analytical designs employed, limits the precision of interaction 

estimates, particularly when stratified by sex. The sample's non-random composition—

genotyped participants are on average older, more educated, and healthier than non-

genotyped ELSA members (as documented in Table 3.4)—introduces survivorship and 

participation bias that inverse probability weighting can only partially address. The 

ELSA sample also draws exclusively from European-ancestry participants, both because 

of the sample's demographic composition and because the polygenic scores were 



- 226 - 

 

constructed from European-ancestry GWAS. This restricts generalisability to non-

European populations and precludes examination of how genetic associations may differ 

across ancestry groups (Gharbi-Meliani et al., 2021). 

The polygenic scores themselves carry inherent limitations. Constructed from GWAS of 

additive effects on phenotype means, the PGSs used in this thesis capture common 

variant contributions to average outcomes but do not detect rare variants, gene–gene 

interactions, gene–environment correlations, or variance-related genetic effects. The 

emerging approach of variance polygenic scores (vPGS), which specifically target loci 

associated with phenotypic plasticity, offers a promising extension that this thesis was 

not in a position to implement (Johnson et al., 2021). Collider bias is also a concern in 

both Chapters 3 and 4: conditioning on education (Chapter 3) or on being a pandemic 

survivor with valid mental health data (Chapter 4) can induce spurious associations 

among variables that share common causes (Akimova et al., 2022). While the quasi-

experimental designs and sensitivity analyses provide some robustness against these 

concerns, they cannot be fully eliminated. 

A further limitation concerns the temporal scope of the analyses. Chapter 3 examines a 

specific historical reform cohort (born 1928–1938) whose educational experiences may 

not generalise to contemporary contexts where the content, quality, and social returns to 

schooling are markedly different. Chapter 4 uses data from only three waves spanning 

2018–2020, capturing the acute pandemic period but unable to assess longer-term 

mental health trajectories as the pandemic receded or as vaccination and social 

restrictions evolved. 

Finally, while the quasi-experimental designs employed in Chapters 3 and 4 

substantially reduce confounding relative to conventional observational studies, the 
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findings of Chapter 4 in particular should be interpreted as associations consistent with 

genetic moderation of pandemic-related distress rather than as evidence of strictly causal 

pathways, given the absence of an unexposed control group and the possibility of time-

varying confounding concurrent with the pandemic onset. 

Policy Implications 

Despite their modest effect sizes, the findings of this thesis carry meaningful 

implications for social and health policy, and for how policymakers think about the 

relationship between education, societal shocks, and health inequality. 

The results from Chapter 2 and Chapter 3 together make a strong case for educational 

investment as a lever for reducing health inequalities in later life. The trajectory analyses 

in Chapter 2 show that higher education is associated with a 21.5 percentage point 

increase in the probability of maintaining the most favourable cognitive trajectory and a 

corresponding reduction in adverse outcomes, across both cognitive and mental health 

domains. These associations are complemented by the causal estimates in Chapter 3, 

which provide quasi-experimental evidence that an additional year of compulsory 

schooling improves memory outcomes among less-educated males. Policies aimed at 

raising educational quality and attainment in disadvantaged communities—or expanding 

access to adult education for those who received limited initial schooling—could yield 

downstream benefits for cognitive ageing at the population level, with the potential to 

reduce inequalities that are currently stratified by early-life socioeconomic conditions. 

However, the G×E findings from Chapter 3 introduce an important qualification. 

Among female APOE4 carriers, an additional year of compulsory schooling was 

associated with lower executive function, suggesting that the benefits of education are 

not genetically uniform and that increased schooling can, under specific genetic 



- 228 - 

 

conditions, have unexpected consequences. This does not argue against educational 

investment—the population-level benefits remain clear—but it does caution against 

assuming that universal educational interventions will produce uniformly beneficial 

outcomes. As genetic screening becomes increasingly feasible, targeted educational 

support or tailored pedagogical approaches for individuals at elevated genetic risk could 

be considered, though this must be approached with significant ethical caution to avoid 

genetic stigmatisation. 

The Chapter 4 findings have direct relevance for mental health policy and pandemic 

preparedness. The demonstration that men with higher genetic liability for depression 

experienced substantially amplified risk of MDD following the onset of COVID-19 

suggests that mental health crisis responses should incorporate genetic and psychosocial 

vulnerability into their design. More practically, this implies that mental health services 

during periods of societal stress should not rely solely on population-level interventions 

but should actively identify and reach out to groups with known risk factors—whether 

biological, socioeconomic, or social—who may face disproportionate burdens during 

crises. The sex-specific pattern of effects (larger main effects for women; stronger 

genetic amplification for men) further suggests that mental health responses need to be 

sensitive to differential pathways of vulnerability rather than adopting a one-size-fits-all 

model. 

More broadly, the consistent finding of socioeconomic gradients in trajectory 

membership, combined with the gene–environment interactions documented in Chapters 

3 and 4, points to a policy conclusion that bridges structural and biological perspectives: 

reducing socioeconomic inequalities in early life—in parental occupation, educational 

access, and economic resources—is likely to reduce the conditions under which genetic 

vulnerabilities are most powerfully expressed. Gene–environment interactions do not 
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operate in a social vacuum; they are embedded in the structural inequalities that 

sociology has long documented. 

Generalisability Beyond the United Kingdom 

All three empirical chapters use ELSA data, and careful consideration of generalisability 

is warranted before findings are applied to other national contexts. 

The compulsory schooling reform exploited in Chapter 3 is specific to the English 

historical context of 1947, and its cognitive effects may not translate directly to other 

educational systems or cohorts. Studies exploiting similar reforms in continental Europe 

have produced mixed results (Schneeweis et al., 2014; Crespo et al., 2014), suggesting 

that the cognitive returns to an additional year of schooling depend on the broader 

institutional environment—including school quality, occupational returns to education, 

and the social meaning of additional credentials within a specific historical moment. The 

APOE4 × education interaction identified in this thesis has not been consistently 

replicated internationally, and the sex-specific pattern may reflect features of post-war 

English social structure that shaped how women experienced additional compulsory 

education. The historical context—immediate post-war England, where women's labour 

market participation and occupational complexity were constrained—is unlikely to 

generalise directly to contemporary educational systems or other national contexts 

where women's education translates more directly into occupational attainment. 

The COVID-19 findings in Chapter 4 may be more internationally comparable, as the 

pandemic constituted a near-universal environmental shock, but the severity of mental 

health effects varied substantially across countries depending on the stringency of 

lockdown measures, social safety net provision, housing conditions, and pre-existing 

population health. The UK experienced some of the longest and most stringent 
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lockdowns in Europe, which may have amplified the mental health impacts observed 

here relative to less restrictive contexts. Moreover, the findings concern older adults 

(aged 50+) in England: younger populations, or those in contexts with stronger extended 

family support networks, may show different patterns of G×E interaction. 

Future cross-national comparative analyses using harmonised genetic and mental health 

data—such as those available through the SHARE network, the Health and Retirement 

Study (HRS), and other coordinated ageing studies—would substantially strengthen the 

evidence base. Such work would enable direct tests of whether the G×E effects 

documented here are specific to the UK context or reflect more universal patterns of 

gene–environment interplay in ageing. 

Directions for Future Research 

Building on these findings, several avenues for future work emerge as priorities. 

First, replication in larger and more diverse samples is essential. The effect sizes 

documented across all three empirical chapters are modest, and the genotyped ELSA 

subsample is demographically constrained. Collaborative, cross-cohort studies—

drawing on the HRS, SHARE, and UK Biobank, among others—would increase 

statistical power, enable sex-stratified analyses with adequate precision, and allow tests 

of whether the APOE4 × education interaction for executive function in women 

replicates in independent samples. 

Second, incorporating multi-ancestry GWAS and diverse population cohorts would 

address the portability problem of polygenic scores. The PGSs used in this thesis were 

constructed from European-ancestry samples, limiting their predictive validity in non-

European populations (Duncan et al., 2019). Future G×E studies should prioritise 
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ancestry-diverse samples and use PGSs derived from multi-ancestry GWAS to ensure 

that findings about gene–environment interplay are not systematically biased by 

ancestral homogeneity. 

Third, the integration of variance polygenic scores (vPGS) and related methodological 

innovations offers a promising extension of this work. Conventional PGSs, constructed 

from GWAS of mean effects, cannot detect genetic effects on phenotypic plasticity or 

differential sensitivity. vPGS, which capture loci associated with variance in outcomes 

rather than means, could provide a more precise instrument for studying differential 

susceptibility (Johnson et al., 2021). Applying vPGS within the quasi-experimental 

frameworks used in this thesis would offer a direct test of the differential susceptibility 

model that goes beyond the indirect evidence currently available. 

Fourth, mechanistic exploration is needed. The statistical interactions documented in 

this thesis identify the existence of G×E effects but cannot characterise the biological or 

psychosocial pathways through which they operate. Future research should investigate 

mechanisms linking genetic variants to cognitive and mental health outcomes—

including neuroinflammatory processes, synaptic plasticity, stress-axis regulation, and 

epigenetic modification. Epigenetic data in particular would allow examination of how 

social conditions—education, socioeconomic stress, pandemic exposure—become 

biologically embedded across the life course, potentially mediating the G×E effects 

documented here (Goossens et al., 2015). 

Fifth, policy evaluation studies are needed to translate these findings into actionable 

knowledge. Could adult literacy and numeracy programmes in mid-life buffer genetic 

risks for cognitive decline? How might mental health services be redesigned for 

genetically vulnerable groups during crises such as COVID-19? Natural experiments 
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evaluating such interventions—analogous to the schooling reform design used in 

Chapter 3—would provide the causal evidence needed to guide policy, moving beyond 

the characterisation of G×E effects toward their modification. 

Finally, interdisciplinary work on the ethical, social, and policy implications of 

sociogenomic research is urgently needed. Findings that link genetic variants to health 

trajectories risk being misinterpreted in deterministic or stigmatising ways if divorced 

from their social context. Future work should engage not only with methodological 

rigour but also with the frameworks of equity, accountability, and inclusivity that are 

essential for ensuring that advances in sociogenomics contribute to health justice rather 

than to new forms of biological essentialism (Dolan et al., 2024; Halley et al., 2024). 

Concluding Remarks 

This thesis has argued that health in older age is the outcome of cumulative, dynamic 

interactions between genes and environments, unfolding across historical time, 

institutional contexts, and individual life trajectories. By combining polygenic scores 

with quasi-experimental designs and embedding both within a life-course framework, it 

has demonstrated that ageing outcomes are neither biologically fixed nor socially 

determined, but emerge from their ongoing interplay. 

The findings underscore three points of practical and theoretical significance. First, 

socioeconomic inequalities in early life—in education, parental occupation, and 

economic resources—cast long shadows over cognitive and mental health trajectories in 

later life, and these inequalities structure the conditions under which genetic 

vulnerabilities are expressed. Second, the benefits of social interventions such as 

education are not genetically uniform: the same environmental exposure can have 

protective effects for some individuals and adverse effects for others, depending on their 



- 233 - 

 

genetic profile. Third, acute societal shocks reveal and amplify latent genetic 

predispositions, producing health inequalities that have both structural and biological 

dimensions. 

These findings, while modest in effect size and preliminary in nature, point toward a 

more nuanced understanding of healthy ageing than either purely biological or purely 

social accounts can provide. Policy responses to cognitive decline and mental health 

deterioration must therefore address both structural inequalities and biological 

heterogeneity—not as competing priorities, but as complementary dimensions of a 

shared challenge. Investing in education, reducing socioeconomic disadvantage, and 

strengthening mental health infrastructure are not alternatives to understanding genetic 

risk; they are the structural conditions through which genetic risks are most 

consequentially expressed, and through which they can most effectively be mitigated. 

Ultimately, the contribution of this thesis lies in bridging disciplinary boundaries—

between sociology, genomics, and epidemiology—to demonstrate that a just and 

comprehensive understanding of ageing requires sustained attention to both structure 

and biology, and to the interactions between them. 
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