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Outline

The next few pages present first the English and then the Danish sum-
mary of this dissertation.

InChapter 1, I introduce the social epidemiological domain to which
this dissertation belongs. I present the overall purpose and specific aims
of this dissertation at the end of chapter 1. In Chapter 2, I describe the
materials and methods used to fulfil the aims of the dissertation as well
as a description of the data sources used. Chapter 3 presents a brief de-
scription the main results and some further analyses I have conducted
to investigate the aims described at the end of chapter 1. In Chapter
4, I discuss the methods, the validity of the studies and the potential
sources of bias which are important in relation to interpreting the res-
ults. Chapter 5 discusses the results in relations to the aims. The conclu-
sion of this dissertation in relation to the aims are presented in Chapter
6. Chapter 7 brings the results into perspective and suggests topics for
future research.

The scientific papers (Study I-IV) are presented in full in appendix
A, B, C and D. Located directly after each paper are the supplement-
ary materials to each study (appendix ??, ??, ?? and ??). These contain
sensitivity analyses, further descriptions of covariates and operational-
isations as well as the validity of the short UCLA-scale used in Study III
and IV.
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Outline
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Study II: Ejlskov, L., Bøggild, H., Hansen, C.D., Wulff, J., Hansen,
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velopment of lifestyle related diseases. Under review at
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Study IV: Ejlskov, L., Bøggild, H., Kuh, D. & Stafford, M. Social re-
lationship adversities throughout the life course and risk
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English summary

Social connections are the cornerstone of a human being’s life and health.
From the moment we are made the seemingly individual choices and
social circumstances of our parents as well as the social encounters through-
out life in part shape who we become. In addition, these social factors
are also key for the propensity to live a good, long and healthy life. This
PhD-dissertation consists of four quantitative social-epidemiological stud-
ies. These utilize different conceptual approaches to measure qualit-
ative and quantitative aspects of social relationships and their associ-
ations with several adverse physical and mental health outcomes. An
added important contribution of this dissertation is the utilization and
demonstration of statistical methods and conceptual approaches from
the field of machine learning and life course epidemiology.

The dissertation is based on three data sources: 1) A representat-
ive study sample of the inhabitants of the North Region Denmark in
2007 merged with data from three different national registers (The Cent-
ral Population Register, The Danish National Patient Register and The
Danish Income Statistics Register) with 14 years follow-up on all-cause
mortality, 2) a Danish national cohort consisting of all Danish Citizens
born in 1961-1971 with follow-up between 14-24 years on cardiovascu-
lar disease, diabetes and pulmonary obstructive lung disease and 3) The
National Survey of Health and Development, a representative British
study sample born in 1946 that is the longest running birth cohort study
in the world with loneliness at age 68 as the outcome.

Several main findings are worth highlighting. Overall, the findings
in this dissertation suggest that the degree to which current quantity
and quality of social relationships protect against ill health are depend-
ent upon both life course experiences and gender. First, evidence differs
for whether gender differences occur depending on the aspect of social
relationships measured and the outcome investigated. For most aspects
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English summary

of social relationships and most outcomes, the studies performed in this
dissertation suggest limited or no evidence that the association between
social relationship measures and health are buffered by gender. Thus,
the results suggest that gender may be a buffering factor for some health
outcomes but not others and for some aspects of social relationships and
not others. Conceptualising current social relationships as a resource
for the individual to improve and maintain good health, individual so-
cial capital as the only social relationship conceptualisation shows evid-
ence of differential associations with all-cause mortality for men com-
pared to women. The findings suggest that higher levels of trust and
more frequent social contact are associated with a lower risk of all-cause
mortality for women. In contrast, more frequent social contact is asso-
ciated with a higher risk of all-cause mortality for men.

Second, extending the scope to a life course perspective - social re-
lationship adversities experienced throughout the life course are as-
sociated with loneliness among older adults. The results suggest that
childhood social relationship adversities may be a sensitive period and
that the detrimental effect of social relationship adversities accumulates
over the life course. A key finding in Study IV is that the extent to which
lack of social contact exacerbates loneliness depends on social experi-
ences in earlier life stages. Further, that a high current quality of rela-
tionships may mitigate the negative effect that earlier social relationship
adversities exert on loneliness.

Third, turning to a marker of the social environment in early-life, the
socioeconomic position of one’s parents during childhood or early-life
is associated with both cardiovascular disease, diabetes and pulmonary
obstructive lung disease in adulthood. The results suggest that those
having grown up in a lower socioeconomic position have a higher risk
of developing these three diseases regardless of birth year and ethnicity.
The associations are strongest for pulmonary obstructive lung disease
and with similar effect sizes for both men and women. The effect seems
to dilute over time.

Fourth, the associations between early-life socioeconomic position
and the risk of developing these lifestyle-related diseases were all partly
mediated by socioeconomic position in adulthood. The largest mediat-
ing effect was seen for pulmonary obstructive lung disease with approx-
imately 67% of the association being mediated by adult socioeconomic
position for both men and women and the lowest was observed for car-
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diovascular disease with approximately 50% being mediated by adult
socioeconomic position.

Fifth, demonstrating how techniques from machine learning can be
used in the health sciences, another key finding was that among 42 cor-
relates of loneliness among older adults, both the quality and the quant-
ity of social relationships are among the most important predictors of
loneliness - a key mental and social well-being health outcome.

One cannot use one conceptualisation of social relationships or be
looking at one time point to give an adequate representation of the im-
portance of social relationships for health. Seemingly different aspects
of social relationships tap into the same underlying features of social
relationships. All aspects work in tandem to give an overview of the
importance of social relationships for health. In this dissertation, I also
demonstrated how data analytical advances in other fields might fur-
ther social epidemiology by providing a means to assess the relative
importance of many identified predictors, which may help develop the
design and targeting of health interventions.
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Dansk resumé

Sociale relationer er hjørnestenen i et menneskes liv og sundhed. Fra
det øjeblik, vi bliver skabt, er vores - på overfladen - individuelle valg,
vores forældres sociale forhold og sociale oplevelser gennem livet med
til at forme, hvem vi bliver. Derudover er disse sociale faktorer med til
at forme sandsynligheden for at leve et godt, langt og sundt liv. Denne
ph.d.-a andling består af fire kvantitative social-epidemiologiske stud-
ier. Studierne anvender forskellige tilgange til at måle kvantitative og
kvalitative aspekter af sociale relationer og disses sammenhænge med
forskellige fysiske og psykiske sundhedsudfald. Et vigtigt bidrag i denne
a andling er brugen og demonstrationen af statistiske metoder og kon-
ceptuelle tilgange fra maskinlæring og livsforløbsepidemiologi.

Denne a andling baserer sig på tre datakilder: 1) En repræsentativ
stikprøve fra borgere i Region Nordjylland koblet med data fra forskel-
lige nationale registre (CPR-registret, Landspatientregistret, det danske
indkomstregistre) med 14 års follow-up på dødelighed; 2) en dansk na-
tional kohorte indeholdende alle danske borgere født mellem 1961-1971
med opfølgning mellem 14 og 24 år på kardiovaskulære udfald, dia-
betes og KOL; 3) The National Survey of Health and Development, en
repræsentativ britisk stikprøve født i 1946, som er den længst kørende
fødselskohorte i verden med ensomhed som 68-årig som udfald.

Flere hovedresultater er værd at fremhæve. Overordnet indikerer
resultaterne, at hvor meget nuværende kvalitet og kvantitet af sociale
relationer besky er mod dårligt helbred a ænger af både oplevelser
gennem livet og køn. For det første dokumenteres det, atforekomsten
af effektforskelle på tværs af køn a ænger både af den brugte koncep-
tualisering af sociale relationer og det sundhedsudfald, der undersøges.
For de fleste aspekter af sociale relationer og de fleste udfald indikerer
de fleste studier i denne a andling begrænset eller ingen evidens for, at
sammenhængen mellem sociale relationsmål og sundhed a ænger af
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Dansk resumé

køn. Dermed indikerer resultaterne, at køn kan være en modererende
faktor for enkelte sundhedsudfald og for enkelt aspekter af sociale re-
lationer og ikke andre. Konceptualiseringen af nuværende social rela-
tioner som en ressource for individet til at forbedre og vedligeholde et
godt helbred (individuel social kapital) er det eneste brugte social rela-
tionskoncept i denne a andling, der indikerer, at sociale relationer har
forskellig sammenhæng med dødelighed alt efter køn. Resultaterne in-
dikerer, at højere grader af tillid og mere deltagelse i sociale netværk
har en svagere sammenhæng med dødelighed for kvinder. For mænd
er mere deltagelse i sociale netværk associeret med en højere risiko for
at dø.

For det andet udvider a andlingen horisonten til et livsforløbsper-
spektiv. Fra de e perspektiv indikerer resultaterne, at negative sociale
oplevelser i forskellige livsfaser er associeret med ensomhed blandt brit-
iske 68-årige. Negative sociale oplevelser i barndommen er muligvis en
sensitiv periode, og effekter af negative sociale oplevelser ser ud til at
akkumulere igennem livet. Ét af hovedresultaterne i Studie IV er, at ef-
fekten af mangelfuld social kontakt på ensomhed a ænger af sociale
oplevelser tidligere i livet. Yderligere indikerer resultaterne, at en høj
nuværende kvalitet af sociale relationer kan mindske den negative ef-
fekt af tidligere negative sociale oplevelser på ensomhed.

For det tredje dokumenteres det, at den socioøkonomiske position i
barndommen - som en markør for det sociale miljø - er associeret med
både kardiovaskulære udfald, diabetes og KOL som voksen. Resultaterne
indikerer, at de borgere, der er opvokset i en lavere socioøkonomisk po-
sition har en højere risiko for at udvikle de tre ovennævnte livsstilssy-
gdomme. Sammenhængen er stærkest for KOL og er ens for mænd og
kvinder. Denne sammenhæng ser ud til at mindskes over tid.

For det erde findes det, at sammenhængen mellem socioøkonom-
isk position i barndommen og risikoen for at udvikle de tre livsstils-
relaterede sygdomme er delvist medieret af den opnåede socioøkonom-
iske position som voksen. Den største medierende effekt er observeret
for KOL med cirka 67% af sammenhængen medieret af den socioøko-
nomiske position som voksen. Den laveste grad af mediering er ob-
serveret for kardiovaskulære udfald med omkring 50% medieret af den
socioøkonomiske position som voksen.

For det femte blev det demonstreret, hvordan teknikker fra maskin-
læring kan blive brugt inden for sundhedsforskning. Ét er af hovedresultaterne
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er, at ud af 42 korrelater af ensomhed for 68-årige er både kvaliteten og
kvantiteten af sociale relationer blandt de vigtigste prædiktorer af en-
somhed.

Ét mål eller én konceptualisering af sociale relationer målt på ét tid-
spunkt er ikke nok til at give et dækkende billede af vigtigheden af so-
ciale relationer for helbred. Forskellige aspekter af sociale relationer
tapper ind i de samme underliggende dimensioner af sociale relationer.
Alle disse aspekter af sociale relationer interagerer er med hinanden i
at give et overblik over vigtigheden af sociale relationer for helbred.
I denne a andling er det yderligere demonstreret, hvordan dataana-
lytiske fremskridt i andre områder kan fremme viden inden for social
epidemiologi. F.eks. ved at give muligheden for at vurdere den re-
lative vigtighed af mange potentielle prædiktorer af sundhedsudfald.
De e kan bl.a. hjælpe udviklingen og målretningen af sundhedsinter-
ventioner.
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Chapter 1

Introduction

“No man is an island, entire of itself; every man is a piece of the
continent, a part of the main.”

–John Donne, Devotions upon Emergent Occasions1

Human beings have heavily relied on each other since the beginning
of our species. Like other mammals in the animal kingdom, our very
survival has been and still is, dependent on our inclusion into a social
group for protection, sustenance, comfort and development. We shape
and are in turn shaped by our social relations, with each social inter-
action subtly becoming part of our personal sense of self. Over the life
course, these millions of social interactions - with family, friends, lov-
ers, teachers, acquaintances and even strangers shape not just who we
become but our health in turn.

1Donne 1923, p. 8
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While epidemiology is a scientific discipline that investigates the dis-
tribution and determinants of population health, social epidemiology
has a special focus on the social determinants of health (Miller et al.
2009). Similar to John Donne’s statement about the interconnectedness
between people, Mervyn Susser noted the interconnectedness between
health and people (Susser 1973). This statement stands in stark con-
trast to the traditional biomedical approach to health, which assumes ill
health to be fully accounted for by deviations from the norm of meas-
urable biologic variables (Engel 1977). Instead, social epidemiology re-
cognises that complex social, contextual and political factors all play
a part in the individual’s propensity to live a fulfilling and healthy life
(Krieger 2001; Berkman, Kawachi, and Glymour 2014). Thus, both good
health and its absence are not purely biologically determined but so-
cially constructed and distributed. These social circumstances include
both proximal and distal social factors in the disease chain across the
life course (Berkman, Glass, et al. 2000). Link and Phelan describe so-
cial factors as fundamental causes of disease “because they embody ac-
cess to important resources, affect multiple disease outcomes through
multiple mechanisms, and consequently maintain an association with
disease even when intervening mechanisms change.” (Link and Phelan
1995, p. 80).

A key social epidemiological argument is that not all humans are
created equal (Miller et al. 2009, p. 17). Instead, humans are shaped
by the social circumstances in which they reside. Across geographical
places and time, the social environment shapes and is in turn shaped
by the individuals who reside in it, shape and are shaped by the next
generation (illustrated in Figure 1.1). This interaction between the in-
dividual and the proximal and distal factors in the social environment
are often so subtle that it goes unnoticed. One such health-related ex-
ample is the changing norms in lifestyle behaviours such as drinking,
smoking and exercise (Lindbladh et al. 1997; Schooling 2001; Wakefield,
B. Loken, and Hornik 2010).

The changing flow and influence of society on the individual is bey-
ond the scope of this dissertation. However, I use this example because
it illustrates how health research and social epidemiology are cross-
disciplinary fields of research.
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Figure 1.1: Extended ecological model of reciprocal influences on indi-
vidual health across time

Own representation. Adapted from Berkman et al. (2000) and McLeroy et al. (1988) to
incorporate a time dimension and the reciprocal nature of the upstream and downstream levels

Important social factors shaping the distribution of adverse health
across strata are socioeconomic position, gender, ethnicity and social re-
lationships as well as the broader societal and political context in which
an individual lives (Berkman, Glass, et al. 2000). Social relationships are
one of the social factors that have emerged within social epidemiology
as being crucial for understanding differences in health and longevity
(Holt-Lunstad 2018).

Interest in social relationships’ impact on health from other discip-
linary fields such as sociology, anthropology and psychology emerged
long before the rise of epidemiological interest. These theories has helped
to lay the groundwork for social epidemiological understanding (Lund
2016). In the late 1890’s, the sociologist Durkheim sought to demon-
strate how society influences even the seemingly most individualistic
act that suicide is. Based on empirical analyses, he theorised that sui-
cide is related to the degree of social integration in society and to a
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much lesser extent an individual’s life circumstances and events. While
Durkheim’s empirical investigations have been the object of notable cri-
ticism, his work has been and still is an important inspiration for so-
cial epidemiologist seeking to gain an understanding of the influence
of social relations on health (Kushner and Sterk 2005). From psychi-
atry, John Bowlby’s (1979) a achment theory was and still is crucial for
understanding how early life a achments continues to exert influence
throughout life for health and well-being.

The association between social relationships and different states of
health started to gain interest within epidemiology in the 1970’s with the
studies from Cobb (1976) and Cassel (1976) (House, Landis, and Umber-
son 1988). Since then, the association between measures of social rela-
tionships and different health outcomes has been investigated in a vast
number of studies within epidemiology (Holt-Lunstad 2018; House,
Landis, and Umberson 1988). This research has amassed compelling
evidence for the association between social relationships and both mor-
tality (Steptoe et al. 2013; Holt-Lunstad, T. B. Smith, and Layton 2010;
House, Landis, and Umberson 1988), cause-specific diseases and men-
tal well-being (Thoits 2011).

According to Berkman et al. (2014), social relationships impact health
through three different pathways: Health behaviours, psychological
pathways and physiological pathways. Health behaviours include lifestyle-
related behaviours such as smoking, drinking, exercise and diet as well
as the degree to which an individual seeks help when needed and ad-
heres to treatments. The psychological pathways include a number of
affective states and learnt responses to life events such as the degree of
self-efficacy, emotional regulation and self-esteem as well as the degree
of depression and coping skills. Lastly, some physiologic responses -
primarily associated with bodily stress functions - have been shown to
be another way which social relationships influence health (see Figure
1.2 on page 12). This, social relationships can initiate the onset of ill
health and in this way serve as a direct cause of both mortality and mor-
bidity through more proximate factors to health (Umberson and Mon-
tez 2010).

The question as to how, why and to which extent social relation-
ships influence physical and mental health are thus essential questions
in population health. However, despite recognition of the importance
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of social relationships for health and a longstanding and continued rising
interest for the subject (Valtorta et al. 2016), much is still unknown about
the complicated interplay between social relationships and health (Thoits
2011; Lund 2016).

Several researchers have highlighted areas for further exploration.
Umberson (2010), Berkman & Krishna (2014), Urchino (1996) and Kuh et
al. (2003) have emphasised the importance of incorporating a life course
perspective on health. The emergence of life course epidemiology has
provided a lens through which one can examine how social relation-
ships throughout life influence physical and mental health later in life
(Kuh, Ben-Shlomo, et al. 2003). In turn, this perspective may identify
opportunities for interventions and enable a be er understanding of the
social aetiology of ill health. However, studies focusing on social rela-
tionships and health in a life course perspective are still few (P. Thomas
2011).

One of the issues of life course studies of social relationships and
health is that measurements of social relationships across a lifespan are
extremely rare (Lund 2016). The longest running birth cohort in the
world (The National Survey of Health and Development) and the Dan-
ish Registries are excellent data sources for such investigations. These
two datasets enable investigations into different aspects of both health
and social relationships (see section 1.3.1) to study potential accumulat-
ing or mediating effects and sensitive periods.

Other methodological challenges in measuring and analysing the as-
sociation between social relationships and health could be furthered by
incorporating some of the statistical innovations that have occurred in
other fields. Investigating mediation effects is an integral part of assess-
ing the possible pathways through which social relationships influence
health (Thoits 2011). However, it is only recently that statistical mod-
els have been developed that can validly assess such potential effects in
time-to-event data (Lange and Hansen 2011; Lange, Vansteelandt, and
Bekaert 2012; VanderWeele 2015). Using such an approach within a life
course framework may further the understanding of mediating effects
throughout life.

Also, due to the vast number of studies investigating the association
between measures of social relationship and health, a high number of
predictors and correlates have been identified. Recursive partitioning
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- a machine learning technique - could assist in furthering the know-
ledge on the relative importance of these. This technique could also as-
sist in identifying high-risk groups for specific health outcomes (Strobl,
Boulesteix, Zeileis, et al. 2007; Zhang and B. Singer 2013). These two
aspects may be used in improving the design and targeting of interven-
tions. This has been highlighted by Berkman (2014) as an important
next step in improving population health.

Lastly, several scholars have highlighted the increased need to in-
vestigate potential interactions between social factors not only to identify
especially at-risk groups but also to identify potential alleviating or buf-
fering factors (e.g. Uchino, J. Cacioppo, and Kiecolt-Glaser 1996; Thoits
2011). Krieger (2003) and Jahn et al. (2017) have emphasized the import-
ance of investigating gender differences within epidemiology. Gender
differences in health can occur both due to natural sexual distinctions in
biology and due to membership in different social groups. Thus, invest-
igating the buffering effect of gender on the associations between social
relationships and health may have its merits in terms of understand-
ing potential differences in how social relationships influence health
depending on gender.

In the remainder of this chapter, I first introduce the definition of
health and present the different health outcomes that I have investig-
ated in this dissertation (section 1.1). Section 1.2 presents a brief over-
view of five different aspects of social relationships followed by an ar-
gumentation of how these different but related aspects may be seen as
tapping into different features of social relationships. In this section,
I also briefly present empirical and theoretical argumentation for why
and how these social relationship aspects can be thought to influence
health. In section 1.3, I argue for how a life course approach and re-
cursive partitioning may help further the knowledge on social relation-
ships and health and briefly present the two approaches. In section 1.4,
I summarise the main points of Chapter 1. Lastly, section 1.5 presents
the purpose and the specific aims of this dissertation.
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1.1. Definition of health

1.1 Definition of health

The World Health Organization (WHO) defines health as “... a state of
complete physical, mental and social well-being and not merely the ab-
sence of disease or infirmity” (World Health Organization 2016). This
definition rejects the biomedical mind-body dualism that regards the
mind as separate from the body. Instead, a more holistic view of health
is embraced. This broad definition regards health as a whole entity and
not just the sum of different diseases. In turn, however, this broad defin-
ition adds complexity to quantitative studies seeking to gain knowledge
that can improve population health. In this dissertation, I investigate
four physical health outcomes and one mental health and social well-
being outcome.

Markers of physical health A total of 14,199 disease diagnoses are
currently listed in the International Classification of Diseases (ICD) -
the standard international tool for classification and identification of
diseases within epidemiology. The simplest way to summarize the dif-
ferences in overall health according to some exposure of interest is to
use all-cause mortality as the health outcome. All-cause mortality rates
have decreased steadily over the past 15 years both globally and locally.
However, while the decrease can be observed for both men and women,
differences in mortality rates still remain (World Health Organization
2016).

While all-cause mortality is an important marker because it gives an
overall view of the how specific groups fare compared to others without
having to consider the type of disease, it has some drawbacks. The most
important of those is that results based on such a measure will make it
hard to pinpoint and target interventions to improve population health.
Looking at the leading projected causes of death in 2030 (table 1.1) - car-
diovascular disease (CVD), diabetes and chronic obstructive pulmonary
disease (COPD) are all in the ten leading causes of the global burden
of deaths (Mathers and Loncar 2006). Thus, understanding the social
aetiology of these three lifestyle-related diseases continues to be an im-
portant point of research in social epidemiology.

Markers ofmental health As evident in the definition of health by the
WHO, good health is more complex than simply the absence of physical
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Table 1.1: Projected 10 leading causes of death in 2030 by the WHO

Rank GHE
code

Cause Deaths
(000s)

% deaths Deaths per
100,000 pop-
ulation

1 113 Ischaemic heart disease 9245 13,2 112

2 114 Stroke 8578 12,2 104

3 118 Chronic obstructive pulmonary disease 4568 6,5 55

4 39 Lower respiratory infections 3535 5,0 43

5 80 Diabetes mellitus 2464 3,5 30

6 68 Trachea, bronchus, lung cancers 2413 3,4 29

7 153 Road injury 1854 2,6 22

8 10 HIV/AIDS 1793 2,6 22

9 11 Diarrhoeal diseases 1617 2,3 20

10 112 Hypertensive heart disease 1457 2,1 18
Based on data from the WHO (2016)

disease and infirmity. Good mental health and social well-being are an
important aspect of living a healthy and fulfilling life. In this disserta-
tion, I have chosen to focus on loneliness in later adulthood as a repres-
entation of this aspect of health. The reasons for looking at loneliness
as a health outcome are many.

“Imagine a condition that makes a person irritable, depressed, and
self-centred, and is associated with a 26% increase in the risk of pre-
mature mortality.” (J. Cacioppo and S. Cacioppo 2018). Loneliness has
recently been highlighted as an emerging public health problem due
to the consistent evidence linking this affective state to several mental
and physical health outcomes (J. Cacioppo and S. Cacioppo 2018). Ca-
cioppo and Patrick even go as far as stating that the changes created
by loneliness “…are compounded in ways that may be hastening mil-
lions of people to an early grave” (2008, p. 5). For older adults, stud-
ies show that loneliness is associated with being less physically active,
higher rates of alcohol abuse, a greater risk of obesity and sleep depriva-
tion as well as worse cognitive functioning and several adverse physical
outcomes (Hawkley 2015; J. Cacioppo and Patrick 2008; Steptoe et al.
2013).

In itself, loneliness is debilitating affective state pointing to a lack
of social well-being. Loneliness does not equal lack of social contact in
terms of quantity – often referred to as objective social isolation. In-
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stead, loneliness is a subjective feeling arising when the individual per-
ceives that the social relations in which they are embedded does not
fulfil their needs. (Hawkley 2015; Hawkley and J. Cacioppo 2010; J.
Cacioppo and Patrick 2008; De Jong Gierveld 1987). Consequently, it
seems that we cannot equate a low score on objective measures of isol-
ation with a high degree of loneliness. According to de Jong Gierveld
(1987) the reason for this lies in the individual’s subjective evaluation
that mediates and moderates the relationship between objective meas-
ures of social relationships and loneliness. Thus, one may lead a life be-
ing socially isolated but not feel lonely, while another may feel lonely
even while being socially embedded (Hawkley and J. Cacioppo 2010).
Thus, investigating the interplay between social relationships and loneli-
ness as a health outcome has its merits in terms of a be er understand-
ing the social antecedents of why it arises and how it may be alleviated.
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1.2 The Importance of SocialRelationships forMen-
tal and Physical Health

In order to adequately assess the importance of social relationships for
health, measures are needed that represent the multifaceted and com-
plicated phenomenon that social relationships are (Lund 2016). A great
number of different conceptualizations and theoretical approaches to
social relationships has emerged across scientific disciplines (Antonucci
and Akiyama 1987; Due et al. 1999; Berkman, Glass, et al. 2000; Valtorta
et al. 2016) each contributing to an understanding of how social relation-
ships work to influence health. Social relationships are not adequately
represented by looking at social relationship aspects in isolation, e.g.,
how many people we see over a given time period, how often, the qual-
ity of these relationships, how we perceive them, the experiences - good
and bad - that being in contact with other people will bring, the re-
sources in terms of money, power, prestige or the information we gain
access to by being in a given social relation. Instead, all these specific as-
pects work in tandem across the life course and together shape physical
and mental health.

Within social epidemiology a common distinction is made between
structural and functional aspects of social relationships regardless of
the social relationship concept used (Lund 2016). Structure is related to
the quantity and covers duration, frequency, size of social relationships
while function taps into more quality related aspects such as social sup-
port, relational strains and social integration (Due et al. 1999).

A number of renowned theorists within social epidemiology, so-
ciology and related disciplines have recognised the need for concep-
tual frameworks that can guide empirical investigations and provide an
overview of the many different aspects of social relationships. The most
prominent of those is perhaps the conceptual framework by Berkman
illustrated in Figure 1.2. This framework is an updated version of the
framework presented in Berkman et al. (2000) to also include the down-
side of social relationships at the micro level (Berkman and Krishna
2014).

This framework illustrates how mezzo and micro social relationship
levels are embedded within higher (macro) structural conditions such
as culture, politics and socioeconomic factors. These upstream factors
condition the opportunities and nature of the factors located down-
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stream from them. According to this framework, social relationship
structure and characteristics such as size, the frequency of contact, reci-
procity and organizational participation are in part determined by the
larger macrosocial context in which they reside. In turn, these struc-
tural social networks conditions opportunities for social support, influ-
ence, engagement, personal contact, access to different types of health-
promoting resources but also opportunities for negative social interac-
tions. These processes then influence behavioural, psychological and
physiological pathways to health (Berkman and Krishna 2014).

This model does not incorporate the change and influence of so-
cial relationship over time nor does it capture the reciprocal influences
these factors have on each other. However, it does provide a theoretical
underpinning for understanding the impact of social relationships on
health. Focusing solely on social relationships, Due et al. (1999) created
a conceptualization distinguishing between structural and functional
aspects specifically. In contrast to Berkman’s model, the authors dis-
regarded the potentially different proximity to health of the different
social relationship factors. Instead, they chose to focus on whether the
social relationship factor in question taps into a structural or functional
domain. Wang et al. (2017) have created a conceptualization related to
social isolation or loneliness. Here, they have argued for how differ-
ent commonly measured aspects of social relationships tap into differ-
ent or overlapping underlying features of social relationships. In this
way, they have argued that while many social relationship measures
are related but distinct aspects, they overlap in the underlying social
relationship features that they tap into.
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Figure 1.2: Conceptual framework of social relations embedded within
social structure showing upstream/downstream social determinants of
health

Replicated from Berkman & Krishna (2014, p. 242)
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1.2. Social Relationships and health

1.2.1 Aspects of social relationships

In this dissertation, the analyses are based on the overall conceptual
framework by Berkman (2014) with contributions from the conceptual
models by Wang et al. (2017) and Due et al. (1999). I focus primarily
on three aspects of social relationships: 1) social relationship adversities
(including change over the life course), 2) individual social capital and
3) socioeconomic position in early-life (including change over the life
course)2. Furthermore, I investigate potential buffering effects on/of 4)
the perceived quality of social relationships and 5) frequency of social
contact. Lastly, I investigate the relative importance of a broader range
of measures that tap into both structural and functional aspects of social
relationships (Study III). However, for simplicity, I have only included
these five social relationship aspects in this overview.

Valtorta et al. (2016) have commented on the difficulty in compar-
ing results from different concepts and operationalisations. Thus, based
on the frameworks by Wang et al. (2017) and Due et al. (1999), I have
created an overview of the social relationship concepts used in this dis-
sertation including an indication of the underlying social relationship
feature/s that they tap into. The overview can be seen in Table 1.2. The
overview provides an indication of whether the social relationship ex-
posures tap into network features relating to either quantity, structure
or quality, appraisal of relationships relating to either emotional or re-
sources and lastly experiences relating to either direct or indirect. The
overview further provides information on, in which study the aspect in
question were investigated (Studies I-IV). In the following paragraphs, I
lay out the conceptual and empirical background for each of the five as-
pects used and argue for which underlying social relationship features
that they tap into as well as where in the upstream/downstream chain
they reside.

2see section 1.2.1 for argumentation on how early-life socioeconomic position can
be thought of as a proxy for social relationships in early-life.
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Table 1.2: Overview of aspects of social relationships used in this dis-
sertation and the social relationship feature/s they may tap into

Aspects

Social relationship features

StudyNetwork Appraisal of relationships Experiences

Quantity Structure Quality Emotional Resources Direct Indirect

Individual
social capital

X X I

Early-life so-
cioeconomic
position

X X II

Perceived qual-
ity of relation-
ship

X X III,IV

Social isolation X X X X III,IV
Social relation-
ship adversities

X X X IV

Own representation

Individual social capital Social capital encapsulates different aspects
of social relations as well as tying social relations together with a more
economic perspective. Social capital may be thought of as some sort of
nexus or tie between sociology and economics. Based on the writings
on social capital by Bourdieu, social capital is a means for the individual
to enhance its position in society relative to other individuals (Bourdieu
and Wacquant 1992, p. 119) and can be measured as either a group or
an individual a ribute (Portes 1998; Diez Roux 2008). Despite disagree-
ment about the particularities and appropriate measurement of the level
of social capital, it is generally agreed that social capital stems from the
notion that social relationships have a meaningful value for both in-
dividuals and communities. As such social capital can be viewed as
a form of capital embedded in social relationships that influences the
opportunities and limitations an individual will have throughout life
(Portes 1998, Portes 2000). That is, from a health perspective, some in-
dividuals have access to more information and resources via their social
capital. In turn, this enhances their health relative to other individuals
with lower social capital (Kawachi and Berkman 2014).

In this dissertation, I focus on social capital as an individual a rib-
ute. While individual social capital is not directly mentioned in the up-
stream/downstream framework, this aspect can be argued to tap into
both mezzo and micro level components of social relationships depend-
ing on which dimensions of social capital are measured. For example,
structural components of individual social capital such as social contact
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and civic participation (Hyyppä et al. 2007; Macinko and Starfield 2001)
fits into the Mezzo-level representing both network characteristics and
structure. In contrast, expectations of reciprocity and trust (Abbo and
Freeth 2008; Hyyppä et al. 2007; Macinko and Starfield 2001) may rep-
resent more psychosocial (micro) mechanisms and appraisals of social
relationships.

Early-life socioeconomic position Socioeconomic position is perhaps
the most studied social factor within social epidemiology. Overwhelm-
ing evidence ties childhood or early-life and adulthood socioeconomic
position to both mortality and morbidity (Claussen, Davey Smith, and
Thelle 2003; Power, Hyppönen, and G. D. Smith 2005; Stringhini et al.
2013; Becher et al. 2016; Psaltopoulou et al. 2017). While early-life so-
cioeconomic position does not directly indicate some of the quantity or
quality of social relationship it may serve as a proxy for the type of so-
cialisation and social stress within the social environment.

The socioeconomic position imposes structural conditions on the so-
cial environment in which we live (Wadsworth and Bu erworth 2006).
Thus, the family environment in which we grow up shape the way we
live, socialize and our access to monetary, social and cultural resources
(Adler and Kwon 2002). Bourdieu (1986) introduced the concept of
habitus to capture the way in which individuals internalize ways of
being and acting in the world as dispositions to act. Within epidemi-
ology, habitus shares similarities with the concept of embodiment. Em-
bodiment describes how extrinsic social factors at different life stages
become embodied into an individual’s body (Krieger 2001). The em-
bodiment of behaviours and cognitive function and dysfunction hap-
pens through habituation and learning (Halfon et al. 2002). Cockerham
(2005) used these in the concept of early socialization and learning to
conceptualize how class circumstances create dispositions to act which
in turn predict health behaviours such as alcohol use, smoking, diet and
exercise. Health behaviours that are strongly correlated with lifestyle-
related diseases. Lawrence (2017) investigated the source of education’s
strong association with health behaviours and found that when seek-
ing to reduce disparities it might be worthwhile to focus earlier in the
life course – starting during or before adolescence in terms of interven-
tions. In part due to the fact that many of the dispositions to behave
and the utilization of resources that come from being in a particular so-
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cioeconomic position is formed earlier on in life. Similarly, according to
Wadsworth & Bu erworth (2006, p. 36) the likelihood of adverse beha-
viours and mental health outcomes related to negative experiences in
childhood is greatly increased by poor socioeconomic circumstances in
early-life. Thus, socioeconomic position in early-life can be viewed as
the structural framework in which a part of the intergenerational trans-
mission of morbidity and mortality occurs through socialization and
learned behaviour. In this way, it can be thought of as a proxy of the
structural quality of social relationships as well as conditioning (indir-
ectly) social experiences (Krieger 2001; P. Bourdieu 1986; Cockerham
2005). However, it is important to note that socioeconomic position in
early-life also conditions many other aspects that increase the likelihood
of ill health in adulthood that are not related to social relationships.

Social support and social isolation The access and use of social sup-
port are crucial for the capacity to live a healthy life (Berkman and Krishna
2014). As an overall concept social support covers all forms of sup-
port both perceived and actually available from one’s social network.
Umberson & Montez (2010, p. 3) defines social support as ”emotion-
ally sustaining qualities of relationships (e.g., a sense that one is loved,
cared for, and listened to)”. This definition covers both emotional, in-
strumental, appraisal and informational support. Further distinctions
are made between support that is either perceived to be available and
adequate or actually received (Berkman and Krishna 2014).

One’s closest confidante is an important source of most types of sup-
port. Thus, the quality of a achment to one’s closest confidante might
have powerful effects on health either as a buffer against other strains
or as a direct stressor (Umberson and Montez 2010). Thus, perceived
quality can be seen as a representation of the micro psychosocial mech-
anisms as a way of tapping into social support. Social isolation refers
to an absence of or infrequent social contact and have been found to
have consistent associations with morbidity and mortality (Umberson
and Montez 2010). The frequency of social contact represents the mezzo
level and taps into some of the characteristics of the social network.

Social relationship adversities While the majority of research within
social epidemiology focuses on the influence of positive aspects of so-
cial relationships on health, increasing a ention is paid to negative fea-

16



1.2. Social Relationships and health

tures. Lund (2016) has argued for the need to investigate negative social
experiences and states that the adverse effect of these experiences may
even outweigh the effect of positive interactions. Negative social inter-
actions are not synonymous with a distinct lack of positive relations or
experiences. Instead, they are described as direct behaviours towards
the individual which are perceived as aversive or unwanted (Brooks
and Dunkel Sche er 2011). In this dissertation, I have conceptualized
negative social interactions as social relationship adversities. Thus, as
social experiences that may have long-lasting effects on the individual
such as deaths of close friends or family, divorce, loss of social contact
with loved ones etc. Such social relationship adversities may have long-
lasting detrimental effects throughout life on both day-to-day activities
and social interactions (Jonsson et al. 2016, Dohrenwend 2006).

The social relationship adversities used in this dissertation encapsu-
late a slightly broader scope of experiences than the conceptualization
used by Brooks (2011). Using Berkman’s framework, social relation-
ship adversities represent the negative social interactions described un-
der the micro psychosocial mechanisms and tap into features of social
relationship regarding the quality and emotional appraisal of direct ex-
periences (see Table 1.2).

There is evidence to suggest a so-called dark side of being in contact
with other people. Studies find associations with both physiological
stress responses tied to a range of adverse health outcomes as well as
both adverse physical and mental health (Rikke Lund et al. 2009; Savla
et al. 2013; Umberson, Williams, et al. 2014). Thus, more research focus-
ing on the negative aspects that may arise from being in contact with
other people might be an important contribution to the knowledge on
the impact of social relationships on health. However, such investiga-
tions are difficult due to a lack of reliable access to measures of earlier
experienced social relationship adversities as I have mentioned previ-
ously in this chapter.
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1.3 Methodological opportunities for gaining new
insight

New state-of-the-art quantitative methods and conceptual frameworks
have been developed that may help to dive further into the relationship
between social relationships and health outcomes. I previously high-
lighted methodological areas that may each help improve knowledge
on the relationship between social relationships and health; life course
and machine learning approaches. Each of these may help in gaining
new insight informing both theory and health interventions in differ-
ent ways. The utility of these approaches is explained in more detail in
section 1.3.1 and 1.3.2 with a brief summary below.

A life course approach can help further the understanding how so-
cial relationships occur, accumulate and affect each other over the life
course (Kuh, Ben-Shlomo, et al. 2003). This approach can help in un-
derstanding the social aetiology of specific health outcomes by enabling
investigations that 1) situate social relationship quality and quantity in
specific life stages, and 2) investigate the extent to which social relation-
ships at different life stages influence health and social relationships
later on. In this regard, a counterfactual approach may be used both
within a life course framework to 1) assess possible pathways in which
social relationships influence health, and 2) decompose the social rela-
tionship effects on health into indirect, direct and total effects (Vander-
Weele 2015). Lastly, recursive partitioning from the field of machine
learning enables 1) assessing the relative importance of a large number
of factors in relation to a specific outcome while considering all possible
interrelations between them, and 2) identifying which combinations of a
large number of factors that best identify high-at-risk groups for specific
health outcomes in populations (Sco , Jackson, and Bergeman 2011).

1.3.1 Gaining insight using a life course approach

A life course perspective states that variations in health in throughout
life are socially pa erned and in part shaped by previous experiences
(Kuh, Ben-Shlomo, et al. 2003). Giele & Elder (1998) define a life course
as ”a sequence of socially defined events and roles that the individual
enacts over time”. In the study of the impact of social relationships on
health, a life course approach is the study of long-term effects of so-
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cial relationship exposures during, gestation, childhood, adolescence,
young adulthood and later adult life on health (Kuh and Hardy 2002;
Ben-Shlomo and Kuh 2002; Kuh, Ben-Shlomo, et al. 2003). Thus, this
perspective could help us understand the role that social relationship
determinants have on health from a broader perspective (P. Thomas
2011).

A number of models have been suggested to account for how the
timing of exposures influences health (Cable 2014). In Figure 1.3, I have
illustrated two life course models in a social relationship framework:
The sensitive period model and the accumulation of risk model.

The sensitive life course model with or without effects of risk factors
in later life (model 1 in Figure 1.3) and with later effect modifiers (model
2). The first suggests that the social relationships in childhood influ-
ence adult health independent of adult social conditions. The second
includes that social relationship exposures in childhood interact with
exposures in later life which either enhance or decrease the risk of ill
health.

The accumulation of risk model assumes that the number, duration
and severity of adverse social relationships increase the risk of ill health
in later life regardless of the timing. In this model, adverse social rela-
tionships may either cause gradual increases in risk without being cor-
related with each other (model 3, Figure 1.3) or with being correlated
(model 4a-c, Figure 1.3) (Mishra, Cooper, and Kuh 2010). The chain
of risk model suggests that the influence of childhood social relation-
ships on adult health is through the intergenerational transmission of
risk with adult social conditions accounting for the immediate health
impact (Mosquera et al. 2017).
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Figure 1.3: Life course models with illustrative examples of the impact
of social relationship on health

Own representation with inspiration from: Kuh and Hardy 2002; Ben-Shlomo and Kuh 2002;
Mishra, Cooper, and Kuh 2010
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1.3.2 Gaining insight using machine learning

Most studies use traditional regression techniques to investigate risk
factors or correlates of a given outcome – a so-called first generation
approach (Cicche i and Rogosch 1996). In contrast to traditional ap-
proaches, recursive portioning are be er able to compare the relative
importance of many correlates. This technique makes it possible to rank
the included correlates according to which are the best identifiers of a
given outcomes across many different single analyses. That way, re-
cursive partitioning provides a framework in which combinations of
a large number of different correlates can be investigated together in
their relation to health outcomes while selecting those best identifying
differing levels of an investigated outcomes. Recursive partitioning has
previously been used to predict interrelations between life-events and
stress (Sco , Jackson, and Bergeman 2011, but is frequently applied in
other scientific fields, e.g. genetics, medicine and psychology (e.g. Bur-
eau et al. 2005; Lune a et al. 2004; Segal, Barbour, and R. M. Grant 2004;
Shen et al. 2007). Thus, this approach may also help to gain insight into
the more general field of social epidemiology and - in the context of this
dissertation - specifically on correlates of loneliness (Victor and Scharf
2005).
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1.4 Introduction at a glance

• Both good health and its absence are socially constructed and dis-
tributed by proximal and distal social factors in the chain of dis-
ease.

• One such key social factor is the social relationships we have through-
out the life course making the extent to which and how social rela-
tionships influence physical and mental health essential questions
within social epidemiology.

• Previous research ties structural and functional aspects of social
relationships to both mortality and pre y much all cause-specific
physical and mental health outcomes. In this dissertation, I focus
on all-cause mortality, loneliness and three lifestyle-related dis-
eases (CVD, COPD and diabetes).

• How to adequately represent and capture the multifaceted phe-
nomenon that social relationship does not have an easy answer.
No one measure or conceptualisation can capture all aspects at
once. A great number of different conceptualizations and theor-
etical approaches to social relationships have emerged across sci-
entific disciplines each contributing to understanding how social
relationships work to influence health. All these specific aspects
work in tandem across the life course.

• In this dissertation, I primarily investigate five related but distinct
social relationship concepts that represent both more distal and
proximal social relationship factors in the disease chain as well as
tapping into different underlying features of social relationships.

• Life course and machine learning approaches to the quantitative
analyses may help to improve the knowledge on the association
between social relationships and health.
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1.5 Purpose of this dissertation

This dissertation is centred around social relationships and health. The
overall aim of this dissertation is to contribute with new knowledge on
the importance of social relationships for health. On page 5, I high-
lighted several areas of research which will guide the sub-aims of this
dissertation: 1) Studying the impact of social relationships on health
from a life course perspective, including investigating potential buffer-
ing or excarberating effects from social relationships earlier on in life,
2) incorporating methodological innovations into the studies of the im-
pact of social relationships on health and 3) potential gender differences
in the associations between social relationships and health.

The results are based on four studies (I-IV) for which a life course
overview is presented in Figure 1.4.

Figure 1.4: Overview of studies in a life course perspective including
indication of whether a study investigated physical or mental health

Own representation

More specifically the studies:

1. Use a life course perspective to investigate influences from

(a) social relationship adversities at different life stages on loneli-
ness at age 68.

(b) childhood socioeconomic position of adulthood risk of being
diagnosed with lifestyle-related diseases investigating dir-
ect, indirect and total influences.

2. Investigate the potential moderating effect of gender on the as-

23



Introduction

sociation between structural and functional dimensions of indi-
vidual social capital and all-cause mortality.

3. Demonstrates how machine learning can be used to advance the
knowledge on which aspects of identified correlates are most im-
portant for classifying health outcomes.

In Study I, I focus on four specific dimensions of individual social
capital and all-cause mortality focusing on potential gender differences.
Two sub-studies (Study II and IV) in this dissertation take a life course
approach to the relationship between social relations and health (see
Figure 1.4). The two studies utilize the life course perspective in order
to advance the current literature of how social relationships through-
out life influence adult health. The Danish register system via its rich
data offers a unique opportunity to overcome many methodological
difficulties often encountered in international studies as i.e. common
method bias, generalizability, recall bias etc. Thus, the data access to
Statistics Denmark is an important aspect of furthering the knowledge
of the association between social relations, mortality and mental health.
These data are utilized in one of the sub-studies in order to investig-
ate the importance of the socioeconomic position in childhood for adult
health and the degree to which this association is mediated by adult
socioeconomic position.

While Statistics Denmark has both a range of valid and objective
data the access to measures of social relations are limited to public re-
cords of cohabitation, marriage, children etc. Thus, in order to investig-
ate the impact of social relationships over the life course in more detail, I
perform the other life course study based on data from the National Sur-
vey of Health and Development, which is the longest-running survey
in the world. This study investigates the association between relations
throughout the life course and loneliness at age 68. Study III assess the
relative importance of correlates of loneliness in later life using recurs-
ive partitioning.
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Chapter 2

Materials and methods

“All models are wrong but some are useful”
–George Box1

In this chapter, I describe the se ings, study designs, materials and
methods of the individual studies in the dissertation. Table 2.1 provides
an overview of their study design, study populations, outcomes, expos-
ures, covariates as well as the statistical method used in each study. In
the following sections, I describe each data source used in the study
in greater detail (section 2.1) followed by a section describing the three
study populations (section 2.2). An overview of the operationalisation
of exposures and covariates follows in section 2.3. Lastly, the analytical
strategy is described (section 2.4).

1Box 1979
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Materials and methods

2.1 Presentation of data sources

As stated in Table 2.1 on page 27, the four studies in this dissertation
are based on data based solely from survey-based data sources (Study
III, IV), register-based data sources (Study II) and a combination of the
two (Study I). Below, I briefly outline the Danish National Registers that
comprise the register-based data sources (section 2.1.1) and thereafter
the two survey-based data sources; North Region Denmark Health Pro-
file (section 2.1.2) and The Medical Research Council National Survey
of Health and Development (MRC NSHD) (section 2.1.2). A flowchart
illustrating the use of the Danish registries in Study I and II can be seen
in Figure 2.1 on page 29.

2.1.1 Register-based data sources

The Danish National Registers

All Danish citizens at birth and people with a Danish residence per-
mit are given a unique civil registration number (CPR) consisting of 10
digits. The CPR is used to identify and collect information on all mat-
ters in which an individual has dealings with the public system. Ex-
amples include tax, social security issues, place of residence, migration,
marriage, divorce, children, hospitalisations, clinical diagnoses, the col-
lection of medicine, place and type of work, education, incarceration
and death (M. Schmidt, L. Pedersen, and Sørensen 2014; C. B. Pedersen
2011; Petersson, Baadsgaard, and Thygesen 2011). Statistics Denmark
is a public Danish national institution tasked with collecting and pro-
cessing this information on all Danish citizens, corporations and public
institutions (M. Schmidt, L. Pedersen, and Sørensen 2014). This type
of data is unique for the Nordic countries and enable access to a wide
range of high validity information on an individual level across time
for the entire Danish population (C. B. Pedersen 2011). Research insti-
tutions and researchers can apply and gain access to anonymous data
within one or more of these above mentioned areas after approval from
the Danish Health Authorities (Po egård et al. 2017).

Data from a number of the Danish National Registries were used
in Studies I-II. Below is a brief description of the six different registries
used in this dissertation. Figure 2.1 shows which covariates have been
used from each of the registries described below in Study I and II.
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Table 2.1: Overview of the study designs, data sources, study popu-
lations, outcomes, exposures, covariates and statistical methods used
in the four studies (I-IV). Re=register-based information and S=survey-
based information

Study I II III IV

Study design Longitudinal study Longitudinal birth cohort
study

Cross-sectional study Longitudinal birth
cohort study

Data source(s) Survey data and
register-based data
(Denmark)

Register based data (Den-
mark)

Survey data (United
Kingdom)

Survey data (United
Kingdom)

Study popula-
tion

Participants in the
North Denmark Re-
gion Survey ”How
are you?”. Men and
women, age 16-80
at baseline (2007).
n=9,288

All Danish citizens born
between 1961-1971. Men
and women, age 10-20 at
baseline (1981). n=871,753

Participants in the
Medical Research
Counsel’s National
Survey of Health
and Development
(NSHD). Men and
women, age 68 at
baseline (2014).
n=2,453

Participants in the
Medical Research
Counsel’s National
Survey of Health
and Development
(NSHD). Men and
women, age 0 at
baseline (1946).
n=2,453

Outcome(s) All-cause mortality
(Re)

Cardiovascular disease
(Re), Pulmonary lung
disease (Re), Diabetes
(Re)

Loneliness (S) Loneliness (S)

Exposure(s) Individual structural
and cognitive social
capital (S)

Childhood SEP
(Re),Adulthood SEP
(Re)

42 correlates of loneli-
ness (S)

Number of social re-
lationships adversit-
ies in: childhood,
mid-adulthood and
later adulthood (S)

Covariates Age, gender, edu-
cation, income, co-
morbidity, self-rated
health, living arrange-
ment, tobacco use,
alcohol consumption,
and BMI

Ethnicity, gender, age at
baseline

- Extroversion, neur-
oticism, childhood
social class, serious
illness requiring
hospitalization for 28
days or more until
the age of 20, and
gender

Statistical
method

Cox-regression in-
cluding a design
weight to correct for
sample selection bias

Cox-regression as the nat-
ural effect model using
an imputation-based ap-
proach for nested counter-
factuals

Regression Trees and
Random Forest

Linear Regression
with marginal effects
for social relation-
ships measures
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The Central Population Register (CPR) includes both historical and
current information on dates of birth, death, gender, spouses, place and
change of residence (addresses), migration and emigration on every
person living in Denmark (C. B. Pedersen 2011). The Danish National
Patient Register (DNPR) contains information on hospitalisations since
1978 and has an almost complete follow-up. It uses the International
Classification Codes (ICD) and links each hospitalisation with the re-
spective information of reason of admission (ICD) to the hospital and
date of admission and discharge. This registry is used for hospital stat-
istics, disease monitoring and research. It also contains information
on medicine purchases and the type of medicine bought (M. Schmidt,
S. A. J. Schmidt, et al. 2015). The Danish Income Statistics Register
(DISR) holds data on income, taxes, subsidies for all Danish residents.
The Integrated Database for LabourMarket Research (IDA) hold data
information on occupational position, levels and annual income (Petersson,
Baadsgaard, and Thygesen 2011). ThePopulation’s EducationRegister
(PER) obtains information on educational degree, type of education and
year of completion of the highest educational level (Jensen and Rasmussen
2011). For the Danish studies in this dissertation, we used The Interna-
tional Standard Classification of Education (ISCED) to allow for com-
parison of educational achievement across countries (OECD 2015). The
Cause-of-Death register (CoD) hold data on all deaths in the Danish
population. Recorded in this registry are a cause-of-death diagnosis
using the ICD-codes (Helweg-Larsen 2011).
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Figure 2.1: Flowchart illustrating use af Danish registries in Study I and
II

Own representation
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2.1.2 Survey-based data sources

Besides the Danish registries, two survey-based data sources have been
used; The North Region Denmark Health Profile and a British birth co-
hort entitled the Medical Research Council National Survey of Health
and Development. The purpose and overall profile of the two surveys
are described below.

The North Region Denmark Health Profile

The North Region Denmark Health Profile is a survey entitled ”How are
you?”. The survey investigates factors relating to health and quality of
life, health behaviours including smoking and drinking, social capital
and other social relationship measures. The survey used in Study I was
conducted in 2007 in Northern Denmark Region. A random selection of
23,490 inhabitants of North Region Denmark was asked to participate
in this survey by postal questionnaire (Ejlskov, Mortensen, et al. 2014).
These 23,490 inhabitants were drawn randomly from the Civil Regis-
tration System stratified by the 11 municipalities in the region. Of the
23,490 inhabitants asked to participate in this health study, 11,497 in-
habitants aged 16–80 years responded to either the postal questionnaire
or one of two postal reminders that were sent to citizens who had not
returned the first postal questionnaire. In total, 48.9% of the inhabit-
ants inquired to participate returned the postal questionnaire (Region
Nordjylland and Statens Institut for Folkesundhed 2013).

TheMedical Research Council National Survey of Health and Devel-
opment (MRC NSHD)

The Medical Research Council National Survey of Health and Devel-
opment (MRC NSHD) is the longest running birth cohort study in the
world. The study participants are a representative sample of 5,362 males
and females born within marriage during a week in March 1946 in Eng-
land, Scotland or Wales. It was initially designed to help explain why
fertility rates had been falling since the middle of the 19th century and
how health services might be er the health of both mothers and in-
fants. Over time the scope of the survey broadened and focusses on
both physical and mental health, socioeconomic differences and life-
time exposures of the original study participants (Wadsworth, Kuh, et
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al. 2006). Data have so far been collected on 25 occasions from birth
onwards with data being collected approximately every two years in
childhood and with main adult collections at ages 26, 36, 43, 53, 60-64
and 68-69 (Kuh, Wong, et al. 2016).

2.2 Presentation of study populations

This section describes the selection of and the basic characteristics of the
three study populations used in Studies I-IV. See the a ached papers in
the appendix for a more detailed description.

2.2.1 The North Region Denmark Health Profile

For Study I, my co-authors and I chose a complete case analysis as the
primary analysis resulting in a study sample of 9,288 participants (see
Figure 2.1). A range of sensitivity analyses were conducted to investig-
ate whether the removal of participants with missing data on at least one
of the covariates influenced the results. I discuss the choice of handling
missing data and the potential implications of the different strategies
of handling missing data in section 4.1.4 on page 63. The participants
were followed from completion of the baseline questionnaire in 2007
until death or study end at the 31st of December 2012. During the five-
year follow-up period, 3.5% of the study sample died with men dying
at a higher rate compared to women (Ejlskov, Mortensen, et al. 2014).

2.2.2 The 1961-1971 Danish National Cohort

For Study II, the entire Danish population born between 1961-1971 were
identified in The Central Population Register (n=871,753). Subsequently,
my co-authors and I removed the citizens who had died prior to their
30th birthday from the cohort. Hereafter, all participants who had miss-
ing values on at least one of early-life or adult SEP indicators were ex-
cluded from the analysis. This resulted in 91% of the original study
cohort being eligible for analysis (n=793,674). Following the procedure
from Nandi et al. (2012) a study sample for each of the three health out-
comes studied (COPD, CVD, diabetes) were then created based on the
eligible study cohort. Finally, for each of the three samples, the study
participants who had the diagnoses in question before study start at
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their 30th birthday were excluded. This resulted in a study sample of
792,768 for COPD, 792,675 for CVD and 788,747 for diabetes. During
the follow-up period 1.3% developed COPD, 2.6% developed CVD and
4.3% developed diabetes.

2.2.3 The National Survey of Health and Development

As part of the 24th follow-up of the NSHD conducted between 2014 and
2015, the 2942 remaining eligible study members were asked to com-
plete a postal questionnaire (Kuh, Wong, et al. 2016). In total, 83.6%
(n=2453) of the study members returned it. This questionnaire includes
the 3-item short scale UCLA measure of loneliness (Hughes et al. 2004)
that were used as the outcomes in Study III and IV. The questionnaire
also includes cross-sectional information on socio-demographic charac-
teristics such as current living situation, marital status, wealth, health
indicators, measures on structural and functional social relationships,
social and emotional well-being and feelings of mastery. From previ-
ous data collections gender, indicators on educational a ainment and
socio-economic status in mid-life were also included for both Study III
and IV. For Study IV, additional information of social relationship ad-
versities throughout the life course was based on previous surveys col-
lected throughout childhood and adulthood with additional informa-
tion on parental occupation, personality measures and the number of
serious illnesses up until the age of 20. The study participants were at
the time of the latest collection 68 years old and had a mean loneliness
score of 3.8 (range 3-9), with 3 being the lowest loneliness level and 9
being the highest (Ejlskov, Wulff, et al. 2017).
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2.3 Operationalisation of outcomes and social rela-
tionship exposures

A detailed description of the operationalisation of social relationship
exposures can be found in the respective studies in the appendix of this
dissertation. Here, I provide a brief description for the social relation-
ship measures used in each study. I also present an overview of the
operationalisation of health outcomes for each study.

In Study I, individual social capital was operationalised as four di-
mensions; two cognitive dimensions and two structural. The choice
was based on recommendations from Harpham et al. (2002) and the
operationalisation was similar to several previous studies to help cross-
study comparison of the findings (i.e, Murayama, Fujiwara, and Kawa-
chi 2012; Nyqvist et al. 2013; Aida et al. 2011). For each of the four di-
mensions a continuous scale was created by summing the answer to the
ordinal-scaled questions outlined in Table 2.2 on page 34. The outcome
of this study was all-cause mortality. All-cause mortality was measured
with data obtained from Central Population Register with each death
of the participants in this study regardless of cause (see Figure 2.1 on
page 29 for an illustrative overview of the use of the Danish registries
in Study I).

In Study II, early-life socioeconomic position was measured using
three different indicators; educational level, job position and income
levels (See Table 2.3) (See Table 2.3 on page 35). These three indicat-
ors were chosen as they are among the most investigated indicators of
socioeconomic position (SEP) (Galobardes, Lynch, and George Davey
Smith 2007). Additionally, the indicators were available both in early-
life (measured by parental position) and adulthood (measured by own
position). The three different lifestyle-related health outcomes; Cardi-
ovascular disease (CVD), COPD and diabetes were identified from the
Danish national registries using the International Classification Codes
of disease and the ATC-code (for diabetes). From the Cause-of-Death re-
gister and the National Patient Registry all citizens were identified with
a diagnoses of either CVD (I63, I64, G458, G459, 433,438, I61-64, ICD8:
431-436, I21, I22, ICD10:I21-22, ICD8:410), diabetes (E10, E11, E12, E13,
E14, ATC:A10) or COPD (J42, J43, J44, J42, J43, J44).

Study III contained a wide range of covariates. I have given a brief
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Table 2.2: Operationalisation of social relationship measures in Study I

Study Social relation-
ship measure

Items Categories Scale

I
Individual social capital
Interpersonal
Trust

How much do you agree with
the following statement: ”Must
people can be trusted”

1:completely disagree,
2:disagree 3: agree,
4:strongly agree, don’t
know

Continuous

How much do you agree with
the following statement: ”Most
people try mostly to be fair”

1:completely disagree,
2:disagree 3: agree,
4:strongly agree, don’t
know

Expectations of
Reciprocity

How much do you agree with
the following statement: ”Must
people would use you if they got
the chance”

1:completely disagree,
2:disagree 3: agree,
4:strongly agree, don’t
know

Continuous

How much do you agree with the
following statement: ”You can’t
be too careful when dealing with
other people”

1:completely disagree,
2:disagree 3: agree,
4:strongly agree, don’t
know

Participation in
Social Networks

”How often do you meet with
friends that you don’t live with?”

1:never, 2;rarely, 3: once
or twice a month 4: once
or twice a week, 5: daily
or almost daily, Don’t
know

Continuous

”How often do you meet with
family that you don’t live with?”

1:never, 2;rarely, 3: once
or twice a month 4: once
or twice a week, 5: daily
or almost daily, Don’t
know

Civic engagement In your local community ”How
often do you participate in as-
sociations (for example board
work, evening school etc.)

1:never, 2;rarely, 3: once
or twice a month 4: once
or twice a week, 5: daily
or almost daily, don’t
know

Continuous

”How often do you use the fol-
lowing in your local community:
Churches, religious activities,
mosques, synagogues

1:never, 2;rarely, 3: once
or twice a month 4: once
or twice a week, 5: daily
or almost daily, don’t
know

From Ejlskov, Mortensen, et al. 2014
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Table 2.3: Operationalisation of social relationship measures in Study II

Study Social relation-
ship measure

Items Categories Scale

II Socioeconomic
position in
childhood

Educational level (ISCED) High: Bachelor or
equivalent, master or
equivalent or doctoral
or equivalent, Middle:
Upper secondary and
short cycle tertiary,
Low: Primary and lower
secondary

Ordinal

Income level (yearly adjusted an-
nual income)

High: Highest tertile,
Middle: Middle tertile,
Low: Lowest tertile

Ordinal

Job position High: non-manual
groups: managers and
higher salaried employ-
ees, Middle: manual
groups: skilled and
unskilled workers, Low:
unemployed and those
outside the labour force

Ordinal

overview of the social relationships measures included in Table 2.4 and
a detailed description can be found in the appendix (Appendix C). In
this study, loneliness was the outcome. Loneliness was measured by
the 3-item short UCLA scale (Hughes et al. 2004). In the UCLA scale,
participants are asked how often they feel: 1) a lack of companionship,
2) left out and 3) isolated from others. The three items have three re-
sponse options; 1:hardly ever, 2:some of the time and 3:often. The three
items are summed into a composite scale ranging from 3 (the lowest
level of loneliness) to 9 (the highest level of loneliness). The validity as-
sessment of this measure in a British se ing was undertaken as a part
of this study (See Ejlskov, Wulff, et al. 2017) and is available in the ap-
pendix (Appendix C).

In Study IV, social relationship adversities were considered in three
life stages. First, I went through each of the postal questionnaires col-
lected between 1946 and 2014, in total 24. For each questionnaire I listed
the items pertaining to adverse social relationship experiences. Based
on the available data on social relationship adversities my co-authors
and I then divided the life course into three life stages; childhood (age
<18), mid-adulthood (age 36-53) and later adulthood (age 54-64). The
included items for each life stage are shown in Table 2.5. Each of the
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Table 2.4: Operationalisation of social relationship measures in Study
III

Study Social relation-
ship measure

Items Categories Scale

III Quality and
quantity of
social relation-
ships

Frequency of visits to/by friends
or relatives, number friends or
relatives seen at least once a
month, number of hours of vol-
untary work per week, number
of children (until age 53), how
close they live to their nearest
child, death of children (until
age 37), if they have grandchil-
dren and are regularly visited by
them, frequency of participation
in social activities ,the identity
of the person they felt closest to
and the level of emotional sup-
port and negative aspects of this
relationship

Se appendix C for the
specific scoring

Ordinal and
continuous

included items were subsequently coded each as having either exper-
ienced the social relationship adversity (coded as 1) or not (coded as
0). The exception was the items for being either divorced or widowed
where we counted the number experienced. These items ranged from
0 to 2. The items were then summed at each life stage counting the
number of social relationship adversities experienced. Due to there be-
ing different available items for each life stage, the three counts were
standardised to allow for comparison across the three life stages. Sim-
ilarly to Study III (2017), loneliness was measured by the 3-item short
UCLA scale.
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Table 2.5: Operationalisation of social relationship measures in Study
IV

Study Social relation-
ship measure

Items Categories Scale

IV
Social relationship adversities

Childhood (age < 18)

Separated from mother for more
than three weeks (before age 6)

Yes: 0, No: 1

Continuous summarised scoring
Difficulties with other children in
school (age 9 or 10)

Yes: 0, No: 1

Tends to be ignored in school in
school (age 13)

Yes: 0, No: 1

Unable to make friends (age 13,
age 15)

Yes: 0, No: 1

Death of mother (before age 18) Yes: 0, No: 1
Death of father (before age 18) Yes: 0, No: 1
Divorce of parents (before age 18) Yes: 0, No: 1

Mid-adulthood (age 36-53)

Number of divorces (age 36-53)

Continuous summarised scoring

Number of times widowed (age
36-53)
Friend/relative died (age 36, age
43, age 53)

Yes: 0, No: 1

Lost contact with friend/relative
(age 43, age 53)

Yes: 0, No: 1

Difficulties with children (age 43,
age 53)

Yes: 0, No: 1

Serious disagreement
friend/relative (age 43)

Yes: 0, No: 1

Serious disagreement partner
(age 43)

Yes: 0, No: 1

Serious disagreements with fam-
ily or close friends(age 53)

Yes: 0, No: 1

Partner had serious acci-
dent/illness (age 53)

Yes: 0, No: 1

Later adulthood (age 54-64)

Number of divorces(age 54-64) Count

Continuous summarised scoring

Number of times widowed (age
54-64)

Count

Serious disagreements part-
ner(age 60-64)

Yes: 0, No: 1

Serious disagreements with fam-
ily or close friends (age 60-64)

Yes: 0, No: 1

Lost contact with friend/relative
(age 60-64)

Yes: 0, No: 1

Serious disagreements chil-
dren(age 60-64)

Yes: 0, No: 1
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2.4 Data analysis

The analyses and data management conducted in this dissertation were
performed in either the statistical program R (R Core Team 2017), SAS
or Stata with R being the main statistical software program.

2.4.1 Handling of missing observations

Missing data are a potential source of bias in all analyses. I discuss the
potential implications of having missing data and compare the different
methods used in section 4.1.4 on page 63. In this section, I briefly out-
line the strategies used to handle missing data in the main analyses for
Studies I-IV. In Study I, we used complete case analysis (e.g. listwise
deletion). In the main analyses, we further handled the ’don’t know’
categories of the items used to create the social capital dimensions by
directional coding instead of se ing them to missing. A ba ery of sens-
itivity analyses was carried out to assess whether these two choices af-
fected the results of the analyses (e.g. se ing the ’don’t know’ categor-
ies to missing and multiple imputation by chained equations). These
analyses resulted in similar estimates compared to the main analyses.
I discuss this issue further in the discussion section. In Study II, we
also choose to handle missing data on covariates by complete case ana-
lysis due to the low missing rate on covariates (Wulff and Ejlskov 2017).
In Studies III and IV, we handled missing data by multiple imputation
using random forest algorithms (Daniel J Stekhoven 2011; Daniel J Stek-
hoven and Bühlmann 2012; Daniel J. Stekhoven 2013).

2.4.2 Proportional Hazards (Study I)

The Cox proportional hazard model estimates the hazard rate h(t) for
any time t. That is, for an individual i at moment t, the below regression
models an individual’s hazard hi(t) compared to a baseline hazard rate
and the specified covariates (J. D. Singer and Wille 2003).

hi(t)
h0(t)

= e(β1xi1+β2xi2+···+βkxik) (2.1)

The Cox regression is a semiparametric model with no assumption
made about the baseline distribution and is estimated using the partial
likelihood. This property is one of the strengths of the Cox-regression
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and makes the model very flexible. However, the hazard rate h(t) is
an average of the rates between an individual hi(t) and baseline h0(t)
over all time points t. Thus, if the two rates are not proportional over
time, the average hazard ratio (HR) is biased to a smaller or greater
extent depending on the degree and scale of the lack of proportionally
between the two (J. D. Singer and Wille 2003). We found no evidence
that the assumption of proportionality was not upheld and calculated
HR’s with 95% confidence intervals.

We also included several confounding factors which previous stud-
ies have shown as possible confounders. These were age, gender, edu-
cation, income, co-morbidity, self-rated health, living arrangement, to-
bacco use, alcohol consumption, and self-reported body mass index
(BMI). To ensure that standardising the social capital dimensions did
not skew the results, we performed an additional analysis that treated
both the composite measure of social capital variables and the four spe-
cific dimensions as categorical variables with three levels; low, moder-
ate and high. This additional analysis showed similar estimates com-
pared to the main analysis (Ejlskov, Mortensen, et al. 2014).

2.4.3 ProportionalHazards in a counterfactualmediation frame-
work (Study II)

While the concepts of mediation and moderation are nothing new within
social epidemiology, using the counterfactual approach in this field may
help more validly assess especially the pathways through which an ex-
posure (i.e. social relationships) work (Lange, Vansteelandt, and Bekaert
2012). One of the advantages of using such an approach instead of tra-
ditional methods is that the counterfactual approach can be used with
all types of statistical models (VanderWeele and Shpitser 2013). To as-
sess to degree mediated by adult SEP, my co-authors and I estimated
the total effect (natural direct + indirect effect) of each early-life SEP
indicator on COPD, diabetes and CVD, respectively, according to me-
diation through adult SEP (Lange, Vansteelandt, and Bekaert 2012) The
estimation procedure in these analyses follows the procedure outlined
in Lange et al. (2017). We used a Cox-regression model as the natural
effect model with baseline (time zero) being the day of each of the par-
ticipants’ 30th birthday. We estimated the HR for total, natural direct
and natural indirect effects of the different early-life SEP indicatorss
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on the risk of developing COPD, diabetes or CVD in separate models.
For each SEP indicator, we then calculated the percent (%) mediated
through adult SEP as the ratio between the natural indirect and the total
effect. 95% confidence intervals (95% CI) for the % mediated as well as
the total, indirect and direct effect was estimated using 1000 bootstrap
samples. To assess potential gender-specific pa erns, all analyses were
performed on women and men separately. To assess potential differ-
ences in the effects across birth year, we conducted a sensitivity analysis
stratified by birth year and an analysis with follow up restricted to 14
years for all study participants. These sensitivity analyses showed sim-
ilar results.

2.4.4 Recursive partitioning (Study III)

Based on multiple sources, I provide a short description of the recursive
partitioning techniques applied in Study III below (e.g., Hastie, Tibshir-
ani, and Friedman 2009; James et al. 2014; Strobl, Boulesteix, Kneib, et
al. 2008; Strobl, Malley, and Tu 2009). Through the statistical software
environment R (R Core Team 2017), my co-authors and I used the func-
tions available from the R-package tree (Ripley 2016).

Regression trees

In Study III my co-authors and I choose to estimate a regression tree
with loneliness as the continuous outcome (Ejlskov, Wulff, et al. 2017).
For a regression tree the algorithm uses a recursive binary spli ing ap-
proach. First, the algorithm starts with a root node containing the entire
sample. It then uses the least squares criterion to determine the best cut-
off point for all the included predictors. The predictor and its respective
cut-off point that minimises the within-group variance of the loneliness
outcome produces two groups called child notes. Thus, two groups are
generated, each with similar loneliness levels and similar values of the
identified correlate. Next, this binary spli ing is repeated for each child
note at each step identifying the predictor and its respective cut-off that
optimally divides the data into two further child notes. For each split-
ting, the smaller and smaller subsets get more similar both regarding
loneliness levels and values of the identified correlates. When the data
cannot be divided further, the branches or so-called terminal notes have
been reached, and the spli ing stops (Hastie, Tibshirani, and Friedman
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2009; James et al. 2014; Strobl, Boulesteix, Kneib, et al. 2008; Strobl, Mal-
ley, and Tu 2009).

As the procedure described above is likely to overfit the data, we
pruned our trees using cost-complexity pruning. The procedure grows
a very large tree and then uses a tuning parameter to control how much
the tree should be cut from the bo om-up to result in the lowest test
error rate. The tuning parameter that controls this trade-off between
the subtree’s complexity and its fit to the training data is set through
ten-fold cross-validation where the data are randomly split into ten dif-
ferent samples. A tree is grown on nine of the sub-samples while the
remaining subsample is used as a test set for calculating the sum of
squared error. The procedure is repeated ten times to have each sub-
sample play the part as test and training set resulting in choosing the
pruned tree with the lowest cross-validated error.

Improving predictive performance: Random forests

To improve the predictive performance of regression trees we subsequently
used the random forests technique. Random forests are an ensemble of
single regression trees (see the above section for further explanation).
Random forests improve on one of the drawbacks of regression trees
where small changes in the data (or even seed) may lead to a different
predictor being chosen for the first or subsequent splits (Hastie, Tibshir-
ani, and Friedman 2009; James et al. 2014; Strobl, Boulesteix, Kneib, et
al. 2008; Strobl, Malley, and Tu 2009).

The approach starts by building many regression trees each time
varying the sample and the predictors. Thus, for each tree, a fresh boot-
strapped sample of the participants and a subsample of the predictors
is selected. When a strong predictor (e.g., feeling loved) is left out of
a tree, interactions that would have been missed in a normal tree may
now be identified. This way of decorrelating the individual trees res-
ults in an overall tree-average that is much less variable and thus more
reliable than any single tree prediction (James et al. 2014).

We used the R-package randomForest (Liaw and Wiener 2002) and
checked that the results are consistent with the cforest procedure in the
party package (Hothorn et al. 2006; Strobl, Boulesteix, Zeileis, et al. 2007;
Strobl, Boulesteix, Kneib, et al. 2008).

The improved prediction accuracy from random forests comes at the
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expense of the loss in interpretability as the procedure no longer can
be visualised through a single tree. Instead, the results are visualised
through variable importance plots. The importance of a given variable
is measured through the amount that the residual sum of squares is de-
creased due to splits over a given predictor, averaged over all the trees.
In this case, the selection of important predictors and their relative im-
portance were close to identical to the results when using the procedure
suggested by Strobl et al. (2007). In total, the relative ranking of correl-
ates was assessed across 5000 estimated regression trees.

2.4.5 Linear regression (Study IV)

To estimate associations between social relationship adversities at each
life stage and loneliness at age 68, we used linear regression through
ordinary least squares with loneliness at age 68 as the outcomes. Ru-
bin’s rules (1987) were used to combine estimates across the imputed
datasets. As part of the analysis, we investigated whether earlier so-
cial adversity moderate the association between quantity and quality of
current social relationship and loneliness at age 68. Thus, in separate
analyses, an interaction term was included between the earlier social
adversity and i) frequency of contact with friends, ii) frequency of con-
tact with family outside the household and iii) quality of relationship
with the closest confidante, respectively. We then calculated the mar-
ginal effects of frequency of contact and social relationship adversities
at the three earlier life stages to assess the magnitude of the moderat-
ing effect. In this study, we adjusted for the degree of extroversion and
neuroticism measured at age 26 (Goldberg et al. 1990), childhood social
class measured by father’s occupation (Dohrenwend 2006), serious ill-
ness requiring hospitalisation for 28 days or more until the age of 20,
and gender. Initially, we investigated whether the effects of social re-
lationship adversity depended on gender and found no evidence of a
moderating effect.

A range of sensitivity analyses were conducted to assess the robust-
ness of the findings. First, we removed participants with a high de-
gree of missing (>20%) to assess whether the exclusion of these would
change the main findings. Second, we assess whether the skewness of
the loneliness measure were affecting the results by logistic regression
with loneliness classified as scoring 6 or above (Victor and Yang 2012).
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Third, we conducted analyses with each of the single social adversity
items separately. Each of the sensitivity analyses provided similar con-
clusions (See Study IV in the appendix for further detail).

2.5 Ethical approval

The Danish Data Protection Agency approved the retrospective register-
based study (GEH-2014-014). Ethical approval is not required for a ret-
rospective register-based study in Denmark (Study I and Study II).

With regard to the NSHD, we applied and were granted permis-
sion to use the data by University College London. All procedures per-
formed in gathering these data were per the ethical standards of either
the institutional and national research commi ee and with the 1964 Hel-
sinki declaration and its later amendments or comparable ethical stand-
ards. For the data collection occurring at age 68, data collection ethical
approval was obtained from the NRES Queen Square REC (14/LO/1073)
and Scotland A REC (14/SS/1009)
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Chapter 3

Results

“Data!data!data!” he cried impatiently. ”I can’t make bricks
without clay.”

– Arthur Conan Doyle1

In this chapter, I provide an overview of the main results of the studies
in the dissertation (section 3.1). More results, tables and figures as well
as a detailed description and discussion of the findings can be found
in Studies I-IV (see appendix A-D). In the last part of this chapter, two
further analyses are presented focusing on accumulation of risk (section
3.2).

1Conan-Doyle 1892
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3.1 Results in summary

3.1.1 Study I

In Study I, we investigated the association between social capital and
all-cause mortality. We investigated both four specific dimensions of
social capital (trust, expectations of reciprocity, frequency of social con-
tact, civic engagement) and a composite measure based on the four di-
mensions. We stratified the analyses by gender based on an initial ana-
lysis with statistical significant (p<0.01) interaction terms for the com-
posite social capital measure, and the two subdimensions; trust and so-
cial network (Table 2 in Appendix A, Study I)

For women, higher levels of the composite measure of individual
social capital were associated with lower all-cause mortality. In this
study, a one standard deviation increase in individual social capital cor-
responds to a 43% lower hazard of dying regardless of cause (HR=0.57,
95% CI=0.42-0.83). No such association was found for men (HR=0.95,
95% CI=0.82-1.10) (Figure 2 in Appendix A, Study I).

Analysing the specific dimensions of social capital, the findings sug-
gested that the association with all-cause mortality varied depending
on both social capital dimension and gender (Figure 3.1). For women,
higher levels of trust and frequency of contact with friends and family
were significantly associated with lower all-cause mortality with a one
standard deviation increase corresponding to a 17% and 25% decrease
in the hazard, respectively (HR = 0.83, 95% CI = 0.75-0.91 and HR = 0.83,
95% CI = 0.73-0.95, respectively). For men, more frequent social contact
was associated with a higher hazard of all-cause mortality (HR = 1.13,
95% CI = 1.02-1.26). Civic engagement had a similar effect for both men
(HR = 0.85, 95% CI = 0.72-0.99) and women (HR = 0.85, 95% CI = 0.63-
1.14) but only reached statistical significance for men Ejlskov, Mortensen,
et al. 2014.
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Figure 3.1: Associations between social capital dimensions and all-
cause mortality (HR(95%CI))

1: adjusted for age and gender. 2: adjusted for age, gender, socioeconomic status (education,
living arrangements and income), health status (co-morbidity, self-rated health), and health

behaviours (smoking, drinking, BMI). (Ejlskov, Mortensen, et al. 2014)
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3.1.2 Study II

In Study II, we investigated the extent of the association between early-
life socioeconomic position and COPD, CVD and diabetes, respectively,
and the degree to which the association was mediated by the corres-
ponding socioeconomic position in adulthood.

For both men and women, educational position was the socioeco-
nomic marker with the strongest associations with all the three lifestyle-
related diseases. The association between early-life educational pos-
ition and the three outcomes was strongest for COPD (Appendix B,
Study II). For COPD, we observed a clear social gradient in the estim-
ated increases in hazard with similar effect sizes for women and men.
About two thirds of this association was mediated through adult SEP
for women and men. For both diabetes and CVD, the associations was
less pronounced. Additionally, the percent of the total effect of early-
life SEP mediated through adult SEP for diabetes and CVD was around
half for both women and men (Figure 3 in Appendix B, Study II.)

Looking at the number of high positions in early-life, we again ob-
served a clear social gradient with the children who had grown up in
families with high positions in both education, income and occupational
status having the lowest hazard of developing the three diseases. The
extent to which these were mediated by the number of high adult pos-
itions all three health outcomes ranged from 32%-43% (Figure 4 in Ap-
pendix B, Study II).
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3.1.3 Study III

In Study III, my co-authors and I demonstrated the use of recursive par-
titioning for exploring and assessing the relative importance of correl-
ates of loneliness in older adults. We included 42 previously identified
correlates of loneliness and used regression trees and random forest to
assess 1) how combinations of correlates identify subgroups of the pop-
ulation with similar loneliness levels and 2) the relative importance of
these correlates in explaining the variation in loneliness in this study
sample. Due to only minor differences in the relative importance of
correlates between men and women, we choose to perform the analyses
on a combined sample including gender as a covariate. Positive men-
tal well-being, personal mastery, identifying the spouse as the closest
confidant, being extrovert and informal social contact were the most
important correlates of lower loneliness levels. Participation in organ-
ised groups and demographic correlates were poor identifiers of loneli-
ness (Figure 3.2). The evidence from the regression tree suggested that
loneliness was not higher among those with poor mental well-being if
they identified their partner as closest confidante and had frequent so-
cial contact. Further, when stratifying on gender, there were only very
minor differences between men and women (Ejlskov, Wulff, et al. 2017).

3.1.4 Study IV

In Study IV, we used a life course approach to investigate the associ-
ation between the number of social relationship adversities experienced
in childhood, mid-adulthood and later adulthood and the feeling of
loneliness at age 68. Preliminary analyses showed li le evidence for a
moderating effect of gender and thus, we chose not to stratify the ana-
lyses. More recent social relationship adversities were more strongly
related to loneliness at age 68 than more distal ones. When consider-
ing all confounders and all later social relationship variables included,
there was an independent positive association between social relation-
ship adversities at all three life stages and loneliness at age 68 (Β=0.04,
Β=0.07 and Β=0.11, in childhood, mid-adulthood and later adulthood
respectively). Lastly, looking at the correlation between social relation-
ship adversities at different life stages, social relationship adversity in
childhood showed a statistically significant weak association to social
relationship adversity in mid-adulthood and was not correlated with
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Figure 3.2: Ranking of the 10 most (top) and 10 least (bo om) important
correlates across 5000 trees

From Ejlskov, Wulff, et al. 2017

number of adversities in later adulthood. Only, the number of social re-
lationship adversities in mid-adulthood was positively correlated with
social relationship adversity in later adulthood (ρ=0.18) (See Table in
Appendix D, Study IV.).
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3.2 Further analyses

In order to be er assess the life course influences of social relationships,
I have conducted some further analyses presented below. Section 3.2.1
presents associations between life course accumulation of social rela-
tionship adversities and loneliness at age 68, based on data from the
NSHD. Section 3.2.2 presents associations between life course accumu-
lation (early-life and adulthood) of three indicators of socioeconomic
position and COPD, CVD and diabetes, respectively.

3.2.1 Life course accumulation of social relationship adversit-
ies

Looking at life course accumulation (Table 3.1), 1.2% had a higher rate of
social relationship adversities in all life stages compared to the remain-
ing 90% of the study population. 4% were in the high group in child-
hood and mid-adulthood but not later adulthood. 18.5% were in the
highest group in childhood but not in mid and later adulthood. 59.3%
where in the lower group in all three life stages and 0% of the parti-
cipants who were in the lower group in childhood were in the high
group in mid and later adulthood or low in mid-adulthood but high
in later adulthood.

Table 3.1: Life course accumulation of social relationship adversities i
childhood, mid-adulthood and later adulthood

Trajectories n(%)

High High High 20(1.2%)
High High Low 55(4.0%)
High Low High 91(4.9%)
High Low Low 343(18.5%)
Low High Low 280(12.2%)
Low Low Low 1664(59.3%)
Low High High 0(0%)
Low Low High 0(0%)

n is based on the complete case data. Percent(%) is based on all 20 imputed data sets.

Table 3.2 shows the results for life course accumulation of social rela-
tionship adversities. All combinations of social relationship adversities
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have higher loneliness levels compared to having a low degree of social
relationship adversities at all life stages. Those participants who exper-
ienced a high degree of social relationship adversities at all three life
stages had the largest association with higher loneliness levels (β=0.83)
followed by those who had high in childhood and mid adulthood and
low in later adulthood (β=0.42) and those who had low in childhood
and later adulthood and high in mid adulthood (0.24). The remaining
two groups did not have a reliable difference in loneliness levels from
the reference group.

Table 3.2: Multiple linear regression coefficients (β) for the accumu-
lation of social relationship adversities over the life course predicting
loneliness at age 68

Trajectories over
the life course*

β(se) t

Low Low Low Ref
High High High 0.83 (0.29) 2.9
High High Low 0.42 (0.17) 2.4
High Low High 0.00(0.14) -0.0
High Low Low 0.04 (0.08) 0.6
Low High Low 0.26 (0.08) 3.2

*controlled for current social contact with friends and family, quality of relationship with
closest confidante, gender, extroversion, neuroticism, childhood social status and number of

childhood illnesses
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3.2.2 Early-life and adulthood accumulation of socioeconomic
position

Table 3.3 shows the percentage of participants in the different life course
accumulation categories of the three indicators of SEP; education, in-
come and job position who had developed either CVD, COPD or dia-
betes. For all three outcomes a clear gradient is observed for both men
and women. Those ending up in a high position regardless of SEP in-
dicator had a lower prevalence of CVD, COPD or diabetes at the end of
the follow-up period.

Table 3.3: Descriptive statistics of life course accumulation categories of
education, income and job position, respectively

CVD COPD Diabetes

Men Women Men Women Men Women
(n=13932) (n=9031) (n=5770) (n=6064) (n=22950) (n=18389)

Educational position
High to High 1.5% 1% 0.4% 0.4% 2.1% 2.3%
High to Low 3.8% 2.7% 2.1% 2.3% 5.9% 5.8%
High to Middle 2.3% 1.5% 0.7% 0.8% 3.7% 3.1%
Low to High 1.9% 1.4% 0.4% 0.6% 3% 3%
Low to Low 4.9% 3.9% 2.7% 3.7% 9% 7.9%
Low to Middle 3.3% 2.2% 1.1% 1.1% 5.2% 4.2%
Middle to High 1.8% 1.3% 0.4% 0.5% 2.7% 2.7%
Middle to Low 4.3% 3.4% 2.3% 3% 7.5% 6.7%
Middle to Middle 3% 1.9% 1.1% 1% 4.7% 3.9%

Income position
High to High 2.1% 1.3% 0.4% 0.5% 3% 2.4%
High to Low 3.3% 2.1% 1.9% 1.9% 5.6% 4.4%
High to Middle 2.7% 1.7% 0.9% 0.9% 4.1% 3.4%
Low to High 2.4% 2% 0.7% 0.6% 4.2% 2.7%
Low to Low 4.8% 3.6% 3.3% 3.7% 8.4% 7.6%
Low to Middle 3.6% 2.2% 1.3% 1.3% 5.8% 4.4%
Middle to High 2.6% 1.8% 0.7% 0.7% 3.9% 3.3%
Middle to Low 4.8% 3.7% 3.4% 3.2% 8.7% 7.6%
Middle to Middle 3.5% 2.2% 1.3% 1.3% 5.8% 4.6%

Job position
High to High 2.5% 1.4% 0.7% 0.6% 3.7% 2.9%
High to Low 3.2% 2.3% 2% 1.7% 5.7% 4.6%
High to Middle 3.2% 1.9% 1.1% 1% 5.2% 3.7%
Low to High 2.7% 1.6% 0.8% 0.6% 4.5% 2.8%
Low to Low 4.4% 3% 2.8% 2.8% 7.8% 6.1%
Low to Middle 3.8% 2% 1.4% 1.1% 5.9% 3.9%
Middle to High 2.8% 1.5% 0.8% 0.8% 4.4% 3.3%
Middle to Low 4.3% 2.9% 2.7% 2.3% 7.5% 6.3%
Middle to Middle 3.6% 2% 1.3% 1% 6.1% 4.3%

Table 3.4 shows the Cox-regression estimates (HR with 95%CI) of
the association between the accumulation categories of the three indic-
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ators of SEP in early-life and adulthood and CVD, COPD and diabetes,
respectively controlled for ethnicity and birth-year. All accumulation
categories of SEP had higher hazards of developing CVD, COPD or dia-
betes compared to those who both grew up in a high and ended up in
a high position regardless of SEP indicator. For all outcomes and SEP
indicators, those with a high -> high trajectory had the lowest hazard.
Similarly, those who ended up in a high SEP regardless of growing up in
a low or middle SEP environment followed in having the lowest hazard
ratio. Evidence of gender differences in the strength of the associations
differed depending on the SEP marker and indicator used. However,
the associations for both genders where in the same direction and were
ranked similarly regarding the gradient in associations with the three
outcomes.
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Table 3.4: Cox-regression estimates (HR with 95%CI) on the association
between the life course trajectories of education, income and job posi-
tion and CVD, COPD and diabetes, respectively on the eligible Danish
birth cohort sample (1961-1971) for each health outcome*

Trajectories

Educational position Income position Job position

Men Women Men Women Men Women
HR(95%CI) HR(95%CI) HR(95%CI) HR(95%CI) HR(95%CI) HR(95%CI)

COPD
High to High Ref Ref Ref Ref Ref Ref
High to Low 3.1 (2.8-3.6) 5.4 (4.2-7) 3.1 (2.8-3.6) 2.6 (2.2-3.1) 5.2 (4.3-6.3) 4 (3.3-4.8)
High to Middle 1.6 (1.4-1.9) 2 (1.6-2.5) 1.6 (1.4-1.9) 1.4 (1.2-1.7) 2.3 (1.9-2.7) 1.9 (1.6-2.3)
Low to High 1.1 (0.9-1.2) 1.2 (0.9-1.6) 1.1 (0.9-1.2) 0.9 (0.7-1.1) 1.5 (1.1-1.9) 1 (0.8-1.4)
Low to Low 4.0 (3.5-4.4) 8.1 (6.7-9.8) 4.0 (3.5-4.4) 4.0 (3.4-4.6) 8.3 (6.9-10.1) 7.4 (6.2-8.8)
Low to Middle 2.0 (1.7-2.2) 2.4 (2-2.9) 2.0 (1.7-2.2) 1.5 (1.2-1.7) 3.3 (2.7-3.9) 2.6 (2.2-3.1)
Middle to High 1.2 (1-1.4) 1.1 (0.9-1.4) 1.2 (1-1.4) 1.1 (0.9-1.4) 1.6 (1.3-2) 1.3 (1-1.7)
Middle to Low 4.3 (3.8-4.8) 7 (5.8-8.5) 4.3 (3.8-4.8) 3.3 (2.8-3.8) 9 (7.5-10.8) 6.5 (5.5-7.8)
Middle to Middle 1.9 (1.7-2.1) 2.3 (1.9-2.7) 1.9 (1.7-2.1) 1.4 (1.2-1.7) 3.3 (2.7-3.9) 2.7 (2.3-3.2)

CVD
High to High Ref Ref Ref Ref Ref Ref
High to Low 1.3 (1.2-1.4) 2.3 (1.9-2.8) 1.3 (1.2-1.4) 1.6 (1.4-1.7) 1.6 (1.4-1.7) 1.7 (1.5-1.9)
High to Middle 1.2 (1.1-1.3) 1.4 (1.2-1.6) 1.2 (1.1-1.3) 1.3 (1.1-1.4) 1.3 (1.2-1.5) 1.4 (1.3-1.6)
Low to High 1 (0.9-1.1) 1.2 (1-1.4) 1 (0.9-1.1) 1.1 (0.9-1.2) 1 (0.9-1.1) 1.4 (1.2-1.6)
Low to Low 1.6 (1.5-1.7) 3.2 (2.9-3.6) 1.6 (1.5-1.7) 1.8 (1.7-2) 2.1 (1.9-2.3) 2.7 (2.4-3.1)
Low to Middle 1.3 (1.2-1.4) 1.8 (1.6-2.1) 1.3 (1.2-1.4) 1.3 (1.1-1.4) 1.6 (1.5-1.8) 1.7 (1.5-1.9)
Middle to High 1.1 (1-1.2) 1.2 (1.1-1.4) 1.1 (1-1.2) 1 (0.9-1.2) 1.2 (1.1-1.3) 1.3 (1.2-1.6)
Middle to Low 1.6 (1.5-1.7) 2.9 (2.6-3.3) 1.6 (1.5-1.7) 1.9 (1.7-2.1) 2.3 (2.1-2.5) 2.9 (2.6-3.2)
Middle to Middle 1.3 (1.2-1.4) 1.7 (1.5-1.9) 1.3 (1.2-1.4) 1.3 (1.2-1.5) 1.7 (1.6-1.8) 1.8 (1.6-2)

Diabetes
High to High Ref Ref Ref Ref Ref Ref
High to Low 1.6 (1.5-1.7) 2.5 (2.2-2.9) 1.6 (1.5-1.7) 1.5 (1.4-1.7) 2 (1.8-2.2) 1.9 (1.7-2.1)
High to Middle 1.4 (1.3-1.5) 1.3 (1.2-1.5) 1.4 (1.3-1.5) 1.2 (1.1-1.3) 1.5 (1.4-1.6) 1.5 (1.3-1.6)
Low to High 1.1 (1.1-1.2) 1.2 (1.1-1.3) 1.1 (1.1-1.2) 0.9 (0.8-1) 1.3 (1.1-1.4) 1.1 (0.9-1.2)
Low to Low 2 (1.9-2.1) 3.3 (3-3.6) 2 (1.9-2.1) 2 (1.8-2.1) 2.9 (2.7-3.1) 3.1 (2.8-3.4)
Low to Middle 1.5 (1.4-1.6) 1.7 (1.6-1.9) 1.5 (1.4-1.6) 1.2 (1.1-1.3) 2 (1.9-2.2) 1.8 (1.7-2)
Middle to High 1.2 (1.1-1.2) 1.2 (1.1-1.3) 1.2 (1.1-1.2) 1.1 (1-1.3) 1.3 (1.2-1.4) 1.3 (1.1-1.4)
Middle to Low 2 (1.9-2.1) 2.8 (2.6-3.1) 2 (1.9-2.1) 2 (1.9-2.2) 3.1 (2.9-3.4) 3.2 (2.9-3.5)
Middle to Middle 1.5 (1.5-1.6) 1.6 (1.5-1.7) 1.5 (1.5-1.6) 1.4 (1.3-1.5) 2.1 (2-2.2) 1.9 (1.8-2.1)

* n=788,747 for diabetes, n=792,768 for COPD and n=792,675 for CVD
all regression estimates are controlled for ethnicity and birth-year
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3.2.3 Overview of gender differences

Table 3.5 provides an overall overview of the main results regarding
the different social relationship exposures and their respective associ-
ations with the investigated health outcomes for men (M) and women
(W). For most aspects of social relationships and most outcomes, the
studies show limited or no evidence that the association between so-
cial relationship measures and health are buffered by gender. Study I
showed differing effects for men and women for two of the individual
social capital measures. Study II showed some differences depending
on gender but the gradient in estimates across categories and direction
of associations were the same. Studies III and IV provided no or very
li le evidence that the associations were different depending on gender.

Table 3.5: Overview af associations (+=positive, -=negative) for men (M)
and women (W) for studies I-IV

Health

StudyPhysical health Mental health and so-
cial wellbeing

All-cause
mortality

COPD CVD Diabetes Loneliness

Exposures
Social relationship adversities

IVChildhood M+,W+
Mid-adulthood M+,W+
Later adulthood M+,W+

Perceived social support M+,W+ IIISocial isolation M+,W+
Individual social capital W+

I
Cognitive social capital Trust W+

Expectations of re-
ciprocity

Structural social capital Social network M-,W+
Civic engagement M+

Socioeconomic environment in
early-life

M+,W+ M+,W+ M+,W+ II

M=men,W=women
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Chapter 4

Discussion of methods and
materials

“The key is in remembering that a model is a tool to help us
understand the complexities of the universe, and never a

substitute for the universe itself.”
– Nate Silver1

In the following chapter, I discuss several methodological issues
that are important for the interpretation and generalisability of the find-
ings of the studies in this dissertation. I discuss the strengths and weak-
nesses concerning the study designs, and study populations used,and
the issues of missing data (section 4.1). The validity of the findings is
discussed in terms of potential a rition, selection bias, information bias,
confounding and generalisability. I briefly discuss the implications of
the measures of social relationships used in section 4.2. Finally, I dis-
cuss and compare implications of the choice of two different statistical
approaches - data models vs algorithmic models - in section 4.3.

1Silver 2012

57



Discussion of methods and materials

4.1 Study design, study populations and the issue
of missing

In this dissertation, the study designs were all quantitative. The studies
are solely observational studies that are both longitudinal cohort studies
and a cross-sectional study (See Table 2.1 on page 27 for a more detailed
overview).It can be argued that quantitative studies are ill-suited to cap-
ture the multifaceted phenomenon of social relationship and instead
calls for in-depth qualitative research. However, while the concept of
social relationships is simplified by numerical representations of vari-
ous dimensions (see section 1.2.1 on page 13), it also affords many ad-
vantages over a qualitative approach. First, it enables a more compre-
hensive and understandable description of the phenomenon in ques-
tion. By using numerical representations of different dimensions of
social relationships, as, i.e. the frequency of social contact, it becomes
possible to get an overview of how different dimensions are associated
with health. Second, a quantitative approach is well-suited for testing
the salience of specific hypotheses in relation to theories as needed to
answer the first and third aim of this dissertation. In comparison to a
qualitative design, a quantitative study design allows the investigation
of social relationship risk factors and the extent to which they influence
or are associated with health.

4.1.1 Study designs and issues of causality

Studies I, II and IV are longitudinal since the social relationship expos-
ures are measured before the outcome. Study III is cross-sectional be-
cause the social relationship exposures are measured at the same time
as the outcome (loneliness) (Rothman and Greenland 1998).

The cross-sectional design in Study III makes it difficult to establish a
clear direction of causality. That is, whether it is the included exposures
that influence loneliness levels or the other way around. For this reason,
we refrained from implying causal directions in the interpretation of the
results. Parts of the previous literature has found some of the exposures
included in this study to be outcomes of loneliness levels. However, the
goal of Study III is not to establish a direction of causality. Instead, it is
to demonstrate how machine learning may be used to gain insight into
the complicated interplay between a range of exposures. Being able to
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situate the exposures prior to the participants’ loneliness levels would
be an added strength of this study. Done this way, it would add to in-
forming be er intervention strategies and targeting. Due to the data
source being the NSHD, it was possible to include social relationship
measures from earlier on in life. My co-authors and I decided against
it on the grounds that the only available loneliness measure was meas-
ured - at the time - at the latest data collection when the participants
were age 68. To date, very few studies have been done that investigate
correlates of loneliness in later life using a life course perspective. For
this reason, we decided that the argumentation be too weak to include
social relationship measures from previous life stages.

In contrast to Study III, the longitudinal framework of Studies I, II
and IV strengthen a causal interpretation of the results. However, while
we have temporal ordering of the measured exposures and outcome,
there may still be issues of temporal dispersion, reverse causality from
unmeasured outcome measures at previous life stages (as, e.g. loneli-
ness in Study IV) as well as the ever-persisting problem in observational
studies of unmeasured confounding. In summary, while the longitud-
inal framework of the three studies strengthens a causal interpretation,
it should still be done with caution.

4.1.2 Study populations - recall bias, a rition, selection bias
and generalisation

To satisfy the first and third research aims, we conducted analyses based
on three different study populations that all had longitudinal features.
A prospective longitudinal study design is the superior design when
wanting to trace changes over time and being able to situate exposures
and outcomes at different time points. For this reason, the prospective
longitudinal design was an obvious choice for the investigation into the
dynamics of social relationships and health over time (Studies II and
IV).

Overall, the studies had very different sample sizes. For this reason,
the statistical precision of the estimated associations varied consider-
ably across studies (Rothman and Greenland 1998). For example, in
Study II, the study population was a Danish nationwide population
born between 1961-1971 (n=793,674). Thus, the statistical precision of
the estimates in this study is very high. In contrast, Studies I, III and IV
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were population-based samples consisting of n=9288 and n=2453 parti-
cipants, respectively. While still large in sample sizes, these populations
will undoubtedly have relatively lower precision.

Compared to a retrospective and cross-sectional design, prospective
cohort studies are considered more reliable since potential recall biases
are much smaller (Mann 2003). For example, in Study IV adverse social
relationship experiences were collected from the respective life stages
ruling out potential recall biases present in other studies. However, be-
cause data were collected over a long period and the questions were
not designed specifically to measure social relationship adversities, it is
very likely that important adverse social relationship experiences have
been missed. Also, it is a possibility that participants who experienced
more social relationship adversities in earlier life stages were less likely
to respond to the questionnaire regarding loneliness at age 68.

In Study I, no measurement was used that retrospectively delved
into previous emotions or experiences. Similarly for Study II, by in-
cluding the most commonly used SEP indicators from the national re-
gisters measured in both early-life and adulthood some of the issues
of using retrospectively assessed SEP and potential self-reporting bias
were avoided. However, the use of early-life SEP indicators measured
at one single time point has been argued to be a weak proxy for the SEP
spanning the entire childhood period (Glymour 2007). In contrast to
Study II, some self-reporting bias might be present in both the measures
used from the NSHD and The North Region Denmark Health Profile
due to the sensitive subjects that the participants were inquired about
(i.e. loneliness, trust, social contact). Thus, it is a possibility that there is
a self-reporting bias that might have resulted in under-reported loneli-
ness levels and that social contact and trust have been over-reported.
However, this will only affect the estimated associations if the self-reporting
bias is also associated with the other exposures or outcomes measures
(Fadnes, Taube, and Tylleskär 2009).

For both Study I and II, data on mortality, lifestyle-related diseases,
SEP and most of the confounding variables originated from the Danish
national registers. Both the accuracy and completeness of the register-
based data are generally considered to be high. The measures and data
from the Danish registries are continuously used and updated by the
administrative systems in the Danish healthcare system, for reimburse-
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ments and other administrative issues which helps to ensure high levels
of precision in how well the data is recorded (Thygesen and Ersbøll
2011). Thus, compared to survey-based measures, variables originated
from the national register may reduce the risk of differential misclassi-
fication.

A general issue with prospective cohort studies is that it takes a
long time to collect useful data. The extended collection period makes
the data very sensitive to a rition or loss to follow up (Mann 2003).
For the NSHD, used as the data source in Studies III and IV, poten-
tial a rition bias is a possibility. Analyses at age 60-64 show that the
NSHD was broadly comparable to the UK population of the same age
on social class and unemployment rate but over-represented owner-
occupiers (Stafford et al. 2013). Thus, it may be possible that those from
a lower socioeconomic position has different loneliness levels compared
to those who did not respond. At age 68, the levels of loneliness in the
NSHD are comparable to those from the English Longitudinal Study of
Ageing (Ejlskov, Wulff, et al. 2017), but socioeconomic advantage was
associated with a higher likelihood of responding and affective symp-
toms were not (Stafford et al. 2013). For Study I and II loss to follow-up
may also constitute a significant risk of bias. However, for both studies,
the loss was on a small scale and is thus unlikely to bias the results in
any significant way.

The use of a nationwide population cohort in Study II meant that a
potential selection bias influencing the findings was not an issue in this
study. However, selection bias might be an issue in the three remain-
ing studies (I, III and IV) (Hernán, Sonia Hernández-Díaz, and Robins
2004). The NSHD is based on a representative sample of males and fe-
males born in 1946 within marriage during the same week in March of
that year in England, Scotland or Wales (n=5,362) (Kuh, Wong, et al.
2016). Children born outside of marriage are not represented in this
study. It may be that children from these families growing up in the
1950’ties and 1960’ties experienced more social relationship adversities
in childhood and perhaps later. The sample used in Study I - The North
Region Denmark Health Profile - was drawn from a less urbanised re-
gion in Denmark. Additionally, there were some issues of non-response
with a slight over-representation of women and older age groups in this
study. Thus, a possible non-response bias cannot be ruled out which
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may a enuate the association between social capital and all-cause mor-
tality and in that way affect the validity of the results.

For Studies III and IV, we can rule out potential bias resulting from
age differences since all participants were born in the same week in
March 1946. However, generalising these results to other birth cohorts
should be done with caution. Similarly, for Study II, the participants
were born between 1961-1971. To ensure that birth cohort effects did
not influence the results of this study, we conducted sensitivity analyses
stratified by birth year and did not find marked differences between the
different cohorts.

4.1.3 Confounding

A significant source of error to consider in epidemiological studies is
confounding. Confounding is an issue when some third causal factor
is either exaggerating or diluting the relationship between the expos-
ure and outcome of interest (Kish 1959). In the presence of one or more
confounders, we risk either a ributing too high or too low an effect of,
e.g. social capital on mortality. If we can identify and control for con-
founders accurately, we will to some extent be able to reduce or elimin-
ate confounding bias (VanderWeele and Shpitser 2013).

It is possible to control for confounders in two principal ways: Via
design or analysis (Pearl, Robins, and Greenland 1999). A powerful
means of design control is randomisation. By randomly assigning in-
dividuals to different treatment and control groups, the confounding
problem can be eliminated. However, design-based methods are sub-
ject to practical limitations that often make them practically infeasible.
For example, in Study I, we do not randomly assign people to different
levels of social capital and then observe the causal effect on all-cause
mortality. Instead, we observe the levels of social capital that the in-
dividuals in our sample already have. Thus, to study the connection
between social factors and health, an alternative method for approach-
ing the confounding problem is needed.

For the studies in this dissertation, my co-authors and I have relied
on analysis-based methods to control for confounding. In Studies I, II
and IV, this is primarily done using regression strategies where para-
metric or semi-parametric constraints are imposed when regressing the
outcome in question on the chosen covariates (Rothman and Greenland
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1998). In Study III, we loosen these constraints by using random forests
algorithms, which make no assumptions the data distribution or clas-
sify the data into a theoretical distribution (Breiman 2001b). However,
both strategies rely heavily on identifying and including the correct con-
founders. Indeed, without randomisation, causal inferences depend on
whether we are in possession of a sufficient set of variables for analysis
(Pearl, Robins, and Greenland 1999).

A natural question that arises is how to identify the necessary con-
founders to include in the analyses. The identification of confounders
should be made using a priori subject ma er knowledge (Hernán, S.
Hernández-Díaz, et al. 2002). In Study I, for instance, the association
between social capital and mortality is likely to be confounded by health
behaviours such as smoking. Individuals with lower social capital smoke
more (e.g. G.N. et al. 2011) and smoking causes increases mortality rates
(Leistikow et al. 1998). Thus, to not exaggerate the effect of social capital
on mortality, we include such health behaviours as control variables in
the analysis.

It is important to note that the set of control variables will almost
always remain insufficient (Pearl, Robins, and Greenland 1999). Thus,
causal inferences from the studies in this dissertation rest on subject-
ma er judgements about which variables might be missing from the
analyses. This is an unavoidable limitation in studies where random as-
signment is practically impossible. Like all scientific studies, we would
like to see our results replicated in different contexts and using other po-
tentially important confounders. When replication studies can confirm
our results, our confidence should grow that the mechanisms that we
have uncovered are not merely correlational artefacts, but are indeed
causal (E. Loken and Gelman 2017; Rothman and Greenland 1998).

4.1.4 The issues of missing observations

Missing data are a statistical problem that occurs when individuals do
not respond to one or more items in a survey (Newman 2009). The pres-
ence of missing data in a dataset demands that the researcher make
a careful choice among several different missing data treatments, i.e.
techniques to take the uncertainty caused by missingness into account
(Newman 2014). This choice should be made carefully, as choosing
an inferior approach may lead to parameter bias and inferential errors
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(Sterne et al. 2009). Which techniques that are the most appropriate
depend on factors such as the degree of missingness and mechanism
that lead to the missing data (Li le and Rubin 1987). As a natural con-
sequence of working with different data types from various sources, the
missing data problem was approached in different ways in the studies
in this dissertation, as I described in Chapter 2.

In Study I, we checked the results robustness to missing data. Mul-
tiple imputation by chained equations (MICE) were performed to adjust
parameter estimates and standard errors for the possible bias caused by
the missing data mechanism. MICE consists of a series of estimations
regressing each variable in the model on the other variables. In other
words, the procedure loops through the variables predicting each vari-
able dependent on the others. This procedure provides excellent flex-
ibility as each variable may be assigned a suitable distribution (White,
Royston, and Wood 2011). For instance, continuous variables are mod-
elled through linear regression, binary variables through logistic regres-
sion and so on (Chevret, Seaman, and Resche-Rigon 2015). Several sim-
ulation studies have demonstrated that MICE outperforms other tech-
niques at missing rates higher than 10% and various missing data mech-
anisms and sample sizes (Janssen et al. 2010; Knol et al. 2010).

In Study I, MICE were used in conjunction with a Cox proportional
hazards model (Andrea Marshall, Altman, and Holder 2010; Marshall
et al. 2009), and only trivial differences from when handling the miss-
ing data using listwise deletion were found. Thus, we presented the
results based on non-imputed data confident that missing data were of
no concern. In Study II, missing data were handled using solely list-
wise deletion. If the missing data rate is low, there is likely to be li le
difference between ignoring the missing data and applying more ad-
vanced techniques. As the partial missing data rate in Study II was be-
low 10%, my co-authors and I opted for listwise deletion as more ad-
vanced techniques were unlikely to produce different estimates (New-
man 2014; Wulff and Ejlskov 2017). Here, it also worth noting that more
advanced procedures such as MICE become increasingly computation-
ally intensive when the size of the dataset grows (Allison 2002; Bodner
2008). Given the immense sample size in Study II, I saw li le reason
to employ techniques that were excessively computationally intensive
while bringing li le value to the analysis.

In Studies III and IV, missing data rates suggested that more soph-
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isticated approaches were called for. In these studies, however, a more
recent development in missing data imputation: random forest imputa-
tion (RFI) were applied. As described previously in more detail, ran-
dom forests combine several regression trees into an ensemble of trees
each time varying the sample size and the predictors (Hastie, Tibshirani,
and Friedman 2009). Random forests are excellent in situations where
the imputation model is difficult to specify due to, e.g. complex non-
linear relationships such as interactions (Doove, Van Buuren, and Dus-
seldorp 2014; Shah et al. 2014). The complexity made RFI an obvious
candidate for Studies III and IV where we needed to handle complex
interrelationships between many covariates. RFI does not require the
researcher to specify an imputation model where important moderat-
ing relationships are specified. As one of the primary goals of Study
III was to discover the most central of these interactions among the in-
cluded variables, there was li le basis on which to specify an imputation
model a priori. This made RFI a desirable alternative to handle missing
data in these studies.

4.2 Conceptualization and measurement of social
relationships

One of the challenges in this dissertation was how to assess and com-
pare the different measurements and conceptualisations of social re-
lationships. One challenge is that comparing different measurements
makes a comparison of effects difficult across studies (Valtorta et al.
2016). The comparison is made further difficult because I have used
data that span two countries and the use of different health outcomes.
Differences in norms, culture and interpretation may affect what a par-
ticular measure represents in the two countries. To get a be er handle
on how these different conceptualisations may represent similar under-
lying dimensions of social relationships, I made an overview of which
underlying social relationship features these different aspects tap into
(see Table 1.2 on page 1.2). However, an in-depth theoretical explor-
ation and comparison are beyond the scope of this dissertation. The
primary purpose was to develop a useful overview based on previous
literature that may help in seeing the similarities between seemingly
different measures of social relationships. Thus, the overview should
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be viewed as inspirational only and not as a theoretically valid model.
Another challenge is to assess the reliability and validity of each of

the used measures. It is beyond the scope of this dissertation to give a
detailed overview of the extent to which all of the used measures across
of four studies are validated. Instead, I refer to excellent studies such as
Valtorta (2016) and Wang et al. (2017). In Studies III and IV the loneli-
ness outcome was measured by the 3-item short UCLA scale (Hughes
et al. 2004). Since the validity of this measure had not yet been assessed
in a British se ing as part of Study III, we used a similar approach to
Uysal-Bozkir et al. (2017) to assess the validity of this measure. Over-
all there was evidence of both convergent, discriminant and structural
validity and loneliness levels were very similar to the US-based valid-
ation study (Hughes et al. 2004). The assessment is described in more
detail in the supplementary materials.

One may criticise the quality of socioeconomic position as a proxy
for social relationships in early-life. As argued in the introduction, the
proxy in part includes aspects of socialisation and behaviour. However,
the proxy also represents a range of other factors such as material and
cultural circumstances that do not reflect the social relationships that
are a focus of this dissertation.

In summary, comparison of effect sizes and associations should be
made with caution across the different studies (I-IV).

4.3 Discussion of the different statistical methods

In this section, I discuss the statistical methodologies used in the studies
in this dissertation. I frame this discussion in the context of Breiman’s
(2001) division of statistical modelling into two cultures: Data and al-
gorithmic modelling. The former is well-known by most researchers
and not only preferred in the statistical community but also in the bio-
metrics community (Boulesteix and Schmid 2014). The la er is used
very sparsely in most fields and commonly referred to as machine learn-
ing. Most researchers are not aware of this perspective, and medical
statisticians often exhibit scepticism towards its use (Kruppa, Liu, Biau,
et al. 2014; Kruppa, Liu, Diener, et al. 2014). Below, I discuss the meth-
ods I apply in this dissertation framed in the context of these two per-
spectives on statistical modelling.
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4.3.1 Data models vs algorithmic models

The statistical methods applied in this dissertation fall into two broad
categories reflecting two different cultures in statistical modelling: The
data modelling culture and the algorithmic modelling culture (Breiman
2001b). In the data modelling culture, a stochastic data model is as-
sumed that connects the exposure variables to the outcome. Such a
model could be, e.g. a linear regression model as in Study IV or a Cox
regression model as in Studies I and II. Using these models, we estim-
ate parameters – in the case of this dissertation coefficients - from the
data and then use these as information about the relationship between
the exposures and the outcome. In contrast, in the algorithmic model-
ling culture, we search for some function in the form of an algorithm to
operate on the predictor variables to predict the outcome of interest.

Data models

When using data models, we researchers believe that we come up with
a parametric model that is a good description of the complex mechan-
ism that connects the inputs and output. For instance, in Study I, my
co-authors and I argue that the hazard function in the Cox model (Cox
1972) appropriately models the connection between social capital and
survival. This is advantageous because we can use hazard ratios to in-
terpret the results and thus explain how social capital is related to sur-
vival in the long run. This interpretability is preferable when (causal)
explanation is desirable (Boulesteix and Schmid 2014). Put differently;
such an approach is useful when the interest is in understanding if and
how having more social capital cause people to live longer. The em-
phasis is put on understanding, as the specification of a data model al-
lows the linking of exposures (e.g. social capital) to outcomes (e.g. sur-
vival) in a straightforward way that is understandable (Shmueli 2010).
Under certain conditions, the specified model can inform about highly
complicated mechanisms in an easy-to-interpret way. For instance, in
Study II, the interest is in understanding how adult SEP mediates the
relationship between early-life SEP and COPD. This interest makes us
specify a data model that accounts for this mediating relationship. We
then investigate what this model tells about the presence and size of
highly complex mediation effects through time.

Data models are not without drawbacks, however. Imposing para-
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metric or semi-parametric models on complex systems result in lower
accuracy and information loss. The problem here is the belief that we
can select the same data model that nature used to generate the data.
Breiman (2001, p. 204) refers to this as ”an a priori straight jacket”
that prevents researchers from dealing with many otherwise interest-
ing statistical problems. We might be able to select the right model, but
then again we might not be. This problem is also referred to model
misspecification. Model misspecification happens when the model is
to restricted. For instance, Cox regression as used in Studies I and II
assumes proportional hazards. While there are multiple ways of test-
ing whether this assumption is reasonable, in many cases it is often too
restrictive (Schmid, Kestler, and Potapov 2015). Algorithmic models
avoid misspecification by not imposing the a priori straight jacket by
allowing flexibility. While these models remedy the drawbacks of tra-
ditional models, they are not a statistical panacea and have – as I discuss
below - their own limitations.

Algorithmic models

When using algorithmic models, the approach is that the data are pro-
duced in a black box (Hastie, Tibshirani, and Friedman 2009). The in-
sides of this black box are complex and partly unknowable to the re-
searcher (Breiman 2001a). Instead of assuming a data model, the goal is
to find an algorithm that is a good predictor of the outcome when run-
ning future predictors through it. Thus, the misspecification problem
is elegantly solved by not specifying any model at all. In other words,
the focus is shifted from explanation to prediction. This approach is
unfamiliar to most researchers in most fields (Strobl, Malley, and Tu
2009) that are focused on understanding and explaining. However, as
Breiman (2001, p. 208) puts it ”[u]sing complex predictors may be un-
pleasant, but the soundest path is to go for predictive accuracy first,
then try to understand why.”

The Rashomon Effect The Rashomon Effect occurs when different in-
dividuals having witnessed the same event provide contradictory inter-
pretations (Heider 1988). In statistical modelling, we can think of this
effect occurring when many different data models result in about the
same minimum error rate. Unfortunately, this is often the case (Breiman
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2001a). In loneliness research, there is often a vast number of variables
to choose from (Victor, Scambler, et al. 2000). Assuming that there are
30 loneliness predictors to choose from and we wish to form the best
linear regression with eight predictors. If we were to consider all sub-
sets, there would be almost 6 million regressions with eight predict-
ors. If we use a criterion such as residual sum-of-squares and pick the
regression equation with the lowest, we run into a problem: Many 8-
variable equations have a residual sum of squares within 1% of the best
performing model (Breiman 1996). Now, what if these models that per-
form almost equally well state something vastly different about the re-
lationship between e.g. the relationship between religious beliefs and
loneliness? Which model do we choose?

Dimensionality and Parsimony

The subset example above leads to the problem of dimensionality. What
if we simply have too many loneliness predictors? Traditional methods
focus on a subset of predictors and delete the rest. Thus, dimension-
ality is regarded as a problem that we solve by keeping only the ones
with the most information. However, ge ing this information may be
tricky if it is hidden in combinations of the predictors. For instance, in
Study IV, we increase the flexibility of our linear regression model by
including interaction terms between the earlier social adversity and 1)
frequency of contact with friends, 2) frequency of contact with family
outside the household and 3) quality of relationship with the closest
confidante, respectively.

The relation to the Rashomon Effect is clear: We as researchers have
to choose which interactions to specify, thus increasing the ways we
restrict the data (Simmons, Nelson, and Simonsohn 2011). The use of
interactions in Study IV allows us to explain and understand interact-
ive relationships. However, it also complicates the interpretation of
the model, which leads us to the principle known as Occam’s Razor
or the parsimony principle. The parsimony principle states that more
straightforward explanations should be preferred. However, when we
use a model to predict, accuracy and simplicity work against each other
(Burnham and Anderson 1998). For instance, using a linear regression
approach, it would be relatively simple to interpret the relationship
between say social isolation and loneliness. This regression model’s
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accuracy would be dwarfed by that of a random forest. The tree en-
semble produced by the random forest algorithm, however, would be
much more difficult to interpret and to understand. This example il-
lustrates the Occam dilemma when choosing between traditional mod-
elling and algorithmic modelling. Accuracy requires more complic-
ated methods, but interpretable functions are often poorer predictors
(Domingos 1999).
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4.3.2 Benefits of algorithmic modelling

If we are willing to give up interpretability, an algorithmic approach
offers us a way to deal with these problems. In Study III, my co-authors
show how aggregating over a broad set of competing decision trees
(random forests) can help us solve the problem of which variables to
include in our model. The random forest algorithm ”grows” successive
decision trees by using a random element when each tree is construc-
ted (James et al. 2014). At each node, several of the possible loneliness
predictors are choose at random and used to make the best possible
split. Thus, many different trees with different loneliness predictors are
generated and aggregated. This essentially allows for variables to have
different effects in different trees, thus preventing the Rashomon Effect
from occurring. In Study III, my co-authors and I show how random
forests can solve the variable selection problem by producing variable
importance plots identifying the most critical correlates of loneliness.
These plots can help us identify relevant variables, which would have
been overlooked using traditional methods because we simply did not
specify our model correctly.

Random forests are also excellent at handling dimensionality. In-
terestingly, the random forest algorithm changes dimensionality from
a problem to a blessing (Breiman 2001a). That is if we have more pre-
dictors we have more information. Many of the vast numbers of cor-
relates of loneliness may contain small pieces of information that are
lost if they are deleted. As we show in Study III, researchers can use
random forests to extract and combine these pieces of information from
many different loneliness correlates. It is important to realise that we
do not have to worry about specifying important interactions, as ran-
dom forests take these into account. As I have described previously,
the randomly constructed trees make sure that no fundamental inter-
actions are missed along the way. This means that random forests can
help loneliness and social epidemiology researchers discover important
aspects of their data that traditional methods cannot. This makes ran-
dom forests ideal for exploration that may lead to the construction of
new theories.

In social epidemiology, we work with highly complex phenomena
described by noisy and often large datasets. Sometimes our data may be
best described by a data model, but other times an algorithmic approach
might be far be er. In this dissertation, I have tried taking a broader
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perspective on statistical methodology than what is traditionally used
in the field. My perspective is that we first need to ask how to solve the
problem. This does not always mean jumping straight to generating a
data model that may lead us unknowingly to questionable conclusions.
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Chapter 5

Discussion of results

“My interest is not data, it’s the world. [...] The idea is to go from
numbers to information to understanding.”

– Hans Rosling1

In this chapter, I discuss the findings from the four studies (I-IV) in
light of the three overall aims of the dissertation. All studies added new
knowledge to the gaps described in the introduction. For each aim of
the dissertation, the findings will be discussed. First, I discuss the res-
ults in relation to the life course models I presented in Chapter 1 (section
5.1). I further discuss the potential buffering effect of social relation-
ships throughout the life course. In section 5.2, I discuss how recursive
partitioning - an algorithmic model approach - may help to gain new
knowledge within the study of social relationships and health. Lastly,
in section (5.3), I discuss the evidence for potential differing effects de-
pending on gender.

1Iversen 2017

73



Discussion of results

The overall aim of this dissertation is to contribute with new know-
ledge on the importance of social relationships for health. I have three
sub-aims of this dissertation that will guide the discussion: 1) study-
ing social relationships from a life course perspective, 2) incorporating
methodological innovations into the studies of the impact of social re-
lationships on health and 3) investigate potential gender differences in
the association between social relationships and health. While the stud-
ies used different measures of social relationships, I argued in table 1.1
on page (1.2.1), that the social relationship measures tapped into some
of the same underlying features of social relationships. Thus, in the
subsequent discussion, I integrate this model into the discussion of the
findings.

5.1 Social relationships and health in a life course
perspective

Studies II and IV took two different conceptual approaches to the study
of social relationships’ association with health using a life course per-
spective. Study II was based on Danish register-based cohort and Study
IV on the longest running birth cohort study in the world from the
UK. Even though two different conceptualisations of social relation-
ships were used, similar findings was suggested in their associations
with their respective health outcomes. In addition, both studies added
to the knowledge of how social relationships influence health over the
life course.

First, Study IV extends the knowledge of how experiences of social
relationship adversity throughout the life course are related to loneli-
ness levels later in life. Childhood, mid-adulthood and later adulthood
social relationship adversities are associated with loneliness at age 68.
These associations are independently associated even when taking so-
cial relationships in later stages of the life course into account. Similarly,
in Study II, all markers of adverse SEP are associated with an increase
in the risk of developing the COPD, CVD and diabetes from age 30 un-
til mid-adulthood. The analyses suggest a clear social gradient in the
size of the estimated associations. Having grown up in a family en-
vironment which was located high on all three socioeconomic markers
showed additional protective effects compared to those who did not.
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Thus, the findings from both Study II and IV suggest that childhood
social conditions are associated with different health outcomes.

It is, however, important to note, that the contributions of the two
studies - while similar - have important differences. In the introduction,
I argued that social relationship adversities represent micro psychoso-
cial mechanisms that are located downstream towards health. In con-
trast, socioeconomic position represents a higher located upstream factor
- that in part determines the factors located downstream. Further, I ar-
gued that social relationship adversities tap into different underlying
features of social relationships (quality and direct social experiences)
compared to early-life SEP. I have argued that SEP is a marker tapping
into structural properties of the social network structure and in part in-
directly conditions social experiences.

In this dissertation, I focus on two life course models; the sensitive
life course model and the accumulation of risk model. Disentangling
the life course processes of these model have shown to be very difficult
(Hallqvist et al. 2004). For this reason, the subsequent discussion should
be viewed as a possible interpretation.

5.1.1 The sensitive life course model

In Figure 1.3 on page 20 I presented two sensitive period models; 1)
direct associations between social relationships in childhood with or
without independent effects of later life risk factors and 2) direct associ-
ations with moderating effects of other social relationships. In this sec-
tion, I first discuss the findings in relations to the first sensitive period
model. This life course model suggests that social relationships lived
under in childhood influences adult health independent of adult social
conditions (Mishra, Cooper, and Kuh 2010). Subsequently, I discuss the
findings in relation to whether there are empirical evidence for moder-
ating effects of other social relationships on the direct association.

Both studies suggest that childhood/early-life may be a sensitive
period for later health both regarding physical health (COPD, CVD and
diabetes) and mental health (loneliness). Both the social relationship
exposure in Study II and IV had associations independent of included
confounders and later life social relationship factors. However, as illus-
trated in Figure 1.4 on page 23, the two studies gave evidence of sens-
itive periods for health outcomes at different stages of the life course
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(early to mid-adulthood for Study II and later adulthood for Study IV).
Further, for both studies, the results suggested that the closer in time
the social relationship exposure was located in relation to the studied
health outcome, the stronger the effects was on health.

Our results are largely consistent with previous literature for both
SEP (Lawlor, Ebrahim, and George Davey Smith 2005; de Sousa An-
drade et al. 2017; Galobardes, Lynch, and George Davey Smith 2008)
and loneliness (Peters and Lie roer 1997; Dykstra and de Jong Gierveld
2004). However, a much greater amount of research has been conduc-
ted on the influence of early-life SEP conditions on adult health com-
pared to specific social relationship experiences and loneliness in later
life. Thus, the contribution of the findings from the two studies to the
sensitive life course model - while similar - have important differences.
First, the literature establishing the association between early-life SEP
and adult health is very consistent across studies and countries (e.g.
Psaltopoulou et al. 2017; Becher et al. 2016; Nandi et al. 2012; Galob-
ardes, Lynch, and George Davey Smith 2007). Thus, the primary aim of
Study II was not to investigate the consistency of the direct association
between early life SEP and adult health. Rather, the aim was to invest-
igate the precise degree to which the association was mediated by the
corresponding adult SEP.

In contrast to Study II, only a few studies have investigated the life
course influence of social relationship adversity on loneliness as we did
in Study IV. Further, no one with the scope of social relationship ad-
versities measured in this study. Thus, the primary aim here was to
investigate evidence for or against life course influences of social rela-
tionships on loneliness. That is, the distal and not the more proximal
pathways in which these experiences may influence health.

Some support for the findings from Study IV can be found in the lit-
erature. Dykstra and de Jong Gierveld (2004) investigated the influence
of marital history and risk of loneliness later on and found that divorce
heightened the risk of loneliness. Additionally, similar to Peters and
Lie roer’s study (1997) of marital dissolutions, we found that more re-
cent social relationship adversities showed a stronger association with
loneliness compared to less recent ones. This was also the case for the
investigation of early-life and adulthood SEP on lifestyle-related dis-
eases and consistent with previous studies. Thus, both the effect of
more proximal and distal social relationship exposures seem to dimin-

76



5.1. The life course perspective

ish over time in their influence on health.

The buffering effect of earlier social experiences

As part of the analyses in Study IV, we investigated whether earlier so-
cial experiences influence the association between current quality and
quantity of social relationships and loneliness in later life. That is, whether
there is evidence for a moderating effect of earlier experiences on later
ones (see Figure 1.3 on page 20). A key finding in Study IV is that the
extent to which lack of social contact exacerbates loneliness depends
on social experiences in earlier life stages. Further, high current qual-
ity of relationships may mitigate the negative effect that earlier social
relationship adversities exert on loneliness. Thus, there is support for
the sensitive period model which includes effects of social relationship
modifiers at different life stages.

In the introduction, I argued that social relationship adversities are
direct social experiences that reflect the quality of the social network.
In the context of this study, we may view social relationship adversit-
ies as a form of social wounds that may continue to exert influence on
how one evaluates social relationship in later life stages. In turn, this
will influence the degree to which social relationships are protective of
adverse health outcomes. In line with the discussion in the previous
section about the dark side of social capital (Study I), the results from
Study IV might suggest a more general dark side of social relationships.
However, the moderating effects also indicate how high quality of cur-
rent social relationship may buffer the effect of earlier adverse experi-
ences thus pointing to how the ’social wounds’ may be mitigated in a
health perspective.

In the introduction, I defined social support as the belief that one is
cared for, loved, esteemed and valued. The analyses suggested that the
negative effect of the number of social relationship adversities in earlier
life stages is diminished for those participants with a high current so-
cial relationship quality. This is supported by the literature where it has
been suggested that supportive relationships in adulthood may protect
against adverse effects of childhood adversities on adult health (Umber-
son, Williams, et al. 2014). However, the darker side of social relation-
ships is also evident in that the number of social relationship adversities
exacerbates the association between current lack of social contact and
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loneliness at age 68.
An important note is the effects of lasting strain seem to diminish

over time. This a enuation of effects as the adverse social relationships
grow more distant in time have several implications. It may suggest
how much earlier social relationship adversities exacerbate the influ-
ence of current social isolation on loneliness. This is in line with the
primary findings from Study IV that found more recent social relation-
ship adversities more strongly related to loneliness. Additionally, the
study from Peters and Lie roer (1997) also found evidence of time di-
lution.

5.1.2 The accumulated life course model

In the introduction, I also presented the accumulation of risk model. In
this model, the social relationship risk factor could either accumulate in-
dependently, with an additive effect or through chains of risk where one
harmful exposure leads to another and then another (Ben-Shlomo and
Kuh 2002). Further, the social relationship exposures at different life
stages could be either correlated or uncorrelated with each other. The
chain of risk model suggests the influence of earlier social relationships
on later health that happens through the transmission of risk with adult
social relationships accounting for the immediate health impact (Mos-
quera et al. 2017). The study design of Study IV is ill-suited to assess
the evidence for this life course model reliably. Still, it can be argued
that the slightly a enuated association of earlier relationship adversities
when taking later into account may indicate some evidence that earlier
experiences increase the risk of later. However, looking at the correla-
tions between the number of social relationship adversities at the three
life stages does not support the hypothesis that a high number of ad-
verse experiences in childhood heightens the risk of a high number in
adulthood. In this study, we found evidence of at most a low to moder-
ate correlations between social relationships measures at the different
life stages. Only the number of social relationship adversity experiences
in mid-adulthood was positively correlated with social relationship ad-
versity experiences in later adulthood. These results are in contrast with
previous studies that have shown that early social relationship adversit-
ies may launch chains of disadvantages in social relationships over the
life course (Umberson, Williams, et al. 2014; Ka et al. 2011; Caspi et al.

78



5.1. The life course perspective

2006; Dykstra and de Jong Gierveld 2004).

The discrepancy between previous studies and the results of Study
IV may be due to several reasons. 1) In Study IV we used different and
more comprehensive measures of social relationship adversities com-
pared to previous studies. 2) The adversities used to capture adverse
social experiences differed at the three life stages. This makes it hard to
speculate whether the lack of correlations was due to imprecise meas-
ures of an underlying lack of correlation. 3) Due to a lack of measures of
social relationship adversities in young adulthood there was a big year-
gap between childhood (before age 18) and mid-adulthood. As previ-
ously mentioned the estimated effect sizes of the regression analysis in-
dicated that the association with later loneliness levels diminished over
time. Thus, the lack of correlation between childhood social adversities
and later social adversities may merely reflect that we did not have ac-
cess to the life stage subsequent to childhood. 4) We only had access to a
limited number of childhood relationship adversities. Thus, the incon-
sistency between our results and previous studies may merely reflect
that the available measures of social relationship adversities in child-
hood in this study were too crude to assess this hypothesis. Thus, fur-
ther studies may want to assess other aspects of childhood relationship
adversities to assess evidence for or against the chain of risk model of
social relationship adversities across the life course. The results from
Study II did in part support a chain of risk model with approximately
half of the effect of early-life SEP going through adulthood.

To investigate a potential accumulating effect of social relationship
exposures, I have conducted some additional analyses that have been
presented in section 3.2.2 based on the analyses from Study II and IV.
For both SEP (Study II) and the number of social relationship adversit-
ies (Study IV), there was evidence of an accumulating effect of being in
the high-risk groups on the risk of adverse health. Those participants
who experienced a high degree of social relationship adversities at all
three life stages had the most substantial association with higher loneli-
ness levels compared to the group had experienced the lowest (Study
IV). For SEP, the evidence was similar to those being in the lowest SEP
group in both early-life and adulthood having the highest hazard of be-
ing diagnosed with both COPD, CVD and diabetes. The accumulation
of risk model states that factors elevating the risk of disease accumulate
gradually over the life course. Focusing on social relationships, these
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results may suggest that social relationship risk factors accumulate over
time.

5.2 Gainingnew insight usingmachine learning tech-
niques?

In the introduction, I highlighted two ways in which recursive parti-
tioning from the field of machine learning may help to gain insight into
the study of the influence of social relationships on health. First, it en-
ables assessing the relative importance of a large number of factors in
relation to a specific outcome while considering all possible interrela-
tions between them. Second, such an approach enables the possibility
to identify which combinations of a large number of factors that may
best identify high-risk subgroups in populations (Hastie, Tibshirani,
and Friedman 2009; James et al. 2014). In section 4.3.1 on page 67, I dis-
cussed the differences and advantages of algorithmic models - in which
machine learning is a part - compared to traditional data models. In this
section, I will discuss the drawbacks and advantages in relation to the
specific results of Study III.

In Study III, my co-authors and I aimed at exploiting the advant-
ages of an algorithmic modelling approach to dig into the complex re-
lationships between correlates of loneliness among older adults. Using
a random forests algorithm, we assessed the relative importance of 42
correlates of loneliness. These 42 correlates belong to one of five over-
all domains; personality characteristics, affective states, demographic
characteristics, social relations and health. Across these 42 correlates,
well-being, the feeling of mastery over important life outcomes, the
identity of the closest confidant and being extrovert were the most im-
portant correlates of lower levels of loneliness. Interestingly, for the
participants in this study, the identity of their closest confidante was
more predictive of loneliness levels than marital status. These results
are supported by previous literature where functional aspects of so-
cial relationships have been shown to have stronger associations with
loneliness compared to structural measures (Hawkley 2015). We also
demonstrated how regression trees can be used to locate high-at-risk
groups of lonely individuals. The regression tree provided examples
of equifinality – how different pathways can lead to similar outcomes
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in loneliness (Cicche i and Rogosch 1996) as well as examples of com-
pounding of risk or protection through the interaction of different cor-
relates (Sco , Jackson, and Bergeman 2011).

The results have several implications for loneliness research but also
for research areas working with a large number of correlates of specific
health outcomes. A study with similar aims to Study III was conduc-
ted by Dahlberg and McKee (2014). They investigated models of so-
cial and emotional loneliness in older people using demographic, psy-
chological, health and social variables. However, in contrast to Study
III, this study utilized a data modelling approach using sequential mul-
tiple regression to model 20 included correlates of loneliness to social
and emotional loneliness, respectively. This study had similar findings
in regards to the overall importance of well-being. However, as dis-
cussed previously, a traditional data modelling approach has an upper
bound on the number of variables that can be included in a model at
the same time and risk of multicollinearity and overfi ing. Addition-
ally, as I pointed out in the introduction, all interrelations need to be
explicitly stated between all the variables in the model through interac-
tion effects. Considering Dahlberg and McKee’s (2014) study, they in-
cluded 20 variables compared to the 42 in Study III. Thus, a algorithmic
modelling approach allow for a greater number of included variables -
and some that may be highly associated with each other. In this regard,
many variables in both of the studies are associated with each other.
While this is no issue for the validity of results in Study III, the shared
covariance in the Dahlberg and McKee study may bias both effects sizes
and p-values for some of the included variables. Lastly, in Dahlberg and
Mckee’s study no interactions between the included variables were spe-
cified in the data model. Thus, the ranking of covariates in this study
does not take into account potential moderating effects. In contrast, the
relative importance of included variables have all potential interrela-
tions included in the assessment of importance. Not just traditional 2-,
3- or higher order interactions - but also interactions with the variable
in question itself. Thus, in the ranking of the importance of correlates,
it is highly likely that an algorithmic modelling approach such as used
in Study III provide more valid evidence compared to an data model-
ling approach. However, while random forests provides high predict-
ive accuracy and valid identification of the most important correlates
the algorithm itself is a black box. In contrast, in the study by Dahlberg
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and Mckee, the model used to provide the specific ranking is known.
Though- as discussed previously - the Rashomon Effect may be in play
here where some other model these authors could have specified with
the same predictors may perform equally well or even be er than the
one they choose. As discussed in section 4.3.1, random forest can help
identify relevant correlates of loneliness that may be overlooked by tra-
ditional model simply because of model misspecification. In summary,
both traditional and more advanced statistical techniques such as re-
cursive partitioning have their place in the investigation of the relation-
ship between social relationships and health.
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5.3 Gender differences

Study I and IV investigated how gender or earlier social experiences
might moderate the association between different conceptualisations
of social relationships and health. Study II and III also investigated
whether the association between their respective conceptualisations of
social relationships and health outcomes differed depending on gender
and found only limited (Study II) or no evidence (Study III).

For most conceptualisations of social relationships and most out-
comes, the studies performed in this dissertation show limited or no
evidence that gender buffers the association between social relation-
ship measures and health. Thus, the evidence accumulated from the
studies conducted in this dissertation indicates that gender may be a
buffering factor for some health outcomes but not others and some di-
mensions of social relationships and not others. Overall, the results
here are in line with the amassed evidence in the literature so far. In
this literature, similar mixed findings for whether or not gender is a
moderator on the association between social relationships and health
has been found (Ayalon, Shiovi -Ezra, and Palgi 2013; Dykstra and de
Jong Gierveld 2004; Pikhartova, Bowling, and Victor 2015; Kawachi and
Berkman 2014; Cockerham 2007). The different social relationship con-
ceptualizations used in this dissertation combined with the different in-
vestigated outcomes make it hard to speculate whether the mixed find-
ings are indicative of 1) measuring error or modelling issues in some
studies, 2) true differential effects depending on which health outcome
are measures or 3) true differential effects depending on which social
relationship dimension that is investigated.

It is interesting that the evidence for gender differences was found
for dimensions of social capital - a measure that taps into the appraisal
of emotional and health-enhancing resources existing in the social net-
work when investigating all-cause mortality (Study I). The association
of the four studied dimensions of individual social capital (trust, ex-
pectations of reciprocity, civic engagement and social network) differed
in the strength of their association with all-cause mortality. The ana-
lyses showed no evidence that expectations of reciprocity (unreliable
results for both genders) and civic engagement were differently asso-
ciated with all-cause mortality depending on gender. In contrast, for
trust and social network the results suggested that men and women
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were differently affected.
The results from Study I indicate that more frequent social contact

with friends and family are associated with a greater risk of dying for
men but a lower risk for women. Similarly, higher levels of trust seemed
to have a protective effect on all-cause mortality for women while no
reliable association was found for men. These results may be empirical
support for the theoretical notion of the dark side of social capital. That
is, that social capital may have both positive and negative impacts on
health depending on gender and the dimension studied (Kobayashi et
al. 2014; Diez Roux 2008). However, all other associations from Studies
II-IV showed similar directions for men and for women. In these stud-
ies, for both genders, higher (positive) levels of the different dimensions
of social relationships translated into be er health outcomes both in the
physical and mental health domain.

As I stated in the introduction, all-cause mortality is the simplest
way to summarise differences according to a social relationship expos-
ure. If these mixed findings are indicative of true differential effects de-
pending on the health outcome measured, the evidence here points to
that the other health outcomes such as COPD, diabetes and CVD are not
the ones that account for why differences in all-cause mortality between
men and women are observed when looking at social relationships and
health.

Since SEP was used as a proxy of social relationship structure in
Study II, we need further studies to investigate whether more direct
measures of social relationships substantiates the results found here.
In that regard, a study has given evidence that men with higher social
support appear to engage in more risky behaviours than women such
as heavy drinking and diets with a higher fat intake (Ikeda et al. 2011)
and that men, in general, engage in more risky leisure activities com-
pared to women (Hyyppä et al. 2007). Thus, using conceptualisations
of social relationship that tap into more direct aspects of the underly-
ing social relationship dimensions may shed more light on how social
relationships impact lifestyle-related diseases.

It may be worthwhile to investigate whether measures such as trust
would have similar findings for mental health outcomes such as loneli-
ness (Study III and IV). High levels of trust may both reflect low levels
of perceived social stress and anxiety (Giordano and Lindstrom 2010;
Elstad 1998) and may reduce apprehension about other people’s beha-
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viour (J. Cacioppo, Hughes, et al. 2006). However, it may also be that
feeling lonely subsequently reduce the levels of trust and that trust be-
comes the mediating factor between loneliness and premature mortal-
ity (J. Cacioppo and S. Cacioppo 2018). This highlights the complicated
relationship between not just measures of social relationships, gender
and health but how different health outcomes may affect each other. It
also highlights the efficacy of using a life course perspective where the
timing of exposures can be sorted.
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Chapter 6

Conclusions

“In literature and in life we ultimately pursue, not conclusions,
but beginnings.”

– Sam Tanenhaus1

This dissertation has at its nexus the importance of social relationships
for health. Referring to the aims of this dissertation as stated in the first
chapter on page 23, this chapter presents the main conclusions.

1Tanenhaus 1986
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Overall this dissertation suggest that regardless of the used conceptual-
isations of social relationships, health outcomes or data source - social
relationships are associated with both physical and mental health.

In the introduction, I referred to the key social epidemiological ar-
gument is that we are not all created equal. An added social epidemi-
ological argument could easily be that not only are we not created equal
but the way in which our social relations protect against ill health are
not either.

The findings in this dissertation suggest that the degree to which
current quantity and quality of social relationships protect against ill
health are dependent upon both life course experiences and gender.
However, the strength of these associations may be dependent upon
the aspect of social relationships used and the specific health outcome
investigated. The findings further indicates, that different conceptual-
isations of social relationships across different scientific disciplines at
first glance hamper the comparison of associations with health. How-
ever, taking a bird’s eye view, many of them provide different means
of tapping into the same underlying features of social relationships.

Overall, the findings indicate that simply using one conceptualisa-
tion of social relationship or looking at one time point will not adequately
represent the importance of social relationships for health. The find-
ings suggest that childhood may be a sensitive period and that the ef-
fect accumulates over the life course. Further, a high current quality
of social relationship may mitigate the negative effect of earlier social
experiences. Similarly, current social isolation may have more detri-
mental effects on mental health depending on earlier experiences. It
seems that the association between early-life socioeconomic position is
partly mediated by the position a ained in adulthood and that the main
and mediated effects are strongest for pulmonary obstructive lung dis-
ease compared to diabetes and cardiovascular disease.

Seemingly different social relationship aspects tap into the same un-
derlying features of social relationships. All these aspects may work
in tandem across the life course in their influence on health. In this
dissertation I also demonstrated how data analytical advances in other
fields might further social epidemiology by providing a means to assess
the relative importance of many identified predictors and may help de-
velop the design and targeting of health interventions.

88



Chapter 7

Perspectives for future
research

‘Knowing what
Thou knowest not

Is in a sense
Omniscience.”

– Piet Hein 1

The studies in this dissertation helped to fill in gaps in the knowledge of
how social relationships may influence health. Both over the life course
and how they might work in tandem to influence physical and mental
health. The findings have implications for which next steps to take in
research on the impact of social relationships and health. In this chapter,
I suggest topics for future research.

1Goodreads 2018
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Indeed, with a worldwide rising life expectancy and advances in
modern medicine and diagnostics most will go through life with one
or more clinical diagnosed diseases without necessarily viewing them-
selves as being unhealthy. Thus, there is a need for studies that can in-
corporate the complexity of disease and health. As the results in this
dissertation indicated, using SEP as a social relationship marker has
some limitations. Thus, a useful focus for future research may be to
dive into the different social environments that growing up in a partic-
ular SEP brings. This way, we may learn more about how SEP may or
may not condition the social environment.

A further analytic consideration is to switch the focus from statistical
significance to a focus on effect sizes. In this regard, a Bayesian analysis
could be a possible next step.

Bayesian analysis does not concern itself with statistical significance
leading to a stronger focus effects sizes. Also, the considerable know-
ledge already gained from previous studies of social relationships im-
pact on health can be explicitly included in the model as prior inform-
ation. Similarly, neural networks and machine learning is another av-
enue that removes the researcher from a focus on often arbitrary sig-
nificance levels to a focus on deep learning and the interrelationship
between included variables in relation to a specific outcome. While
these data-driven approaches have their limitations - as I have discussed
in this dissertation - they also have many advantages that could help
further the knowledge in this field.

Many of the basic associations between social relationship measures
has already been established. Thus, a stronger focus on potential buffer-
ing or negating effects could be a worthwhile next step as I have shown
evidence for in this dissertation. The focus here may both be on current
effects and within a life course perspective.
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Study I: Ejlskov, L., Mortensen, R. N., Overgaard, C., Christensen,
L. R., Vardinghus-Nielsen, H., Kræmer, S. R., Wissenberg,
M., Torp-Pedersen, C. & Hansen, C. D. (2014). Individual
social capital and survival: a population study with 5-
year follow-up. Published in BMC public health, 14(1),
1025.
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Study II

Study II: Ejlskov, L., Bøggild, H., Hansen, C.D., Wulff, J., Hansen,
SM., Strakopf, L.,Lange, T., Gerds, T. & Torp-Pedersen,
C. The effect of early-life and adult socioeconomic posi-
tion on development of lifestyle related diseases. Under
review at European Journal of Public Health.
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Study III

Study III: Ejlskov, L., Wulff, J, Bøggild, H., Kuh, D & Stafford, M.
(2017). Assessing the relative importance of correlates of
loneliness in later life. Gaining insight using recursive
partitioning. Published inAging andMentalHealth, 1-8.
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Study IV

Study IV: Ejlskov, L., Bøggild, H., Kuh, D. & Stafford, M. Social re-
lationship adversities throughout the life course and risk
of loneliness in later life. Revise and Resubmit in Ageing
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