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Abstract
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This thesis investigated selected aspects of the role socioeconomic position and physical activity
play in cardiometabolic health and disease, focusing on cardiometabolic traits and consequences
of type 2 diabetes. Study I was based on the Avon Longitudinal Study of Parents and Children.
Study II was based on the Swedish Infrastructure for Medical Population-Based Life-Course and
Environmental Research, and on summary data from genome-wide association studies. Study
III and Study IV were based on Swedish national registers.

Study I examined whether between-individual variability in systolic blood pressure was
larger in groups with a lower socioeconomic position in an English birth cohort followed until
25 years old. It also assessed whether socioeconomic position was associated with within-
individual variability in systolic blood pressure. There was a clear socioeconomic gradient in
between-individual variability in blood pressure only among females, from 3 to 17 years-old.
Socioeconomic position was inversely associated with within-individual variability in blood
pressure.

Study II assessed whether education was associated with trajectories of circulating
metabolites among older Swedish adults, and determined whether observed associations
reflected a causal effect through Mendelian randomisation. We found a social gradient between
educational attainment and the concentration of 95 circulating metabolites in cohorts of older
Swedish adults. Results from Mendelian randomisation suggested a protective effect of longer
education on metabolites’ concentration, mediated by body mass index.

Study III was conducted among Swedish adults with type 2 diabetes. It found inequalities
in mortality and major cardiovascular events disfavouring individuals at risk of poverty. We
ascertained whether raising income among those individuals would lead to a reduction in
inequalities. Our analyses did not indicate that this would be the case.

Study IV assessed whether physical activity was associated with the incidence of lower-
extremity complications among Swedish adults with type 2 diabetes, and determined the
prognostic value of physical activity for these complications. While low physical was associated
with an increased incidence of lower-extremity complications, physical activity had little added
prognostic value beyond prognostic factors commonly used in clinical practice.

This thesis highlighted some of the underexplored roles that socioeconomic position and
physical activity play in cardiometabolic health and disease.
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Introduction 

Cardiometabolic disease, cardiometabolic health 
The first mention of “cardiometabolic disease” recorded in PubMed® dates 
back to 19991 and comes from an article written by LS Pescatello and pub-
lished in Sports Medicine (1). This article, however, cited an earlier article 
from the same year and the same author but not indexed in PubMed® (2). 
There, the concept of cardiometabolic disease referred “to blood pressure, 
blood lipids and lipoproteins, blood glucose, and/or abdominal fat content as 
they impact heart and metabolic health” (2). The formulation of this concept 
was justified in the following way: 

The health of the heart is closely tied to one's metabolic health. Many physi-
cians are recognizing this relationship when treating heart disease by attending 
to the diseases and conditions of the MS [metabolic syndrome] as well. For 
these reasons, the term cardiometabolic disease is proposed to encompass the 
MS disorders that are predictive of heart disease, stroke, and type 2 diabetes 
mellitus. (2) 

In both articles, a figure displayed the “interrelated concepts” of cardiometa-
bolic disease. Abdominal adiposity, hypertension, dyslipidaemia, and hyper-
insulinemia were linked with cardiovascular disease and type 2 diabetes by 
the metabolic syndrome (1, 2). In those articles, therefore, “cardiometabolic 
disease” referred not only to discrete disease endpoints such as strokes or my-
ocardial infarctions, but also to detrimental levels of ever-present traits such 
as blood pressure or lipids, and to their interrelations. Cardiometabolic health, 
on the other hand, implicitly referred to the other side of the same idea, its 
counterpart, but also to something that can be optimised, and therefore is not 
only the absence of cardiometabolic disease (1, 2).  

Discussions of cardiometabolic disease might focus on discrete (or discre-
tized) categories and define it as 

 
1 The search can be performed with this link: https://pubmed.ncbi.nlm.nih.gov/?term=“cardi-
ometabolic+disease”&filter=years.1900-1999 
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a group of interconnected disorders including metabolic diseases, like obesity 
and type 2 diabetes mellitus […] coupled with cardiovascular complications 
such as ischemic heart disease […] and heart failure […] (3). 

In reality, obesity is delineated by turning a continuous assessment of body 
mass index (BMI) into a discrete one, usually using the definition from the 
World Health Organization (4). Similarly, hypertension is often diagnosed 
based on cut-offs applied to systolic and diastolic blood pressure (5). Type 2 
diabetes is also often diagnosed using cut-offs for continuous measures, 
whether based on fasting plasma glucose, post-load plasma glucose, or gly-
cated haemoglobin (HbA1c), even if the presence of symptoms of hypergly-
caemia can also be used as diagnostic criterion (6, 7). However, although type 
2 diabetes is not a discrete event in the same way as a stroke, the underlying 
process leading to it can give rise to consequences that will become discrete 
events, such as loss of consciousness due to ketoacidosis. For practical pur-
poses, we can distinguish between disease endpoints (type 2 diabetes, strokes, 
etc.) and the value of ever-present traits that also fall under the category of 
risk factors for disease (e.g., systolic blood pressure, triglycerides). This dis-
tinction is to some extent arbitrary, but studies often make it in one way or 
another, for example when guidelines for randomised controlled trials differ-
entiate between surrogate endpoint and target outcome (8).  

Cardiometabolic disease endpoints rank among the main causes of mortal-
ity worldwide. In 2023, ischaemic heart disease, stroke, diabetes, and hyper-
tensive heart disease were the 1st, 2nd, 8th, and 10th leading causes of death 
globally (9). Chronic kidney disease, a possible consequence of obesity and 
diabetes (10), ranked 9th  (9). Cardiometabolic disease endpoints are also 
among the main causes of morbidity worldwide (11). Cardiometabolic risk 
factors such as high blood pressure, high fasting glucose, and high BMI are 
also major contributors to the global disease burden (12). While there exists 
substantial between-country variation, high-income European countries such 
as Sweden fare better than other regions of the world.  

At the level of the individual, consequences of cardiometabolic disease can 
be wide-ranging – type 2 diabetes illustrates this well. In addition to its well-
established association with mortality (13), type 2 diabetes has long been rec-
ognized as a major risk factor for neuropathy, retinopathy, and nephropathy 
(14). But individuals with type 2 diabetes are also at higher risk of lower-
extremity amputation (15, 16), hand disorders (17), and disability (18) com-
pared with the general population. It has recently been found that the same 
might hold true for cancer (19), dementia and cognitive impairment (20), and 
perhaps even hospitalization and death from influenza (21). 
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The relationship of cardiometabolic health and disease with socioeconomic 
position and physical activity has been the focus of previous research. We will 
first turn to socioeconomic position, then to physical activity. 

Socioeconomic position 
Socioeconomic position can be broadly defined as “the social and economic 
factors that influence what position(s) individuals and groups hold within the 
structure of society, i.e., what social and economic factors are the best indica-
tors of location in the social structure” (22). While there are several ways to 
conceptualise and then measure socioeconomic position, epidemiological 
studies have tended to focus on individual-level indicators, most prominently 
education, occupation (or social class), and income (22), although substantial 
consideration has been given to neighborhood-level indicators of socioeco-
nomic position and their role in producing disease and health inequalities (23). 
This last line of enquiry in particular contributed to the increasing use of mul-
tilevel (mixed-effects) models in social epidemiology (24). Position within a 
socioeconomic formation can also be assessed using gradational or relational 
approaches. In gradational approaches, individuals or groups are ordered 
along an axis of some dimension: from low to high education, from low to 
high income, etc. (25). In relational approaches, groups are defined based on 
their relation with other groups or in terms of unequal access to or control of 
power, property, or other resources (25). Relational approaches also imply that 
social inequalities in health can result from the fact that advantaged groups are 
advantaged because others are disadvantaged – advantaged groups benefit 
from these unequal relations (25). 

There is also a diversity in the ways socioeconomic position can be meas-
ured in practice (22). Education can be measured by its length or by level at-
tained; income can be measured as individual income or household income, 
equivalised or not; occupation or social class can be measured according to 
several different classifications; and neighborhood deprivation can be meas-
ured by different indices (26, 27). In addition, socioeconomic position can be 
measured as one’s own socioeconomic position, or as parental socioeconomic 
position. An example of the latter is the use of parental educational attainment 
or parental occupation as proxies for childhood socioeconomic position (26). 
Similarly, socioeconomic position can be measured at different times in the 
life of an individual, and different aspects of socioeconomic position can exert 
a different influence at different moments in the life course (26, 27). 

Socioeconomic position can affect health and disease through several path-
ways, which include health behaviours, psycho-social factors, material living 
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and working conditions, and neo-material factors (22, 28). For example, a 
higher income might give access to housing with a garden, or to housing in 
areas with more green space, which could have positive health effects (neo-
material explanation) (29-31). For socioeconomic position to have an effect 
on health, however, it has to become biological and be reflected in the level 
of, e.g., adiposity, blood pressure, or blood lipids (32, 33), and eventually in 
the risk of adverse events such as strokes and myocardial infarctions (this does 
not preclude health status from having an effect on socioeconomic position 
(34, 35)).  

Overall, cardiometabolic disease and health are unequally distributed be-
tween groups with different socioeconomic positions. This has been docu-
mented for some time, as evidenced by reports on differences in cause-specific 
mortality by education in the United States in 1960 (36), and by occupational 
class in the United Kingdom in 1970-1972 (37). Socioeconomic position, as 
measured by the indicators highlighted above, is inversely associated with car-
diovascular disease and cardiovascular risk factors (38). In high-income coun-
tries, socioeconomic position is inversely associated with hypertension (38-
40), obesity (38), and adiposity (41). In Europe, groups with lower educational 
attainment have a higher prevalence of diabetes and greater diabetes mortality 
(42). In the United States, diabetes prevalence is higher among groups with 
lower educational attainment (43). Lower socioeconomic position is also as-
sociated with higher risk of type 2 diabetes complications (44).  

Recent advances in the high-throughput measurement of biological mole-
cules have allowed researchers to study the relationship of socioeconomic po-
sition with the regulation of gene-expression by deoxyribonucleic acid meth-
ylation (45-48), gene-expression proxied with messenger ribonucleic acid (49, 
50), protein biomarkers (51), and circulating metabolites (52-54), all relevant 
to cardiometabolic health and disease. The conclusions reached in these works 
are similar to those from pre-existing research on traditional risk factors such 
as blood pressure or obesity. They highlight that in high-income countries, 
groups with lower socioeconomic position have worse cardiometabolic health 
overall. 

Physical activity 
Physical activity can be defined as “any bodily movement produced by skele-
tal muscles that results in energy expenditure” (55). Physical activity can dif-
fer based on its intensity, duration, frequency, mode, and domain. It can occur 
under different conditions: during work, leisure (as sports-related physical 
activity or not), etc.; exercise is part of physical activity, but not all physical 
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activity is exercise (55). A logical way to measure physical activity would 
be to measure bodily movement, and it is the aim of accelerometery-based 
technologies (56). Other measures remain in widespread use however, and 
physical activity is often measured through self-reports of one type or the 
other (57).  

The existence of many benefits of physical activity for cardiometabolic 
health has been successfully established by prior research. Physical activity 
can lead to improvements in blood pressure, insulin resistance, lipid levels, 
adiposity (58), and is protective against type 2 diabetes and cardiovascular 
disease (59, 60). Among individuals with type 2 diabetes, greater physical ac-
tivity is associated with improved glycemic control (61), and with a lower risk 
of mortality and cardiovascular disease (62).  

Not all types of physical activity and exercise are thought to apply uni-
formly to everyone however, and existing guidelines acknowledge that under 
certain circumstances, not all types of physical activity can be beneficial (63, 
64). For example, among individuals with type 2 diabetes, activities that re-
quire holding one’s breath are not recommended for those with hypertension, 
proliferative or severe retinopathy, or kidney disease (64). Similarly, individ-
uals with type 2 diabetes and peripheral neuropathy should not perform activ-
ities requiring great balance abilities, and limit weight-bearing exercises and 
exercise that creates pressure on the feet over a long period of time, such as 
jogging (64). 

Knowledge gaps and general outline  
Socioeconomic position and cardiometabolic health and disease 
A vast body of research has investigated the relationship between socioeco-
nomic position and cardiometabolic health and disease. This body of research 
encompasses descriptive and causal approaches, studies testing a theory or 
not, and work using different measures of socioeconomic position or focusing 
instead on specific social factors such as length of education.  

However, little attention has been paid to the relationship between socio-
economic position and between-individual variability in traits relevant to car-
diometabolic health. Between-individual variability refers to the (dis)similar-
ities between individuals with respect to a single trait, such as blood pressure. 
In study I, we conducted a test of Schmalhausen’s law, which was described 
by Lewontin and Levins in the following way: 
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[W]hen organisms are living within their normal range of environment, pertur-
bations in the conditions of life and most genetic differences between individ-
uals have little or no effect on their manifest physiology and development, but 
[…] under severe or unusual general stress conditions even small environmen-
tal and genetic differences have major effects. (65) 

Under the presence of those stress conditions, “small environmental and ge-
netic differences” would result in increased phenotypic variation between in-
dividuals (65). Schmalhausen’s law could be a general explanation for the 
emergence of social inequalities in health: small genetic or environmental dif-
ferences that would be irrelevant in groups with a higher socioeconomic posi-
tion can lead to markedly different consequences between individuals in 
groups with a lower socioeconomic position. Using data on systolic blood 
pressure in a birth cohort of individuals from southwestern England followed 
up to young adulthood, we thus hypothesized that variation in systolic blood 
pressure between individuals would be larger in groups with lower socioeco-
nomic position.  

Similarly, the relationship between socioeconomic position and within-in-
dividual variability in traits relevant to cardiometabolic health has been over-
looked. This is the case even though the effect of within-individual variability 
in such traits on cardiovascular events has elicited interest in recent years (66, 
67). Within-individual variability (or intraindividual variability or within-sub-
ject variability) refers to the amount of variation that occurs in a single trait 
for a given individual over some time period that can be of varying length. In 
Study I, we also studied the relationship of socioeconomic position with 
within-individual variability in systolic blood pressure in the same birth cohort 
of individuals from southwestern England. 

Some traditional epidemiological studies investigating the relationship be-
tween socioeconomic position and cardiometabolic health are descriptive, 
while others are not but can suffer from confounding. However, quasi-exper-
imental studies, including Mendelian randomisation, have also found that so-
cioeconomic factors such as education have a causal effect on the risk of car-
diovascular disease (68) and diabetes (69). The advances in the high-through-
put measurement of biological molecules provide additional opportunities for 
strengthening causal inferences regarding the relationship between socioeco-
nomic position and health, by elucidating the biological mechanisms that link 
social factors to disease endpoints (70). In Study II, we therefore investigated 
the relationship between education and 169 circulating metabolites in two co-
horts of older Swedish adults, before using summary data from several ge-
nome-wide association studies (GWAS) to conduct Mendelian randomisation 
analyses. 
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Socioeconomic inequalities in health have also been documented among 
individuals with type 2 diabetes, especially when socioeconomic position is 
proxied with education or income (44). Trials have studied the effects of in-
come supplementation, illustrating that it is amenable to interventions, and can 
lead to improvements in health (71). Similarly, a recent study conducted using 
a two-sample Mendelian randomisation design found that occupational in-
come had beneficial effects on the risk of all-cause mortality (72). Therefore, 
interventions designed to raise the income of individuals with low income and 
type 2 diabetes could help reduce their risk of adverse events, and potentially 
reduce inequalities in health between individuals with low incomes and indi-
viduals with high incomes. In Study III, we specifically asked whether raising 
income among individuals with type 2 diabetes that are at risk of poverty 
would lead to reductions in inequalities in mortality and major cardiovascular 
events (MCEs) among individuals with type 2 diabetes in Sweden. 

Physical activity and consequences of cardiometabolic disease 
The relationship of physical activity with the risk of cardiovascular events has 
been firmly established as protective (60), including among individuals with 
type 2 diabetes (62). There is, however, more limited evidence regarding the 
relationship of physical activity with lower-extremity complications of type 2 
diabetes, including peripheral vascular disease, peripheral neuropathy, foot ul-
cers, and amputations (73). Nonetheless, small trials have found that exercise 
could improve intermediate outcomes such as HbA1c and nerve velocity con-
duction (74, 75), reduce the risk of peripheral neuropathy (75), and perhaps 
reduce the risk of foot ulcers in individuals with peripheral neuropathy (74). 
Despite some recent cohort studies (76, 77), disease endpoints such as periph-
eral vascular disease, peripheral neuropathy, foot ulcers, and amputations are 
still less studied than other outcomes. It is also unknown how physical activity 
impacts the risk of complications at different ages. Finally, with rising type 2 
diabetes prevalence worldwide (78), identifying prognostic factors for such 
complications of type 2 diabetes may contribute to their early identification 
and prevention. In Study IV, we examined the association of physical activ-
ity with lower-extremity complications of type 2 diabetes at different ages, 
and assessed the prognostic value of self-reported physical activity for these 
complications. 



 

 16 

Research aims 

This thesis aimed to investigate selected aspects of the role socioeconomic 
position and physical activity play in cardiometabolic health and disease, fo-
cusing on cardiometabolic traits and consequences of type 2 diabetes. 

The specific objectives for each study were as follows: 

Study I 
a) To conduct a test of Schmalhausen’s law by examining whether be-

tween-individual variability in systolic blood pressure was larger in 
groups with a lower socioeconomic position in an English birth cohort 
study followed from 3 to 25 years old. 

b) To assess whether socioeconomic position was associated with 
within-individual variability in systolic blood pressure in that same 
cohort. 

Study II 
a) To assess whether education was associated with trajectories of circu-

lating metabolites among older Swedish adults. 
b) To determine whether observed associations reflected a causal effect 

of education on circulating metabolites by using a two-sample Men-
delian randomisation design. 

Study III 
To ascertain whether raising income among individuals at risk of poverty 
would lead to a reduction in inequalities in mortality and major cardiovascular 
events among Swedish adults with type 2 diabetes. 

Study IV 
a) To assess whether physical activity was associated with the incidence of 

lower-extremity complications in Swedish adults with type 2 diabetes. 
b) To determine the prognostic value of physical activity for these 

complications. 
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Materials and methods 

Table 1. Overview of the main materials and methods used in the thesis. 

 Study I Study II Study III Study IV 

Study population 
ALSPAC birth co-

hort 

(i) SIMPLER 

linked to Swedish 

national registers 

(ii) UK and Esto-

nian Biobanks 

Swedish National 

Diabetes Register 

(NDR) linked to 

other national reg-

isters 

Swedish National 

Diabetes Register 

(NDR) linked to 

other national reg-

isters 

Study design 
Longitudinal* co-

hort study 

(i) Cross-sectional, 

and longitudinal* 

cohort study 

(ii) Two-sample 

Mendelian ran-

domisation 

Cohort study Cohort study 

Exposure 
Maternal educa-

tional attainment 

(i) Own educa-

tional attainment 

(ii) Years of edu-

cation 

Equivalised dis-

posable income 

Self-reported phys-

ical activity 

Outcome(s) 
Systolic blood 

pressure 

(i) 169 metabolites 

(ii) 38 metabolites 

Mortality and ma-

jor cardiovascular 

events (MCEs) 

Lower-extremity 

complications of 

type 2 diabetes 

Statistical  

analysis 

Bayesian linear 

mixed-effects loca-

tion scale models 

allowing for heter-

ogeneous between-

individual variance 

(i) Linear regres-

sion, linear mixed-

effects models 

(ii) Uni/multivaria-

ble Mendelian ran-

domisation (main: 

inverse variance 

weighting) 

Logistic regression 

weighted using in-

verse probability 

of censoring 

weights, and boot-

strapping 

Landmarking, 

Fine-Gray subdis-

tribution hazard 

models, measures 

of predictive per-

formance, and 

bootstrap cross-

validation 

*Here, longitudinal is meant to mean: more than one measurement, on average, of the outcome, collected 

over time, are used in the study and corresponding statistical analysis. 
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Study populations 
Avon Longitudinal Study of Parents and Children 
The Avon Longitudinal Study of Parents and Children (ALSPAC; 
https://www.bristol.ac.uk/alspac/) was initiated in the early 1990s in south-
western England, in an area made up of three health district authorities: South-
mead, Frenchay, and Bristol & Weston (79). Pregnant women with an esti-
mated delivery date between the 1st of April 1991 and the 31st of December 
1992 were eligible to enrol in ALSPAC (79). There were 20,248 eligible preg-
nancies, and 14,541 initially enrolled (79).  

Four related sub-cohorts arose from this initial enrolment and together they 
form a multigenerational cohort. A cohort is composed of the mothers who 
were initially enrolled in 1990-1992 (80) and another cohort is composed of 
their partners (81). The individuals born in the early 1990s, now in their 30s, 
form a third (birth) cohort (79), and their children form a fourth cohort (82). 
In Study I, we used data from the birth cohort that started in the early 1990s. 

Participants can withdraw from the study, they can also re-enter the study 
if they previously withdrew from it, and individuals not initially enrolled can 
still enrol later on if they are eligible (79). Therefore, the exact number of 
participants from the birth cohort study initiated in the early 1990s varies over 
time, but it remains between 14,000 and 16,000. This is the case regardless 
of loss-to-follow-up, as data from individuals lost to follow-up, but who do 
not withdraw from the study, are still available for research. 

Swedish Infrastructure for Medical Population-Based  
Life-Course and Environmental Research 
The Swedish Infrastructure for Medical Population-Based Life-Course and En-
vironmental Research (SIMPLER; https://www.simpler4health.se/w/sh/en) is a 
research infrastructure combining two Swedish cohort studies: the Swedish 
Mammography Cohort and the Cohort of Swedish Men, established in 1987 
and 1997 respectively, and originally designed to study the relationship be-
tween diet and chronic diseases (83). The Swedish Mammography Cohort in-
itially enrolled 61,433 women (invited: 90,303) who were born between 1914 
and 1948 and who were residing in the counties of Västmanland or Uppsala 
at the time (83). The Cohort of Swedish Men initially enrolled 45,906 men 
(invited: 100,303) who were born between 1918 and 1952 and who were re-
siding in the counties of Västmanland or Örebro at the time (83). Major waves 
of data collections occurred in 1987 for the Swedish Mammography Cohort, 
and in 1997, 2008, 2009, and 2019 for both cohorts (83). 
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In Study II, we used data from two sub-cohorts nested within the Swedish 
Mammography Cohort and the Cohort of Swedish Men: The Swedish Mam-
mography Cohort – Clinical, and the Cohort of Swedish Men – Clinical (83). 
Data were collected through questionnaires and a health examination, and in-
cluded blood samples (83). In the county of Örebro, data collection occurred 
only in individuals with urological cancers, therefore we did not include these 
individuals in Study II. Rather than grouping individuals based on their origi-
nal cohort, we grouped them by county: Uppsala (n=5,309) and Västmanland 
(n=7,426) (Figure 1). The Uppsala sub-cohort therefore only included women, 
while the Västmanland sub-cohort included both women and men. A first 
wave of data collection took place between 2003-2013 in Uppsala, and be-
tween 2010-2019 in Västmanland. A second wave of data collection took 
place in Uppsala between 2015 and 2023 among 1,804 individuals. 

 
Figure 1. Location of Uppsala and Västmanland counties within Sweden (Study II) 



 

 20 

Swedish National Registers 
All inhabitants of Sweden are allocated a personal identification number, the 
“personnummer”, whose existence allows for the linkage of individual-level 
data across several national registers. The National Diabetes Register (NDR) 
is a Swedish national quality register that was started in 1996 and include in-
dividuals with any diabetes type (84). The information recorded in the NDR 
is collected in primary care and outpatient specialist care. While all individu-
als with type 1 diabetes are followed in specialist care, this is the case for only 
a small proportion of individuals with type 2 diabetes and the vast majority 
are followed in primary care (85). The NDR had an estimated coverage of 
87% in 2019 (85). Coverage improved over time however, and it was ~50% 
in 2007. It continuously increased to ~90% in 2011-2012 (86-91). While the 
NDR’s coverage has been estimated to be similar for different diabetes types, 
at least since the early 2010’s (89-91), it might still vary slightly depending 
on diabetes type. Indeed, a small proportion of primary health care centres 
(~10%) are not reporting data to the NDR as of 2020 (85), and individuals 
with type 2 diabetes are mostly followed in primary care.  

Research on the relationship between socioeconomic position and health in 
Sweden is facilitated by the existence of the Longitudinal Integrated Database 
for Health Insurance and Labour Market Studies (LISA) (92). This database 
contains annual information on all individuals who are 16 or older (since 1990, 
and 15 or older since 2010), provided that they are registered in Sweden at the 
end of a given calendar year (92). LISA holds information on individual-level 
disposable income, family-level disposable income, highest educational level 
attained, days spent unemployed, civil status, country of birth, occupation, 
among other variables that can be used to investigate social inequalities in 
health, or the effect of social exposures on the risk of disease (92). 

Other registers were linked to the NDR and to LISA. These include the Pa-
tient Register, which captures hospital-based inpatient and outpatient care (93); 
the Prescribed Drug Register (94); the Cause of Death Register (95); and the 
Total Population Register (96). Study III and Study IV were designed around a 
population primarily defined through the NDR, with linkages to other registers. 

Population-based cohort studies can also be linked to registers, provided 
that the personnummer was collected. In Study II, we therefore linked data 
from SIMPLER to data from LISA and from the Patient Register. 
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Measures 
As stated in the introduction, we can distinguish between ever-present cardi-
ometabolic-related traits (such as systolic blood pressure) and disease end-
points (such as strokes). For ease of presentation, we will do so below.  

Cardiometabolic-related traits 
Study I 
Measurements of systolic blood pressure were taken across several waves of 
data collection in the ALSPAC birth cohort. First, during “Child in Focus” at 
3, 4, and 5 years-old, in a subsample (~10%) of the children (79, 97). Then, 
in the whole birth cohort, during “Focus @ 7” at 7 years of age, “Focus @ 
9” at 9.5 years of age, “Focus @ 10” at 10 years of age, “Focus @ 11+” at 
11.5 years of age, “TeenFocus 1” at 12.5 years of age,  “TeenFocus 2” at 
13.5 years of age, “TeenFocus 3” at 15.5 years of age, “TeenFocus 4” at 17 
years of age, and “Focus @ 24” at 24 years of age (97). Measurements were 
taken at rest, with validated blood pressure monitors, and cuff sizes were 
chosen based on arm circumference (97). At each wave of data collection, 
several measurements were taken in millimetres of mercury (mmHg), and 
we used the average of these measurements. In Study I, the average age at 
measurement of systolic blood pressure differed slightly from the stated age 
for each wave of data collection. This is because the clinic visits did not 
occur exactly on a participant’s birthday but over a window of time, because 
of participant non-response, and because we did not include, in Study I, in-
dividuals without a measurement of blood pressure. Please note that the AL-
SPAC website contains details of all the data that is available through a fully 
searchable data dictionary and variable search tool: http://www.bris-
tol.ac.uk/alspac/researchers/our-data/. 

Study II 
Serum samples were collected in two SIMPLER sub-cohorts from 2003 to 
2023:  The Swedish Mammography Cohort – Clinical, and the Cohort of Swe-
dish Men – Clinical (recast in Study II as the Uppsala and Västmanland sub-
cohorts). The samples were taken after an overnight fasting period (83). As 
stated above, a first wave of data collection took place between 2003-2013 in 
Uppsala, and between 2010-2019 in Västmanland. A second wave of data col-
lection took place in Uppsala between 2015 and 2023. 

The CoreMetabolomics service from Nightingale Health (Nightingale 
Health Plc, Finland) was then used to measure circulating metabolites. 
CoreMetabolomics uses nuclear magnetic resonance spectroscopy to measure 
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a pre-specified set of biomarkers and provides simultaneous quantification of 
routine lipids, apolipoproteins, lipoprotein subclass profiling with lipid con-
centrations within 14 subclasses, fatty acid composition, and various low-mo-
lecular metabolites including amino acids, ketone bodies and glycolysis-re-
lated metabolites in molar concentration unit (98). In the SIMPLER sub-co-
horts, 250 metabolites and ratios of metabolites were measured. In Study II 
we focused on metabolites’ concentrations, and excluded ratios, leaving 169 
circulating metabolites for analysis. 

Prior to data analysis, however, zero values were set to the lowest value 
observed in the data (99). We applied a log-transformation to the metabolites, 
converted them into z-scores, and removed outliers who were more than 4 
standard deviations away from the mean. 

Disease endpoints 
Study III 
The disease endpoints for Study III were mortality and MCEs. We obtained 
data on all-cause mortality from the Cause of Death Register, where the date 
of death is recorded (95). MCEs were comprised of cardiovascular mortality, 
acute myocardial infarctions, and strokes. 

Incident cases of cardiovascular mortality, acute myocardial infarctions, 
and strokes were identified based on corresponding codes from the 10th revi-
sion of the International Statistical Classification of Diseases and Related 
Health Problems (ICD-10). This classification has been in use in most of Swe-
den since 1997 (except Skåne), and in all of Sweden since 1998 (93). While 
the World Health Organisation has released an 11th revision of the classifica-
tion, it is not yet in use in Swedish registers. 

Cardiovascular mortality was ascertained from the Cause of Death Register 
and identified through the recorded underlying causes of death with ICD-10 
codes in the I00-I99 range. Acute myocardial infarctions and strokes were as-
certained from the Patient Register and identified through the ICD-10 codes 
I21 and I200 (acute myocardial infarctions) and I60-I63 (strokes). Only main 
diagnoses recorded in the inpatient subset of the Patient Register were used. 
Cardiovascular mortality, acute myocardial infarctions, and strokes were 
grouped together and analysed as MCEs.  

Study IV 
Lower-extremity complications of type 2 diabetes, the endpoints of Study IV, 
comprised three different outcomes: incident peripheral neuropathy/periph-
eral vascular disease, foot ulcers, and amputations. 
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Incident peripheral neuropathy/peripheral vascular disease was assessed 
through a variable from the NDR that records the conclusions from a clinical 
assessment of the feet (100). More specifically, during a diabetes-related 
healthcare encounter, individuals’ feet, including skin and nails, are inspected 
for ingrown toenails, calluses, lack of hair, wounds, deformities, and other 
indications of potential feet complications. Shoes and socks are inspected as 
well. Palpations for a pulse are conducted. Individuals are asked about sensa-
tions in their feet, such as numbness. To determine whether individuals have 
lost sensations in parts of the feet, a monofilament is used on several pre-
specified points. For the same purpose, a tuning fork can also be used on dif-
ferent parts of the feet. After the examination, an individual can be categorized 
into one of four categories: 

 
Risk Meaning 
Low Healthy foot. No signs of angiopathy or neuropathy. 
Moderate Angiopathy and/or neuropathy. 
High Previous ulcer, deformity, severe callus, amputation. 
Very high Ongoing serious foot disease (e.g., ulcer, infection). 

(Adapted from (100)). 

To identify foot ulcers, we screened the Patient Register for the ICD-10 code 
E11.6D. We used both the inpatient and outpatient subsets of the register, and 
main and secondary diagnoses codes. This was done because the outcome was 
rare and very few cases were recorded as main diagnoses in the inpatient sub-
set of the Patient Register. 

Lower-extremity amputations included only non-traumatic amputations. 
They were identified through surgical codes from the Swedish version of the 
Classification of Surgical Procedures: NHQ09, NHQ11, NHQ12, NHQ13, 
NHQ14, NHQ16, NHQ17, NHQ99, NEQ19, NFQ09, NFQ19, NGQ09, 
NGQ19, NGQ99, NFQ99, NEQ99 (101). These include amputations at any 
level below/at the hips, including, for example, transmetatarsal amputations 
and transtibial amputations. 

Socioeconomic position 
In this thesis, we relied on gradational, individual-level indicators of socioec-
onomic position, more specifically maternal educational attainment, own ed-
ucational attainment, years of education, equivalised disposable income, and 
at-risk-of-poverty status. 
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Study I 
Maternal educational attainment was used as an indicator of socioeconomic 
position in Study I. During pregnancy, mothers-to-be self-reported their high-
est level of education attained. It could be one of “certificate of secondary 
education”, “less than O level”, the two lowest levels of education available 
in the questionnaire, “O level”, “A level”, or “university degree”, the highest 
level of education available in the questionnaire.  

Certificates of secondary education and O-levels have been replaced by the 
General Certificate of Secondary Education, which became effective in 1988, 
just before the launch of ALSPAC. O-levels, formally the General Certificate 
of Education Ordinary Level, were examinations usually taken around 15-16 
years-old. The A-level, or Advanced Level was (and is) usually taken around 
18 years-old.  

The categories of “certificate of secondary education” and of “less than O 
level” were grouped together in the analysis, largely because certificates of 
secondary education were considered to represent a lower educational attain-
ment than O-levels during the time they were in use. To summarise, the vari-
able used, from highest to lowest maternal educational attainment, was: 

• University degree 
• Advanced Level (examinations taken around 18 years old) 
• Ordinary Level (examinations taken around 15-16 years old) 
• Less than Ordinary Level, or Certificate of Secondary Education 

Study II 
In Study II (aim a) we determined the level of education of the study partici-
pants primarily through LISA using the record from the year prior to the blood 
sampling conducted in the SIMPLER sub-cohorts. In the few instances where 
educational attainment was missing in LISA (n=7), we used self-reports col-
lected in SIMPLER via questionnaires in 1997, whose categorisation matched 
the one we used from LISA. Educational attainment was operationalised as: 

• Attended university/college (highest) 
• Attended secondary school (or equivalent) at most 
• Attended compulsory school (or equivalent) at most (lowest) 

For aim b, where we used a two-sample Mendelian randomisation design, we 
instead used years of education as exposure (102). 

Study III 
The third socioeconomic exposure we used was annual, inflation-adjusted, 
equivalised disposable income. Disposable income can come from several 
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sources, including, but not limited to, earnings. Other sources include unem-
ployment benefits, disability pensions, or capital gains and losses (92). 

Income is reported annually in LISA (92). We corrected income for infla-
tion so that incomes from different years are comparable. Equivalised dispos-
able income is also known as disposable income per consumption unit (92), 
and is obtained by dividing the total disposable income of a household by the 
total consumption weights of the household (92, 103). The consumption 
weights themselves vary between individuals in a given household. In Swe-
den, they depend on the number of adults, the number of children, and whether 
the children have alternating living arrangements (103). For example, an adult 
living alone has a consumption weight of 1, adults cohabiting have a combined 
consumption weight of 1.51 (1 for the first adult, 0.51 for the second), and a 
third adult cohabiting would have a consumption weight of 0.6, for a total 
consumption weight of 2.11 (103). The equivalised disposable income would 
then be obtained by dividing the total disposable income of the household by 
2.11 (103). It is assumed that individuals with the same equivalised disposable 
income have the same economic standards, even if their actual individual-
level income or household income differ (103). 

We additionally used annual, inflation-adjusted, equivalised disposable in-
come to create a binary indicator of whether individuals were at risk of poverty 
or not. In countries in the European Union, including Sweden, the at-risk-of-
poverty threshold is defined as 60% of the national median equivalised dis-
posable income (103, 104). This binary indicator was used for two purposes: 
to determine whether there were inequalities in mortality and MCEs between 
individuals at risk of poverty and individuals not at risk of poverty, and to 
determine whether raising income among individuals at risk of poverty would 
lead to a reduction in those inequalities. 

Physical activity 
Study IV 
Among individuals with type 2 diabetes registered in the NDR, physical ac-
tivity is recorded at appointments, whether in primary or outpatient care. It is 
a five-level ordinal variable indicating the frequency of 30 minutes walking 
during a week (or equivalent). The possible self-reports of 30 minutes walking 
or equivalent were as follows, in increasing order: never, less than once a 
week, once or twice a week, three to five times a week, daily. 
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Statistical methods 
The statistical methods used for data analysis in this thesis can be broadly 
grouped into three categories: (i) those for longitudinal data, where we ana-
lysed repeated measurements of our outcomes of interest (Study I-II); (ii) 
those for time-to-event (survival) data, where the outcome of interest occurred 
only once and was a discrete event or conceptualised as such (Study III-IV); 
(iii) those used to analyse summary data from GWASs (Study II). Before mov-
ing to the models used for data analysis, we will first explore the issue of 
missing data. 

Missing data 
We conducted complete case analyses in Study I and II. In Study I, the interest 
was in estimates of variability, and it is unknown how they can be affected by 
various imputation methods. In addition, the analysis was conducted in a 
Bayesian framework, and the computing time associated with it made impu-
tation methods unrealistic. In Study II, there was very little missing data be-
cause we combined data from SIMPLER and from national Swedish registers. 
The statistical models used in both studies to model longitudinal data can also 
be robust to missing data in the outcome under certain conditions, including 
if the missingness mechanism is “missing completely at random” or “missing 
at random” (105). 

We used multiple imputation with chained equations (106, 107) in Study 
III and IV to handle missing values prior to data analysis. In Study IV, we 
additionally analysed complete cases as a sensitivity analysis. Multiple impu-
tation results in several imputed datasets that can be analysed separately, be-
fore results are pooled together (108). This procedure can be valid under the 
assumption that data are missing completely at random, or at random (109). It 
is therefore appropriate and will reduce bias when missing values depend on 
observed variables that are included in the imputation models (110). It can 
also increase precision compared to complete case analysis, although this is 
not necessarily the case (111). Unlike single imputation, it does not treat im-
puted values as known, and therefore takes the uncertainty of the imputation 
into account which means that the confidence intervals from subsequent anal-
yses will not be too narrow, and the p-values will not be too small (112). Be-
cause the imputation step is distinct from the analysis step, additional varia-
bles not used in the analysis can be used in the imputation if they are thought 
to improve the quality of the imputations. For example, in Study IV, we used 
variables such as disposable individual income or days spent in unemployment 
as auxiliary variables when imputing data, even though these were not used in 
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the data analysis. Because multiple imputation with chained equations relies 
on iterating through a sequence of statistical models, checking the conver-
gence of the algorithm is necessary (106, 107). To do so, and to ensure that 
the imputations were reasonable, we examined trace plots as well as plots 
comparing the distribution of observed and imputed values. Because multiple 
imputation with chained equations can be described as an iterative algorithm, 
it does not in itself impose a choice of statistical model to impute data, and 
several models can be chosen based on the scale of every single variable to be 
imputed, such as predictive mean matching, logistic regression, or random 
forests, among others (113).  

If the data are missing not at random, then multiple imputation might not 
correct bias. This could be the case, for example, if the propensity to report 
physical activity depends on the physical activity itself and less active indi-
viduals are less likely to report their physical activity: the distribution of miss-
ingness for that variable would depend on the values of that variable, some of 
them being missing (114). 

There are alternatives to complete case analysis and to multiple imputation 
with chained equations, including full Bayesian imputation during model fit-
ting (115), but we did not explore them here. 

Models for longitudinal (repeated measurements) data 
In addition to using linear regression to analyse cross-sectional data in Study 
II, we used (extensions of) linear mixed-effects models to analyse longitudinal 
data in Study I and II. In Study II, individuals from the SIMPLER sub-cohorts 
had either one or two measurements of circulating metabolites. The timing of 
the measurement varied between individuals, whether it was in terms of age 
or date – or in time since the first measurement for those individuals with two 
measurements. Mixed-effects models are a possible choice in situations where 
the measurement of outcome variables can occur more than once in an indi-
vidual (or in any other unit) and are unbalanced in this way (116). Several 
alternative names exist for these models (multilevel, random effects, hierar-
chical), and several alternative notations. Such a model can be expressed as: 

tg!" = 𝛽# + 𝛽$age!" + 𝛽%med_educ! + 𝛽&low_educ! + 𝑢#! + 𝑢$!age!" + 𝜀!" 

Total triglycerides (tg) for individual i at time t is modelled as a function of 
age (time-varying) and education (two time-constant dummy variables). In 
addition, each individual is allowed to deviate from the intercept and coeffi-
cient for age by the inclusion of individual-level effects 𝑢#! and 𝑢$! (also 
called random effects). Further deviation from the regression plane at time t 
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for individual i is captured by the residual error term 𝜀!". In Study II, the mod-
els fitted did not include individual-level effects for age and 𝑢$! was not esti-
mated because there were not enough measurements per individual to include 
them. More covariates were also included, as we regressed each replicated 
metabolite (including total triglycerides) on education, age, year of birth, and 
all two- and three-way interactions between those variables. 

The residual error term is often assumed to come from a normal distribution:  

𝜀!"~𝑁(0, 𝜎'!"% ) 

And the individual-level effects can be allowed to covary: 
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In Study II, we focused on the association of education with the concentration 
of circulating metabolites and not on the residual error term or on the variances 
and covariance of the individual-level effects. However, this was the main 
focus of Study I, where we used Bayesian mixed-effects location scale models 
allowing for heterogeneous between-individual variance (117, 118). Simi-
larly, systolic blood pressure, the outcome of Study I, can be modelled as:  

sbp!" = 𝛽# + 𝛽$age!" + 𝛽%maternal_education! + 𝑢#! + 𝑢$!age)* + 𝜀!" 

Which is again a simplified version of the model actually fitted as age was 
transformed into linear splines with two knots prior to analysis, and maternal 
education was a categorical variable with four levels, therefore three dummy 
variables were included in the model. As above, the residual error term can 
also be assumed to be normally distributed. Then, it is possible to model the 
standard deviation (or the variance) of the residual error term in the following 
way:  

log(𝜎'!") = 𝛾# + 𝛾$age!" + 𝛾%maternal_education! + 𝑢%! 

And 𝛾% would indicate the association of maternal education with within-in-
dividual variability in systolic blood pressure. An individual-level deviation 
𝑢%! from intercept 𝛾# can also be added, to capture the remaining within-indi-
vidual variability not captured by the rest of the model (118). As above, the 
individual-level effects (now 𝑢#!, 𝑢$!, and 𝑢%!) can be allowed to covary. 
However, in order to examine the relationship between socioeconomic posi-
tion and between-individual variation in systolic blood pressure, we can 
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estimate the variance-covariance matrix of individual-level effects separately 
by socioeconomic position:  
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Socioeconomic position is indicated by the subscript g, with only two groups 
here although the actual analysis had four. Because individuals could only be 
in one socioeconomic group, individual-level effects did not covary across 
groups. We could then compare the estimates of between-individual variation 
between groups characterized by different socioeconomic positions, for ex-
ample by subtracting the variation in the individual-level intercept in a group 
by the variation in the individual-level intercept in another group, giving the 
difference in variability when (z-score transformed) age was 0. Alternatively, 
total between-individual variation can be calculated at several ages for each 
group using the following formula (117):  

𝜎(#% + 2𝑡𝜎(#$ + 𝑡%𝜎($%  

Where t is time, or in this case, age. Total between-individual variation can 
then be compared between groups at different ages. The uncertainty in esti-
mating the variance or standard deviation in each of the individual-level ef-
fects was propagated in this calculation, because a Bayesian model was used: 
we applied the formula to all samples drawn from the joint posterior distribu-
tion using Markov Chain Monte Carlo methods, therefore obtaining a distri-
bution as a result and not a single number. 

Models for time-to-event data 
We analysed time-to-event data in Study III and in Study IV, but with different 
goals in each study as outlined in the Research aims above.  

Study III 
In Study III, although in a time-to-event setting, we used logistic regression, 
where the dependent variable was a binary indicator of whether mortality or 
MCEs had occurred. We analysed different lengths of follow-up, from 1 to 10 
years. To adjust for confounding, we included covariates in the regression 
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model. In the fullest model, the covariates were age, biological sex, civil sta-
tus, educational attainment, country of birth, an unweighted Charlson Comor-
bidity Index, smoking, HbA1c, insulin use, BMI, albuminuria, systolic blood 
pressure, physical activity, and LDL-cholesterol. To account for censoring, 
we used Cox proportional hazards models to calculate inverse probability of 
censoring weights. Confidence intervals were obtained by bootstrapping. 

Because we were interested in whether raising income among individuals 
at risk of poverty would lead to a reduction in inequalities in mortality and 
MCEs among Swedish adults with type 2 diabetes, we first estimated these 
(unadjusted) inequalities. Then we estimated the effect of equivalised dispos-
able income on the odds of mortality and MCEs at different time horizons, 
and used this estimate to simulate what would occur if individuals with a dis-
posable income below the at-risk of poverty threshold were to receive income 
supplementation such that their income would be raised to the level of the at-
risk-of-poverty threshold. Then we calculated if and how the inequalities that 
were estimated initially would change. 

Study IV 
In Study IV, we were interested in the association of physical activity with the 
incidence of lower-extremity complications of type 2 diabetes, but also in its 
prognostic value – in its value “to make more reliable predictions about future 
risk of medical conditions” (119).  

While the Cox proportional hazards model, introduced in 1972 (120), is 
perhaps the most used statistical model for time-to-event data in epidemiology 
and related fields, subsequent developments have included statistical models 
for competing risks and for recurrent events (121). Competing risks are com-
mon in time-to-event studies, and are events that preclude an event of interest 
from occurring (122, 123). In Study IV, death could have precluded lower-
extremity complications from occurring. It is common to use either Cox pro-
portional hazards models (120) or Fine‐Gray subdistribution hazard models 
(124) when confronted with competing risks, and to report the corresponding 
model coefficients: cause-specific hazard ratios and subdistribution hazard ra-
tios. These two measures of association are both “instantaneous rates of oc-
currence” of an event of interest (125). However, the population at risk in each 
case differs. When estimating a cause-specific hazard ratio, individuals who 
have experienced neither the event of interest nor the competing event at a 
given time point are considered at risk; when estimating a subdistribution haz-
ard ratio, individuals who have not experienced the event of interest but might 
have experienced the competing event at a given time point are considered at 
risk (125). Previous work has emphasized that for research questions related 
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to prognosis, Fine‐Gray subdistribution hazard models should be favoured 
over Cox models (126, 127). This is because when a variable is associated 
with a change in the subdistribution hazard of an event, it will also be associ-
ated with a change in the absolute risk of this event (125), and the absolute 
risk of a given event at later times is the most relevant quantity for prognosis 
assessments (126). Consequently, we used Fine‐Gray subdistribution hazard 
models in Study IV. Full models were adjusted for sex, age at diagnosis of 
type 2 diabetes, BMI, HbA1c, smoking status, systolic blood pressure, ratio 
of total to high-density lipoprotein cholesterol, past cardiovascular event(s), 
and time since last healthcare visit. When the events of interest were foot ul-
cers or amputations, we also adjusted for peripheral neuropathy/peripheral 
vascular disease. In an additional analysis, we also stratified by educational 
attainment to see if results differed by socioeconomic position. 

To be able to determine the prognostic value of a variable, its association 
with an outcome is not sufficient and predictive performance measures are 
needed to complement point estimates (128). We thus additionally calculated 
time-dependent Brier scores (129) and time-dependent area under the receiver 
operating characteristic curves (130), using bootstrap cross-validation to avoid 
overfitting. The Brier score is a measure of prediction error which summarises 
the differences between the model-estimated risk of an event and the actual 
event status for all individuals. The area under the receiver operating charac-
teristic curve is a measure of discrimination which quantifies a model's ability 
to correctly classify individuals between those who will experience an event 
and those who will not (131).  

We examined whether physical activity was associated with the incidence 
of lower-extremity complications of type 2 diabetes and assessed the prog-
nostic value of physical activity at different ages, by using a landmarking 
approach. 

Mendelian randomisation 
Mendelian randomisation uses genetic variants as instruments for an exposure 
of interest in order to make inferences about the potential causal relationship 
between this exposure and an outcome (132). A Mendelian randomisation 
analysis can be conducted in a single study sample (one-sample Mendelian 
randomisation) or in two (two-sample Mendelian randomisation). In the latter 
case, the association of the genetic instrument(s) with the exposure is esti-
mated in one study sample, and the association of the genetic instrument(s) 
with the outcome is estimated in another (133). In Study II, we used a two-
sample Mendelian randomisation design in addition to the longitudinal cohort 
study performed in SIMPLER sub-cohorts. We used summary data from 
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GWASs to determine whether genetically-predicted length of education was 
causally associated with levels of circulating metabolites, and to determine 
whether there was any causal association independent of intelligence and 
BMI. We used univariable and multivariable Mendelian randomisation. The 
sources of summary data were: 

• A GWAS conducted in the Estonian Biobank (circulating metabo-
lites, n=185,352) (134) 

• A GWAS conducted in the UK Biobank (years of education, 
n=454,813; and BMI, n=457,824) (102) 

• A GWAS meta-analysis conducted in several cohorts (intelligence, 
n= 269,867) (135) 

Inverse-variance weighting was the main method used (multivariable inverse-
variance weighting for multivariable Mendelian randomisation) (136, 137). 
Additional univariable analyses were conducted using weighted median (138), 
Egger regression (139), and MR-Horse (140). The corresponding multivaria-
ble methods were used in multivariable Mendelian randomisation (140, 141). 

Ethical considerations 
The legal basis for this research is that it was conducted in the public interest, 
according to Article 6 of the General Data Protection Regulation (GDPR) 
(142). The conduct of research is part of the mandate of Swedish universities, 
and the Swedish Higher Education Act stipulates that it should benefit the rest 
of society (Chapter 1, Section 2) (143). 

We processed what the GDPR calls “special categories of personal data” 
(Article 9) (142). More specifically, we processed health-related personal 
data. Although the authorisation to process data of this type falls under its 
contribution to public interest, additional steps needed to be taken in order to 
protect the individuals whose data were used in this research. An ethical re-
view was therefore necessary, and the Regional Ethical Review Board in Upp-
sala granted ethical approval for this research (Dnr 2018/274 with amend-
ments Dnr 2023-00041-02 and Dnr 2025-08376-02). Obtaining informed con-
sent for our specific studies was not required by the Regional Ethical Review 
Board. 

Already-existing data was used and no new data was collected for the re-
search presented here, thereby not generating risks associated with new data 
collection, which could entail breach of privacy or emotional distress for study 
participants. 
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For Study I more specifically, ethical approval was initially obtained from 
the ALSPAC Ethics and Law Committee and the Local Research Ethics Com-
mittees by researchers at University College Cork. The Regional Ethical Re-
view Board in Uppsala also granted ethical approval for Study I (see especially 
Dnr 2025-08376-02). Informed consent for the use of all data collected was 
obtained from participants following the recommendations of the ALSPAC 
Ethics and Law Committee at the time. Participants can contact the study team 
at any time to retrospectively withdraw consent for their data to be used. Study 
participation is voluntary and during all data collection sweeps, information 
was provided on the intended use of data. The approved research proposal 
(proposal number: B3846) is available on the University of Bristol’s website: 
https://proposals.epi.bristol.ac.uk/?q=node/130428/. 

Participants in SIMPLER (Study II) provided informed consent during data 
collection. This included consent to participate in the questionnaires, to the 
collection of biological samples if applicable, to the linking of their collected 
data to registers from the National Board of Health and Welfare and from Sta-
tistics Sweden, and to the use of these data for future research. 

Data were pseudonymised and the keys kept by the National Board of 
Health and Welfare or Statistics Sweden (Study II-IV, depending on the 
study). Although risks of de-pseudonymisation exist with extensive individ-
ual-level data, risk-minimising measures were adopted: the data were securely 
stored on servers of the Uppsala Multidisciplinary Center for Advanced Com-
putational Science specifically dedicated to sensitive personal data, and only 
doctoral students and researchers participating in the research project can have 
access to it, in accordance with Article 89 of the GDPR (142). 
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Main results 

Study I 
Study I included 9,056 individuals from the ALSPAC birth cohort who had 
complete data on age, sex, and maternal education, and at least one measure-
ment of systolic blood pressure taken during the study period. On average, 6 
measurements of systolic blood pressure were available per individual. We 
conducted sex-specific analyses. There was a clear socioeconomic gradient in 
between-individual variability in blood pressure only among females, from 3 
to 17 years-old (Figure 2). Socioeconomic position was inversely associated 
with within-individual variability in systolic blood pressure (Figure 3). 

 

 
Figure 2. Between-individual variability in systolic blood pressure over age by soci-
oeconomic group (maternal education). Panel A: males, panel B: females. Between-
individual variability is expressed as mmHg, and as a standard deviation (not as a 
variance). Lowest maternal education: “less than O level”, highest: “degree or above”. 
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Figure 3. Within-individual variability in systolic blood pressure over age by socio-
economic group (maternal education). Panel A: males, panel B: females. Lowest ma-
ternal education: “less than O level”, highest: “degree or above”. 

Study II 
First, we used data from the two SIMPLER sub-cohorts described above. We 
applied a discovery-replication strategy to identify metabolites associated 
with education in a first cycle of data collection (Västmanland: n=7,426; Upp-
sala: n=5,309). Then, we conducted a longitudinal analysis of replicated me-
tabolites using two data-collection cycles (Uppsala sub-cohort). We found a 
social gradient between educational attainment and the concentration of 95 
circulating metabolites. Lower educational attainment was associated with 
higher concentrations of metabolites that are thought to be cardiometaboli-
cally harmful, and with lower concentrations of metabolites that are thought 
to be cardiometabolically beneficial. 

Second, we used summary data from GWASs to conduct two-sample Men-
delian randomisation analyses. In univariable Mendelian randomisation anal-
ysis, conducted with inverse-variance weighting, genetically-predicted years 
of education were associated with 18 metabolites – in the same direction as 
observed in the analysis in SIMPLER (Figure 4). Results were most robust to 
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the choice of analysis method for 5 of those 18 metabolites, which we analysed 
using multivariable Mendelian randomisation. Results were imprecise when 
adjusting for intelligence, but did not indicate that the results from univariable 
Mendelian randomisation were driven by intelligence. Results adjusted for 
BMI suggested that the protective effect of longer education on the level of 
circulating metabolites was mediated by BMI. 

 

 
Figure 4. Associations between genetically-predicted years of education and 38 me-
tabolites estimated by inverse-variance weighting, with nominal 95% confidence in-
tervals (univariable Mendelian randomisation). 
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Study III 
Study III was conducted among 73,160 adults who were newly diagnosed with 
type 2 diabetes in Sweden between 2007 and 2016, and who were ≤ 61 years 
old at the time of diagnosis. We found inequalities in mortality and MCEs 
between individuals at risk of poverty and individuals not at risk of poverty. 
At 10 years of follow-up, the risk of mortality among individuals at risk of 
poverty was 3.8 percentage points higher than among individuals not at risk 
of poverty (95% confidence interval: 3.0 – 4.5) (Figure 5, panel A). The cor-
responding estimate for MCEs was 1.2 (95% confidence interval: 0.5 – 1.9). 

Analyses simulating income supplementation among individuals at risk of 
poverty did not indicate that this would reduce inequalities in mortality (Fig-
ure 5, panels B-C) or MCEs. When an increase in income was simulated using 
the fully adjusted model, the excess 10-year risk of mortality changed by 0 
percentage points (95% confidence interval: -0.9 – 1.2). The excess 10-year 
risk of MCEs changed by -0.4 percentage points (95% confidence interval: -
1.1 – 0.5). 

An exception to these overall findings was that inequalities in MCEs 
among females were very small, and that corresponding analyses simulating 
income supplementation suggested that it could reduce the risk of MCEs in 
those at risk of poverty.  
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Figure 5. Panel A: risk of mortality at different time horizons, stratified by at-risk-of-
poverty status, and excess risk in individuals at risk of poverty. Panel B: risk of mor-
tality, and risk of mortality had income been raised to the at-risk-of-poverty threshold 
in individuals at risk of poverty. Panel C: corresponding change in the excess risk of 
mortality had income been raised to the at-risk-of-poverty threshold in individuals at 
risk of poverty (in percentage points). Shown with 95% confidence intervals. 

Study IV 
Study IV was conducted among all adults with newly diagnosed type 2 diabe-
tes in Sweden between 2007 and 2019, with at least one record in the National 
Diabetes Register, and who were free of the event of interest at the start of 
follow-up. The study included 345,133 individuals when analysing peripheral 
neuropathy/peripheral vascular disease; 365,398 individuals when analysing 
foot ulceration; and 371,779 individuals when analysing amputations. 

We found that low physical activity was associated with an increased inci-
dence of lower-extremity complications among individuals with type 2 diabe-
tes (Figure 6). This was the case at different ages, from ~50 and up to ~85 
years old, with slight differences between outcomes. We did not find 
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differences in estimates between high and low education when stratifying by 
educational attainment. However, including data on self-reported levels of 
physical activity had little added prognostic value, and it did not improve the 
prediction of lower-extremity complications beyond prognostic factors com-
monly used in clinical practice such as sex, smoking status, HbA1c, BMI, etc. 
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Figure 6. Association of physical activity with the subdistribution hazard of periph-
eral neuropathy/peripheral vascular disease (panel A), foot ulceration (B), and ampu-
tation (C), at different landmark ages, with 95% confidence intervals. Physical activity 
categories are compared to the highest category: daily walking of 30 minutes or equiv-
alent, adjusted for clinical prognostic factors. Y-axis on a base-2 logarithmic scale. 
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Discussion 

The work presented in this thesis was aimed at investigating selected aspects 
of the role socioeconomic position and physical activity play in cardiometa-
bolic health and disease, focusing on cardiometabolic traits and consequences 
of type 2 diabetes. 

We found limited evidence that socioeconomic position was inversely as-
sociated with between-individual variability in systolic blood pressure in the 
early life course in ALSPAC (Study I, aim a). In the same cohort, socioeco-
nomic position was inversely associated with within-individual variability in 
systolic blood pressure (Study I, aim b). In Study II, education was associated 
with the trajectories of 95 circulating metabolites in SIMPLER sub-cohorts 
(aim a), and Mendelian randomisation identified an association between ge-
netically-predicted years of education and 18 metabolites (aim b), both sets of 
results suggesting a protective effect of education. In Study III, we found that 
raising income among individuals at risk of poverty would not lead to a re-
duction in inequalities in mortality and major cardiovascular events among 
Swedish adults with type 2 diabetes. In Study IV, we found that physical ac-
tivity was protective against lower-extremity complications of type 2 diabetes, 
but that knowledge of levels of physical activity would not lead to improve-
ments in the prediction of these complications. 

The relation between these findings and the literature is discussed in each 
individual study. Similarly, some of the methodological considerations raised 
by the studies are laid out in their respective Discussion sections. After dis-
cussing the implications of each study’s findings, I will here focus on consid-
erations surrounding three general themes that could not be greatly expanded 
upon in each study: time-to-event settings with competing events and causal 
inference (in relation to Study III-IV), socioeconomic position and causal in-
ference (in relation to Study II-III), and Schmalhausen’s law (in relation to 
Study I). 
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Implications 
The inverse association between socioeconomic position and within-individ-
ual variability in systolic blood pressure found in Study I was small in magni-
tude and is unlikely to be directly clinically relevant. For comparison with the 
results displayed in Figure 3, a study conducted among individuals with hy-
pertension found that a 5 mmHg increase in the variability of systolic blood 
pressure (in standard deviation) was associated with a 10% higher risk of mor-
tality (66). Similarly, a study conducted among individuals with type 1 diabe-
tes found that a 3.2 mmHg increase in the variability of systolic blood pressure 
(in standard deviation) was associated with 13% higher odds of pre-prolifera-
tive or proliferative retinopathy. The differences in within-individual variabil-
ity observed between socioeconomic groups in Study I are well below 5 
mmHg or 3.2 mmHg. However, Study I was conducted among a general pop-
ulation, followed from childhood to young adulthood. The accumulation, over 
time, of small differences in blood pressure variability between individuals 
with different socioeconomic position is one plausible mechanism through 
which social inequalities in cardiometabolic disease may emerge over the life-
course. More research on this is needed, for example to determine whether 
tackling high variability in systolic blood pressure could contribute to the re-
duction of social inequalities in health. Studying within-individual variability 
in health-related traits could also help give a fuller picture of social inequali-
ties in health, in addition to differences in averages trajectories, in disease in-
cidence, and in disease prevalence. 

While more research is needed on between-individual variability in relation 
to Schmalhausen’s law, a potential application could be made in public 
health surveillance. If increasing between-individual variability points to 
“severe or unusual general stress conditions” (65), increases in between-in-
dividual variability in some health-related traits in a given population or 
group could point to unknown deteriorating conditions, that could then be 
investigated and identified. 

Results from Study II, in conjunction with findings from other studies (68, 
69), suggest that increasing the length of education might have benefits for the 
cardiometabolic health of a population. As the metabolites analysed with 
Mendelian randomisation have been implicated in the aetiology of cardiovas-
cular diseases (144), they could be targets for interventions aimed at reducing 
social inequalities in cardiometabolic health. As we found that BMI was me-
diating the relationship between education and metabolite concentration, BMI 
could also be such a target (also see (145)). However, our study did not address 
educational arrangements more generally, such as how the educational system 
is organised, the quality of education, etc. The beneficial effect of longer 
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education on cardiometabolic health could differ based on the social context, 
including based on existing educational arrangements. 

Study III did not suggest that raising income among individuals at risk of 
poverty would lead to a reduction in inequalities in mortality or MCEs among 
individuals with type 2 diabetes. Among women at risk of poverty however, 
we found that income supplementation could reduce the risk of MCEs over 10 
years of follow-up. Health differences between males and females have been 
previously documented and could arise through sex-specific biological path-
ways and gender-specific social pathways (146). A recent scoping review of 
monetary intervention in individuals with type 2 diabetes identified two quasi-
experimental studies conducted in the USA that examined the effect of income 
supplementation on HbA1c, blood pressure, and BMI (147). One of those 
studies found that income supplementation provided as housing assistance 
through project housing reduced the risk of having a HbA1c of 9% or above 
(147). Clarifying the role that income supplementation can play in improving 
cardiometabolic health among individuals with type 2 diabetes will require 
additional studies. 

Study IV, along with other studies (76, 77, 148), suggests that increasing 
levels of physical activity could benefit individuals with type 2 diabetes by 
reducing their risk of lower-extremity complications. This adds to the many 
recognised benefits of physical activity for individuals with type 2 diabetes 
when it comes to, for example, insulin sensitivity and glycemic control, blood 
pressure, lipid levels, and cardiovascular mortality (64, 149). The mechanisms 
that may explain the protective effect of physical activity on lower-extremity 
complications include improved glycaemic control and insulin resistance, im-
proved blood pressure, and improved nerve conduction velocity and nerve fi-
bre density (75, 149). 

Time-to-event settings with competing events and 
causal inference 
In the presence of competing events, Fine-Gray subdistribution hazard models 
can be used to determine the association of a covariate with the absolute risk 
of an event (Study IV), and could therefore appear as a reasonable choice for 
causal inference in settings with competing events (125). Conversely, Koller 
and colleagues recommended the use of cause specific hazards models when 
a study’s interest was of a causal or aetiological nature, because they focus on 
the instantaneous risk of the event of interest among individuals who are still 
at risk of this event and have not been subjected to the competing event (126). 
Others have argued that both cause-specific and subdistribution hazard ratios 
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should not be used as measures of association for causal interpretations of 
point estimates in time-to-event settings with competing events (123). This is 
because subdistribution hazards are obtained by conditioning on survival from 
the event of interest, and cause-specific hazards are obtained by conditioning 
on survival from the event of interest and from the competing event(s) (123). 
If the exposure has an effect on the risk of the events, and if there are unmeas-
ured causes of disease progression – common causes of disease status at time 
t and of disease status at time t+1 –, this can result in bias (123). 

Alternatives to hazard ratios include survival curves, restricted mean sur-
vival time (150, 151), and absolute risks and change in absolute risk over a 
certain time period (152). We will focus on the total effect, which is an esti-
mand based on risks, where risk is defined as a “probability of an event during 
a specified period of time” (153). The total effect is the risk without elimina-
tion of competing events (123). In a competing risk setting, it is a contrast 
between the risk of an outcome 𝑌 by a certain time point (𝑡) had everyone in 
a study been exposed, and the risk had everyone not been exposed (in the case 
of a binary exposure):  

 
PrJ𝑌"

+,-./(0+1$ = 1L 𝑣𝑠	Pr[𝑌"
+,-./(0+1# = 1] (Adapted from (123)). 

Since some event times for some individuals are typically not observed in 
time-to-event data due to right censoring, this can be extended to a contrast 
where censoring is eliminated, or: 

 
PrJ𝑌"

+,-./(0+1$,3+4/.0+51# = 1L 𝑣𝑠	Pr[𝑌"
+,-./(0+1#,3+4/.0+51# = 1] 

(Adapted from (123)). 

Here, competing events are not considered to be censoring events. Total ef-
fects contrast the risk of an outcome under different exposures regardless if 
competing events prevent the event of interest from occurring. Total effects 
therefore includes all pathways between an exposure and an event of interest, 
“including those possibly mediated by the competing event” (123), as can be 
seen in Figure 7 where the total effect of income on acute myocardial infarc-
tion by time t1 includes both income0 → acute myocardial infarction1, and in-
come0 → death1 → acute myocardial infarction1. 
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Figure 7. Directed acyclic graph of a competing event setting, where income at t0 is 
the exposure, death is the competing event and acute myocardial infarction is the event 
of interest. Adapted from Figure 1 in (123), and from Figure 1 in (154). 

The consequence is that the interpretation of total effects can be counterintui-
tive. In Figure 8 below, hypothetical individuals are exposed or not, and being 
exposed delays mortality. When unexposed (𝑋 = 0), they would die at ap-
proximately t4. When exposed (𝑋 = 1), they would die at approximately t6. 
By t5, their event status would therefore be ‘death’ if	𝑋 = 0, but ‘alive’ if	𝑋 =
1. However, delaying death means that more time is made available for them 
to experience a MCE. It was precluded under 𝑋 = 0 by death, but when 𝑋 =
1, they experience a MCE at t4.5. This leads to the result that being exposed 
(𝑋 = 1), while not affecting the time to MCEs, actually result in it through the 
delaying of death. 

 

 
Figure 8. Graphical illustration of total effects for hypothetical individuals that are 
unexposed or exposed (X set to 0 or to 1). The heart indicates a non-fatal MCE and 
the cross indicates death. The empty heart illustrates that the event was precluded by 
death and did not occur, and indicates at what time it would have occurred had death 
been delayed. 

In Study III, we attempted to ascertain whether raising income among indi-
viduals at risk of poverty would lead to a reduction in inequalities in mortality 
and MCEs among Swedish adults with type 2 diabetes. To do so, we needed 
to estimate the effect of income on mortality and MCEs, to then simulate what 

t0 time

X = 0

X = 1

t5
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would occur under income supplementation. We used logistic regression and 
inverse probability of censoring weights to estimate a total effect. Although 
we did not observe seemingly counterintuitive findings such as those dis-
cussed just above, it is possible that results would be different if total effects 
were not favoured.  

An alternative to the total effect is the controlled direct effect, or the “risk 
under elimination of competing events” (123). Unlike the total effect, it quan-
tifies the effect of the exposure on an event of interest not through the com-
peting event. In Figure 1, it includes only the path income0 → acute myocar-
dial infarction1. The path income0 → death1 → acute myocardial infarction1 
should therefore be blocked by analytically setting death1 to 0 for the con-
trolled direct effect to be estimated. This relates the competing risks setting to 
the mediation setting, the mediator here being the competing event, often 
death. 

Socioeconomic position and causal inference 
In Study II, we attempted to ascertain what would happen to inequalities in 
mortality and MCEs if income was raised among individuals at risk of pov-
erty. In Study III, using Mendelian randomisation, we aimed to determine 
whether years of education had a causal effect on the concentration of cardi-
ometabolically-relevant metabolites.  

Causal inference in epidemiology has long been based on the idea of ran-
domisation (155). Randomisation, and the randomised controlled trial, are 
also used as an analogy when discussing natural experiments, where some 
process is thought to be assigning individuals to different exposures or differ-
ent probabilities of exposures at random (156). This includes Mendelian ran-
domisation, which relies on the assumption that “inheritance of one trait is 
independent of – that is, randomized with respect to – the inheritance of other 
traits” (emphasis added) (157). Even when an exposure is not randomised by 
researchers or by “nature”, the randomised trial can be used as a conceptual 
model for causal inference (158). For example, in pharmacoepidemiology, it 
has become common to specify a (randomised) target trial that would answer 
a research question of interest, before using data from population-based co-
horts, registers, and/or electronic health records to emulate that target trial if 
it cannot be conducted, by adjusting for the necessary covariates (159).  

Some exposures, such as drugs, are straightforwardly amenable to a con-
ceptual model of causal inference based on the randomised trial. Others, less 
so. It is not straightforward to randomise obesity or biological factors in  gen-
eral (even if only in thought), since (i) they are not external to the individuals 
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and (ii) they are the results of complex processes involving other biological 
factors and non-biological factors (160). The first limitation does not apply to 
socioeconomic position (and social exposures in general), but the second does, 
because of the complexity of processes leading to one’s socioeconomic posi-
tion, processes that can also involve past generations (161, 162). This means 
that disentangling the effect of socioeconomic position or specific social ex-
posures, whether through covariate adjustment or through natural experi-
ments, is not necessarily possible (163), even though some social exposures 
might be more amenable to a randomisation model of causal inference than 
others (164). Income supplementation for example can be thought of as ame-
nable to randomisation (164, 165). Neighborhood socioeconomic position 
might not be amenable to randomisation, but vouchers to move out of disad-
vantaged neighbourhoods can be randomised (166).  

Social exposures can also affect individuals beyond the ones who receive 
a given exposure – or interference (167). Supplementing someone’s income 
can affect the health of everyone in a household if they also benefit from the 
additional income. Similarly, interference, social interactions, and social re-
lations can undermine the applicability of findings from studies that follow 
a conceptual model of causal inference based on the randomised trial: if 
they evolve between the time of the study and the time of application (of 
an income supplementation program for example), the effect of exposure 
will differ (166). 

Even when focusing on social exposures that are amenable to randomisa-
tion, and leaving aside the question of interference, other challenges remain. 
In Study III, the exposure of interest was annual, inflation-adjusted, 
equivalised disposable income. Income can be determined through different 
means: earnings, retirement pensions, disability pensions, etc. The same 
amount of income, but acquired through different means, might have different 
effects on health outcomes. The fact that income was measured annually leads 
to the same consideration: annual income is a combination of several monthly 
incomes, each having potentially different contributions from earnings, unem-
ployment benefits, etc. The fact that the exposure is not well-defined could 
mean that it violates the consistency assumption (168). Alternatively, it could 
be thought of as a composite exposures (169, 170). The effect of such a com-
posite exposure could then be interpreted as the effect of a well-defined com-
posite intervention whose components are distributed in the same ways than 
in the study population. However, in addition to complicating interpretation, 
this means that removing confounding and selection bias is more difficult, as 
it now needs to be removed for what are effectively several exposures and not 
just one. 
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The above does not mean that exposures less amenable to a conceptual 
model of causal inference based on the randomised trial are not causes (171-
173). However, it does mean that it is not obvious whether it is possible to 
estimate the causal effects of such exposures on health outcomes (173). This 
situation could lead to overemphasis on social exposures that are more ame-
nable to randomised studies, and thus to an emphasis on small changes within 
existing systems: the prescribing of a certain medication is more amenable to 
the emulation of a target trial than comparisons between different social secu-
rity systems (174).  

Schmalhausen’s law, theories, and hypotheses 
The challenges described in the previous section can be avoided by first rec-
ognizing that randomised controlled trials and the related conceptual model 
are not necessarily central to research (175). The formulation of theories and 
hypotheses does not require results from studies using a conceptual model of 
causal inference based on the randomised trial. Empirical tests of those theo-
ries and hypotheses do not always require mimicking a randomised trial. In 
some cases, the conceptual model of causal inference based on the randomised 
trial will be useful, in some cases it will not be, and in some cases, it will be 
useful only intermittently. Some empirical testing of the theory of cumulative 
(dis)advantage can be done descriptively, by investigating patterns of diver-
gence between individuals or groups (176). This is similar for the theory of 
fundamental causes (177), as tests of the theory can be conducted by compar-
ing age-adjusted mortality rates from specific diseases (178), although designs 
based on natural experiments or analytical approaches based on the potential 
outcomes framework can also provide evidence regarding the theory (179, 
180). Those theories, if true, depict (possibly unobservable) causal processes 
that would explain observable social inequalities in health. Descriptive testing 
of theories can therefore also contribute to causal inferences, for example by 
rejecting inadequate theories or hypotheses (or by failing to do so), or by forc-
ing revisions and improvements on the theories.  

In Study I, we conducted a test of Schmalhausen’s law using longitudinal 
data on systolic blood pressure from a birth cohort study. Schmalhausen’s law 
posits that “under severe or unusual general stress conditions even small en-
vironmental and genetic differences have major effects”, and that these differ-
ences would “show up as increased variation” (65). Similar to the cumulative 
(dis)advantage and fundamental causes theories, I argue that it can be tested 
descriptively, without relying on a conceptual model of causal inference based 
on the randomised trial. Schmalhausen’s law, as it is described just above, 
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should work in different contexts (and in different species (181)). We can ex-
amine, descriptively, whether groups living “under severe or unusual general 
stress conditions” exhibit greater between-individual variation in health-re-
lated traits. The theory allows for various mechanisms that can bring this 
about. What is common between those mechanisms is that “[t]hey all fit into 
the overriding theory and support its goals” (175). Schmalhausen’s law allows 
for two broad sets of mechanisms that can link “general stress conditions” to 
between-individual phenotypic variation: small genetic differences, and small 
differences in intermittent environmental stressors. By focusing on one gen-
eral hypothesis, we can however leave aside exactly how it comes to be, what 
are the exact mechanisms at play in a specific context, and instead emphasize 
the distribution of health and disease within specific socioeconomic groups. 
However, the exact mechanisms could be fleshed out by conducting new stud-
ies focusing on specific environmental or genetic differences (or their interac-
tions) that would provide the general theory with precise mechanisms that may 
be active in some contexts but not in others; or by synthesizing results from 
studies not claiming to test Schmalhausen’s law, but whose findings could 
provide useful material nonetheless (175). This also means that between-indi-
vidual variability might manifest itself in different health-related traits in dif-
ferent contexts, depending on what mechanisms are active. 

However, there are difficulties in testing Schmalhausen’s law in longitudi-
nal, individual-level data. First, as detailed in the Methods above, we used 
Bayesian statistical models. This was done primarily to be able to fit the mod-
els that were of interest, as it was not clear whether frequentist alternatives 
would be adequate. A Bayesian approach involves much longer computing 
time however, which in practice limits the number of health-related traits that 
can be investigated, even though investigating more health-related traits 
would help test and develop the theory. There is a workable frequentist alter-
native that involves first fitting a mixed-effects model before extracting a 
measure of between-individual variability from this model. This measure of 
between-individual variability can then be regressed on the variables of inter-
est (182). However, this approach entails treating the measure of between-
individual variability as fully observed and not as estimated with uncertainty. 
Second, the total between-individual variation calculated from individual-
level effects depends on what individual-level effects are included, and on as-
sumptions regarding their distributions. For example, in Study I, we included 
individual-level intercepts and individual-level slopes for linear age, and these 
were assumed to follow a normal distribution. Perhaps individual-level effects 
for quadratic age should have been included as well, and perhaps the individ-
ual-level effects should not be assumed to follow a normal distribution. 
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However, including additional individual-level effects (e.g., for quadratic age) 
increases substantially the number of data points required for the analysis. 
Third, the usual problems in epidemiological studies remain, such as study 
populations that may not reflect the populations they came from, or random 
and systematic measurement error. 

Further research could help identify elements of the theory that might be 
inadequate, or complement the theory with other hypotheses. For example, it 
may be that when adverse stress conditions are “strong enough and consistent 
enough across individuals, they […] can suppress genetic and/or environmen-
tal sources of variance in the population” (183). The characterisation of what 
constitutes “severe or unusual general stress conditions” could also give addi-
tional content to the theory. In addition, further research could clarify the 
(in)compatibilities of Schmalhausen’s law with other theories, hypotheses and 
concepts; including the theory of cumulative (dis)advantage (176), the theory 
of fundamental causes (177), the ecosocial theory of disease distribution 
(184), the decanalisation hypothesis (185); and the concept of cryptic genetic 
variation (186). Three examples can be given to illustrate the possible relations 
between those. First, between-individual variability in health-related traits has 
previously been studied to provide evidence regarding the theory of cumula-
tive (dis)advantage (182, 187). Second, cryptic genetic variation could be syn-
onymous with what was conceptualised as “hidden” genetic variation in the 
exposition of Schmalhausen’s law (65). And, third, both Schmalhausen’s law 
and the decanalisation hypothesis rest on the theory of stabilising selection 
and on the related concept of canalisation (65, 185). 

Schmalhausen’s law has additional features that makes it of potential value 
for the study of social inequalities in health. Because it is rooted in findings 
and theorisation from evolutionary biology, empirical work around it could 
help overcome conceptual and disciplinary boundaries between disciplines, 
and help integrate results relevant to social inequalities in health across disci-
plines (188, 189). Because social relations exist in other species and are not 
unique to human societies (190), synthesising evidence on Schmalhausen’s 
law across species could also help move research on social inequalities in 
health in humans forward (188). 
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Conclusions and future perspectives 

This thesis investigated selected aspects of the role socioeconomic position 
and physical activity play in cardiometabolic health and disease, focusing on 
cardiometabolic traits and consequences of type 2 diabetes. We used varied 
data sources from Sweden and the United Kingdom. We applied different 
study designs and statistical approaches tailored to the research questions of 
interest and to the data used to address them. 

Further investigation on the relation between socioeconomic position and 
within-individual variability in cardiometabolic traits, investigated in Study I, 
can improve our knowledge of how the social becomes biological, and on the 
pathways through which social inequalities in health arise. Studies focusing 
on the effects of social exposures at the molecular level, the focus of Study II, 
aided by advances in the high-throughput measurement of biological mole-
cules, have provided and will likely provide similar benefits. Simulating the 
impact of changes in social exposures on the magnitude of social inequalities 
in health, as attempted in Study III, could provide targets for intervention in 
real life. For these research questions more specifically, interference might 
need to be attended to, and observational studies might not be able to fully 
replace randomised intervention studies. Lifestyle factors such as physical ac-
tivity can play a role in reducing the risk of lower-extremity complications of 
type 2 diabetes in individuals and populations. The added prognostic value of 
a single variable, however, is not guaranteed, especially if there already exist 
well-established prognostic factors (as shown in Study IV). 

I would contend that perhaps the most promising path among those pursued 
in this thesis, despite its mixed results in Study I, is the combining of longitu-
dinal individual-level data with extensions of mixed-effects models to inves-
tigate between-individual variability in health-related traits and conduct tests 
of Schmalhausen’s law. Some of the challenges of taking this path have been 
highlighted in the Discussion above, along with several lines of possible re-
search goals. 
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