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Chapter1

Over the last decades, population ageing has become a global issue [1]. World-wide, the proportion
of people aged 60 and over is growing rapidly, and it is expected to rise to one quarter of the popula-
tion in Europe in 2020 [1, 2]. Therefore, there is a need to increase knowledge about how to promote
good health among older persons and how to prevent costly and negative impacts on the population
as a whole [3]. Many diseases in later life are preventable, and effective prevention strategies can
even ensure that older persons can remain healthy, active and independent. Current EU policy ex-
pects the promotion of active ageing, including participation in society and support for informal
caregivers [4]. Overall, there is a societal responsibility for ageing in good health, and for protection
of those who are more vulnerable in the population.

In this thesis, we focus on the associations between social networks and health, illustrated by
studies on infectious diseases and type 2 diabetes mellitus (T2DM).

Infectious diseases

Infectious diseases are a major cause of mortality in older persons [5]. Older persons generally have
greater susceptibility to infections than younger adults, caused by an age-related compromised im-
mune system [6]. It is well known that ageing is associated with decreased cell-mediated immunity
and decreased antibody production to new antigens [5, 71.

Respiratory infections (RI) are a major challenge in health care of older persons [5]. The common
cold, influenza, pneumonia, bronchitis and a number of other infections were defined as RI. Most RI
infections are caused by viruses, especially influenza virus A and B, rhinovirus, respiratory syncytial
virus, and coronavirus [8]. Rls can be divided into upper and lower Rls. Upper respiratory tract infec-
tions (URI) include symptoms such as a running nose, sneezing and headache, while the main symp-
toms of lower respiratory tract infections (LRI) are cough, shortness of breath, and fever. Pneumonia
is the main pathological feature of LRI [9]. URI and LRI can be separated by clinical symptoms, but it
is the differing immune response of the individual to the virus that determines the clinical severity
and management. A mild infection from the upper respiratory tract in one person may develop to a
life-threatening pneumonia in another person. The main transmission route of Rls is by coughing or
sneezing out a large number of micro-organisms in a fine aerosol of droplets, which are then either
breathed in by other persons, enter via the conjunctiva or are swallowed from fingers or utensils [9].

Next to Rls, gastrointestinal tract infections (Gl) are impending infections for health of the older
persons. Gastrointestinal infections are viral, bacterial or parasitic infections that cause gastro-
enteritis, an inflammation of the gastrointestinal tract involving both the stomach and the small
intestine. Symptoms include diarrhoea, vomiting, and abdominal pain [9]. The major route of trans-
mission is person to person via faecal-oral route or by ingestion of contaminated food or water. De-
hydration is the main danger of gastrointestinal infections in older persons [10].
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Type 2 diabetes

To date, type 2 diabetes mellitus (T2DM) is one of the most prevalent diseases worldwide. With in-
creased ageing of the population, the prevalence of T2DM is raising, with an estimated 366 million
individuals having T2DM in 2030 [11]. Therefore, T2DM in adults is a growing public health burden [11].

T2DM is a chronic, metabolic disease that is characterized by elevated blood glucose levels
(hyperglycemia), which result from defects in insulin metabolism and/or production [12]. Patients
with T2DM will lose 16 to 18 quality-adjusted life-years due to diabetes [13], and will die, on average,
six years earlier than their counterparts without diabetes [14].

The impact of diabetes on patients' quality of life is high as treatment of T2DM involves intensive
daily self-management of glucose monitoring, dietary behaviors, physical activity, and when needed,
diabetes medication [15]. Treatment prevents some of its devastating complications but does not
usually restore normoglycemia or eliminate all adverse consequences [16].

Patients with T2DM have an increased risk for the development of macro- (e.g. myocardial in-
farction, stroke, peripheral arterial disease) and microvascular complications (e.g. neuropathy, reti-
nopathy, and nephropathy) [17, 18]. These macrovascular and microvascular complications impose a
substantial burden on patients, their surroundings, and health care systems. Additionally, the treat-
ment of diabetes and it's complications is costly. Overall, 50% of the costs are attributed to diabetes
treatment itself, and 50% to the treatment of complications [19]. Since current methods of treating
T2DM and related complications remain inadequate, prevention is preferable [16].

Social networks and health

Several epidemiological studies have pointed out the importance of social relationships for morbid-
ity and mortality. Already in 1979, Berkman and Syme found that individuals with social and commu-
nity ties have lower mortality rates than individuals without [20], as well as a number of following
studies, demonstrating a protective association between social relationships and mortality [21-24].
Uchino et al. linked the effect of social relationships to physiological processes [25]. In their review,
they concluded that there is relative strong evidence that social networks are associated with sev-
eral aspects of the cardiovascular, endocrine and immune system [25].

On the one hand, transmission and acquisition of infectious diseases are for a large part deter-
mined by social networks [26-29], as social relationships may act as a vehicle for the transmission
of infections. Diverse and large social networks are associated with close contact with a broad
range of people and hence an increased risk of exposure to a range of infectious agents [26]. This
increases the risk of acquiring disease, particularly among more vulnerable individuals, whose resis-
tance is compromised (e.g. older persons or individuals with comorbidities) [26].
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On the other hand, it has been shown that social networks can act as a buffer for infections by
increasing immune function [27, 28]. Nonetheless, it is not yet fully understood which social network
characteristics are related to the risk of infections, and whether these characteristics have detri-
mental (transmission) or beneficial (buffer) effects or both. Most previous research on the transmis-
sion of infectious disease through social contacts was done using mathematical disease transmis-
sion models [30-35]. Moreover, evidence on whether associations differ by type of infection is scarce,
lacking direct comparative data for different types of infections. Most studies on networks and in-
fections so far addressed URIs alone [29, 36, 37]. Therefore, new epidemiological insights into social
network related risk factors for different types of infections would be highly relevant to inform in-
fectious disease control strategies, and therefore contribute to successful prevention strategies for
middle-aged and older persons.

Next to immune function, buffering effects have been found for cardiovascular and endocrine
function; higher levels of social support have been associated with lower blood pressure and lower
LDL cholesterol [38], better glycemic control [39], and improved lifestyle behaviours [39, 40]. Re-
cently, there is raising interest for the role of social network characteristics in the development of
T2DM [41-43]. However, previous studies on social network characteristics have typically focused on
single indicators of social networks, such as emotional support or living alone [41-43], and studies
accounting for pre-diabetes and newly diagnosed T2DM are rare.

Although the literature on social networks has contributed to the understanding of the potential
role of social networks in T2DM, many aspects remain unclear. Therefore, a more detailed and con-
joint investigation of a broad range of social network characteristics and its association with T2DM
is essential.

Theoretical foundations of social network approaches in public health

Individuals live within webs of social relationships, often referred to as social networks. Social net-
works provide a frame in which individuals can interact with each other. Individuals in a social net-
work influence each other, exchange resources, cooperate, compete, conflict, support and seduce
one another [44]. Several mechanisms through which social networks may affect health have been
proposed, including the provision of social support (both perceived and actual), social influence (e.g.,
norms, social control, health behaviors and lifestyle), social engagement (e.g. participation in social
activities or religious groups), person- to- person contacts (e.g., pathogen exposure, secondhand
cigarette smoke), and access to resources (e.g., money, jobs, information) [45, 46].

One of the criticism most often mentioned in the discussion of social network research is that
the field lacks a (native) theoretical understanding—it is "merely descriptive” or “just methodology”
[47]. In this thesis, | endeavour to go beyond this criticism by combining disciplines of epidemiologi-
cal public health research and social network analysis.
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All networks comprise two essential elements, a set of nodes (individuals) and a set of ties (re-
lationships). Moreover, they may also include node attributes (attributes of the individuals, e.g. sex,
age). In general, we distinguish two levels of social networks: First (1) egocentric (or personal) net-
works, defined as a network centered on a specific individual (called the “ego”). Each person who has
a relationship with the ego can be defined as a network member (called alter) [48, 49]. An example
of an egocentric network is depicted in figure 1.

Q\
o

Figure 1- Egocentric network with 6 alters

Second (2) sociocentric (or complete, whole) networks, in which all or nearly all members of a com-
munity or group and their relationships to each other are represented. An example of a sociocentric
network is depicted in figure 2.
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Figure 2 - Sociocentric network
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The crucial difference between the two is that egocentric networks include data from individuals
(ego) about members in their network (alters), whereas sociocentric networks include the network
information from each individual, and also information from the network members themselves [50,
51]. Each individual in a sociocentric network has an own egocentric network. It is possible to extract
egocentric networks from sociocentric networks, and subsequently to recombine egocentric net-
works into whole networks, allowing to move between the levels of the egocentric and sociocentric
network. Research on sociocentric networks usually focuses on “closed” networks implying that the
boundaries of the network are defined a priori. In many cases, this approach remains the gold stand-
ard because of its ability to gather data for the entire network [52]. However, it is not always possible
and not always desirable to study whole networks [44]. The investigation of sociocentric networks is
only feasible in small populations, whereas the investigation of egocentric networks is possible in
larger study populations [44], such as the population-based study used in this thesis. Moreover, so-
ciocentric network data contradict the assumptions of standard statistical approaches in public
health research, and therefore, can only be analysed by means of a range of specifically adapted
methods. In contrast, egocentric network data is compatible with most of the techniques of statisti-
cal analysis and modelling in epidemiological research [44, 52]. In light of these considerations, this
thesis focusses on an egocentric social network approach.

Measurement of egocentric networks

In general, data on social networks have been obtained via surveys and questionnaires, observation,
diaries, electronic traces, and experiments [48]. Social networks are, by definition, hard to measure
[53]. Surveys and questionnaires are the most common used method to gather egocentric social
network data. Techniques for collecting egocentric network data typically determine membership in
an individual's (ego) network via one or more name generators; questions asking to identify network
members (alters) [54]. Each person who has a relationship with an ego can be defined as a network
member [55]. The list of network members that is produced by name generator items forms the ba-
sis to obtain additional information about the network members via name interpreter items. Name
interpreters collect information on the attributes of network members (alters) enumerated (e.g. sex
and age), and on the properties of the relationship (tie) between ego and alter (e.g. frequency of
contact or type of relationship) [54].

Therefore, name generators/interpreters are used to map the egocentric social network and to
collect information about the alters of an ego, resulting in a detailed description of a participant’s
social network.
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Structure vs. function of egocentric networks

The web of an individual's social relationships may be described in structural terms (more “objec-
tive" measures) or functional terms (more “subjective” measures) [56, 57]. Structural characteristics
of the social network include terms such as size (number of network members), frequency of con-
tact (number of contacts with the network members), composition (the types of relationships in the
network), geographic dispersion (geographic distance between network members), density (the ex-
tent to which network members are connected to each other), or homogeneity/ heterogeneity (the
extent to which network members are similar/ different to each other) [56]. Functional characteris-
tics of the social network describe the provision or exchange of social support between members of
a social network [56, 57]. The exchange of social support is an important function of social relation-
ships. Several types of social support can be distinguished, such as informational support, instru-
mental/ practical support and emotional support [57]. Social support can be provided by many types
of network members, both in an individual's informal network (e.g. family, friends, acquaintances)
and in more formal networks (e.g. health care professionals).

Although many investigations on the associations of social networks on health have narrowly
focused on functional characteristics, the provision of social support, a broader approach including
both structural and functional characteristics of the social network is favourable [57]. Therefore, we
included both structural and functional characteristics of the social network in the studies present-
ed in this thesis.

Aim and outline of this thesis

Overall, the aim of this thesis was to examine the associations of a broad range of structural and
functional social network characteristics with infectious disease and type 2 diabetes, using a novel
approach of combined epidemiological and social network research, to gain more insight in the so-
cial context of infectious diseases and T2DM.

This thesis includes studies on the social context of infectious diseases (chapter 2 and 3), type 2 dia-
betes (chapter 4) and diabetes complications (chapter 5).

In chapter 1.2, the study population and measurement of social networks used in this thesis were
described as background information.

The first part of this thesis focuses on the association of a broad range of structural and func-
tional social network characteristics with infectious diseases. Chapter 2 examines the detrimental
as well as the beneficial associations between a broad range of network characteristics and upper
respiratory (URI), lower respiratory (LRI), gastrointestinal (Gl) and urinary tract infections (UTI).
Chapter 3 describes the development and internal validation of prediction models for URI, LRI, and
Gl based on a range of variables including social network parameters.
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The second part of this thesis focuses on the association of structural and functional characteristics
of the social network with type 2 diabetes and its complications. Chapter 4 evaluates the associa-
tions of social network characteristics with prediabetes, newly diagnosed T2DM, and previously di-
agnosed T2DM. The associations of functional and structural network characteristics with macro-
and microvascular complications in T2DM were assessed in chapter 5.

Finally, the main findings of the studies on infectious diseases and type 2 diabetes and its com-
plications, methodological considerations and challenges, the potential of social networks for pre-
vention strategies, and future directions were discussed in chapter é.
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The Maastricht Study

In this thesis, we used data from The Maastricht Study, an observational prospective population-
based cohort study [58]. In brief, the study focuses on the etiology, pathophysiology, complications
and comorbidities of type 2 diabetes mellitus (T2DM) and is characterized by an extensive phenotyp-
ing approach. Eligible for participation were all individuals aged between 40 and 75 years and living
in the southern part of the Netherlands. Participants were recruited through mass media campaigns
and from the municipal registries and the regional Diabetes Patient Registry via mailings. Recruit-
ment was stratified according to known T2DM status, with an oversampling of individuals with T2DM,
for reasons of efficiency. This thesis includes cross-sectional data from the first 3451 participants,
who completed the baseline survey between November 2010 and September 2013.

Social network data collection

Data on individual social networks were collected through an online questionnaire using name gen-
erator/ interpreter items [54]. The assessment of the social network covered contacts (interactions
between persons) within a period of six months. To simplify terminology in the following description,
“participant” refers to the ego, and "network member” refers to an alter. The participants received a
guestionnaire with seven questions on different types of contacts and were asked to name a maxi-
mum of five persons (network members) per question. Questions concerned persons

1) who advised them on problems,

2) who could offer them practical help if they were sick,
3) who provided emotional support when they were feeling unwell,
4) who helped them with small and larger jobs around the house,

5) they visited for social purposes or that they could go out with sometimes, and

6) with whom they could discuss important matters and, finally,

7) participants were asked to name a maximum number of ten additional persons who were also
important for them because of mutual activities.

In total, participants could name a maximum number of 40 network members. After every question
and for each network member named, they were asked to indicate their frequency of contact with
this person over the last six months (daily or weekly, monthly, quarterly, and half-yearly). Moreover,
the participants were asked to identify their relationship to this person (e.g., partner, sister, friend,
neighbor, etc. (28 options)), how far away this person lived (walking distance, less than half an hour
away by car, more than half an hour away by car, more distant), and to indicate this person’s sex and
actual or estimated age.
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Further, participants were asked to rate two statements on a five-point Likert scale ranging from
strongly agree to strongly disagree: “most of my friends know each other” and “my best friends know
my family”. The participants were also asked whether they were a member of a club (yes/no, e.g.
sports club, religious group, volunteer organization, discussion group, self-support group, Internet
club, or another organization).

Social network characteristics used in this thesis

First, in the literature we identified a broad range of structural and functional social network char-
acteristics that had previously been examined in relation to infectious diseases and chronic diseas-
es. Next, the social network parameters listed below were computed and used in the studies pre-
sented in this thesis.

Structural characteristics of the social network

Network size The total number of unique network members mentioned in
the questionnaire

Total contacts per half year A contact was defined as an interaction between persons.
Total friend contacts per half year Total contacts (interactions between persons) per half year
Total family contacts per half year were computed as follows.

We used the highest contact frequency (e.g., daily contact)
for every network member as an indicator of the actual
contact frequency. Second, we recoded the answer
categories of the questionnaire to an estimated number of
contacts per half year. For example, "half-yearly” was

Total child contacts per half year assumed to comprise one contact, "quarterly” two contacts,
“monthly” 6 contacts and "daily or weekly" 48 contacts. Third,
we computed the sum of all contacts per half year as the
total contact frequency.

Fourth, we computed the sum of all contacts per type of
relationship, for example the sum of all friend contacts.

Total household contacts per half year
Total neighbor contacts per half year
Total acquaintance contacts per half year
Total work relation contacts per half year

Proportion of network members with daily- We computed the percentages of network members that the
weekly contact participant had daily/ weekly, monthly, quarterly and
Proportion of network members with monthly half-yearly contact with, for example as the number of daily/
contact weekly contacts divided by network size.

Proportion of network members with quarterly
contact

Proportion of network members with half-yearly
contact
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Proximity
Proportion of network members who are
household members

Proportion of network members living within
walking distance

Proportion of network members living less than
1/2h away by car

Proportion of network members living more than
1/2h away by car

Proportion of network members living further
away

We calculated geographical proximity as the proportion of
all network members that were household members, lived
within walking distance, lived less than half an hour away by
car, lived more than half an hour away by car, and lived
further away (e.g. in another country). For example, we
calculated the proportion of household members as the
number of network members living in the same household
divided by network size.

Living alone

Mixing
Proportion of same-sex network members

Living alone was defined as a person who lived alone in his/
her household (single household size).

To indicate sex mixing, we calculated the percentage of
same-sex network members. For example, for a female
participant the number of her female network members was
divided by her network size to obtain the percentage of
same-sex network members.

Proportion of same-age network members
(+£5 years)

Proportion of younger network members
(>15 years younger)

Proportion of younger network members
(5-15 years younger)

Proportion of older network members
(>15 years older)

Proportion of older network members
(5-15 years older)

Heterogeneity
Sex heterogeneity (IQV, range 0-1)

20

To identify the proportion of network members who are of
the same age as the participant, we calculated the
difference between the participants’ age and the network
members’ age for every network member named. Next, we
computed the proportion of younger (>15 years and 5 to 15
years younger), same age (+5 years) and older (>15 years and
5 to 15 years older) network members for each participant.

To assess sex heterogeneity within the participants’ network,
we computed the Index of Qualitative Variation (IQV) by
Mueller and Schuessler (1961) [59]. This index indicates the
probability that two randomly chosen network members
belong to the same category. The IQV is defined as the ratio
of observed differences divided by maximum differences,
where “0" represents a fully homogeneous and “1" a fully
heterogeneous network [59]. Observed differences were
calculated through multiplication of the total number of
men by the total number of women. We calculated
maximum differences as (network size/ 2)? [59]



1.2 Study population and measurement of social networks

Proportion of network members who are family =~ We computed the proportion of network members that were
members family members, friends, and acquaintances. For example,
Proportion of network members who are friends ~ we calculated the proportion of family members within the
network as the number of family members divided by

Proportion of network members who are
acquaintances (colleague, neighbour, club mate, ~network size.

other)
Density friends Density was defined as the extent to which network
(friends know each other) members in the network know each other. Density between

Density friends and family (friends know family)  friends was computed from the statement "most of my
friends know each other” (five-point Likert scale ranging
from strongly agree to strongly disagree) and density
between friends and family was computed from the
statement "my best friends know my family”.

Participation in social activities Participation in social activities was defined as membership
in, for instance, a sports club, religious group, volunteer
organization, discussion group, self-support group, internet
club, or other organization.

Total number of club memberships We computed the total number of club memberships (and
the number of clubs the participant frequented on a daily or
weekly, monthly or occasional basis)

Functional characteristics of the social network

Informational support Informational support was defined as the number of network
members that give advice on problems

Emotional support (discomfort) Emotional support related to discomfort was defined as the
number of network members that provide emotional support
when participants were feeling unwell

Emotional support (important decisions) Emotional support related to important decisions was
defined as the number of network members that provide the
opportunity to discuss important matters

Practical support (jobs) Practical support related to jobs was defined as the number
of network members that help with small and larger jobs
around the house

Practical support (sickness) Practical support related to sickness was defined as the
number of network members that provide practical help
when participants were sick

2

—
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Visualized examples of structural social network characteristics

In the following section, two examples of structural social network characteristics used in this the-
sis were visualized, network size and the type of relationship.

Network size

Network size was computed as the total number of unique network members. Figure 1a illustrates a
social network that is composed of 12 network members, figure 1b illustrates a network that is com-
posed of 6 network members.

/.
e

N
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o—‘\——’O
o/

Figure 1- Network size

Type of relationship

The proportion of network members that were family members, friends, and acquaintances was
calculated as the number of family members, friends and acquaintances divided by network size.
Figure 2a illustrates a network composed of 66.7% family members, 16.7% friends and 16.7% ac-
quaintances. Figure 2b illustrates a network composed of 33.3% family members, 50% friends and
16.7% acquaintances.
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@ Friend
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Figure 2 - Type of relationship
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Abstract

Background: Most infections are spread through social networks (detrimental effect). However, so-
cial networks may also lower infection acquisition (beneficial effect). This study aimed to examine
associations between social network parameters and prevalence of self-reported upper and lower
respiratory, gastrointestinal and urinary tract infections in a population aged 40-75.

Methods: In this population-based cross-sectional cohort study (N=3004, mean age 60.0+8.2 years,
49% women), infections within the past two months were assessed by self-administered question-
naires. Social network parameters were assessed using a name generator questionnaire. To exam-
ine the associated beneficial and detrimental network parameters, univariable and multivariable
logistic regression was used.

Results: Participants reported an average of 10 people (alters) with whom they had 231 contacts per
half year. Prevalences were 31.1% for upper respiratory, 11.5% for lower respiratory, 12.5% for gastro-
intestinal, and 5.7% for urinary tract infections. Larger network size, and a higher percentage of al-
ters that were friends or acquaintances were associated with higher odds of upper respiratory,
lower respiratory and/or gastrointestinal infections (detrimental). A higher total number of contacts,
higher percentages of alters of the same age, and higher percentages of family members/ acquaint-
ances were associated with lower odds of upper respiratory, lower respiratory and/or gastrointesti-
nal infections (beneficial).

Conclusion: We identified both detrimental and beneficial associations of social network parame-
ters with the prevalence of infections. Our findings can be used to complement mathematical mod-
els on infection spread, as well as to optimize current infectious disease control.
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Background

Social networks are assumed to have a powerful influence on health [1-8]. The social network of an
individual can be defined as the web of social relationships that surround that individual (ego), refer-
ring to contacts with other individuals (alters) [2]. Social relationships may enhance the ability to
resist infection but may also act as a vehicle for the transmission of infections. Cohen et al. (1997)
demonstrated that individuals with a larger and/or more diverse social network are less susceptible
to upper respiratory tract infections (URIs) [9]. Another study showed that smaller social networks
were associated with poorer immune response to influenza vaccination in young and healthy adults
[10]. In addition, better immune function has been found to be associated with social support [4]:
higher levels of social support showed an association with increased natural killer cell activity and
decreased interleukin-4 concentration [11, 12]. However, having large and diverse social networks
may not always be protective. Hamrick et al. (2002) found that larger social networks were associ-
ated with increased numbers of URIs when host resistance to infectious agents was compromised
(e.g. among individuals with high levels of stress) [13]. Large social networks were associated with
close proximity interactions with a broad range of alters and hence an increased risk of exposure to
a broad range of infectious agents. Infectious agents from an infected person can reach a suscepti-
ble alter in close proximity, which is typically within a distance of 3 meters or less [14, 15]. Previous
studies have shown that close-proximity interactions were highly relevant for infectious disease
transmission [14, 16, 17], and that close contacts are a better proxy for several infection transmis-
sions than total contacts [14, 18].

To date, it is not yet fully understood which social network characteristics are related to the risk
of infections, whether these characteristics have detrimental or beneficial effects or both, and
whether relations differ by type of infection. Most previous research on the transmission of infec-
tious disease through social contacts was done using mathematical disease transmission models
[19-27]. Previous studies included measures on degree (which is the total number of alters), mixing
patterns (percentages of alters younger than, same age or older than ego/ percentages same sex as
ego), contact patterns (frequency and duration of contact), relationships (e.g. household member/
friend/ colleague) and social distance [19-26, 28-34].

Furthermore, most studies on networks and infections so far addressed URIs alone [23, 27, 28, 30,
33, 34]. Also, there is a lack of direct comparative data for different types of infections. Different in-
fectious diseases require different modes of contact for transmission [17, 35]. URIs and lower respi-
ratory tract infections (LRIs) are mainly transmitted via droplets (sneezing, coughing), whereas gas-
trointestinal infections (Gls) require surface contamination and are related to food, personal hygiene
and/or close contact, and urinary tract infections (UTIs) are more likely to arise from self-transmis-
sion or compromised immunity [35].
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Infectious diseases are a major challenge in health care of the older persons [36], aging is asso-
ciated to increased susceptibility to infections caused by an age-related comprised immune system
[37, 38]. Therefore, insights into risk factors for infections would be highly relevant to inform infec-
tious disease control strategies in middle-aged and older persons.

The current study examines the detrimental as well as the beneficial associations between a
broad range of network parameters and URI, LRI, GI, and UTI. Comparison across multiple infections
will increase robustness of the findings and provide insight into the social network related determi-
nants of infections in the specific group of people aged 40-75.

The current study adds insights into empirical egocentric social network data with infection
prevalences on four different infectious diseases in an epidemiological study. This may contribute to
enhancement of current infectious disease control, especially by non-pharmaceutical infection
prevention strategies [39, 40]. Moreover, by estimating population social structures directly from
egocentric contact data, this article provides new information for the estimation of transmission
parameters, and thus a basis for more realistic projections of epidemiological data and the effects
of interventions by mathematical disease modelling.

Methods

Study population

In the present study, we used data from an observational prospective population-based cohort study.
The rationale and methodology of The Maastricht Study have been described by Schram et al. (2014)
[41]. All individuals living in the southern part of the Netherlands and aged between 40 and 75 years
were eligible for participation. Recruitment strategies have been described previously [41]. We in-
cluded cross-sectional data from the first 3451 participants (baseline survey between November
2010 and September 2013) [41]. Participants adhere to a protocol that covers 4 half day visits to The
Maastricht Study research center [41]. The present study includes data from assessments and ques-
tionnaires that are given within the first study site visit. Of the 3,451 participants, 3,004 individuals
provided data on social network and infections. The participants without social network and infec-
tion data (n=447, 12.9%) did not differ from those with these data with respect to sex, educational
level, smoking status, alcohol use, diabetes status or body mass index (BMI). However, participants
who did not provide social network and infection data were slightly younger than those who did
(mean age 59 versus 60 years, (p<0.001)).
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Measurements

Social network
Multiple previous studies applied various methods and techniques to collect empirical data on social
networks and contact patterns, such as reviewed by Read et al. [17].

In the present study, social networks were identified by a name generator, one of the best known
and most widely used instruments for examining ego-centered network data [42]. The name genera-
tor/interpreter is used to map the ego-centered social network and to collect information about the
alters of an ego-centered social network, resulting in a detailed description of a participant’s social
network. An ego-centered network is defined as a network centered on a specific individual, called the
ego [43]. Each person who has a relationship with an ego was defined as an "alter” [44]. The social net-
work measured within this study mainly focused on close-proximity interactions [14].

A detailed description of the name generator questionnaire can be found elsewhere [45]. In brief,
the name generator first requires a respondent to identify actual persons (alters) in response to seven
questions on different types of contacts (e.g. persons who advised them on problems or persons they
visited for social purposes or that they could go out with sometimes). For all seven types of contacts,
they were asked to indicate their frequency of contact with this person over the last six months (daily
or weekly, monthly, quarterly, and half-yearly). In total, participants could name a maximum number of
40 alters. Next, several additional questions about all alters named were asked (sex, age, type of rela-
tionship, geographical proximity). Moreover, participants were asked to rate the statements “most of
my friends know each other" and "my best friends know my family” on a five-point Likert scale ranging
from strongly agree to strongly disagree. Finally, participants had to indicate whether they were a
member of a club (yes/no), and, if so, to identify the club(s) concerned (sports club, volunteer organiza-
tion, religious group, self-support group, discussion group, Internet club, or another organization) and
how often they frequented this club (daily/weekly, monthly, occasionally).

Self-reported infections

In a structured questionnaire, participants were asked whether they had suffered from sudden symp-
toms such as a cough, runny nose, sore throat, fever, vomitus with fever, or pain when urinating, in the
previous two months. They were also asked whether they had suffered from sudden onset of influenza,
pneumonia, urinary tract infection, middle ear infection, diarrhea, or skin infection in the previous two
months. All of these questions were yes/no questions.

General measurements

Self-administered questionnaires were used to assess educational level (low (no education, primary
education, and lower vocational education)/ medium (intermediate vocational education, higher sec-
ondary education, and vocational education)/ high (higher professional education, university)), employ-
ment status (employed/ retired or not employed/ not known), smoking status (never/ former/ current)
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and alcohol consumption (non-consumers/ low consumers (<7 glasses per week for women, < 14
glasses per week for men)/ high consumers (> 7 glasses per week for women, >14 glasses per week for
men)). To determine type 2 diabetes, all participants (except those who used insulin) underwent a
standardized 7-point 75 gr. OGTT after an overnight fast. Height, weight and BMI were assessed as de-
scribed previously [41], and defined according to the WHO classification (normal (BMI<25), overweight
(BMI 25-<30), and obese (BMI >30)).

Exposure variables: social network parameters

First, in the literature we identified several social network parameters that had previously been exam-
ined in relation to infections. Next, the social network parameters listed below were computed and
used in the current study. The majority of social network parameters used in the current study focused
on close-proximity interactions as previous studies had shown their importance in infectious disease
transmission [14, 18].

Network size (degree)

Previous studies identified social network size as determinant for several health outcomes and it is
also widely used in mathematical disease transmission models [9, 10, 13,16, 19, 25, 28, 33, 42, 46]. There-
fore, the degree of the social network was defined as the total number of alters mentioned in the
questionnaire and was computed as the size of the ego network (network size).

Contact frequency

In line with several studies on mathematical modelling of the spread of infectious disease, we also
investigated contact frequency [19, 21, 22, 25, 33]. First, we used highest contact frequency (e.g. daily
contact) for every alter as an indicator of the actual contact frequency. For example, if participants
reported alter 1as a person they visited for social purposes, with a frequency of “daily or weekly" and
also named the same alter as a person who provided practical help if they were sick, with a frequency
of "quarterly”, we considered "daily or weekly" as the actual frequency of contact between the ego and
the alter. Second, we recoded the answer categories of the questionnaire in an estimated number of
contacts per half year. For example, "half-yearly” was assumed to comprise one contact, “quarterly”
two contacts, “monthly” 6 contacts and “daily or weekly” 48 contacts [21]. Third, we computed the sum
of all contacts per half year as the total contact frequency. In addition, we computed the percentages
of alters that the ego had daily/ weekly, monthly, quarterly and half-yearly contact with, for example as
the number of daily/weekly contacts divided by network size.
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Geographical proximity

Previous studies included measures on home contacts and distance from home [21, 22, 28, 33]. In the
current study, we calculated geographical proximity as the percentage of all alters that were house-
hold members, lived within walking distance, lived less than half an hour away by car, lived more than
half an hour away by car, and lived further away (e.g. in another country). For example, we calculated
the percentage of household members as the number of alters living in the same household divided by
network size.

Network heterogeneity

In accordance with another study among social networks in the Netherlands, we also computed het-
erogeneity of age and sex [42]. To assess sex heterogeneity within the ego’s network, we computed the
Index of Qualitative Variation (IQV) by Mueller and Schuessler (1961) [47]. This index indicates the prob-
ability that two randomly chosen network alters belong to the same category. The statistical formula
for the derivation of the IQV can be found in the supplemental file 1. In brief, the IQV is defined as the
ratio of observed differences divided by maximum possible differences, where “0" represents a fully
homogeneous and “1" a fully heterogeneous network [47]. Observed differences were calculated
through multiplication of the total number of men in the ego’s network by the total number of women
in the ego’s network. We calculated maximum differences as (network size/ 2)2 [47]. The IQV was com-
puted as observed differences/ maximum possible differences. We defined age heterogeneity of net-
work alters as the standard deviation of the mean age of all alters of the ego [42].

Mixing

According to studies on mathematical infectious disease modelling, we calculated mixing parameters
for age mixing patterns (whether the ego had contact with younger, same age or older alters) and sex
mixing patterns (whether the ego had contact with alters of the same sex or the opposite sex) [22, 28,
33]. To identify age mixing, we calculated the difference between the ego’'s age and the alter's age for
every alter named. Next, we computed the percentages of younger (>15 years and 5 to 15 years young-
er), same age (+5 years) and older (>15 years and 5 to 15 years older) alters for each participant. To indi-
cate sex mixing, we calculated the percentage of same-sex alters. For example, for a female partici-
pant the number of her female alters was divided by her network size to obtain the percentage of
same-sex alters.

Type of relationship

The questionnaire also assessed the type of relationship between the ego and the alter. To the best of
our knowledge, this is the first study that examines network composition in terms of the type of rela-
tionship. To that end, we computed the percentage of alters that were family members, friends, col-
leagues and acquaintances. For example, we calculated the percentage of family members within the
network as the number of family members divided by network size. Whether the ego had a partner was
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derived from the social network questionnaire and computed as having/ not having a partner. A partner
was defined as an intimate relationship with another person.

Density

We assessed network density in two questions [42, 48], categorizing density scores separately for den-
sity of the ego’s friends and density of the ego'’s friends and family. Density was defined as the extent
to which alters in the network know each other. Density between friends was computed from the
statement “most of my friends know each other” (five-point Likert scale ranging from strongly agree to
strongly disagree) and density between friends and family was computed from the statement “my best
friends know my family”. We used tertiles to compute three equal groups of low density, medium den-
sity and high density.

Superficial contacts

We included a proxy for more superficial contacts than close-proximity interactions as transmission of
infections may also occur via contact with contaminated surfaces or exposure that does not involve
conversation or touch [49]. We therefore constructed a variable representing the total number of club
memberships (and the number of clubs the ego frequented on a daily or weekly, monthly or occasional
basis) as a proxy for superficial contacts.

Close proximity interactions

While all of the types of interactions in the name generator suggest close and direct contact, the ques-
tions do not explicitly include information on whether an interaction is physical (e.g. kiss or hand-
shake), face-to-face or by phone/internet. Some interactions such as help with jobs around the house
or persons they visited for social purposes require close proximity interactions, whereas other interac-
tions such as advice on problems or provision of emotional support may have occurred by telephone/
internet.

To assess the proportion of close proximity interactions, we additionally computed the network
size and total contact frequency from those type of interactions with alters that are by definition in
close proximity; persons who could offer them practical help if they were sick, persons who helped
them with small and larger jobs around the house, persons who were also important for them because
of mutual activities, and/or household contacts. The additionally computed social network size of
close proximity interactions represented 86% of the total social network size (8,5 alters in a network of
10 alters), and the total contact frequency of close proximity interactions represented 87% of the total
contact frequency (202 contacts per half year in a total number of 231 contacts per half year).

In all analyses, the total network size and total contact frequency per half year were used.
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Outcome variables: self-reported symptomatic infections over the past two
months

The symptoms “runny nose” and “sore throat” were pooled as indicators of URI. Influenza, pneumonia
and fever were pooled as indicators of LRI. Pain when urinating and urinary tract infection were pooled
as UTI. Vomitus with fever and diarrhea were pooled as Gl. We excluded cough from the analysis be-
cause it is strongly related to smoking and asthma [50], and not exclusively a specific indicator for in-
fection.

The observed prevalences for each month of the year (Figure 1) display the expected seasonality of
the diseases.

Statistical analyses

We performed descriptive analyses to examine the characteristics of the participantsin terms of base-
line characteristics, prevalence of self-reported infections, and network parameters.

First, we conducted bivariate correlation analyses to rule out multicollinearity between the net-

work variables. With all correlation cut-off values below 0.7, none of the variables were considered
collinear.
Second, we conducted univariable logistic regression analyses to assess the association between the
exposure variables, i.e. network parameters, and the outcomes of URI, LRI, GI, and UTI. All network pa-
rameters were continuous variables, except for density. For every network parameter, odds ratios (ORs)
and 95% confidence intervals (95%CI) were calculated.

Network size as (unadjusted) determinant for the four infections was visually presented using
polynomials (cubic function).

Third, we built two multivariable models to determine the most important detrimental and benefi-
cial network parameters. We forced network size and total contact frequency into the models as these
variables are considered essential for the assessment of detrimental and beneficial social network
effects, and have been shown to be related to the transmission of infections as well as to decrease
susceptibility to infections [9, 10, 13,19, 21, 22, 28, 29, 33, 42]. In the detrimental exposure model, we fur-
ther included all variables that were positively associated with URI (odds ratio >1), regardless of their
statistical significance. In the beneficial exposure model, we further included all variables that were
negatively related with URI (odds ratio <1), again regardless of their statistical significance. Next to the
social network size and total contact frequency, we used several social network parameters in per-
centages, to be able to assess the effect of the composition of the social network independent of the
social network size and total contact frequency. For those social network parameters that were com-
puted as percentages within the network, the associations were presented in steps of 10%. Based on
an average network size of 10 network members, a change in one network member corresponds to
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10%. For the detrimental and beneficial models, we used the stepwise backward method (p<0.1) to
obtain the final model, including possible confounders, network size, and total contact frequency.
These analyses were repeated for LRI, Gl and UTI. We used the variance inflation factor (VIF) to measure
collinearity in all regression models. Values for VIF and tolerance did not indicate multicollinearity
problems with cut-off values of VIF <10 and tolerance (1/VIF) >0.1.

We adjusted all associations for possible confounders, i.e. diabetes status (type 2 diabetes over-
sampled by design), age, sex, BMI, smoking status, alcohol consumption, educational level, and em-
ployment status. We also adjusted all associations for the season in which the measurement took
place to account for the likelihood of encountering an infected source. In the multivariable models,
associations with p<0.05 were considered statistically significant.

In addition, we tested statistical interaction (effect modification) of the network parameters with
sex and age to check whether the associations between network parameters and outcome differed by
sex and age. However, none of the interactions of the network parameters with sex and age were sta-
tistically significant (p >0.1).

We performed sensitivity analyses to verify the model building process; we replicated multivari-
able logistic regression analyses by using the complete model instead of backward elimination, and
used degrees instead of percentages. The findings were in line with the results presented.

All analyses were conducted using IBM SPSS Statistics version 21.0 (IBM Corp. Armonk, NY, USA).

Results

The overall study population consisted of 3004 participants with a mean age of 60.0 years. Participants
were mainly Caucasian (98.6%), slightly less than half were women (49%), nearly one third had type 2
diabetes (by design), two thirds were overweight (or obese), and one in seven were current smokers
(Table 1).

URI, LRI, UTI and Gl in the past two months were reported by 31.1%, 11.5%, 5.7% and 12.5% of the
participants, respectively (Table 1). The prevalences of URI, LRI, Gl and UTI for every month of the year
were presented in Figure 1.
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Figure 1-The observed prevalences of URI, LRI, Gl and UTI for each month of the year.

Table 1- Characteristics of the participants and prevalences of infections

Individual characteristics % (n=3004) _
or = Non-consumers (no alcohol use) 18.3 (n=537)
Mean (SD) « Low consumers ((<7 glasses per 56.0 (n=1645)
week for women; < 14 glasses per
+ Men 51.2 (n=1537) week for men)
- Women 48.8 (n=1467) « High consumers (> 7 glasses per 25.7 (n=755)

» Low 33.4(n=980)
+ Medium 28.1(n=823) « Never 34.6 (n=1020)
« High 385 (n=1129)  * Former 52.0 (n=1529)

« Unemployed! retired 51.0 (n=1531) « Upper respiratory infection (URI) 31.1(n=921
« Not known 10.0 (7=301) « Lower respiratory infection (LRI) 1.5 (n=339

_ « Urinary tract infection (UTI) 5.7 (n=170

)
)
)
« Notype 2 diabetes 713 (n=2141) « Gastrointestinal tract infection (GI) ~ 12.5 (n=370)

« Type 2 diabetes 28.7 (n=863)

« May-October 52.7 (n=1584)
« Normal (<25 kg/m?) 35.6 (n=1067) « November-April 47.3 (n=1420)
« Overweight (25-30 kg/m?) 42.3 (n=1268)
« Obese (=30 kg/m?) 22.2 (n=666)
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On average, participants reported a network size of 10 alters, and 231 contacts per half year (Table
2). Only 15 (0.5%) participants reported a network size of 25 or more alters, and only 10 (0.3%) partici-
pants reported more than 750 contacts per half year. Participants reported to have daily or weekly
contact with nearly half the number of their alters, 15% of the alters were household members, and sex
heterogeneity in the network was high. About half of the alters were not of the same sex and age (+5
years) as the participant. The majority of participants reported to have a partner. More than half of the
alters were family members, one third were friends and the remaining alters were acquaintances such
as neighbors, club mates and colleagues (Table 2). Figure 2 visualizes the average social network of the
participants, indicating the average network size, with frequency of contacts, the type of relationship,
and the proximity of alters. Further, the unadjusted prevalences for URI. LRI, Gl and UTI for network size
were presented in Figure 3. Nearly half of participants reported high density between friends (“my
friends know each other"), whereas one third reported a high density between friends and family (“best
friends know my family”). On average, participants were a member of one club (table 2). The associa-
tions of demographic characteristics (sex, age, type 2 diabetes, body mass index, season, educational
level, smoking status, alcohol consumption, and employment status) with URI, LRI, Gl and UTI were
shown in a supplemental table (see Supplemental file 2).

Average social network in the study population

—
More than
walking distance

Walking distance @

o ot |

L

N

Q baiy/eeldy contact () Monthly contactorless &5 Friend @ Family member @ other

Figure 2 - Visualization of the average social network of the study population with regard to
composition of contact frequency, proximity, and type of relationship.

40



Social networks in relation to infectious diseases

60%
*
50%
. / — « URI
>
40% :
L . -~ s LRI
u *
C . . *
w * 4
T‘; 30% — v L2 % A
> ¥ ¢
3 . P - » Gl
— @ - * A
o n
20% n L4
- = . . F  —.xUTl
~
A
10%
0% ; ; ; ; ;
0 20 25

10 .
Network size

Figure 3 - Unadjusted prevalences of URI, LRI, Gl, and UTI for network size presented using
polynomials (cubic function).
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Table 2 - Means and prevalences of social network parameters

Mean (SD) or % (n)
Network size (number of alters) (mean, SD) 9.83(5.17)
Contactfrequency
Total contacts per half year (mean, SD) 23118 (141.16)
Percentage of alters with daily-weekly ego/alter contact (mean, SD) 48.96 (25.88)
Percentage of alters with monthly ego/alter contact (mean, SD) 23.34 (19.49)
Percentage of alters with quarterly ego/alter contact (mean, SD) 12.50 (15.15)
Percentage of alters with half-yearly ego/alter contact (mean, SD) 15.17 (19.47)
Prodmiy
Percentage of alters who are household members (mean, SD) 15.43 (15.08)
Percentage of alters living within walking distance (mean, SD) 28.80(22.58)
Percentage of alters living less than 1/2h away by car (mean, SD) 38.35 (24.06)
Percentage of alters living more than 1/2h away by car (mean, SD) 13.93(17.80)
Percentage of alters living further away (mean, SD) 3.50(8.97)
Mixng
Percentage of same-sex alters (mean, SD) 58.15(17.72)
Percentage of same-age alters (+5 years) (mean, SD) 44.28 (21.20)
Percentage of younger alters (>15 years younger) (mean, SD) 6.50(10.82)
Percentage of younger alters (5 to 15 years younger) (mean, SD) 11.39 (14.29)
Percentage of older alters (>15 years older) (mean, SD) 26.73 (20.46)
Percentage of older alters (5 to 15 years older) (mean, SD) 12.83 (15.56)
Heterogeneity
Sex heterogeneity (IQV, range 0-1) (mean, SD) 0.85(0.21)
Age heterogeneity (SD) (mean, SD) 14.44 (5.17)
Twpeofrelationship
Participants who have a partner (%) 81.1(n=2436)
Percentage of alters who are family members (mean, SD) 58.86 (24.03)
Percentage of alters who are friends (mean, SD) 2716 (21.23)
Percentage of alters who are acquaintances (colleague, neighbor, club mate, other) (mean, SD) 13.98 (16.91)
Proxyforsuperficial contacts
Number of club memberships (mean, SD) 1.07 (1.01)
Number of clubs with daily/weekly participation (mean, SD) 0.77 (0.80)
Number of clubs with monthly participation (mean, SD) 0.19 (0.45)
Number of clubs with less frequent participation (mean, SD) 0.10(0.34)
WNetworkdensity
Density friends
« low density (1-3) (%) 17.3 (n=514)
« medium density (4) (%) 42.9 (n=1273)
« high density (5) (%) 39.8 (n=1179)
Density friends and family
« low density (1-3) (%) 25.4 (n=753)
« medium density (4) (%) 43.9 (n=1302)
« high density (5) (%) 30.7 (n=912)
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Social network related to URI

Table 3 presents the results of the adjusted univariable analyses, all associations were adjusted for
potential confounders. Each additional alter reported was associated with a 2% higher odds of report-
ing URI. Every additional 10% of the network contacted infrequently (once per half year) or living at
larger distance was associated with a 6% and 5% higher odds of reporting URI, respectively. Every ad-
ditional 10% of the network contacted frequently (daily or weekly), household members, and alters of
the same age were associated with a 4%, 7%, and 5% lower odds of URI, respectively.

Table 4 presents the results of the multivariable analyses, all associations were adjusted for poten-
tial confounders. In the multivariable detrimental exposure model, network size remained inde-
pendently associated with URI; with each additional alter reported, the odds of reporting an URI was
4% higher. In the multivariable beneficial exposure model, it was further shown that every additional 10
contacts within half a year and every additional 10% of the network of the same age were associated
with 1% and 6% lower odds of reporting URI, respectively.

Social network related to LRI

In the adjusted univariable analyses, every additional 10% of the network living more distant, who were
5 to 15 years younger and friends were associated with a 7%, 9% and 8% higher odds of reporting LRI,
respectively. Every additional 10% of the network of the same age or family members were associated
with a 8% lower odds of reporting LRI (Table 3).

In the multivariable detrimental exposure model, every additional SD in age heterogeneity and ev-
ery additional 10% of the network that were friends and who were 5 to 15 years older and 5 to 15 years
younger were associated with a 3%, 12%, 12% and 11% lower odds of reporting LRI, respectively. In the
multivariable beneficial exposure model, every additional 10 contacts were associated with a 1% lower
odds of reporting LRI. Moreover, with every additional 10% of the network that were alters of the same
age or family members the odds of reporting LRI was 11% and 9% lower, respectively (Table 4).

Social network related to Gl

In the adjusted univariable analyses, every additional alter reported was associated with a 3% higher
odds of reporting GI. With every additional 10% of the network that were alters with a moderate contact
frequency (quarterly), who lived further away, who were 5 o 15 years younger, or friends, the odds of
reporting Gl was 10%, 7%, 9% and 12% higher, respectively. With every 10% increment of the network
that were alters contacted on a daily or weekly basis, household members, and family members the
odds of reporting Gl was 5%, 13%, and 9% lower, respectively. Having a partner was associated with a
26% lower odds of reporting Gl (Table 3).

In the multivariable detrimental exposure model, the part of the network that were friends re-
mained independently associated with GI. In the multivariable beneficial exposure model, every addi-
tional 10% of the network of alters of the same age, family members, and acquaintances was associ-
ated with a 7%, 11%, and 9% lower odds of reporting Gl, respectively (Table 4).
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Social network related to UTI

In the adjusted univariable analyses, no statistically significant associations were found between net-
work parameters and UTI (Table 3). In the multivariable detrimental exposure model, every additional 10
contacts were associated with a 2% higher odds of reporting UTI. The multivariable beneficial exposure
model revealed no statistically significant associations (Table 4).

Table 3 - Associations between network parameters and infections, derived from logistic
regression analysis, adjusted for characteristics of the participant

Upper Lower Gastrointestinal Urinary tract

respiratory tract respiratory tract infection infection
infection infection
OR  95%ClI OR  95%ClI OR 95%CI OR 95%ClI

Network size (for every additional
alter) 1.02*  1.00-1.04 101 0.99-1.04 1.03* 1.01-1.05 0.99 0.96-1.03

Total contacts per half year

(for every 10 additional contacts) 1.00  0.99-1.01 1.00 0.99-1.00 1.00  0.99-1.01 1.01  1.00-1.02

Percentage of alters with daily-

weekly ego/alter contact (for every

additional 10%) 0.96* 0.93-0.99 097 0.92-1.01 0.95* 0.90-0.99 105  0.99-112

Percentage of alters with monthly

ego/alter contact (for every

additional 10%) 100  0.96-1.04 099 0.93-1.05 1.05 0.99-1.1 1.

Percentage of alters with quarterly

ego/alter contact (for every

additional 10%) 102 0.96-1.07 108#  100-116 110** 1.02-118 0.93 0.82-1.04

Percentage of alters with half-yearly

ego/alter contact (for every

additional 10%) 1.06* 1.01-1.10 1.02  0.96-1.08 0.99  0.93-1.05 092 0.84-1.01
Proximity

Percentage of alters who are

household members (for every

additional 10%) 0.93* 0.88-0.99 098 0.90-1.07 0.87** 0.80-0.95 1.

Percentage of alters living within

walking distance (for every additional

10%) 0.99  0.96-1.03 101 0.96-1.07 0.99  0.94-1.04 0.99  0.92-1.06

Percentage of alters living less than

1/2h away by car (for every additional

10%) 100  0.97-1.04 0.97  0.92-1.02 102 0.97-1.07 101 0.94-1.08

Percentage of alters living more than

1/2h away by car (for every additional

o

3 0.95-112

o

1 091-113

10%) 1.05* 1.00-1.10  1.07* 1.00-1.14 107" 1.01-1.14 0.96 0.87-1.06
Percentage of alters living further
away (for every additional 10%) 103 0.94-113 0.92  0.79-1.07 1.02  0.90-115 1.09  0.93-1.28
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Percentage of same-sex alters

(for every additional 10%) 100  0.96-1.05 101 094-1.08 106# 099-114 093 0.85-1.02
Percentage of same-age alters (+5
years) (for every additional 10%) 0.95* 091-0.99 092** 086-097 096  0.91-1.01 099  0.92-1.07

Percentage of younger alters

(>15years younger) (for every

additional 10%) 100  0.91-1.09 0.97 0.85-1.10 097  0.86-1.10 103 0.86-122
Percentage of younger alters

(5-15years younger) (for every

additional 10%) 103  097-1.09  1.09* 101-118  1.09* 101-117 094  0.84-1.06
Percentage of older alters (>15 years

older) (for every additional 10%) 104#  1.00-1.09 103 0.97-1.10 0.99 0.93-1.05 103 0.95-112
Percentage of older alters (5-15 years

older) (for every additional 10%) 102 0.97-1.08 1.07#  0.99-1.15 1.05 0.97-1.12 1.02  092-1.14

Sex heterogeneity (IQV, range 0-1) 138  0.91-2.10 120 0.65-2.22 092 0.53-158 120 0.54-2.68
Age heterogeneity (per SD increase) 101  1.00-1.03 101 0.99-1.04 100 0.98-1.02 1.00  0.96-1.03

Participants who have a partner (%) 099 0.80-123 0.75# 056-1.00 0.74* 0.56-0.97 135 0.87-2.08
Percentage of alters who are family

members (for every additional 10%) 0.97# 0.94-1.00 0.92* 0.88-0.97 0.91*** 0.87-0.96 104  0.97-112
Percentage of alters who are friends

(for every additional 10%) 101 0.97-1.05 1.08* 1.02-114 112 1.06-1.18 0.99  0.92-1.08
Percentage of alters who are

acquaintances (for every additional

10%) 1.04#  1.00-1.10 104 0.97-112 100 093-107 093 0.83-1.03
Prowforswperfcial contacts
Number of club memberships 1.02 0.93-1.11 1.03 0.91-1.16 1.04 0.93-1.17 0.99  0.84-116
Number of clubs with daily/weekly

participation 0.99 0.89-1.10 1.00  0.86-1.16 102 0.89-118 0.97  0.79-1.20
Number of clubs with monthly

participation 110 0.92-1.32 118 0.92-151 1.06  0.83-1.35 106  0.74-152
Number of clubs with less frequent

participation 101 0.80-1.28 0.97 0.68-1.38 115 0.85-155  0.95 0.58-155
Networkdensity
Density between friends

« low density (1-3) 1.00 1.00 1.00 1.00

« medium density (4) 113 0.92-1.38 0.87 0.65-116 094 072-124 090 0.60-1.35
« high density (5) 108 086-1.35 092 0.67-125 0.89 0.66-1.20 109 0.71-1.67
Density between friends and family

< low density (1-3) 1.00 1.00 1.00 1.00

« medium density (4) 116 0.92-147 093  0.67-1.29 101 0.74-1.39 113 0.70-1.81
« high density (5) 127 1.00-1.61 0.87  0.65-1.26 104 0.75-1.43 124 0.77-2.00

All analyses were adjusted for: sex, age, smoking status, diabetes status, BMI, alcohol consumption,
educational level, employment status, and season. OR Odds Ratio, 95%Cl; 95% Confidence Interval,
# p<0.1*p<0.05 **p<0.01 ***p<0.001
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Table 4 - Detrimental exposure model and beneficial exposure model derived from Bstep
logistic regression analyses, adjusted for characteristics of the participant

Upper respiratory Lower respiratory  Gastrointestinal Urinary tract

tract infection tract infection infection infection
OR 95%ClI (0] 14 95%ClI 0] 95%CI (0] 4 95%ClI

Detrimental exposure model

Network size (for every additional
alter) 1.04** 1.01-1.06 102 0.99-1.06 1.03#  1.00-1.06 0.96  0.92-1.01

Total contacts per half year
(for every additional 10 contacts) 0.99*  0.98-1.00 0.99*  0.98-1.00 100  0.99-1.01 1.02*  1.00-1.03

Percentage of alters living more
than 1/2h away by car (for every

additional 10%) N/A N/A 1.06#  1.00-113 N/A
Percentage of older alters

(>15 years older)

(for every additional 10%) 1.05#  0.98-1.09 1.08#  0.99-117 N/A N/A

Percentage of older alters (5-15
years older)
(for every additional 10%) N/A 112 1.02-1.22 N/A N/A

Percentage of younger alters
(5-15 years younger) (for every

additional 10%) N/A 11 2.01-1.21 1.08#  0.99-1.16 N/A
Age heterogeneity (SD) N/A 1.03**  1.00-1.06 N/A N/A
Percentage of alters who are

friends

(for every additional 10%) N/A 112 1.04-120 1.11***  1.05-1.16 N/A

Percentage of alters who are
acquaintances
(for every additional 10%) N/A 1.08#  0.99-117 N/A N/A

Beneficial exposure model
Network size (for every additional
alter) 1.03** 1.01-1.06 1.02  0.99-1.06 1.03*  1.00-1.06 096  0.92-1.01

Total contacts per half year
(for every additional 10 contacts) 0.99*  0.98-1.00 0.99*  0.98-1.00 0.99 0.98-1.00 1.02*  1.00-1.03

Percentage of same-age alters (+
5 years) (for every additional 10%)  0.94**  0.90-0.98 0.89***  0.84-0.95 0.93* 0.88-0.98 N/A

Percentage of alters who are
family members (for every
additional 10%) 097#  0.93-1.01 091** 0.87-0.96 0.89*** 0.84-0.94 N/A

Percentage of alters who are
acquaintances (for every
additional 10%) N/A N/A 0.91* 0.84-0.98 N/A

All analyses were adjusted for: sex, age, smoking status, diabetes status, BMI, alcohol consumption,
educational level, employment status and season. OR Odds Ratio, 95%Cl; 95% Confidence Interval,
# p<0.1*p<0.05 **p<0.01 ***p<0.001
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Discussion

The current study is unique, as we were able to combine sophisticated, real-time social network data
with infection prevalences in an epidemiological study on four different infectious diseases: URI, LRI,
Gl and UTI. We identified both detrimental and beneficial associations of social network parameters
with the prevalence of infections. We observed that larger network size was associated with a higher
prevalence of URI and G, while a high total number of contacts was associated with less URI and LRI.
In addition, participants with networks mainly composed of friends presented a higher prevalence of
LRI and GI, as opposed to those with a higher family percentage, who presented lower LRI and Gl
prevalences. Finally, a higher percentage of network members of the same age was associated with
lower URI, LRI and Gl prevalences. We found no clear associations with UTI, although a high total num-
ber of contacts was associated with higher UTI prevalence.

In the present study, social network size was associated with a higher prevalence of URI and GI. A
likely explanation for our findings is that a larger network indicates exposure to a greater range of in-
fectious agents, and therefore leads to a greater incidence of symptomatic infections. In addition, the
likelihood of meeting an infected person is higher in a large network. We observed no association be-
tween network size and UTI. This is in line with infection spread theory, i.e. that infections that are
transmitted through the air or direct contact (URI, LRI and GI) are spread through social networks,
whereas UTls, mainly caused by commensal bacteria, are not. UTI however was positively associated
with the total number of contacts. The underlying mechanism that explains how more contacts, inde-
pendent of social network size, is related to an increased risk of UTl remains unclear in the present
study, and may be a subject of interest in future research.

A higher total number of contacts was associated with lower URI and LRI prevalences. This asso-
ciation was independent of network size. This is in line with a previous study, which showed that sus-
ceptibility to URI was lower among participants with more types of social ties [9, 13]. Our results indi-
cate that network size and total number of contacts have an independent association in opposite
direction with infection prevalences. Hence infection prevalence is reflected by both of these mea-
sures, and not merely as a function of increased infection spread in relation to the network, and there-
fore both should be considered in studies on their association with infections.

Independent of the number of alters and contacts, participants with networks composed of a rel-
atively large percentage of friends presented a higher prevalence of LRI and GI. Contacts with friends
are assumed to be intimate, including touching or kissing, and play an important role in the transmis-
sion of LRI and GI. This is in line with previous research, which suggests that friends are a group with a
high potential for transmission [30], and in line with a study that proposes monitoring the friends of
randomly selected individuals as a novel strategy for early detection of influenza [51]. Note that when
a person's network contained a relatively high percentage of acquaintances, the prevalence of Gl was
lower. A possible explanation for the latter is that Gl transmission requires surface contamination or
physically direct contact, and contacts with acquaintances (neighbors or colleagues) tend to be less
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close than contacts with friends. A large percentage of family members within the network was asso-
ciated with fewer reported LRIs and Gls. Previous research has shown that the family is an important
source of social support [52], and higher levels of social support have been shown to enhance several
aspects of immune function [11, 12]. The ego's family may act as a buffer for LRI and Gl through high
levels of social support, indicating a positive impact on lower susceptibility to these infections.

Notably, while some mathematical models consider the number of household contacts to be high-
ly relevant for disease transmission [21, 22, 28, 30, 31, 33], we did not find such association. On the con-
trary, the present results show that a relatively large percentage of household members is associated
with lower URI and Gl prevalences.

A high percentage of alters in the same age range (+ 5 years) was associated with lower URI, LRI
and GI, but not with lower UTI. Mathematical models usually incorporate age-mixing patterns, which
range from fully assortative (individuals infect only those in the same age group) to disassortative
(those of one age group only infect individuals in another age group) [16, 22, 28, 33]. Our current study
confirms that individuals tend to mix assortatively (44% of participants had contacts with others with-
in the same age group) [22, 28, 33]. However, while mathematical models usually assume that individ-
vals infect those in the same age group, we found the opposite effect: when the network contains a
relatively high percentage of alters of the participant's age, lower URI, LRI and GI prevalence was ob-
served. A high variability in ages of alters (age heterogeneity), as well as a high percentage in alters
that were younger or older (5 to 15 years) was associated with higher LRI prevalence, which may indi-
cate exposure to a wider range of infectious agents from people in broader age ranges, and as trans-
mission rates were higher among children and the elderly [53], higher variability in age and dissasorta-
tive mixing patterns may indicate more contacts with high-transmission risk individuals. To the best of
our knowledge, this is the first study that assessed the associations between mixing or heterogeneity
within the composition of a network and the prevalence of symptomatic infections, revealing new in-
sights into the transmission potential of assortative and disassortative age mixing patterns.

One strength of the present study is that it provides new empirical data on the social network at
the participant level. This has given us the opportunity to examine a set of questions that, to the best of
our knowledge, have not been addressed before. Recent research on infection dynamics using mathe-
matical models shows the importance of contact patterns for transmission dynamics and the use of
parameters estimated directly from contact data. Our study improves the understanding of the epide-
miology of infectious disease, and can be used to complement mathematical models of infection
spread on the importance of network composition for the estimation of transmission parameters, as
well as in further epidemiological research on the association of specific network parameters and the
prevalence of several infections.

Nevertheless, this study also has limitations. First, as the data was cross-sectional, causal rela-
tionships could not be examined. Second, self-reporting may be subject to bias. Although the self-re-
porting of infections has been used successfully in the past in relation to network assessment [23, 28],
symptoms may be under or over-reported. Third, as contact networks are, by definition, hard to mea-
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sure [14] our assessment and computed network parameters also have strengths and limitations. So-
cial networks can be measured by different methods, such as reviewed by Read et al. [17], one of which
is the egocentric approach used in the present study. Egocentric networks are useful for measuring
likely proxies of the true underlying network of potentially infectious contacts, yielding valid data and
insight in ego-network composition in relation to infections [13, 22, 33, 54]. Fourth, the assumptions
made to calculate the total number of contacts may under- or overestimate the actual total number
of contacts. For every alter named, the highest contact frequency (e.g. monthly contact) was used as
an indicator of actual contact frequency, and as participants report to meet one alter every month on
several questions, this alter is assumed to be met on a monthly basis. It is possible however that the
participant met this alter once a month for one activity, but also once a month for another activity.
Moreover, the "daily or weekly" answer category was assumed to refer to two contacts per week. This
assumption, too, may result in an underestimation of the actual contact frequency.

Moreover, the questionnaire consisted of seven questions on different types of interactions, some
of these types require direct close proximity interactions (such as visits for social purposes or offering
practical help), and other types of interactions may also have occurred by telephone/internet conver-
sations (such as provision of emotional support or advise on problems). Therefore, estimations of the
total network size and total contact frequency may over represent the actual number of close proxim-
ity interactions, as a maximum of 13-14% of the interactions may potentially not have occurred in close
proximity.

Another limitation of the questionnaire was missing information on the duration of contacts be-
tween the ego and the alters, which has been shown to be highly relevant for disease modelling [25, 26].
Additionally, use of public transport has not been measured, which may have impact on the number of
contacts participants made in the study period. However, previous research has shown that the trans-
mission rate in public transport is low [55].

Finally, The Maastricht Study has a population based design and is enriched with type 2 diabetes
participants for reasons of efficiency; i.e. to increase the statistical power to identify any potential
contrasts between individuals with and without type 2 diabetes. Subsequently, participants were
slightly more overweight/ obese than the general population [56]. To control for this design-related
oversampling, we adjusted all analyses for diabetes status and BMI. Although higher prevalences of
type 2 diabetes and overweight may have slightly increased the prevalences of infections within the
study population, odds ratios are likely unbiased. Another limitation of the design is that the study
population consisted of adult participants only and it is unknown whether results are representative
for people younger than 40 years of age. Further, the age range of the participants probably leads to an
underrepresentation of children in the ego’s network, while it has been shown that children and teen-
agers may have an important role in the spread of close-contact infections [33].

Moreover, the extensive phenotyping forces participants to cover 4 half-day visits at the research
center, which may be difficult for people who work and travel a lot and have many contacts. To enable
participation for those more "busy” people, visits were also offered in the evening hours and on Satur-
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day. The design of the present study may have some limitations, but it is also unigue in the examination
of the association between social network parameters and infections, and may therefore lead to new
insights in the understanding of the epidemiology of infectious diseases.

Conclusions

To conclude, social network size and total number of contacts were important determinants for the
prevalence of URI, LRI and GI. Moreover, the composition of the social network in terms of types of al-
ters (friends, family, age) appears to be related to the risk of infection. While further studies are needed
to examine underlying mechanisms and causality, our findings could have important implications for
the estimation of transmission parameters to optimize current infectious disease control, and can be
used for the development of non-pharmaceutical infection prevention strategies.
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Statistical formula for the derivation of the Index of Qualitative Variation

To assess sex heterogeneity within the ego’s network, we computed the Index of Qualitative Variation
(IQV) by Mueller and Schuessler (1961) [46]. The IQV is defined as the ratio of observed differences di-
vided by maximum possible differences, where “0" represents a fully homogeneous and 1" a fully het-
erogeneous network [46].

Observed differences were calculated as

Observed differences = Z fifi 1#]

Where f refers to the frequencies of category ij.

To calculate the maximum number of possible differences (MPD), we used the formula

mpp = "~ (62_ ) (2)2

Where c is the number of categories, and n is the number of observations.

The IQV was computed as

observed dif ferences
1oV = ff

maximum possible dif ferences

Below we show the derivation of the IQV for an ego network with 7 men and 4 women.

The observed differences were

Observed differences = 7 « 4 = 28

In a network of 11 network members, the maximum possible differences were

MPD eEZs (11)2_(11)2_3025
2 20/ e

In a network of 11 members, of which 7 men and 4 women, the IQV is
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Supplemental Table 1 - Associations between characteristics of the participants and self
reported upper- and lower respiratory, gastrointestinal, and urinary tract infections in The
Maastricht Study (n=3004)

Upper respiratory Lower respiratory Gastrointestinal Urinary tract

tract infection tract infection tract infection infection
OR 95%ClI OR 95% CI (0] 4 95% CI 95% CI
Sex (male) 0.94 0.79-11 0.94 0.74-1.21 0.86 0.68-1.09 0.43** 0.29-0.61
Age (years) 0.99 0.98-1.00 0.98*  0.97-1.00 0.98# 0.97-1.00 1.00 0.98-1.03

Type 2 diabetes (yes) 1.01 0.82-124 097 0.72-1.31 160 122-209 205" 1.38-3.05
Body Mass Index (kg/m?) 1.01 0.99-1.03 105" 1.02-1.08 1.02 1.00-1.05  0.99 0.96-1.03

Season (winter) 229 195-270 243" 191-3.10 1.07 0.86-1.34 117 0.85-1.62
Educational level

« low 1.00 1.00 1.00 1.00

* medium 1.07 0.86-1.33 128 0.94-174 1.20 0.89-1.62 0.86 0.56-1.31
* high 1.28* 1.04-157 1M 0.82-1.51 137 1.03-1.83  0.99 0.66-1.48
Smoking status

* never 1.00 1.00 1.00 1.00

- former 1.08 0.90-129 103 0.79-1.34  1.07 0.83-1.37  0.90 0.62-1.31
* current 144*  11-1.86 1367 0.95-194 120 0.85-171 178" 1.12-2.81
Alcohol consumption

» Non-consumers 1.00 1.00 1.00

 Low consumers 0.89 0.71-1M 0.92 0.67-1.26 113 0.82-155 0.95 0.62-1.45
» High consumers 0.76* 0.59-0.99 0.81 0.55-1.18 1.30 0.91-1.86 11 0.68-1.80
Employment status

» Employed 1.00 1.00 1.00 1.00

« Unemployed/ retired  1.20 0.91-159  1.40* 0.95-2.06 0.97 0.65-1.44 106 0.63-1.80
* Not known 0.92 0.74-129 113 0.84-1.53 0.91 0.68-1.21 0.75 0.49-1.15

OR Odds Ratio, 95%Cl; 95% Confidence Interval, # p<0.1, *p<0.05, **p<0.01, ***p<0.001.
All analyses were adjusted for: sex, age, smoking status, diabetes status, alcohol consumption, educa-
tional level, employment status and season.
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Abstract

The ability to predict upper respiratory infections (URI), lower-respiratory infections (LRI), and gas-
trointestinal tract infections (Gl) in independently living older persons would greatly benefit popula-
tion and individual health. Social network parameters have so far not been included in prediction
models. Data were obtained from The Maastricht Study, a population-based cohort study (N=3074,
mean age (xSD) 59.8+8.3, 48.8% women). We used multivariable logistic regression analysis to de-
velop prediction models for self-reported symptomatic URI, LRI, and Gl (past 2 months). We deter-
mined performance of the models by quantifying measures of discriminative ability and calibration.
Overall, 953 individuals (31.0%) reported URI, 349 (11.4%) LRI, and 380 (12.4%) GI. The area under the
curve (AUC) was 64.7% (95% confidence interval [Cl]: 62.6%-66.8%), for URI, 71.1% (95% Cl: 68.4-73.8)
for LRI, and 64.2% (95% Cl: 61.3-67.1%) for GIl. All models had good calibration (based on visual in-
spection of calibration plot, and Hosmer-Lemeshow goodness of fit test). Social network parame-
ters were strong predictors for URI, LRI, and GI. Using social network parameters in prediction mod-
els for URI, LRI, and Gl seems highly promising. Such parameters may be used as potential
determinants that can be addressed in a practical intervention in older persons, or in a predictive
tool to compute an individual's probability of infections.
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Background

Over the last decade, population ageing has become a global issue [1]. World-wide, the proportion of
people aged 60 and over is growing rapidly, and it is expected to rise to one quarter of the populations
in Europe and North America in 2020 [1, 2].

Infectious diseases are a major challenge in health care of the older persons [3], due to increased
susceptibility to infections caused by an age-related compromised immune system [4]. Older persons
have decreased cell-mediated immunity and decreased antibody production to new antigens [3, 5].
Pneumonia and influenza are among the ten major causes of death in the older persons [3]. The inci-
dence and severity of community-acquired upper respiratory infections (URI), lower-respiratory infec-
tions (LRI), and gastrointestinal tract infections (Gl) are often higher than in other age groups.

To date, we lack evidence on non-pharmaceutical interventions to prevent infections in older per-
sons living at home. Current EU policy expects promotion of active ageing and solidarity between gen-
erations, guiding principles include participation in society and support for informal caregivers. Hence
older persons are expected to take care of themselves as much as possible with help of their social
network including informal carers [6]. A new prevention strategy may fit this policy. Therefore, we focus
on the possible contributions of personal social contact networks for improving prevention strategies.
Transmission and acquisition of an infectious disease are for a large part determined by social net-
works [7-11], as social relationships may act as a vehicle for the transmission of infections. Diverse and
large social networks are associated with close contact with a broad range of people and hence an
increased risk of exposure to a range of infectious agents [7]. This increases risk of acquiring disease,
particularly among more vulnerable people, whose resistance is compromised (e.g. older persons or
people with comorbidities) [7]. Social networks on the other hand are shown to have a strong influence
on a person’s health, well-being, and self-management, and are thought to be a promising target for
effective infection prevention interventions [12]. It has been shown that social networks can act as a
buffer for infections by increasing immune function [8, 91. Especially for older persons and persons
with chronic disease, social networks can provide the necessary support to enable them to live inde-
pendently. As such, higher levels of social support are found to have a positive association with better
self-management behaviours of chronically ill [13]. Foremost, social networks and their characteris-
tics are highly useful in novel interventions as networks can be managed by an individual older person
and by their formal and informal caregivers who are all part of the same network. Most social network
interventions use social networks to accelerate behaviour change or improve organizational perfor-
mance, knowing different strategies and multiple tactical alternatives [14, 15]. For example, peer-based
interventions were shown to have positive effects on physical activity, smoking cessation, and condom
use [15]. However, by our knowledge, neither prediction models with individual risk assessment, nor the
specific social network parameters of personal social contact networks as determinants have been
used in social network interventions so far.
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Yet, to date, it is not fully understood which social network parameters are related to the risk of
infections, whether these relations differ by type of infection, and whether these parameters can be
used to predict an individual's probability of an infection. More insight into these issues is needed for
the development of effective infection prevention programmes. Prediction models are useful for pro-
viding such insight, and they make individual risk assessment possible. However, previous attempts to
develop prediction models for individual incidences of respiratory tract infections (RI) or Gl, based on
demographic, environmental, and lifestyle information showed only poor to moderate predicting pow-
er [16]. To the best of our knowledge, the role of social networks in predicting infectious diseases in
middle-aged and older persons has not yet been studied using prediction models. Therefore, the aim of
the current study was to develop and internally validate prediction models for URI, LRI, and Gl in a large
group of independently living middle-aged and older persons based on a range of variables including
social network parameters. We hypothesize that the application of such prediction models can help in
deciding about concrete infection prevention strategies for patient self-management, personalized
health care, and home care. A better choice of prevention strategies might contribute to lowering the
infectious burden and its associated risks in the growing group of older persons.

Methods

Study population

We used data from The Maastricht Study, an observational prospective population-based cohort study.
The rationale and methodology have been described previously [17]. In brief, the study focuses on the
aetiology, pathophysiology, complications, and comorbidities of type 2 diabetes mellitus (T2DM) and is
characterized by an extensive phenotyping approach. Eligible for participation were all individuals
aged between 40 and 75 years and living in the southern part of the Netherlands. Participants were
recruited through mass media campaigns and from the municipal registries and the regional Diabetes
Patient Registry via mailings. Recruitment was stratified according to known T2DM status, with an
oversampling of individuals with T2DM, for reasons of efficiency. The present report includes cross-
sectional data from the first 3451 participants, who completed the baseline survey between November
2010 and September 2013. The study has been approved by the institutional medical ethical committee
(NL31329.068.10) and the Minister of Health, Welfare and Sports of the Netherlands (Permit 131088-
105234-PG). All participants gave written informed consent. In the present analysis, all participants
that received the social network questionnaire (N=3074) were included.
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Measurements

Social network questionnaire

Data on individual social networks were collected through an online questionnaire using a name gen-
erator method [18, 19]. The assessment of the social network covered contacts (interactions between
persons) within a period of six months. The participants received a questionnaire with seven questions
on different types of contacts and were asked to name a maximum of five persons (network members)
per question. Questions concerned 1) persons who advised them on problems, 2) persons who could
offer them practical help if they were sick, 3) persons who provided emotional support when they were
feeling unwell, 4) persons who helped them with small and larger jobs around the house, 5) persons
they visited for social purposes or that they could go out with sometimes, and 6) persons with whom
they could discuss important matters and, finally, 7) participants were asked to name a maximum
number of ten additional persons who were also important for them because of mutual activities. In
total, participants could name a maximum number of 40 network members. After every question and
for each network member named, they were asked to indicate their frequency of contact with this
person over the last six months (daily or weekly, monthly, quarterly, and half-yearly). Moreover, the
participants were asked to identify their relationship to this person (e.g., partner, sister, friend, neighbor,
etc. (28 options)), how far away this person lived (walking distance, less than half an hour away by car,
more than half an hour away by car, more distant), and to indicate this person’s sex and actual or esti-
mated age.

Further, participants were asked to rate two statements on a five-point Likert scale ranging from
strongly agree to strongly disagree: “most of my friends know each other” and “my best friends know
my family”. The participants were also asked whether they were a member of a club (yes/no, e.g. sports
club, religious group, volunteer organization, discussion group, self-support group, Internet club, or
another organization).

Parameters of the social network

The network parameters were computed from the questionnaire. A detailed definition of the network
parameters is presented in Table 1. In brief, network size was defined as the total number of unique
network members mentioned in the questionnaire. Total contacts per half year was defined as the sum
of all contacts per half year. The percentage of network members that were of the same-age, that were
household members, that lived within walking distance, less than %2 hour away by car, more than V2
hour away by car, and the percentage of network members that were family members, friends, or ac-
guaintances was computed. Club membership was defined as membership in, for instance, a sports
club, religious group, or other organization. Density was defined as the extent to which network mem-
bers know each other. Moreover, participants were asked to indicate the number of members (maxi-
mum of 5) who provided informational support, emotional support, and practical support.
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General measurements

All participants were also asked information on: age, sex, educational level, income, smoking behavior,
alcohol consumption, mobility (problems with walking, daily activities (EuroQol) [20]), employment
status, partner status, ethnicity, healthcare (paramedic/ nurse, mental health professional, inpatient
care) consumption in past half year, history of cardiovascular disease (CVD), BMI (kg/m?), depressive
symptoms (Patient Health Questionnaire-9 (PHQ-9) [21]. Presence of type 2 diabetes (by standardized
75 g oral glucose tolerance test (OGTT) after an overnight fast [17]), Mini International Neuropsychiatric
Interview (M.LN.I.) [22]), and general cognitive function (by Mini-Mental State Examination (MMSE) [23])
were assessed as described elsewhere [17]. All general measurements can be found in table 2.

Outcome variables

We used self-administered questionnaires to measure the occurrence of community-acquired URI,
LRI, or Gl over the two-month period before completing the questionnaire. Moreover, we recorded the
season in which the reported symptomatic infections occurred. The symptoms “"runny nose” and “sore
throat” were pooled as indicators of URI. Influenza, pneumonia, and fever were pooled as indicators of
LRI. Vomiting with fever and diarrhoea were pooled as GI.

Table 1- Description of the social network parameters that were used as candidate predictors

Social network parameter Description

Degree

Network size The total number of unique network members mentioned in the
questionnaire

Contact frequency

Total contacts per half year A contact was defined as an interaction between persons. Total

Total friend contacts per half year contacts (interactions between persons) per half year were

ted as follows.
Total family contacts per half year computedas fotlows

Total household contacts per half year

We used the highest contact frequency (e.g., daily contact) for every
network member as an indicator of the actual contact frequency.
Total acquaintance contacts per half year ggcond, we recoded the answer categories of the questionnaire to
Total work relation contacts per half year  an estimated number of contacts per half year. For example,

Total child contacts per half year "half-yearly” was assumed to comprise one contact, “quarterly” two
contacts, "monthly” 6 contacts and "daily or weekly" 48 contacts.
Third, we computed the sum of all contacts per half year as the total
contact frequency.

Total neighbour contacts per half year

Proximity

Proportion of network members whoare ~ We calculated geographical proximity as the proportion of all
household members network members that were household members, lived within
Proportion of network members living walking distance, lived less than half an hour away by car, lived
within walking distance more than half an hour away by car, and lived further away (e.g. in
Proportion of network members living another country). For example, we calculated the proportion of
less than 1/2h away by car household members as the number of network members living in

Proportion of network members living the same household divided by network size.

more than 1/2h away by car

Proportion of network members living
further away
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Proportion of same-age network To identify the proportion of network members who are of the same

members (+5 years) age as the participant, we calculated the difference between the
participants’ age and the network members’ age for every network
member named. Next, we computed the proportion of same age (+5
years) network members for each participant.

Sex heterogeneity (IQV, range 0-1) To assess sex heterogeneity within the participants’ network, we
computed the Index of Qualitative Variation (IQV) by Mueller and
Schuessler (1961) [40]. This index indicates the probability that two
randomly chosen network members belong to the same category.
The IQV is defined as the ratio of observed differences divided by
maximum differences, where "0" represents a fully homogeneous
and "1" a fully heterogeneous network [40]. Observed differences
were calculated through multiplication of the total number of men
by the total number of women. We calculated maximum differences
as (network size/ 2)? [40]

Proportion of network members whoare ~ We computed the proportion of network members that were family

family members members, friends, colleagues and acquaintances. For example, we
Proportion of network members who are  calculated the proportion of family members within the network as
friends the number of family members divided by network size.

Proportion of network members who are
acquaintances (colleague, neighbour, club
mate, other)

Club membership (yes) Club membership was defined as membership in, for instance, a
sports club, religious group, volunteer organization, discussion
group, self-support group, internet club, or other organization.

Density friends (friends know each other)  Density was defined as the extent to which network members in the

Density friends and family (friends know ~ network know each other. Density between friends was computed

family) from the statement “most of my friends know each other”
(five-point Likert scale ranging from strongly agree to strongly
disagree) and density between friends and family was computed
from the statement “my best friends know my family".

Emotional support (discomfort) Emotional support related to discomfort was defined as providing
emotional support when participants were feeling unwell

Emotional support (important decisions) ~ Emotional support related to important decisions was defined as
providing the opportunity to discuss important matters

Practical support Practical support was defined as help with small and larger jobs
around the house.

Informational support Informational support was defined as advice on problems.

o~
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Statistical analyses

Candidate predictors

In the literature we identified several general variables and social network parameters that had previ-
ously been examined in relation to infections [3, 5, 7-12, 16, 24, 25]. Based on this extensive literature
search we included 52 variables as potential predictors, of which 26 network variables and 26 general
variables. All candidate predictors are described in Tables 1-3.

Model development

Missing information on potential general predictor variables (0-26%) was imputed using stochastic
regression imputation, since complete case analysis may bias results and can cause a decrease in
sample size [26]. The imputations were drawn using predictive mean matching, which ensures only
realistic values are imputed that are observed elsewhere in the data [27]. Information on missing val-
ues of potential general predictor variables can be found in Table 2.

Per infection, we added all potential predictor variables to a logistic regression model. We used
stepwise backward elimination based on the Akaike Information Criterion (AIC) for variable selection,
which is a goodness-of-fit measure that penalizes the model fit for model complexity [28]. As a result,
predictors included in the model do not necessarily have a p-value of 0.05 or lower. We used restricted
cubic splines to test whether continuous variables were non-linearly associated to the log-odds of
experiencing an infection, and tested for statistical interactions of the social network parameters with
sex, age, and type 2 diabetes.

We determined the performance of each of the prediction models by quantifying measures of dis-
criminative ability and calibration. A model's discriminative ability refers to its ability to discriminate
between those who developed an infection over the course of 2 months and those who did not develop
aninfection, and is expressed as the AUC, which is the area under the receiver operating characteristic
(ROC) curve. The AUCs will be tested against the null-hypothesis that the AUC is 50%, which is no more
than flipping a coin. Calibration refers to the agreement between predicted probabilities and observed
probabilities. To assess calibration, we visually inspected a calibration plot and applied the Hosmer-Le-
meshow (HL) goodness of fit test. An HL-test that yields a p-value of 0.05 or lower is considered to in-
dicate poor calibration. As we were especially interested in the prediction of infections in older per-
sons, we computed the AUC for all models applied to persons of 60 years and older, and for persons
who were younger than 60 years old.

As a sensitivity analysis for the imputation procedure we computed the three models for the data
set of complete cases only, to judge whether the AUCs differed to any clinically relevant extent.

Model validation

It is a well-known phenomenon that prediction model performance degrades when applied to new
persons who were not used to develop the model [29]. Often, predictions derived from a model are too
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extreme (i.e. persons at low risk are predicted too low, and vice versa). To estimate the performance of
the prediction models in data involving new persons, and to counteract the too extreme predictions in
the future, we performed an internal validation step. For each prediction model, we drew 1000 boot-
strap samples. On each sample, model development was repeated and the performance (measured by
AUC) of those bootstrap models was calculated on both the bootstrap sample as well as in the original
sample. The average difference in performance between the bootstrap sample and the original sample
is the estimate of the optimism in model performance. This optimism can subsequently be subtracted
from the initial performance measures. In addition, the bootstrap routine yields a shrinkage factor that
can be used to multiply the original regression coefficients by. As the shrinkage factor has a value
between 0 and 1, the regression coefficients are shrunk towards zero, and future predictions are less
extreme [30].

Results

A total of 3074 patients with a mean age of 59.8 (+8.3) years were included in this cohort. Of them, 953
(31.0%) reported experiencing recent URI, 349 (11.4%) LRI, and 380 (12.4%) GI. There was some overlap
between the infections, 65 (2.1%) reported URI, LRI, and GlI, 176 (5.7%) reported URI and LRI, 20 (0.7%)
reported LRI and Gl and 134 (4.4%) reported URI and Gl. The general and social network characteristics
of the study population were presented in Tables 2 and 3. The general and social network characteris-
tics broken down for infection status were presented in supplementary tables S1and S2.

The restricted cubic spline regression did not reveal non-linear associations between continuous
variables and the log-odds of experiencing any of the three types of infections, nor did we find any
statistically significant interactions between sex, age, or type 2 diabetes and network parameters.

Table 4 shows the coefficients and odds ratios (ORs) of the prediction model for URI. The AUC of
this model was 64.7% (95% confidence interval [Cl]: 62.6% - 66.8%). The model was based on 16 predic-
tors, of which nine network parameters and seven general predictors. Smoking, BMI, problems with
daily activities, and emotional support were positively related to URI, while age, season, total friend
contacts per half year, the proportion of network members who are household members, who are living
within walking distance, who are living less than %2 hour away by car, proportion of same-age network
members, proportion of network members who are family members, density between friends and fam-
ily, and practical support showed an inverse relationship with URI. Table 5 shows the coefficients and
ORs of the prediction model for LRI. For this model, the AUC was 71.1% (95% Cl: 68.4 - 73.8). The model
was based on 14 predictors, of which five network parameters and nine general predictors. BMI, prob-
lems with daily activities, depression, the proportion of network members living more than 2 away by
car, the proportion of network members who are friends, and the proportion of network members who
are acquaintances were positively associated with LRI, while age, high or low educational level, sea-
son, the proportion of same-age network members, and informational support were negatively associ-
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ated with LRI. The AUC of the prediction model for Gl was 64.2% (95% Cl: 61.3 - 67.1%) (table 6). The
model was based on 12 predictors, of which six network parameters and six general predictors. Prob-
lems with daily activities, depression, MMSE score, type 2 diabetes, mental healthcare consumption,
network size, and the proportion of network members living more than 2 hour away showed positive
associations with Gl, while paramedical healthcare consumption, proportion of same-age network
members, proportion of network members who are family members and acquaintances, and practical
support showed an inverse association with Gl. See table 7 for a summary of the associated social
network parameters.

The sensitivity analysis on only complete cases yielded AUCs that did not differ more than 1.4%
(data not shown).

When the models were applied to persons of 60 years and older, and subsequently to persons
younger than 60 years, the AUCs were comparable to the whole group. For upper respiratory tract in-
fection this was 64.0 (95% Cl: 61.1- 66.8) for >60 years and 65.3 (95% Cl: 62.2 - 68.3) for <60 years, for
lower respiratory infection this was 71.0 (95% Cl: 67.0 - 74.6) for >60 years and 71.1(95% Cl: 67.2 - 74.9) for
<60 years, and for gastrointestinal infection this was 63.1 (95% ClI: 59.1 - 67.2) for >60 years and 65.0
(95% Cl: 60.8 - 69.2) for <60 years.

Supplementary figure S1shows the calibration plots for the three prediction models. All plots show
good agreement between predicted probabilities of an infection, and the actual, or observed frequency
of infections. Furthermore, the Hosmer and Lemeshow goodness-of-fit test yielded a p-value of 0.30,
0.12, and 0.25 for the models URI, LRI, and GI, respectively, verifying that the models are well calibrated.

The formula to compute an individual's probability of an infection in a period of 2 months can be
found in the Supplementary Material.

Internal validation

The internal validation step yielded a shrinkage factor for each prediction model. This shrinkage factor
was used as a correction factor for the regression coefficients. Tables 3-5 show the shrunken regres-
sion coefficients and the re-estimated intercept. Using these coefficients for calculating the probabil-
ity of an infection for future patients will less likely result in too extreme predictions compared to the
coefficients of the initial models.

In addition to a prediction model specific shrinkage factor, the internal validation yielded a mea-
sure of optimism in the estimation of the AUC of each model. The optimism in the AUC was 1% for up-
per and lower respiratory tract infection, and 2% for gastrointestinal infection. Hence, we expect that
the discriminative ability of these models when applied to new patients will be 63.7%, 70.1%, and 62.2%,
respectively.
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Table 2 - Baseline characteristics that were potential general predictors

Age (year)

Male sex

Income (€, equivalent household size)
Educational level®

e Low

* Intermediate

« High

Employed (yes)

Partner (yes)

Ethnicity (Caucasian)

Body Mass Index (kg/m?)

Smoking status

* Never

» Former

» Current

Alcohol consumption (yes)

Type 2 diabetes (yes)

Prior CVD (yes)

Depression (PHQ9, yes)

Depression (MINI current depressive episode, yes)
Mental health status (MMSE total score)
Mobility

« Problems with daily activities (yes)
« Problems with walking (yes)

« Healthcare consumption

« Medical specialist (yes)

« Paramedic/ nurse (yes)

« Mental health professional (yes)

« Inpatient care (yes)

Season of assessment

e Winter (December-March)

« Spring (March-June)

e Summer (June-September)

« Autumn (September-December)

Total group

(N = 3074)
59.8(8.3)
1575 (51.2%)
2028.7 (821.9)

1002 (32.6%)
839 (27.3%)
1161(37.8%)
1775 (57.7%)

2542 (82.7%)

3028 (98.5%)

27.1(4.6)

1049 (34.8%)
1565 (51.9%)
399 (13.2%)
2448 (81.4%)
870 (28.6%)
485 (16.3%)
148 (4.8%)
110 (3.7%)
28.1(1.3)

300 (10.0%)
497 (16.2%)

1083 (38.7%)
773 (27.7%)
165 (5.9%)
34 (1.1%)

663 (21.6%)
833 (27.1%)
862 (28.0%)
716 (23.3%)

Missing values
n(%)

0(0%)

0 (0%)

786 (25.6%)

77(2.2%)

9
5

3.1%)
.8%)
0.1%)
0.1%)
(2.0%)

- w w o o
_ = = =

6

67(2.2%)
37 (1.2%)
96 (3.1%)
252 (8.2%)
128 (4.2%)
107 (3.5%)

82 (2.7%)
78 (2.5%)

277 (9.0%)
284 (9.2%)
297 (9.7%)
279 (9.1%)

0(0.0%)

@ Data are presented as mean and standard deviation or absolute value (n) and percentage

® low education (no education, primary education, and lower vocational education), intermediate edu-

cation (intermediate vocational education, higher secondary education, and vocational education) and

high education (higher professional education, university)
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Table 3 - Network parameters that were used as potential predictors
Total group? (N = 3074) Missing values n (%)

Network size 9.81(5.2) 0(0.0%)
Contactfrequency
Total contacts per half year 228 (142) 1(0.0%)
Total friend contacts per half year® 19 (2 - 74) 0(0.0%)
Total family contacts per half year® 70 (17 = 144) 0(0.0%)
Total household contacts per half year® 48 (48 -48) 0(0.0%)
Total neighbour contacts per half year® 0(0-2) 0(0.0%)
Total acquaintance contacts per half year® 0(0-1) 0(0.0%)
Total work relation contacts per half year® 0(0-0) 0(0.0%)
Total child contacts per half year® 0(0-0) 0(0.0%)

Percentage of network members who are household members® 13(7-20) 0(0.0%)
Percentage of network members living within walking distance® 26 (- 44) 0(0.0%)
Percentage of network members living less than 1/2h away by car® 36 (20-55) 0(0.0%)
Percentage of network members living more than 1/2h away by car® 7(0-22) 0(0.0%)
Percentage of network members living further away® 0(0-0) 0(0.0%)

Percentage of same-age network members (+5 years) 44.2(212) 0(0.0%)
Sex heterogeneity (IQV, range 0-1) 0.85(0.21) 0(0.0%)
Percentage of family members® 58 (41-75) 0(0.0%)
Percentage of friends® 25(10-43) 0(0.0%)

Percentage of acquaintances (colleague, neighbour, club mate, other)® 10(0-22) 0(0.0%)

Club membership (yes) 2020 (65.8%) 0(0.0%)

Density friends (friends know each other) 21(0.7%)
« Totally agree (1) 937 (30.7%)
- Agree(2) 1343 (44.0%)
« Neutral (3) 469 (15.4%)
 Disagree (4) 273 (8.9%)
« Totally disagree (5) 31(1.0%)
Density friends and family (friends know family) 23 (0.7%)
- Totally agree (1) 1208 (39.6%)
e Agree(2) 1312 (43.0%)
« Neutral (3) 357 (11.7%)
« Disagree (4) 146 (4.8%)
« Totally disagree (5) 28 (0.9%)

Functional characteristics of the social network
Emotional support (discomfort) 2.67 (1.60) 0(0.0%)
Emotional support (important decisions) 3.02 (1.60) 0(0.0%)
Practical support 2.78 (1.53) 0(0.0%)
Informational support 3.21(1.67) 0(0.0%)

2Data are presented as mean and standard deviation or absolute value (n) and percentage, unless
stated otherwise
® Due to skewed distribution, data are presented as median and IQR.
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Table 4 - Coefficients of the prediction model for upper respiratory tract infection

Variable Coefficient Oddsratio (95%Cl) P-value Shrunken coefficient®
Intercept 1.216 1.058
Age (years) -0.010 0.99 (0.98,1.00) 0.050 -0.009
Smoking (yes) 0.287 1.33(1.06, 1.67) 0.014 0.264
Body Mass Index (kg/m?) 0.014 1.01(1.00,1.03) 0.130 0.013
Problems with daily activities 0.330 1.39 (1.09,1.78) 0.009 0.303
Season

« Spring® -0.579 0.56 (0.46,0.69) <0.001 -0.533
o Summer® -1195 0.30(0.24,0.38) <0.001 -1100
«  Autumn® -0.750 0.47(0.38,0.59) <0.001 -0.690
Total friend contacts per half year -0.002 1.00 (1.00, 1.00) 0.013 -0.002
Proportion of network members who are

household members -0.944 0.39(0.20, 0.74) 0.004 -0.869
Proportion of network members living

within walking distance -0.495 0.61(0.38,0.98) 0.041 -0.455
Proportion of network members living

less than V2 hour away by car -0.417 0.66 (0.42,1.03) 0.067 -0.384
Proportion of same-age network

members -0.487 0.61(0.42,0.91) 0.014 -0.448
Proportion of network members who are

family members -0.489 0.61(0.41,0.91) 0.015 -0.449
Density between friends and family -0.144 0.87(0.79,0.95) 0.002 -0.132
Emotional support (important decisions) 0.070 1.07 (1.01,1.14) 0.032 0.065
Practical support -0.066 0.94(0.88,1.00) 0.042 -0.061

a Coefficients shrunken after internal validation yielded a shrinkage factor of 0.92. The intercept was
subsequently re-estimated.
® Reference category winter
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Table 5 - Coefficients of the prediction model for lower respiratory tract infection

Variable Coefficient Odds ratio (95% CI) P-value Shrunken coefficient?
Intercept -1.289 0.038 -1.329
Age (years) -0.022 0.98(0.96,0.99) 0.003 -0.020
High education® -0.269 0.76 (0.57,1.02) 0.067 -0.250
Low education® -0.239 0.79 (0.58,1.07) 0121 -0.222
Body Mass Index (kg/m?) 0.046 1.05 (1.02,1.07) <0.001 0.042
Problems with daily activities 0.462 1.59 (113, 2.23) 0.008 0.430
Depression on PHQ-9 0.608 1.84(1.17,2.88) 0.008 0.566
Season

 Spring® -0.368 0.69 (0.53,0.91) 0.008 -0.342
« Summer® -1.572 0.21(0.14, 0.30) <0.001 -1.462
» Autumne -1.186 0.31(0.21, 0.44) <0.001 -1.103

Proportion of network members who are

living more than 2 hour away 0.803 223(118,4.22) 0.013 0.747
Proportion of same-age network

members -0.802 0.45(0.25,0.79) 0.006 -0.746
Proportion of network members who are

friends 171 3.22(1.81,5.75) <0.001 1.089
Proportion of network members who are

acquaintances 0.627 1.87(0.92, 3.79) 0.082 0.583
Informational support -0.068 0.93(0.87,1.00) 0.067 -0.064

a Coefficients shrunken after internal validation yielded a shrinkage factor of 0.93. The intercept was
subsequently re-estimated.

® Reference category intermediate education

¢ Reference category winter
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Table 6 - Coefficients of the prediction model for gastrointestinal infection

Coefficient Odds ratio (95% Cl) P-value Shrunken coefficient?

Intercept -3.966 0.003 -3.737
Problems with daily activities 0.390 1.48 (1.06, 2.06) 0.021 0.347
Depression on PHQ-9 0.799 222 (1.44, 3.44) <0.001 071
MMSE score 0.091 1.09 (1.00, 1.20) 0.054 0.081
Type 2 diabetes (yes) 0.468 1.60 (1.25, 2.05) <0.001 0.416
Paramedical healthcare consumption in -0.224 0.80(0.62,1.03) 0.081 -0.200
the past 6 months (yes)

Mental healthcare consumption in the 0.348 142 (0.94,2.13) 0.094 0.310
past 6 months (yes)

Network size 0.036 1.04 (1.01,1.07) 0.010 0.032
Proportion of network members living 0.587 1.80(0.99,3.28) 0.055 0.523
more than %2 hour away by car

Proportion of same-age network -0.438 0.65(0.38,1.11) 0.1M4 -0.390
members

Proportion of network members who are -1.185 0.31(0.18,0.53) <0.001 -1.055
family members

Proportion of network members who are -1.090 0.34(0.16,0.71) 0.004 -0.970
acquaintances

Practical support -0.068 0.93(0.86,1.02) 0.135 -0.060

a Coefficients shrunken after internal validation yielded a shrinkage factor of 0.89. The intercept was
subsequently re-estimated.
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Discussion

To the best of our knowledge, this study is the first attempt to develop prediction models for URI, LRI,
and Gl including social network parameters as potential predictors. This study describes the develop-
ment and internal validation of three prediction models for symptomatic infections in a period of two
months: URI, LRI, and GI. The models were able to discriminate between those who experienced an in-
fection and those who did not, and had good calibration. The main finding was that the social network
parameters are strong independent predictors for infections in middle-aged and older persons. Moreo-
ver, most social network parameters had a beneficial association with the three infections. As such,
social network parameters are likely to be highly promising concepts in future infection prevention
strategies in older persons living at home. This study showed that the preventive potential of the social
network parameters is twofold. Combined with other factors such as season and problems with daily
activities, the beneficial social network parameters may be used as potential determinants that can be
reinforced by preventive interventions, and all social network parameters may be used in a predictive
tool to compute an individual's probability of an infection. Prior to the development of such strategies
or a tool, prospective external validation could be encouraged [31]. We do expect that external valida-
tion of the models would provide similar results as the shrinkage factors and optimism estimates in
our models were very small.

In the development of the prediction models, we focussed on social network parameters as it has
been shown that social networks can act as a buffer for infections by increasing immune function but
can also act as a vehicle for the spread of infections [7-9]; also, previous attempts to develop a predic-
tion model based on demographic, environmental, and lifestyle characteristics alone explained only a
relatively small proportion of the occurrence of respiratory infections or Gl [16].

The results of the present study showed detrimental as well as beneficial associations of the so-
cial network, and in all models, social network parameters were strong independent predictors for in-
fections. Simplified, results indicate that infection risk is higher with a higher number of social network
members (greater social network size), and with higher levels of emotional support. The latter seems
surprising, however, it may indicate that host resistance of persons with a higher need of emotional
support is compromised, as it has been shown that infection risk was higher among those with more
stressful life events [7]. A likely explanation for our findings is that a larger network indicates exposure
to a greater range of infectious agents, and therefore leads to a greater incidence of symptomatic in-
fections. In addition, the likelihood of meeting an infected person is higher in a large network. Yet, most
social network parameters assessed are negatively associated with an individual's probability of infec-
tions; preventive factors include close geographic proximity (persons living nearby), more network
members of the same age, higher proportion of family members, more contact moments with friends,
receiving more informational and practical support, and friends and family knowing each other. Previ-
ous research has shown that the family is an important source of social support [32], and higher levels
of social support have been shown to enhance several aspects of immune function [33, 34]. A possible
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explanation for our findings is that the participant’s close social network may act as a buffer for infec-
tions, indicating a positive impact on lower susceptibility to these infections.

There was some overlap between the models, as well as between infections reported. Therefore,
we checked whether we could combine URI and LRI, and URI, LRI, and Gl in combined prediction mod-
els. Yet, AUCs were substantially lower when combining the infections.

The use of social network assessment in the prevention of infectious diseases may be a promising
target in personalized care for the middle-aged and older persons population. Social network parame-
ters can be used twofold, namely directly to predict the probability of infections in a predictive tool, and
indirectly in preventive intervention programmes by addressing the beneficial parameters of the social
network or their counterparts. Yet, most network interventions were aiming to accelerate behaviour
change, many of them using peer-based interventions [14, 15]. The present study adds new insights in
possibilities to make use of the social network in prevention strategies. A summary of the associated
social network parameters and an indication of their potential use in preventive intervention programs
is depicted in table 7.

We currently face a gap in the management of infections in older persons: a growing population [1],
living longer [2], and being more susceptible to infections [3, 5], demanding increasing health care due
to infectious burden. If we would be able to slightly lower the mean level of exposure, we might have
more health impact at population level (‘the population strategy’) compared to individual treatment of
patients (a much smaller group) [35]. Our results may inform feasible and effective infection control,
and better self-management in older persons contributing to “healthy ageing” of the population. Our
results agree with the current EU policy that expects older persons to take care of themselves as
much as possible with help of their social network [6]. A new prevention strategy may fit this policy by
reinforcing the beneficial characteristics of the social network in older persons.

One strength of our study is that it includes a broad range of social network parameters in the de-
velopment of a prediction model for URI, LRI, and GI, which has not been done before. Another strength
is the internal validation procedure. Using shrinkage factor coefficients for calculating the probability
of an infection for future patients will less likely results in too extreme predictions. Furthermore, we
only had few missing values on most general predictors and the records that were incomplete were
imputed. Although we observed 25.6% missing values on income, we assumed the data were missing
at random, which means that the probability of missing is related to observed covariates. We used a
large amount of variables from the cohort for the imputation model. Our sensitivity analysis showed no
clinically relevant differences in AUC when the models where estimated on complete cases only. We
did not use complete case analysis for the main analysis since the assumptions are more strict and
thus is more likely to yield biased results and can cause a decrease in statistical power compared to
using imputation methods [26]. Moreover, we did not dichotomize continuous predictors, as this may
result in loss of information and reduction in statistical power [36].

Nevertheless, this study also has limitations. First, our data was of cross-sectional nature. External
validation is desirable and planned in prospective data to rule out reversed causality. Nonetheless, as
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our network assessment covered the past 6 months and infections in the past 2 months it is highly
unlikely that reverse causation would play a role and would have strongly biased our results. Second,
self-reporting may be subject to bias. Although the self-reporting of infections has been used suc-
cessfully in the past in relation to network assessment [10, 37], symptoms may be under or over-report-
ed. However, we focused on symptomatic infections, which may be favourable compared to laboratory
assessment, as we only include infections that were experienced as ‘illness’, and therefore contribute
to the perceived infectious burden in middle-aged and older persons. Third, we had seven events per
predictor in LRI and GI, while 10 events (infections reported) per predictor variable is recommended
[38]. However, we performed internal validation of the models to prevent overfitting that may be in-
duced by less than 10 events per variable in LRI and Gl. Another limitation of this study was missing
information on degree of urbanization, as this variable has also been shown to associate with respira-
tory infections [39]. However, the study area is defined by postal codes, approximately 60% of the pop-
ulation lives in an urban setting, and ~ 40% lives in a suburban/ rural setting [17].

Conclusions

To conclude, the use of social network parameters in prediction models for URI, LRI, and Gl seems
highly promising. In the present study, we used candidate predictors that were easily measurable in
practice, and may potentially be used in a practical intervention. Based on the models’ discriminatory
capacity and accuracy, results could be used directly to estimate arisk for infection given a defined set
of parameters, and indirectly in intervention programmes by addressing the beneficial parameters of
the social network. Thereby, the use of social network-based prediction models in the prevention of
infections in middle-aged and older persons may result in high benefits on a population level.
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Table 7 - Summary of associated social network parameters and indication of their potential
use in preventive infection intervention programs

Upper respiratory Lower respiratory Gastrointestinal Potential use in
tract infection tract infection tract infection intervention
programs
Close proximity? Beneficial Beneficial Beneficial Reinforce relation to
association association® association® close proximity
network members
Proportion of Beneficial Beneficial Beneficial Reinforce relation to
same-age network  association association association same-age network
members members
Practical support/ Beneficial Beneficial Beneficial Reinforce practical
Informational association association association and informational
support support from
network members
Total friend contacts Beneficial Reinforce friend
per half year association contacts
Density between Beneficial Reinforce network
friends and family association density
Social network parameters that were not considered useful for intervention programs
Social network size Detrimental Not considered
association useful to decrease
social network size
Emotional support Detrimental Not considered
association useful to reinforce
less emotional
support
Proportion of Beneficial Beneficial Beneficial Not considered
network members association association® association possible to increase
who are family proportion of family
members members in social
network

a Combined Proportions of network members who are household members, Proportion of network
members living within walking distance, Proportion of network members living less than Y2 hour away
by car

® In this model, the reference category showed a positive relationship
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The formula to compute an individual's probability of an upper respiratory tract infection in a period
of 2 months

The probability of an infection is =1/ (1+ e-LP), in which LP is de linear predictor or the combination of
all coefficients multiplied by their respective predictor values.

For example: the probability of an upper respiratory tract infection can be calculated as 1/ (1 + e-LP),
LP =1.058 -0.009*age (years) + 0.264*smoking behavior (yes=1) + 0.013*BMI (kg/m2) + 0.303*problems
with daily activities (yes=1) - 0.533*spring (yes=1) - 1.100*summer (yes=1) - 0.690*autumn (yes=1) -
0.002*total friend contacts per half year — 0.869*proportion of network members who are household
members — 0.455*proportion of network members living within walking distance — 0.384*proportion of
network members who are living less than %2 hour away by car - 0.448*proportion of same-age network
members - 0.449*proportion of network members who are family members - 0.132* density between
friends and family (score) + 0.065*emotional support (score) - 0.061* practical support (score).
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Supplemental Table 1- Baseline characteristics that were potential general predictors separated for
infection status

No URI URI No LRI LRI No Gl (¢]]

(n=2103) (n=945) (n=2703) (n=345) (n=2671) (n=378)

Age (year) 60.1(8.2) 59.3(8.4) 60.0(8.2) 58.4(8.3) 59.9(8.2) 59.2(8.3)
Male sex 1087 (51.7%)  589(50.7%) 1388 (51.4%)  177(51.3%)  1371(51.3%) 194 (51.3%)

Income (€, equivalent household size) 2032.9(815.0) 2029.0(840.5) 2036.7(814.7) 1984.5(889.1) 2032.5(820.3) 2024.8 (843.0)
Educational level'

* Low 697 (34.0%) 291(31.4%)  888(33.6%) 100(29.6%) 880 (33.8%) 110 (29.5%)
« Intermediate 571(27.8%) 262 (28.3%) 719(27.2%) M4 (33.7%) 726 (27.9%) 106 (28.4%)
« High 783 (38.2%) 374(40.3%)  1033(39.1%) 124 (36.7%) 1000 (38.4%) 157 (42.1%)
Employed (yes) 821(43.0%) 380 (45.4%) 1048 (42.8%)  153(51.0%) 1048 (43.5%) 153 (45.1%)
Partner (yes) 1736 (84.4%) 789 (84.3%)  2241(84.5%) 284 (83.0%) 2229 (85.1%) 298 (79.7%)
Ethnicity (Caucasian) 929 (98.5%) 2073 (98.6%) 2662 (98.6%) 340(98.8%) 2630 (98.6%) 373(98.7%)
Body Mass Index (kg/m?) 27.0 (4.5) 27.1(4.5) 26.9 (4.5) 27.8 (4.8) 27.0 (4.4) 27.5(4.9)
Smoking status

« Never 728 (35.5%) 313 (33.4%) 928 (35.1%) 113 (33.1%) 921(35.2%) 121(32.4%)
« Former 1076 (52.4%) 477 (51.0%) 1382 (52.2%) 171(501%) 1357 (51.9%) 195 (52.1%)
« Current 249 (12.1%) 146 (15.6%) 337 (12.7%) 57 (16.7%) 337 (12.9%) 58 (15.5%)
Alcohol consumption (yes) 1681(82.0%) 749 (80.3%) 2158 (81.7%)  271(79.5%) 2125 (81.4%) 303 (81.2%)
Type 2 diabetes (yes) 598 (28.7%) 262 (28.2%) 759 (28.4%) 101(30.0%) 731(27.7%) 131(35.4%)
Prior CVD (yes) 330(16.3%) 149 (16.1%) 417 (15.9%) 62 (18.4%) 420 (16.2%) 61(16.6%)
Depression (PHQY, yes) 79 (4.1%) 40 (4.7%) 94 (3.8%) 25 (8.2%) 88 (3.6%) 31(9.0%)
Depression (MINI current depressive

episode, yes) 67 (3.3%) 40 (4.4%) 88 (3.3%) 20 (6.0%) 88 (3.4%) 20 (5.4%)
Mental health status (MMSE total score) 28.1(1.3) 28.1(1.3) 28.1(1.3) 28.0(1.6) 28.1(1.3) 28.2(1.2)
Mobility

< Problems with daily activities (yes) 172 (8.4%) 108 (11.6%) 228 (8.7%) 53 (15.6%) 232 (8.9%) 50 (13.6%)
= Problems with walking (yes) 316 (15.5%) 170 (18.3%) 414 (15.7%) 72 (21.2%) 415 (15.9%) 72 (19.6%)
Healthcare consumption

« Medical specialist (yes) 747(38.6%)  335(39.6%)  952(38.4%)  130(43.2%)  935(38.3%) 147 (43%)
« Paramedic/ nurse (yes) 524 (27.2%) 246 (29.0%) 670(27.1%) 100 (33.3%) 678(27.9%) 93 (27.1%)
« Mental health professional (yes) 16 (6.1%) 48 (5.7%) 140 (5.7%) 24 (8.1%) 133 (5.5%) 31(9.1%)
« Inpatient care (yes) 24 (1.2%) 10 (1.2%) 31(1.3%) 3(1.0%) 28 (1.1%) 6 (1.8%)
Season of assessment

« Winter (December-March) 433(20.6%)  346(36.6%)  635(23.5%) 145 (42.0%) 676 (25.3%) 104 (27.5%)
< Spring (March-June) 558 (26.5%) 255 (27.0%) 697(25.8%)  115(33.3%) 714 (26.7%) 99 (26.2%)
« Summer (June-September) 636 (30.2%) 162 (17.1%) 758 (28.0%) 40 (1.6%) 705 (26.4%) 93 (24.6%)
Autumn (September-December) 476 (22.6%) 182 (19.3%) 613 (22.7%) 45 (13.0%) 576 (21.6%) 82 (21.7%)

*Data are presented as mean and standard deviation or absolute value (n) and percentage

'low education (no education, primary education, and lower vocational education), intermediate education (interme-
diate vocational education, higher secondary education, and vocational education) and high education (higher pro-
fessional education, university)

URI upper respiratory tract infection, LRI lower respiratory tract infection, Gl gastrointestinal tract infection
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Supplemental Table 2 - Network parameters that were used as potential predictors separated for
infection status

No URI URI No LRI LRI No GI (¢]]
(n=2103) (n=945) (n=2703) (n=345) (n=2671) (n=378)
Network size 9.7 (5.1) 10.2 (5.3) 9.8(5.1) 10.2(5.5) 9.8 (5.2) 10.4 (5.2)
(Contactfrequency
Total contacts per half year 229 (144) 227 (139) 229 (143)  223(134) 227 (142) 236 (137)
Total friend contacts per half yeart 19 (1-82) 20(3-72) 19 (2-74) 20 (3-90) 18 (2-71) 45 (5-98)
Total family contacts per half yeart 73 (18-144) 66 (14-144)  72(18-144) 61(13-120) 70 (18-144) 74 (14-144)
Total household contacts per half year* 48 (48-48) 48 (48-48) 48 (48-48) 48(48-48)  48(48-48) 48 (48-48)
Total neighbour contacts per half year* 0(0-2) 0(0-2) 0(0-2) 0(0-2) 0(0-2) 0(0-4)
Total acquaintance contacts per half year* 0(0-1) 0(0-1) 0(0-1) 0(0-1) 0(0-1) 0(0-2)
Total work relation contacts per half year* 0(0-0) 0(0-1) 0(0-0) 0(0-2) 0(0-0) 0(0-0)
Total child contacts per half year* 0(0-0) 0(0-0) 0(0-0) 0(0-0) 0(0-0) 0(0-0)
Prodimity
Percentage of network members who are household 13 (7-21) 13 (6-20) 13(7-20)  13(6-22) 13 (7-21) 1(6-19)
members?
Percentage of network members living within 26 (M-44) 25 (11-43) 26 (11-43) 25 (10-46) 26 (11-44) 25 (13-43)

walking distance*
Percentage of network members living less than 1/2h 38 (20-55) 36 (20-56) 38(20-55) 36(18-57) 36 (20-55) 38 (21-56)
away by car*

Percentage of network members living more than 6(0-21) 8(0-25) 7(0-22) 8(0-25) 6(0-22) 10 (0-25)
1/2h away by car*

Percentage of network members living further away* 0(0-0) 0(0-0) 0(0-0) 0(0-0) 0(0-0) 0(0-0)
Mixing
Percentage of same-age network members (+5 44.7(215)  43.23(20.4) 44,6 (21.3)  41.4(20.0) 44.4(212)  43.0(20.9)
years)

Heterogeneity

Sex heterogeneity (IQV, range 0-1) 0.86(0.20) 0.84(0.21) 0.85(0.21) 0.85(0.21) 0.85(0.21) 0.85(0.21)
Type of relationship

Percentage of family members* 59 (42-78)  57(40-75) 59 (42-75) 54(38-73)  59(42-75)  55(37-74)
Percentage of friends* 25 (9-43) 25 (13-42) 25(10-42) 27 (13-46) 25 (10-42) 30 (13-50)
Percentage of acquaintances (colleague, neighbour, 9(0-22) 11(0-25) 10 (0-22) 11(0-25) 10 (0-22) 10 (0-22)

club mate, other)*
Proxy for superficial contacts
Club membership (yes) 1385 (65.9%)  621(65.9%) 1786 (66.1%) 219 (63.8%) 1757 (65.9%) 249 (66.0%)

Density friends (friends know each other)

« Totally agree (1) 642 (30.6%) 290 (30.7%) 822(30.5%) 111(32.2%) 823(30.9%) 110 (29.1%)
« Agree(2) 914 (435%) 425 (45.0%) 1197 (44.4%) 141(40.9%) 1175 (44.1%) 165 (43.7%)
« Neutral (3) 239 (15.7%) 139 (14.7%)  412(15.3%) 56 (16.2%) 414 (15.5%) 53 (14.0%)
- Disagree (4) 192 (9.1%) 81(8.6%) 239(8.9%) 34(9.9%)  227(8.5%)  46(12.2%)
« Totally disagree (5) 22 (1.0%) 9 (1.0%) 28 (1.0%) 3(0.9%) 27 (1.0%) 4 (11%)
Density friends and family (friends know family)

- Totally agree (1) 807 (38.5%) 397 (42.1%) 1067 (39.6%) 138 (40.0%) 1055 (39.6%) 150 (39.7%)
« Agree(2) 909 (43.3%) 398 (42.2%) 1161(43.1%) 145 (42.%) 1145 (43.0%) 162 (42.9%)
« Neutral (3) 262 (12.5%) 95(10.1%)  322(11.9%) 35(10.1%) 320 (12.0%) 37(9.8%)
« Disagree (4) 98 (4.7%) 47 (5.0%) N9 (4.4%) 26 (7.5%) N8 (4.4%) 27 (1.1%)
- Totally disagree (5) 21(1.0%) 7(0.7%) 27(1.0%)  1(0.3%) 26 (1.0%) 2(0.5%)

Emotional support (discomfort) 2.65 (1.60) 2.72(1.61) 2.68(1.61) 2.69(157)  2.66(1.60) 2.78 (1.64)
Emotional support (important decisions) 2.98 (1.60) 3.13(1.58) 3.03(159) 3.02(1.63) 3.01(1.59) 3.16(1.60)
Practical support 2.77(1.53) 2.78 (1.52) 2.77(153) 2.82(1.47) 2.78 (1.53) 2.75(1.52)
Informational support 3.18 (1.66) 3.27 (1.68) 3.22(1.67) 3.13(1.68) 3.20 (1.66) 3.25(1.70)

* Data are presented as mean and standard deviation or absolute value (n) and percentage, unless stated
otherwise

1 Due to skewed distribution, data are presented as median and IQR.

URI upper respiratory tract infection, LRI lower respiratory tract infection, Gl gastrointestinal tract infection
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Abstract

Background: Social isolation is associated with type 2 diabetes (T2DM), but it is unclear which ele-
ments play a crucial role in this association. Therefore, we assessed the associations of a broad range
of structural and functional social network characteristics with normal glucose metabolism, pre-dia-
betes, newly diagnosed T2DM and previously diagnosed T2DM.

Methods: Participants originated from The Maastricht Study, a population-based cohort study (n=2861,
mean age 60.0+8.2 years, 49% female, 28.8% T2DM (oversampled)). Social network characteristics
were assessed through a name generator questionnaire. Diabetes status was determined by an oral
glucose tolerance test. We used multinomial regression analyses to investigate the associations be-
tween social network characteristics and diabetes status, stratified by sex.

Results: More socially isolated individuals (smaller social network size) more frequently had newly
diagnosed and previously diagnosed T2DM, while this association was not observed with pre-diabetes.
In women, proximity and the type of relationship was associated with newly diagnosed and previously
diagnosed T2DM. A lack of social participation was associated with pre-diabetes as well as with previ-
ously diagnosed T2DM in women, and with previously diagnosed T2DM in men. Living alone was associ-
ated with higher odds of previously diagnosed T2DM in men, but not in women. Less emotional support
related to important decisions, less practical support related to jobs, and less practical support for
sickness were associated with newly diagnosed and previously diagnosed T2DM in men and women,
but not in pre-diabetes.

Conclusion: This study shows that several aspects of structural and functional characteristics of the
social network were associated with newly and previously diagnosed T2DM, partially different for men
and women. These results may provide useful targets for T2DM prevention efforts.
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Background

The growing number of people with chronic conditions, such as type 2 diabetes mellitus (T2DM), is a
rising problem in health care. An estimated 171 million individuals worldwide had T2DM in 2000, and
this number is expected to increase to 366 million individuals in 2030, with a higher prevalence in
men [1]. Because T2DM leads to severe complications and significantly reduces life expectancy [2],
and multiborbidity is common [3], these figures underline the need for interventions that can pre-
vent the development of T2DM. Several environmental and lifestyle factors, as well as psychosocial
factors such as depression and stress, have been identified as relevant for the development of T2DM
[4-7]. Recently, there is raising interest for the role of social network characteristics in the develop-
ment of T2DM [7-14]. Prevention strategies that promote social integration and participation may
prove promising [15-18]. Among individuals with T2DM, beneficial effects of social support have been
reported on diabetes care [19], activation for self-management [20], and health/health-related be-
haviors [21].

Given the results of previous research, a more detailed and conjoint investigation of a broad range
of social network characteristics is essential. Previous studies on social network characteristics have
typically focused on either structural or functional characteristics, while both have been found to as-
sociate with T2DM risk [7-14]. For example, the single indicator low emotional support is associated
with a doubled risk of T2DM in women [7], while prevalent T2DM is also related to lower emotional
support [8]. Negative friend support increases the odds of T2DM by 30% in both men and women [14].
In addition, poor structural support has been shown to increase the risk of T2DM in men by 50%, partic-
ularly evident among those with a low education level [9]. Furthermore, several studies have found that
living alone was an independent predictor of T2DM in men, but not in women [7, 11,12]. In contrast, one
study reported that high social integration increased the odds of T2DM in men [12]. However, the asso-
ciations of social network characteristics with pre-diabetes or newly diagnosed T2DM were less clear,
studies accounting for pre-diabetes and newly diagnosed T2DM are rare [12, 13].

In light of these considerations, the aim of the present study was to assess the associations of a
broad range of social network characteristics with diabetes status. Specifically, we assessed
whether structural characteristics such as social network size, contact frequency, type of relation-
ship, living alone and social participation are associated with pre-diabetes and newly diagnosed and
previously diagnosed T2DM. Next, we addressed the question of whether functional characteristics
of the social network (social support) are associated with pre-diabetes, newly diagnosed T2DM and
previously diagnosed T2DM. To investigate the differences between men and women, all analyses
were stratified by sex.
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Methods

Study population

We used data from The Maastricht Study, an observational prospective population-based cohort
study. The rationale and methodology have been described previously [22]. In brief, the study focuses
on the etiology, pathophysiology, complications and comorbidities of type 2 diabetes mellitus (T2DM)
and is characterized by an extensive phenotyping approach. The study uses state-of-the-art imaging
techniques and extensive biobanking to determine both determinants and clinical outcomes of
health status.

Eligible for participation were all individuals aged between 40 and 75 years and living in the south-
ern part of the Netherlands. Participants with and without diabetes were recruited through mass me-
dia campaigns and from the municipal registries and the regional Diabetes Patient Registry via mail-
ings. Recruitment was stratified according to known T2DM status, with an oversampling of individuals
with T2DM, for reasons of efficiency. Enrollment started in November 2010 and is still ongoing, aiming
to include 10.000 participants. The present report includes cross-sectional data from the first 3451
participants, who completed the baseline survey between November 2010 and September 2013. The
examinations of each participant were performed within a time window of three months. Further infor-
mation on The Maastricht study can be found elsewhere [22].

After excluding participants who did not provide data on their social network (n=447 (12.9%), the
main reason for missing data was incomplete questionnaires), participants with type 1diabetes (n=33),
and other types of diabetes (n=4), and participants with missing information on covariates (n=106), a
total of 2861 participants were included in the present analyses. The participants without social net-
work data did not differ from those with these data with respect to diabetes status, sex, educational
level, or body mass index (BMI). However, the participants who did not provide social network data were
slightly younger than those who did (mean age 59 versus 60 years, (p<0.001)).

Measurements

Glucose metabolism status

To determine glucose metabolism status, all participants (except those who used insulin) underwent a
standardized 75 g oral glucose tolerance test (OGTT) after an overnight fast [22]. Glucose metabolism
was defined according to the World Health Organization 2006 criteria as normal glucose metabolism
(NGM), impaired fasting glucose (IFG), impaired glucose tolerance (IGT), or T2DM [23]. Individuals on
diabetes medication were classified as having T2DM. We defined pre-diabetes as having either IFG or
IGT and newly diagnosed (unaware) T2DM as negative self-reported T2DM with a positive OGTT.
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Social network questionnaire

Data on individual social networks were collected through a questionnaire using a name generator
method [24, 25]. A detailed description of this questionnaire can be found in the supplemental file (see
Supplemental file 1). The name generator first requires a respondent to identify actual persons, and
then several additional questions about these individuals are asked (sex, age, type of relationship, geo-
graphic distance, and the number of members who provided informational, practical or emotional sup-
port).

Structural characteristics of the social network

The structural network characteristics were computed from the questionnaire. In brief, network size
was defined as the total number of unique network members (alters) mentioned in the questionnaire.
Total contacts per half year was defined as the sum of all contacts per half year. In addition, the per-
centage of network members that the participant (ego) had daily/weekly contact with, that were
household members, that lived within walking distance, and the percentage of network members that
were family members or friends was computed. Those social network constructs of percentages with-
in the network were defined in steps of 10%. Based on an average network size of 10 network members,
a change in one network member corresponds to 10%.

Living alone was defined as a person who lived alone in his household. Social participation was
defined as membership in, for instance, a sports club, religious group, volunteer organization, discus-
sion group, self-support group, internet club, or other organization. Additional information on structur-
al social network characteristics used in the present study can be found in table 1.

Functional characteristics of the social network (social support)

Participants were asked to indicate the number of members who provided informational support, emo-
tional support related to discomfort, emotional support related to important decisions, practical sup-
port related to jobs, and practical support related to sickness. For every type of support, participants
could name a maximum of 5 network members. This results in a possible range of 0 to 5 for the func-
tional characteristics of the social network. Additional information on functional social network char-
acteristics used in the present study can be found in table 1.

General measurements

Self-administered questionnaires were used to assess educational level, employment status, smoking
status, alcohol consumption, history of cardiovascular disease (CVD), diabetes medication use and
diabetes duration. Body mass index (BMI) and hypertension were measured at the study centre [22].
General health was assessed with the SF-36 Health Survey and transformed scale scores were calcu-
lated according to Ware et al. (1994) [26].
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Statistical analysis

Descriptive analyses were performed to examine the characteristics of the study population, and
the results were presented as the mean and standard deviation (SD) or percentages and numbers.
To assess the differences between participants with NGM, pre-diabetes, newly diagnosed T2DM and
previously diagnosed T2DM, we performed chi-square, analysis of variance (ANOVA) and Krus-
kal-Wallis tests, as appropriate. We conducted multinomial logistic regression analyses to examine
the association of the social network variables with diabetes status, using NGM as reference. For
every network variable, odds ratios (ORs) and 95% confidence intervals (95%Cls) were reported. For
descriptive purposes, social network variables were reversed, i.e., multiplied by -1 (lower values on
social network variables indicated risk factor). Every network variable was assessed separately, risk
estimates were adjusted for age, BMI, educational level, employment status, alcohol consumption,
smoking status, hypertension, prior CVD and general health status (SF36). As previous research has
shown different associations between social network and diabetes status between men and women
[7,9,11,12], we tested for statistical interactions (effect modification) of the network variables with
sex. Because the majority of the social network variables showed an interaction with sex (p<0.1), all
analyses were stratified by sex. All analyses were conducted using IBM SPSS software version 21.0
(IBM Corp. Armonk, NY, USA). Associations with p<0.05 were considered statistically significant.

Results

The overall study population consisted of 2861 participants with a mean age of 60.0+8.2 years, of whom
slightly less than half were women (49%). Table 2 presents descriptive characteristics according to
diabetes status. A total of 1623 (56.7%) participants had a normal glucose metabolism status (NGM),
430 (15.0%) had pre-diabetes, 111 (3.9%) were newly diagnosed as T2DM at study entry, and 697 (24.4%)
had previously diagnosed T2DM. Participants with T2DM were older, more often men, had a higher BM],
were lower educated, were more often retired, were more often current smokers, were less often high
alcohol consumers, and had prior CVD and hypertension more often than participants with NGM or pre-
diabetes. In participants with previously diagnosed T2DM, the median self-reported diabetes duration
was 7 years (IQR 3.0-12.0). Participants with newly diagnosed T2DM were more often higher educated,
less often obese, less often current smokers, more often high alcohol consumers and had prior CVD
and hypertension less often than participants with previously diagnosed T2DM.

Description of structural characteristics of the social network

Figure 1 shows a simplified representation of the social network size, contact frequency, geographic
distance, and proportions of family members and friends according to diabetes status for both men
and women. In summary, the network size was 12,11, 9, and 8 in women with NGM, pre-diabetes, newly
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Table 1-Variable descriptions of the structural and functional social network characteristics

Variable name Definition Unit of
measurement
(possible
range)
Network size The total number of unique network members mentioned in the N
questionnaire. Participants with a smaller social network size were (0-40)
considered as more socially isolated.
Contact frequency
Total contacts per half A contact was defined as an interaction between persons. Total contacts N
year (interactions between persons) per half year were computed as follows. (0-1920)
We used the highest contact frequency (e.g., daily contact) for every network
member as an indicator of the actual contact frequency. Second, we recoded
the answer categories of the questionnaire to an estimated number of
contacts per half year. For example, “half-yearly” was assumed to comprise
one contact, "quarterly” two contacts, “monthly” 6 contacts and “daily or
weekly" 48 contacts. Third, we computed the sum of all contacts per half
year as the total contact frequency.
Percentage of We calculated the percentage of network members that the participant had %
daily-weekly contact daily or weekly contact with as the number of daily/weekly contacts divided (0-100)
by network size.
Proximity
Percentage of network  We considered geographic proximity as the percentage of all network %
members living within members who lived within walking distance, calculated as the number of (0-100)
walking distance network members living within walking distance divided by network size.
Type of relationship
Percentage household ~ We calculated the percentage of household members as the number of %
members network members living in the same household divided by network size. (0-100)
Percentage family We calculated the percentage of family members within the network as the %
members number of family members divided by the network size. (0-100)
Percentage friends We calculated the percentage of friends within the network as the number %
of friends divided by the network size. (0-100)
Living alone Living alone was defined as a person who lived alone in his/ her household. (yes/no)
Social participation Social participation was defined as membership in, for instance, a sports (yes/no)
club, religious group, volunteer organization, discussion group, self-support
group, internet club, or other organization.
Functional characteristics of the social network
Informational support Informational support was defined as the number of network members that N
give advice on problems (0-5)
Emotional support Emotional support related to discomfort was defined as the number of N
(discomfort) network members that provide emotional support when participants were (0-5)
feeling unwell
Emotional support Emotional support related to important decisions was defined as the N
(important decisions) number of network members that provide the opportunity to discuss (0-5)
important matters
Practical support (jobs)  Practical support related to jobs was defined as the number of network N
members that help with small and larger jobs around the house (0-5)
Practical support Practical support related to sickness was defined as the number of network N
(sickness) members that provide practical help when participants were sick (0-5)

95




Part Il - Chapter 4

diagnosed T2DM and previously diagnosed T2DM, respectively. In men, the network size was 10 in NGM
and pre-diabetes and 7 in newly diagnosed and previously diagnosed T2DM. The total number of con-
tacts per half year was 268, 252, 224, 212 in women with NGM, pre-diabetes, newly diagnosed T2DM and
previously diagnosed T2DM, respectively, and 224, 216,175, 189 for men, respectively. The percentage of
daily/weekly contacts was 46.3% in NGM and 54.2% in previously diagnosed T2DM. The percentage of
family members was 55.9% in the NGM group and 64.7% in the previously diagnosed T2DM group. The
percentage of friends was 30.0% in NGM and 21.4% in previously diagnosed T2DM (table 2).

The prevalence of living alone was 14.7%, 17.4%, 17.1% and 20.2% and the prevalence of social par-
ticipation was 71.6%, 64.2%, 61.1%, and 56.4% in NGM, pre-diabetes, newly diagnosed T2DM and previ-
ously diagnosed T2DM, respectively (table 2).

Prediabetes Newly diagnosed T2DM

More than More than
walking distance walking distance

% Friend Family member @ Other o Daily/weekly contact O Monthly contact or less

Figure 1- Structural network characteristics stratified by diabetes status among women and men

Description of functional characteristics of the social network

Participants with newly diagnosed and previously diagnosed T2DM reported lower levels of informa-
tional support related to advice on problems, emotional support related to discomfort and related to
important decisions and practical support related to jobs around the house and related to sickness
than participants with NGM or pre-diabetes (table 2).
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Table 2 - General and social network characteristics of the study population

Newly Previously
Pre-diabetes diagnosed T2DM diagnosed T2DM
NGM (n=1623) (n=430) (n=111) (n=697)
Age 58.1+8.1 616+75 629+75 62777 <0.001
Male sex (%) 42.2 53.3 631 69.4 <0.001
Body mass index (kg/m?) 255+3.6 2717 +43 28.8+4.8 29.9+£5.0
Educational level (%)
o low? 26.1 34.7 34.2 47. <0.001
« intermediate’ 275 28.1 30.6 277
« high* 457 36.3 34.2 245
Employment status (%)
« employed 46.8 35.3 288 278 <0.001
- retired 26.6 36.0 45.0 37.0
 nopaid job 19.6 19.8 19.8 20.1
« not known 71 8.8 6.3 15.1
Smoking status (%)
* never 39.6 29.8 333 27.7 <0.001
« former 48.4 57.0 57.7 55.8
« current n9 13.3 8.1 16.1
Alcohol consumption, glasses per week 73+71 91+10.6 93+10.6 61+£85 <0.001
Prior CVD (%) 1.6 121 20.7 275 <0.001
Hypertension (%) 412 63.6 75.7 83.9 <0.001
Diabetes medication use (%) n/a n/a n/a 90.9 n/a
Diabetes duration (years; median, Q1-Q3;
n=567) n/a n/a n/a 7.0 (3.0-12.0) n/a
Network size 1.00+5.15 10.02 + 5.08 7.68 + 459 7.61+4.38 <0.001
Contact frequency
Total contacts per half year 24933 £144.09  233.13 +145.26 193.14 £123.39 19655 +125.58 <0.001
Percentage of daily-weekly contact 46.29 + 24.41 4715 +25.09 53.67 + 28.04 54.16 +28.01 <0.001
Proximity
Percentage of network members living
within walking distance 28.96 +21.28 30.79 +23.60 27.51+24.07 27.67 +24.20 0.158
Type of relationship
Percentage household members 14.00 +12.48 14.42 +13.84 2119 +20.71 17.53 £17.41 <0.001
Percentage family members 55.94 +22.34 58.30 + 23.68 6178 +27.22 64.68 +26.00 <0.001
Percentage friends 30.05 +20.30 2723 +20.95 22.76 +21.06 2143 +21.96 <0.001
Living alone (%) 147 7.4 171 20.2 <0.05
Social participation (%) 71.6 64.2 61.1 56.4 <0.001
Informational support® 3516 3217 2717 2717 <0.001
Emotional support (discomfort)? 3016 26x16 21+15 22+15 <0.001
Emotional support (important decisions)? 34+15 29+16 2517 24+15 <0.001
Practical support (jobs)® 30+15 2715 2314 24 +14 <0.001
Practical support (sickness) 25+ 14 22+14 1.8+13 1.9+13 <0.001

Total study population n=2861, NGM normal glucose metabolism, T2DM type 2 diabetes mellitus
(newly or previously diagnosed).

"p-values were obtained from ANOVA (p for trend)/ Kruskal-Wallis/ Chi-Square tests.

2 low education (no education, primary education, and lower vocational education) ® intermediate educa-
tion (intermediate vocational education, higher secondary education, and vocational education)
“ high education (higher professional education, university)

2 Social support variables have a range from 0 to 5. Values are means (SD), unless stated otherwise.
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Association of structural characteristics of the social network with diabetes status

Table 3 shows that each fewer network member reported (smaller network size) was associated with
12% higher odds of newly diagnosed T2DM and a 8% higher odds of previously diagnosed T2DM in
women and an 10% and 5% higher odds of newly diagnosed T2DM and previously diagnosed T2DM in
men, respectively, compared to NGM. Each 10% drop in network members living within walking dis-
tance was associated with an 21% higher odds of newly diagnosed T2DM and with an 9% higher odds
of previously diagnosed T2DM in women. Every additional 10% of the network that was a household
member was associated with a 25% higher odds of newly diagnosed T2DM and an 15% higher odds of
previously diagnosed T2DM in women and a 29% higher odds of newly diagnosed T2DM in men. Each
10% drop in network members who were friends was associated with a 14% higher odds of previously
diagnosed T2DM in women. In women, no significant associations between living alone and diabetes
were observed. In men, living alone was associated with a 59% higher odds of pre-diabetes (borderline
significant), a 84% higher odds of newly diagnosed T2DM (borderline significant), and a 94% higher
odds of previously diagnosed T2DM compared to NGM (table 3). A lack of social participation was as-
sociated with a 60% higher odds of pre-diabetes and a 112% higher odds of previously diagnosed T2DM
in women, compared to NGM (table 3). In men, lack of social participation was associated with a 42%
higher odds of having previously diagnosed T2DM. In figure 2, ORs for social participation and living
alone were depicted.

Association of functional characteristics of the social network with diabetes status

One unit less emotional support on important decisions was associated with a 34% higher odds of
newly diagnosed T2DM in women. One unit less practical support with small jobs was associated with
a 16% higher odds of previously diagnosed T2DM in women. One unit less practical support with sick-
ness was associated with a 45% higher odds of newly diagnosed T2DM and a 21% higher odds of previ-
ously diagnosed T2DM in women, compared to NGM. In men, one unit less emotional support on impor-
tant decisions was associated with a 19% higher odds of newly diagnosed T2DM and a 11% higher odds
of previously diagnosed T2DM. One unit less practical support with small jobs was associated with a
21% higher odds of newly diagnosed T2DM in men. One unit less practical support with sickness was
associated with a 25% higher odds of newly diagnosed T2DM and a 13% higher odds of previously diag-
nosed T2DM in men, compared to NGM.
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Table 3 - Associations of social network characteristics with diabetes status stratified by sex

Outcome variables stratified by sex

Women Men
Pre- Newly Previously | Pre-diabetes Newly Previously
diabetes diagnosed diagnosed (n=229) diagnosed diagnosed
(n=201) T2DM (n=41) T2DM (n=213) T2DM (n=70) T2DM (n=484)
OR (95%CI) OR(95%CI)  OR (95%CI) | OR(95%CI) OR(95%CI)  OR (95%CI)
Explanatory variables
Structural characteristics of the social network
Smaller network size (for every 1.02 112* 1.08*** 0.99 1.10** 1.05**
fewer network member) (0.99-1.06) (1.03-1.22) (1.04-113) (0.95-1.02) (1.03-1.18) (1.02-1.09)
Contact frequency
Total contacts per half year (for 1.00 0.98 0.98* 1.00 0.98# 0.99
every 10 additional contacts) (0.99-1.01) (0.96-1.01) (0.97-1.00) (0.99-1.01) (0.96-1.00) (0.98-1.02)
Percentage of daily-weekly contact 0.99 110 1.07# 0.99 1.08# 1.04
(for every additional 10%) (0.92-1.05) (0.97-1.26) (0.99-1.15) (0.93-1.05) (0.98-1.19) (0.98-1.09)
Proximity
Percentage of network members
living within walking distance (for 1.03 121 1.09* 0.98 1.02 1.05#
every fewer 10%) (0.95-1.11) (1.02-1.42) (1.01-1.19) (0.91-1.05) (0.91-113) (0.99-1.12)
Type of relationship
Percentage household members 1.06 1.25%* 1.15* 0.96 1.29*** 0.99
(for every additional 10%) (0.93-1.20) (1.05-1.50) (1.03-1.29) (0.85-1.08) (1.12-1.49) (0.90-1.09)
Percentage family members (for 1.02 1.06 1.08# 0.98 1.04 1.03
every additional 10%) (0.94-1.10) (0.92-1.22) (0.99-1.17) (0.92-1.04) (0.94-1.16) (0.97-1.09)
Percentage friends (for every 10% 1.05 114 114 1.00 1.08 1.04
less) (0.96-1.14) (0.96-1.35) (1.04-1.26) (0.93-1.08) (0.95-1.22) (0.98-1.11)
1.00 0.59 0.87 1.59# 1.84# 1.94**
Living alone (0.66-1.52) (0.24-1.44) (0.54-1.39) (0.98-2.60) (0.89-3.81) (1.29-2.93)
160 172 2127 131 1.57# 1.42%
Lack of social participation (1.12-2.27) (0.84-3.55) (1.44-3.13) (0.93-1.85) (0.92-2.68) (1.06-1.90)
Functional characteristics of the social network
0.98 113 1.09 1.02 112 1.02
Less informational support? (0.88-1.10) (0.92-1.40) (0.97-1.23) (0.92-1.12) (0.96-1.31) (0.93-1.10)
Less emotional support 1.04 1.22# 112# 1.08 117# 1.06
(discomfort)® (0.94-1.16) (0.97-1.53) (0.99-1.27) (0.98-1.21) (0.98-1.41) (0.96-1.16)
Less emotional support (important 1.08 1.34* 114 1.06 119* 111*
decisions)? (0.96-1.21) (1.06-1.69) (0.98-1.26) (0.95-1.18) (1.00-1.43) (1.01-1.22)
1M# 119 116* 1.03 121 1.04
Less practical support (jobs)? (1.00-1.24) (0.94-1.50) (1.02-1.32) (0.93-1.15) (1.01-1.46) (0.95-1.14)
107 1.45* 121 1.08 1.25* 113*

Less practical support (sickness) (0.95-1.20) (1.07-1.96) (1.05-1.41) (0.96-1.21) (1.02-1.54) (1.02-1.25)

All analyses were adjusted for age, body mass index, educational level, employment status, alcohol
consumption, smoking status, Hypertension, prior CVD and general health (SF36). NGM, normal glu-
cose metabolism; T2DM, type 2 diabetes mellitus.? Social support variables have a range from 0 to 5.
OR; Odds ratio, 95%Cl; 95% Confidence interval. #p<0.1 *p<0.05 **p<0.01 ***p<0.001
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Discussion

This study is the first to assess the associations between T2DM and a broad range of functional and
structural network characteristics in adults. The study shows that more socially isolated individuals
(smaller social network size) more frequently had newly diagnosed and previously diagnosed T2DM,
while this association was not observed with pre-diabetes. In women, proximity and the type of rela-
tionship was associated with newly diagnosed and previously diagnosed T2DM. A lack of social par-
ticipation was associated with pre-diabetes as well as with previously diagnosed T2DM in women, and
with previously diagnosed T2DM in men. Living alone was associated with higher odds of previously
diagnosed T2DM in men, but not in women. Less emotional support related to important decisions was
associated with newly diagnosed T2DM in women, and both newly and previously diagnosed T2DM in
men. Less practical support related to jobs was associated with previously diagnosed T2DM in women
and newly diagnosed T2DM in men. Less practical support for sickness was associated with newly di-
agnosed and previously diagnosed T2DM in men and women. These associations were not observed in
pre-diabetes.

All associations between social network characteristics and diabetes status were independent of
BMI, educational level, employment status, alcohol consumption, smoking status, general health sta-
tus and chronic conditions as prior CVD and hypertension.

Structural social network characteristics

The present study showed that social isolation, indicated by a smaller social network size, was associ-
ated with higher odds of newly diagnosed and previously diagnosed T2DM in men and women. This
finding is in line with longitudinal analyses conducted by Altevers et al. (2015), and Lukaschek et al.
(2017) who found that poor structural support (measured by Social Network index [SNI], including a
measure of social network size) increased the risk of T2DM [9, 27]. In addition, our data show that a
smaller social network size was only associated with T2DM, not with pre-diabetes. This is also consist-
ent with longitudinal data, which did not find significant associations of social integration, including
structural characteristics, with pre-diabetes [12]. Furthermore, we as well as Gallo et al. (2015) ob-
served associations between structural network characteristics and T2DM among both sexes [13],
while Altevers et al. (2015) found this association among men, but not among women [9]. A possible
explanation for this discrepancy is that Altevers et al. (2015) limited the variability in their sample by
dichotomizing the Social Network Index (SNI), while we and Gallo et al. (2015) used a continuous scale.
Therefore, their non-significant findings in women may be attributable to low power [9].

In women, higher percentages of network members living within walking distance and higher per-
centages household members were associated with newly and previously diagnosed T2DM. Similarly,
a network composed of fewer friends was associated with higher odds of previously diagnosed T2DM
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in women, suggesting that the smaller network size in T2DM is largely attributable to having less
friends than those with NGM. The associations of proximity and the type of relationship with T2DM in
women indicate that a network that is centralized to those with the closest relationships, with less
network members at a social and geographical distance, is associated with T2DM. In men, we observed
that higher percentages of household members were associated with newly diagnosed T2DM. Further-
more, these associations were again not observed in pre-diabetes.

As we are the first to address the composition of the social network in terms of proximity and type
of relationship in relation to T2DM, and as significant associations have mostly been observed for
women, further research is needed to corroborate our findings.

Living alone was associated with higher odds of newly diagnosed and previously diagnosed T2DM
in men, but not in women. This finding is consistent with previous longitudinal studies that identified
living alone as a risk factor for T2DM [11, 27], while having a partner decreases the risk for T2DM [12] in
men but not in women. Moreover, similar to Hilding et al. (2015), we only found borderline significant
associations between living alone and pre-diabetes [12]. However, these non-significant risk estimates
may be attributable to a low power, as we had a relatively small sample to address this association
(less than 40 men with pre-diabetes were living alone).

The lack of social participation was associated with pre-diabetes in women and with previously
diagnosed T2DM in both men and women. In longitudinal research, participation in social activities has
been shown to decrease the risk of pre-diabetes and T2DM in women and the risk of pre-diabetes in
men [12]. However, in this cross-sectional study, we cannot exclude the possibility that early changes
in glucose metabolism may cause non-specific complaints such as tiredness and feeling unwell,
which may explain why individuals chose to limit their social participation. In either scenario, social
participation may serve as a target for intervention or an indicator suitable for diabetes prevention
strategies.

Functional social network characteristics

In the present study, we observed that less emotional support with important decisions was associat-
ed with newly diagnosed T2DM in women, and both newly and previously diagnosed T2DM in men. Less
practical support with small jobs was associated with previously diagnosed T2DM in women and new-
ly diagnosed T2DM in men. Less practical support for sickness was associated with newly diagnosed
and previously diagnosed T2DM in men and women. Both Norberg et al. (2007) and Jones et al. (2015)
showed that low emotional support was associated with T2DM in women [7] and older adults [8], al-
though their methods used to assess functional support were less detailed. The longitudinal results
from Norberg et al. (2007) suggest that low functional support increases the risk of T2DM [7].

To our knowledge, this study is the first to assess the association of a broad range of functional
support measures with pre-diabetes, newly diagnosed T2DM and previously diagnosed T2DM. Our re-
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sults indicate that emotional support in important decisions, and practical support with small jobs and
in sickness were important characteristics that should be addressed in T2DM prevention strategies.
However, in this cross-sectional study, we cannot assess whether participants received an absolutely
lower level of functional support, or whether they perceive it as less adequate to their needs (that
means relatively lower), and therefore, their satisfaction with functional support is lower. Recently, it
has been shown that low social network satisfaction is associated with increased risk of T2DM [27].

Strengths & Limitations

A major strength of the current study was the measurement of structural and functional characteris-
tics with the use of a name generator, one of the best known, most detailed and most widely used in-
struments to examine ego-centered network data [28]. This resulted in a much broader range of struc-
tural and functional social network characteristics than assessed in previous studies. Next, we were
able to examine the associations of structural and functional network characteristics in individuals
with pre-diabetes, newly diagnosed and previously diagnosed T2DM compared to those with NGM. The
associations of pre-diabetes and newly diagnosed T2DM have rarely been studied before. Moreover, we
adjusted the analyses for several different variables, i.e. age, body mass index, educational level, em-
ployment status, smoking status, alcohol consumption, general health and chronic medical condi-
tions, showing robust results, which makes residual confounding unlikely. Finally, the population-based
design of The Maastricht Study and its size were key assets [22].

A few limitations should also be mentioned. The study is cross-sectional in nature, and therefore,
the possibility of reverse causality cannot be excluded. Furthermore, as we performed multiple statis-
tical tests, our analyses may include false positive results. However, the majority of significant associ-
ations had a p-value <0.01or even <0.001, limiting the chance of false positive findings. Additionally, the
present study population consisted of relatively healthy participants, asis commonin population-based
cohort studies, and it is possible that we did not include those in the population who were the most
socially isolated. Therefore, we may have underestimated the effect sizes.

Implications

Targeting social network characteristics may prove a promising prevention strategy for T2DM. More
socially isolated individuals (smaller network size) more often had T2DM. Broadening their network
should be encouraged, as we have shown that a smaller social network size was associated with T2DM
in both men and women. Moreover, social participation was associated with pre-diabetes and previ-
ously diagnosed T2DM, stimulating participants to became members of a club may also be considered
in future intervention development. In addition, social participation may be used as an indicator in dia-
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betes prevention strategies. Moreover, interventions aiming to generate behavioral change (e.g., physi-
cal activity) may also tailor to the social network of the participant, as it has been shown that network
targeting can be used to increase the adoption of specific public health interventions [17]. In addition,
as men living alone seem to be at a higher risk for the development of T2DM, they should be indicated
as high-risk group.

Moreover, targeting social network characteristics may also have benefits for other chronic condi-
tions, as it has been shown that most of those with a long-term disorder are multimorbid [29], and so-
cial network characteristics have been found to associate with cardiovascular, endocrine, and immune
function [30]. In addition, social isolation and living alone have been found to increase the likelihood of
mortality [31].

Conclusions

To conclude, this study was the first to assess a broad range of structural and functional social net-
work characteristics and their associations with normal glucose metabolism, pre-diabetes, newly di-
agnosed T2DM and previously diagnosed T2DM in a large sample of 40- to 75-year-old adults. These
results were independent of BMI, educational level, employment status, alcohol consumption, smok-
ing status, general health status and chronic conditions as prior CVD and hypertension. Men and wom-
en who were more socially isolated, and who received less emotional and practical support, more
frequently had newly and previously diagnosed T2DM, while this was not observed in individuals with
pre-diabetes. In women, proximity and the type of relationship was associated with newly and previ-
ously diagnosed T2DM. A lack of social participation was associated with pre-diabetes in women, as
well as with previously diagnosed T2DM in both sexes. Living alone was associated with higher odds of
previously diagnosed T2DM in men, but not in women. This study shows that several aspects of struc-
tural and functional characteristics of the social network were associated with newly and previously
diagnosed T2DM, partially different for men and women. These results may provide useful targets for
T2DM prevention efforts.
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Supplemental file 1. A detailed description of the social network questionnaire.

Social network questionnaire

The participants received a questionnaire with seven questions on different types of contacts and were
asked to name a maximum of five persons (network members). The questions concerned 1) persons
who advised them on problems, 2) persons who could offer them practical help if they were sick, 3)
persons who provided emotional support when they were feeling unwell, 4) persons who helped them
with small and larger jobs around the house, 5) persons they visited for social purposes or with whom
they could sometimes get together, and 6) persons with whom they could discuss important matters,
and finally, 7) the participants were asked to name a maximum number of ten additional persons who
were also important to them. In total, participants could name a maximum number of 40 network
members. After every question and for each network member named, they were asked to indicate their
frequency of contact with this person over the last six months (daily or weekly, monthly, quarterly, and
half-yearly). This was asked for all seven types of contacts. Moreover, the participants were asked to
identify their relationship to this person (e.g., partner, sister, friend, neighbor, etc. (28 options)), how far
away this person lived (walking distance, less than half an hour away by car, more than half an hour
away by car, more distant) and to indicate this person's sex and actual or estimated age.

The participants were also asked whether they were a member of a club (yes/no) and, if so, to iden-
tify the club(s) (sports club, religious group, volunteer organization, discussion group, self-support
group, Internet club, or another organization) and how often they frequented it (daily/weekly, monthly,
occasionally).
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Supplemental Table 1- Associations of social network characteristics with diabetes status stratified
by sex, additionally adjusted for hypertension, prior CVD and general health status (SF36)

Women (n=1366) Men (n=1433)

Pre- Newly T2DM Pre- Newly T2DM

diabetes diagnosed (n=207) diabetes diagnosed (n=471)
Reference category; NGM (n=195)  T2DM (n=41) (n=223) T2DM (n=69)

OR (95%CI) OR (95%CI) OR (95%CI) | OR (95%CI) OR (95%CI) OR (95%CI)
Structural characteristics of the social network

Smaller network size (for every 1.02 111 110 0.99 111 1.06***
fewer network member) (0.99-1.06) (1.03-1.21) (1.05-115)  (0.96-1.02) (1.03-118)  (1.02-1.09)
Contact frequency
Total contacts per half year (for 1.00 0.99 0.98** 1.00 0.98* 0.99
every 10 additional contacts) (0.99-1.01)  (0.96-1.01)  (0.97-0.99)  (0.99-1.01) (0.96-1.00)  (0.98-1.00)
Percentage of daily-weekly
contact (for every additional 0.99 1.09 1.07 1.00 1.08 1.04
10%) (0.93-1.06)  (0.96-1.25) (1.00-115)  (0.94-1.06) (0.99-1.19) (0.99-1.10)
Proximity
Percentage of network members
living within walking distance 1.04 1.21* 1.08* 0.97 1.02 1.05
(for every fewer 10%) (0.96-1.12) (1.02-1.42) (1.00-1.17) (0.91-1.04) (0.92-1.14) (0.99-1.11)
Type of relationship
Percentage household members 1.06 1.25** 116** 0.95 1.26*** 0.99
(for every additional 10%) (0.93-1.20) (1.05-1.49) (1.04-1.31)  (0.84-1.07) (1.09-1.45)  (0.98-1.09)
Percentage family members (for 1.02 1.07 1.07 0.97 1.03 1.03
every additional 10%) (0.94-110)  (0.93-1.23) (0.99-1.16) (0.91-1.04) (0.93-1.14)  (0.98-1.09)
Percentage friends (for every 1.04 113 114** 1.00 1.07 1.05
10% less) (0.96-113)  (0.96-1.34) (1.04-1.25)  (0.93-1.07) (0.95-1.21) (0.99-1.12)
Living alone (%) 1.05 0.59 0.99 159 1.98 2.03***
(0.69-158)  (0.24-1.44)  (0.63-1.56)  (0.98-2.58) (0.98-4.02)  (1.34-3.05)
No club membership (%) 1.64** 1.66 2.42*** 1.28 1.54 1.44**

(1.15-2.32) (0.81-3.41)  (1.66-3.54) (0.91-1.80) (0.90-2.63) (1.08-1.93)
Functional characteristics of the social network

Less informational support? 0.98 m 112* 1.01 112 1.02

(0.88-1.09)  (0.90-1.36) (1.00-1.25) (0.92-1.11) (0.96-1.31) (0.94-1.11)
Less emotional support 1.03 119 1.14* 1.08 119 1.05
(discomfort)® (0.92-1.14) (0.95-1.49) (1.01-1.29) (0.97-1.20) (1.00-1.44) (0.96-1.16)
Less emotional support 1.07 1.29* 1.15* 1.05 1.20* 113
(important decisions)? (0.96-1.20) (1.03-1.63) (1.02-1.31) (0.95-1.17) (1.00-1.43) (1.03-1.23)
Less practical support (jobs)? 110 117 118** 1.03 1.21* 1.04

(0.98-1.23)  (0.93-1.48) (1.04-1.34) (0.92-1.14) (1.01-1.46) (0.95-1.14)
Less practical support (sickness) 1.04 1.41* 1.24** 1.07 1.28* 1.15**
? (0.93-1.18) (1.05-1.89) (1.07-1.43) (0.96-1.21) (1.04-1.57) (1.03-1.27)

All analyses were adjusted for age, body mass index, educational level, employment status, hypertension,
prior CVD, and general health.

NGM, normal glucose metabolism; T2DM, type 2 diabetes mellitus. 2 Social support variables have a range
from 1to 5. OR; Odds ratio, 95%Cl; 95% Confidence interval.*p<0.05 **p<0.01 ***p<0.001. Data on hyperten-
sion, prior CVD and general health were missing in 168 participants.
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Abstract

Objective: The relation between clinical complications and social network characteristics in type 2
diabetes mellitus (T2DM) has hardly been studied. Therefore, we examined the associations of social
network characteristics with macro- and microvascular complications in T2DM and investigated
whether these associations were independent of glycemic control, quality of life, and well-known car-
diovascular risk factors.

Research design and methods: Participants with T2DM originated from the Maastricht Study, a popu-
lation-based cohort study (n =797, mean age 62.7 6 7.6 years, 31% female). Social network characteris-
tics were assessed through a name generator questionnaire. Diabetes status was determined by an
oral glucose tolerance test. Macro- and microvascular complications were defined as a history of
cardiovascular disease and the presence of impaired vibratory sense and/or retinopathy and/or albu-
minuria, respectively. We assessed cross-sectional associations of social network characteristics with
macro- and microvascular complications by use of logistic regression adjusted for

age, HbAlc, quality of life, and cardiovascular risk factors, stratified for sex.

Results: A smaller network size, higher percentages of family members, and lower percentages of
friends were independently associated with macrovascular complications

in both men and women. A smaller network size and less informational support were independently
associated with microvascular complications in women, but not in men.

Conclusions: This study shows that social network characteristics were associated with macro and
microvascular complications. Health care professionals should be aware of the association of the
social network with T2DM outcomes. In the development of strategies to reduce the burden of disease,
social network characteristics should be taken into account.
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Introduction

Macro- and microvascular complications of type 2 diabetes mellitus (T2DM) are associated with in-
creased disability, reduced quality of life (QoL), reduced life expectancy, and substantial economic
impact for society [1]. Multiple studies have shown the beneficial effects of improved blood glucose
levels, blood pressure, cholesterol levels, smoking cessation, and other lifestyle behaviors on the risk
of complications [1-3]. Recent data suggest that there may be an important influence of the social
network on diabetes self management and complications [4-12]. Available studies in T2DM have either
focused on functional network characteristics [4,5], which include measures on social support, such
as emotional support, practical support, or informational support [13], or on structural network charac-
teristics, which refer to network size, contact frequency, or the type of relationship within the social
network [14,15]. For instance, higher levels of social support, a functional network characteristic, have
been associated with lower blood pressure, lower LDL cholesterol, better glycemic control, and im-
proved lifestyle behaviors [4-6]. In addition, low levels of social support have been associated with the
prevalence of T2DM [16], as well as with lower QoL and higher mortality in T2DM [10,11]. Data from the
general population have convincingly shown that a lack of social support is associated with an in-
creased cardiovascular disease (CVD) risk [17].

Structural characteristics, such as a smaller network size, have also been associated with the
prevalence of T2DM [16]. In the general population, a smaller network has been associated with the
incidence of stroke [18] and mortality [19], whereas in patients with a chronic condition, a wider variety
of social interactions was found to support physical health and emotional well-being [7]. Furthermore,
in patients with T2DM with complications, a smaller network size has been associated with the inci-
dence of chronic kidney disease and mortality [12]. Previous studies highlight the potential of social
network interventions to lower the risk of diabetes complications via improved glycemic control [20].
However, evidence on the direct association of functional and structural network characteristics with
T2DM complications is scarce.

In view of the above, we assessed the associations of functional and structural social network
characteristics with macro- and microvascular complications in T2DM and investigated whether these
associations were independent of glycemic control, QoL, and cardiovascular risk factors.

Research design and methods

Study population

We used data from The Maastricht Study, an observational prospective population-based cohort
study. The rationale and methodology have been described previously [21]. In brief, the study focuses
on the etiology, pathophysiology, complications and comorbidities of type 2 diabetes mellitus (T2DM)
and is characterized by an extensive phenotyping approach. Eligible for participation were all indi-
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viduals aged between 40 and 75 years and living in the southern part of the Netherlands. Participants
were recruited through mass media campaigns and from the municipal registries and the regional
Diabetes Patient Registry via mailings. Recruitment was stratified according to known T2DM status,
with an oversampling of individuals with T2DM, for reasons of efficiency. The present report includes
cross-sectional data from the first 3451 participants, who completed the baseline survey between
November 2010 and September 2013. The examinations of each participant were performed within a
time window of three months. The study has been approved by the institutional medical ethical
committee (NL31329.068.10) and the Minister of Health, Welfare and Sports of the Netherlands (Per-
mit 131088-105234-PG). All participants gave written informed consent. In the present report, all par-
ticipants with type 2 diabetes (n=975) were included. Complete data on social network, potential
confounders and macro- or microvascular complications were available in 797 participants. The rea-
sons for missing data were incomplete questionnaires (n=97), and missing data on covariates and
macro- or microvascular complications (n=81) (see supplementary Figure S1).

Measurements

Diabetes status

To determine T2DM, all participants (except those who used insulin) underwent a standardized 75 g oral
glucose tolerance test (OGTT) after an overnight fast [21]. T2DM was defined according to the World
Health Organization 2006 criteria [22]. Individuals on diabetes medication, but without type 1 diabetes
mellitus, were considered to have T2DM [21].

Macrovascular complications

Macrovascular complications were defined as a self-reported history of myocardial infarction, and/or
cerebrovascular infarction or hemorrhage, and/or percutaneous artery angioplasty of the coronary ar-
teries, abdominal arteries, peripheral arteries or carotid artery, and/or vascular surgery on the coronary,
abdominal, peripheral or carotid arteries.

Microvascular complications

Microvascular complications were defined as the presence of diabetic retinopathy and/or impaired
vibratory sense and/or albuminuria. To determine the presence of diabetic retinopathy, fundus photog-
raphy of both eyes was performed. All fundus photographs were made with a non-mydriatic auto fun-
dus camera (Model AFC-230, Nidek, Gamagori, Japan), and evaluated by a trained and experienced
grader in a masked fashion and in case of any doubt or an abnormal finding, the fundus photograph was
discussed with a medical retina specialist. Based on these fundus photographs, the presence of dia-
betic retinopathy was graded according to the Diabetic Retinopathy Disease Severity Scale and the
International Clinical Diabetic Retinopathy Disease Severity Scale [23]. Fundus photography was im-
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plemented some months after the start of The Maastricht Study. In 107 participants with type 2 diabetes
without fundus photographs, data could be supplemented by data from the general practitioner. The
highest grade of the left or right eye was counted to dichotomize the presence of retinopathy [21].

Vibration perception thresholds (VPTs) were tested with a Horwell Neurothesiometer (Scientific
Laboratory Supplies, Nottingham, U.K.) in order to assess the presence of impaired vibratory sense.
VPTs were tested three times at the distal phalanx of the hallux of the right and left foot [21]. The mean
of the three measurements for the least sensitive foot was used in further analyses (impaired vibrato-
ry sense was defined as VPT >25 V) [24].

To assess urinary albumin excretion (UAE), participants were requested to collect two 24-hour
urine samples. Urinary albumin concentration was measured with a standard immunoturbidimetric
assay by an automatic analyzer (due to a change of supplier, by the Beckman Synchron LX20 and the
Roche Cobas 6000) and multiplied by collection volume to obtain 24-hour UAE. A urinary albumin con-
centration below the detection limit of the assay (2 mg/L for the Beckman Synchron LX20 and 3 mg/L
for the Roche Cobas 6000) was set at 1.5 mg/L before multiplying by collection volume. Only urine
collections with a collection time between 20 and 28 hours were considered valid. If needed, UAE was
extrapolated to 24-hour excretion. For this study, UAE was preferably based on the average of 2 24-hour
urine collections (available in >90% of the participants) [21, 25]. Albuminuria was defined as an albumin
excretion > 30 mg/24h [25].

General measurements

Self-administered questionnaires were used to assess educational level, employment status, smoking
status, alcohol consumption, and diabetes duration. Body mass index (BMI) and hypertension were
measured at the study center [21]. Glycosylated hemoglobin Alc (HbATc) and total/HDL cholesterol
were determined as described elsewhere [21]. Health related quality of life (QoL) was assessed with
the SF-36 Health Survey and transformed scale scores were calculated according to Ware et al. (1994)
[26].

Social network data collection

Data on individual social networks were collected through a questionnaire using a name generator
method, one of the most widely used instruments for examining egocentric network data [27, 28]. An
egocentric network refers to a network centered on a specific individual (i.e. the participant), called the
ego. Each person who has a relationship with the participant (ego) was defined as a network member
(called alter) [27, 28]. The name generator/interpreter is used to map the participants' social network
and to collect information about the network members [27, 28]. The name generator included seven
questions on different types of contacts, participants were asked to name a maximum of five network
members per question. Questions concerned (1) persons who advised them on problems, (2) persons
who could offer them practical help if they were sick, (3) persons who provided emotional support
when they were feeling unwell, (4) persons who helped them with small and larger jobs around the
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house, (5) persons they visited for social purposes or that they could go out with sometimes, and (6)
persons with whom they could discuss important matters and, finally, (7) participants were asked to
name a maximum number of 10 additional persons who were also important for them because of
mutual activities. In total, participants could name a maximum number of 40 network members.
After every question and for each network member named, they were asked to indicate their fre-
qguency of contact with this person over the last 6 months (daily or weekly, monthly, quarterly, and
half-yearly). Moreover, the participants were asked to identify their relationship to this person (e.g.
partner, sister, friend, neighbour, etc. (28 options)), how far away this person lived, and to indicate this
person's sex and age.

Functional characteristics of the social network (social support)

Participants were asked to indicate the names of contacts who provided informational support related
to advice on any problems, emotional support related to discomfort, emotional support related to im-
portant decisions, practical support related to jobs, and practical support related to sickness. For every
type of support, participants could name a maximum of 5 network members. This results in a possible
range of 0 to 5 for the functional network characteristics.

Structural characteristics of the social network

The structural network characteristics were computed from the name generator data. We calcu-
lated the social network size, contact frequency, proximity, type of relationship, single household
size and participation in social activities. In brief, network size was defined as the total number of
unique network members (alters) mentioned in the questionnaire. Total contacts per half year was
defined as the sum of all contacts per half year. In addition, the percentage of network members that
the participant (ego) had daily/weekly contact with, that were household members, that lived within
walking distance, and the percentage of network members that were family members or friends
was computed. Those social network constructs of percentages within the network were defined in
steps of 10% (based on an average network size of 10 network members, a change in one network
member corresponds to 10%).

Single household size (living alone) was defined as a person who lived alone in his household. Par-
ticipation in social activities was defined as membership in, for instance, a religious group, volunteer
organization, discussion group, self-support group, internet club, or other organization. A summary of
all functional and structural network characteristics can also be found in supplemental table S1.

Statistical analysis

Descriptive analyses were performed to examine the characteristics of the study population. To assess
the differences between participants with and without complications, we performed chi-square, inde-
pendent-sample t-tests and Kruskal-Wallis tests, as appropriate.
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We conducted binary logistic regression analyses to examine the association of the social network
variables with macrovascular/ microvascular complications. In all analyses, associations were as-
sessed for macrovascular vs. no complications and microvascular vs. no complications. For every net-
work variable, odds ratios (ORs) and 95% confidence intervals (95%Cls) were reported. For descriptive
purposes, network variables were reversed, i.e., multiplied by -1 (lower values on social network vari-
ables indicated as risk factor). Associations between network variables and complications were pre-
sented in four different models, adjusted for several confounders. In earlier studies were glycemic
control, QoL, and cardiovascular risk factors often associated with diabetes complications [1-3], and
-in other studies- also with social networks [4, 7-9, 11]. Therefore, we considered these variables as
potential confounders in our analyses. Model 1was adjusted for age and sex as important covariates in
the relation between social networks and health outcomes, model 2 additionally adjusted for Hbalc to
assess the hypothesis whether the association is explained by the level of glycemic control, model 3
additionally adjusted for QoL to assess whether the association is explained by differences in QoL, and
model 4 additionally adjusted for cardiovascular risk factors as possible confounders; BMI, hyperten-
sion, Total/HDL cholesterol ratio, smoking status, educational level and employment status. As previ-
ous studies have shown sex differences in the associations between social network and T2DM [29-31],
we tested for statistical interactions (effect modification) between the network variables and sex. The
associations between social network variables and macrovascular complications showed no interac-
tion with sex. The majority of the associations between social network variables and microvascular
complications showed an interaction with sex (p<0.1), therefore we stratified these analyses by sex. All
analyses were conducted using IBM SPSS software version 21.0 (IBM Corp. Armonk, NY, USA). A p-value
<0.05 was considered statistically significant.

Results

The study population consisted of 797 T2DM participants with a mean age of 62.7+7.7 years, of whom
about one third was women (31.4%). Table 1 presents the general characteristics for the population,
stratified by macro- and microvascular complication status. In total 411 participants (51.6%) had no
complications, 217 participants (27.2%) had macrovascular complications, 254 participants (31.9%) had
microvascular complications, of whom 85 (10.7%) participants had both macro- and microvascular
complications. Participants with macro- or microvascular complications were somewhat older, more
often men, had a longer T2DM duration, a higher Hbalc, had an adverse CVD risk profile, a lower educa-
tional level, and were less often employed compared to participants without complications.
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Table 1- General and social network characteristics of the study population (n=797) stratified
for the presence of macro- and microvascular complications

No Macrovascular  p-value®  Microvascular  p-value®
Complications? complications complications
(n=411) (n=217) (n=254)

Age (years) 615+7.8 64.1+7.1 <0.001 64.2+7.2 <0.001
Male sex (%) 60.8 75.6 <0.001 80.7 <0.001
Educational level, low/
intermediate/high (%) 431/29.2/21.7 51.2/27.6/21.2 0.104 47.67/27.2/25.2 0.512
Employment status,
Employed/retired/no paid job/
unknown (%) 33.1/35.5/21.4/10.0  22.1/42.9/19.8/15.2 0.010 23.6/42.5/16.9/16.9 0.002
Smoking status, never/
former/current (%) 32.6/54.7112.7 21.2/61.3/17.5 0.007 24.8/56.7/18.5 0.031
Alcohol consumption®, none/
low/high (%) 28.0/54.6/17.3 36.1/46.3/17.6 0.087 29.1/48.8/22.0 0.233
Quality of life, physical
component 49.3+8.1 47.7£10.3 <0.001 45.1£10.4 <0.001
Quality of life, mental
component 53.46+8.40 51.39+9.97 0.010 52.37£9.55 0.135
Body mass index (kg/m?) 29.09+5.00 30.61+4.72 <0.001 30.31£5.03 0.002
Diabetes duration (years;
median, IQR) 5.0 (3-10) 7(3-12%) 0.007 9 (4-17%) <0.001
Hbalc (mmol/mol) 49.8+8.9 53.8+12.3 <0.001 55.1+14.3 <0.001
Hbalc (%) 6.7+0.8 71£11 <0.001 7213 <0.001
Systolic Blood Pressure
(mmHg) 140.0£15.8 143.0£18.9 0.045 145.7£19.0 <0.001
Diastolic Blood Pressure
(mmHg) 77.849.4 75.5+10.0 0.003 77.3+9.5 0.505
Hypertension® (%) 75.2 931  <0.001 90.2  <0.001
Total/ HDL cholesterol
(mmol/L) 3712 3.7+11 0.974 3.7+11 0.980
Informational support® 2.93+1.70 2.51£1.61 0.003 2.59+1.70 0.013
Emotional support
(discomfort) & 2.32+152 1.99+1.42 0.008 2.04+1.42 0.019
Emotional support (important
decisions) & 2.61£1.58 2.19+1.47 0.001 2.33£1.44 0.018
Practical support (jobs)* 255143 2.18+1.38 0.002 2.22+1.37 0.004
Practical support (sickness) & 1.99+1.35 1.71:1.21 0.014 1.87+1.25 0.283
Network size 8.19+4.58 6.59+3.67 <0.001 7.12+4.16 0.003
Contact frequency
Total contacts per half year 203.0£123.7 186.0+125.4 0.108 182.4+125.1 0.040
Percentage of daily-weekly
contact 51.87+27.09 56.71£29.40 0.040 51.89+30.28 0.994
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Proximity

Percentage of network
members living within walking

distance 27.23+23.01 29.74+27.61 0.250 28.34+24.67 0.556
Type of relationship

Percentage household

members 16.82+16.36 18.22+19.41 0.365 17.97£19.03 0.426
Percentage family members 61.97+25.48 67.77+28.70 0.013 63.09+27.54 0.595
Percentage friends 23.86+21.90 16.77+20.22 <0.001 20.47+22.52 0.056
Single household size (living

alone) (%) 19.2 26.7 0.141 24.0 0.141
Participation in social

activities (%) 431 42.9 0.946 425 0.946

2No complications was defined as absence of both macrovascular- and microvascular complications.
® no complications vs. macrovascular complications,® no complications vs. microvascular complica-
tions.*Functional characteristics of the social network range from 0 to 5. Values are means + SD, un-
less stated otherwise. Data on diabetes duration was available in' n=286, 2 n=167, ® n=197 participants.
“ Educational level (low educational level; no education, primary education, and lower vocational edu-
cation, intermediate educational level; intermediate vocational education, higher secondary educa-
tion, and vocational education and high educational level; higher professional education, university).
5 Alcohol consumption (non-consumers, low consumers; <7 glasses per week for women, <14 glasses
per week for men, and high consumers; >7 glasses per week for women, >14 glasses per week for men).
¢ Hypertension was defined as an office systolic blood pressure > 140 mmHg, an office diastolic blood
pressure > 90 mmHg and (or) the use of antihypertensive medication.
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Figure 1-The average social network size according to complication status.
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Functional network characteristics and macrovascular complications

Table 2 shows that less informational support was associated with a 11% higher odds of macrovascular
complications, adjusted for age, sex and Hbalc (model 2). Additional adjustment for QoL and cardiovas-
cular risk factors attenuated this association (OR 1.07 [0.95-1.20]). Less emotional support on important
decisions was associated with a 13% higher odds of macrovascular complications (model 2). Addi-
tional adjustment for QoL and cardiovascular risk factors attenuated this association (OR 1.04 [0.91-
1.21]). Less practical support with jobs around the house was associated with a 14% higher odds of
macrovascular complications (model 2). Additional adjustment slightly attenuated this association
(OR 1.12 [0.98-1.29]).

Structural network characteristics and macrovascular complications
A smaller network size was associated with a 6% higher odds of macrovascular complications, com-
pared to those without complications, in the fully adjusted model (Table 2, model 4). The average social
network size according to complication status is presented in figure 1.

Every additional 10% of the network that was contacted daily or weekly was associated with a 6%
higher odds of macrovascular complications (model 2). These associations were slightly attenuated
after further adjustment for QoL and cardiovascular risk factors (OR 1.06 [0.99-1.13]). Every additional
10% of the network that was a family member was associated with a 8% higher odds of macrovascular
complications, and each 10% drop in the number of friends was associated with a 12% higher odds of
macrovascular complications, in fully adjusted models. Living alone was associated with a 53% higher
odds of macrovascular complications (model 2). Additional adjustment for QoL and cardiovascular risk
factors attenuated this association (OR 1.28 [0.82-2.01]).
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Table 2 - Associations of social network characteristics with macrovascular complications

Macrovascular complications
OR(95%CI) OR(95%CI) OR(95%CI) OR (95% CI)

Model 1 Model 2 Model 3 Model 4
Less informational support® 111 111* 1.07 1.07
(1.00-1.22) (1.00-1.23) (0.96-1.20) (0.95-1.20)
Less emotional support (discomfort)® 1.09 1.09 1.06 1.06
(0.97-1.23) (0.97-1.23) (0.93-1.20) (0.93-1.21)
Less emotional support (important decisions)® 113* 113* 1.07 1.04
(1.00-1.26) (1.01-1.27) (0.95-1.21) (0.91-119)
Less practical support (jobs)® 1.15* 1.14* m 112
(1.01-1.30) (1.01-1.30) (0.97-1.27) (0.98-1.29)
Less practical support (sickness)® 113 113 1.09 1.08

(0.99-1.30) (0.99-1.30) (0.94-1.25) (0.93-1.25)

Smaller social network size (for every fewer network 1.08*** 1.07** 1.05* 1.06*
member) (1.03-1.13) (1.03-1.12) (1.00-1.10) (1.00-1.1)
Contact frequency
Total contacts per half year (for every 10 additional 1.00 1.00 1.00 1.00
contacts) (0.98-1.01) (0.98-1.01) (0.99-1.02) (0.99-1.02)
Percentage of daily-weekly contact (for every 1.07* 1.06* 1.06 1.06
additional 10%) (1.01-1.13) (1.00-1.13) (0.99-1.13) (0.99-1.13)
Proximity
Percentage of network members living within 0.97 0.97 0.96 0.96
walking distance (for every fewer 10%) (0.91-1.04) (0.90-1.04) (0.89-1.03) (0.90-1.04)
Type of relationship
Percentage family members (for every additional 1.08* 1.08* 1.08* 1.08*
10%) (1.01-1.15) (1.01-1.15) (1.01-1.15) (1.01-1.16)
Percentage friends (for every 10% less) 114** 1.15** 112+ 112*
(1.05-1.24) (1.05-1.25) (1.03-1.22) (1.02-1.22)
Single household size (living alone) (%) 148 153* 1.35 1.28
(0.99-2.21) (1.02-2.31)  (0.88-2.08) (0.82-2.01)
Participation in social activities (%) 0.96 0.96 110 1m

(0.68-1.36) (0.68-1.36) (0.76-1.58) (0.76-1.62)

Macrovascular complications (n=217), reference category; No complications (n=411). & Functional
characteristics of the social network have a range from 0 to 5. *p<0.05 **p<0.01 ***p<0.001.

Model 1: adjusted for sex and age

Model 2: adjusted for sex, age, and Hbalc

Model 3: adjusted for sex, age, Hbalc and Quality of life (QoL)

Model 4: adjusted for sex, age, Hbalc, QoL, hypertension, body mass index, Total/HDL cholesterol,
smoking status, educational level and employment status
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Functional network characteristics and microvascular complications
Table 3 shows that in women, less informational support was associated with a 33% higher odds of
microvascular complications, after full adjustment (model 4). Less emotional support when feeling
unwell was associated with a 33% higher odds of microvascular complications (model 3). Additional
adjustment for cardiovascular risk factors slightly attenuated this association (OR 1.27 [0.95-1.71]). Less
emotional support with important decisions was associated with a 27% higher odds of microvascular
complications (model 2). Additional adjustment for QoL and cardiovascular risk factors attenuated this
association (OR 1.14 [0.84-1.53]). In women, less practical support with jobs around the house was as-
sociated with a 41% higher odds of microvascular complications, after adjustment for age (model 1).
However, additional adjustment for glycemic control, QoL and cardiovascular risk factors attenuated
this association (OR 1.29 [0.94-1.77]).

No significant associations between functional characteristics of the social network with micro-
vascular complications were observed in men (Table 3).

Structural network characteristics and microvascular complications

In women, each fewer network member reported (smaller network size) was associated with a 15%
higher odds of microvascular complications, compared to those without complications, in the fully
adjusted model (Table 3, model 4). Other structural social network characteristics were not associ-
ated with microvascular complications in women. In men, living alone was associated with a 72%
higher odds of microvascular complications, (Table 3, model 2), this association attenuated to bor-
derline significance after adjustment for cardiovascular risk factors (OR 1.56 [0.93-2.64] p=0.093).
Further, no significant associations between other structural characteristics of the social network
were observed in men.
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Table 3 - Associations of social network characteristics with microvascular complications

Microvascular complications

In women OR (95%CIl) OR(95%Cl) OR(95%CI) OR (95% CI)
Model 1 Model 2 Model 3 Model 4

Less informational support® 1.36™ 1.31* 1.31 1.33*

(1.10-1.68) (1.05-1.63) (1.04-1.65) (1.03-1.71)

Less emotional support (discomfort)® 1.45** 1.37* 1.33* 127

(1.13-1.86) (1.06-1.77) (1.02-1.73) (0.95-1.71)

Less emotional support (important decisions)® 1.27* 1.27* 1.21 114

(1.01-1.59) (1.00-1.62) (0.93-1.56) (0.84-1.53)

Less practical support (jobs)® 1.41* 1.31 1.26 129

(1.08-1.85) (0.99-1.74) (0.95-1.68) (0.94-1.77)

Less practical support (sickness)® 1.32 1.36 1.29 1.26

(0.96-1.81) (0.96-1.91) (0.92-1.83) (0.87-1.83)

Smaller network size (for every fewer network 1.15** 113* 110 1.15*
member) (1.05-1.27) (1.02-1.24) (0.99-1.22) (1.02-1.29)
Contact frequency
Total contacts per half year (for every 10 additional 0.97 0.97 0.97 0.97
contacts) (0.94-1.00) (0.94-1.01) (0.94-1.01) (0.93-1.00)
Percentage of daily-weekly contact (for every 1.09 1.06 1.01 1.04
additional 10%) (0.97-1.23) (0.93-1.21) (0.88-1.16) (0.89-1.21)
Proximity
Percentage of network members living within 0.98 0.99 0.97 1.01
walking distance (for every fewer 10%) (0.86-1.13) (0.85-1.14) (0.83-1.13) (0.84-1.20)
Type of relationship
Percentage family members (for every additional 1.06 1.02 0.97 1.05
10%) (0.92-1.21) (0.89-1.18) (0.83-1.12) (0.89-1.25)
Percentage friends (for every 10% less) 114 110 1.02 1.05
(0.97-1.35) (0.93-1.31) (0.85-1.22 (0.87-1.28)
Single household size (living alone) (%) 0.83 0.88 0.86 073
(0.38-1.82) (0.39-1.90) (0.35-2.11) (0.27-2.00)
Participation in social activities (%) 0.88 0.90 0.95 0.94

(0.61-1.30) (0.61-1.32) (0.63-1.41) (0.62-1.41)
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OR(95%Cl) OR(95%CI) OR(95%CI) OR (95% CI)

Model 1 Model 2 Model 3 Model 4
Less informational support® 1.01 1.00 0.96 0.96
(0.90-112) (0.90-112) (0.86-1.08) (0.85-1.09)
Less emotional support (discomfort)® 0.95 0.94 0.93 0.93
(0.83-1.09) (0.82-1.08) (0.81-1.06) (0.81-1.07)
Less emotional support (important decisions)® 0.98 0.98 0.94 0.93
(0.86-112) (0.86-112) (0.83-1.08) (0.80-1.07)
Less practical support (jobs)® 1.07 1.06 1.04 1.05
(0.93-1.22) (0.93-1.22) (0.90-1.19) (0.91-1.21)
Less practical support (sickness)* 0.98 0.97 0.92 0.92

(0.85-1.13) (0.84-1.13) (0.79-1.07) (0.79-1.08)

Smaller network size (for every fewer network 1.01 1.01 0.99 0.99
member) (0.97-1.06) (0.96-1.05) (0.95-1.04) (0.94-1.05)
Contact frequency
Total contacts per half year (for every 10 additional 1.00 1.00 1.00 1.00
contacts) (0.98-1.01) (0.98-1.01) (0.99-1.02) (0.99-1.02)
Percentage of daily-weekly contact (for every 0.98 0.97 0.97 0.97
additional 10%) (0.92-1.05) (0.91-1.04) (0.91-1.04) (0.91-1.04)
Proximity
Percentage of network members living within 1.00 0.98 0.97 0.97
walking distance (for every fewer 10%) (0.93-1.09) (0.90-1.06) (0.90-1.06) (0.89-1.05)
Type of relationship
Percentage family members (for every additional 0.99 0.99 1.00 1.01
10%) (0.93-1.07) (0.92-1.06) (0.93-1.08) (0.93-1.09)
Percentage friends (for every 10% less) 1.02 1.01 1.01 1.01
(0.93-1.10) (0.93-1.10) (0.92-1.10) (0.92-111)
Single household size (living alone) (%) 1.64* 172* 149 156
(1.02-2.62) (1.06-2.78) (0.91-2.45) (0.93-2.64)
Participation in social activities (%) 0.90 0.98 1.04 1.41

(0.46-1.75) (0.49-1.97) (0.50-218)  (0.60-3.32)

In women; microvascular complications (n=49), reference category no complications (n=161). In men;
microvascular complications (n=205), reference category no complications (n=250). * Functional char-
acteristics of the social network have a range from 0 to 5. *p<0.05 **p<0.01.

Model 1: adjusted for age

Model 2: adjusted for sex, age, and Hbalc

Model 3: adjusted for sex, age, Hbalc and Quality of life (QoL)

Model 4: adjusted for sex, age, Hbalc, QoL, hypertension, body mass index, Total/HDL cholesterol,
smoking status, educational level and employment status
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Conclusions

To the best of our knowledge, this study is the first to specifically assess the association of functional
and structural characteristics of the social network with clinical complications of T2DM. A smaller
social network size was associated with macrovascular complications in both men and women with
T2DM. Moreover, the type of relationship in terms of family members and friends was associated with
macrovascular complications, participants with higher percentages of family members or lower per-
centages of friends had a significantly higher odds ratio of macrovascular complications. These asso-
ciations appeared to be independent of glycemic control, QoL, and other cardiovascular risk factors.
Further, a smaller social network size and less informational support was associated with microvas-
cular complications only in women with T2DM. In men, living alone was associated with microvascular
complications, however, this association was explained by QoL and CVD risk factors.

Macrovascular complications

Functional characteristics of the social network, lower levels of informational, emotional and practical
support, were significantly associated with macrovascular complications in the models adjusted for
sex, age and Hbalc. These observations are similar to previous findings by Orth-Gomer et al. (1993),
demonstrating that a lack of social support is a risk factor for coronary heart disease [17]. Moreover, our
findings complement existing literature on the beneficial effects of social support on cardio meta-
bolic control [4, 5], health-related QoL [10], and mortality [11] in patients with type 2 diabetes.

A smaller social network size was independently associated with macrovascular complications in
both men and women. Our results mirror previous findings in the general population, where a smaller
social network has been associated with an increased risk for CVD [18]. In addition, another study has
shown an association of a smaller social network with poor diabetes self-management skills [9].

Further, we observed that in terms of network composition, participants with higher percentages
of family members or lower percentages of friends had a significantly higher odds ratio of macrovas-
cular complications. The results may indicate that participants with a smaller social network that is
centralized to family members were at higher risk to develop macrovascular complications. However,
as our study was of cross-sectional nature, the order of events could also occur vice versa. Patients
with macrovascular complications could lose friends and may be in need of informal care of their
family members, which leads to a smaller network that is mainly composed of family members. This is
similar to results from Conway et al. (2013), which demonstrated that compositional changes in social
networks across the lifespan due to illness was greatest among non-family members, while addition
of network members was more likely among family members [32]. Further (longitudinal) studies are
needed to confirm our findings and address the order of events.
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Microvascular complications

In our analyses, informational, emotional and practical support were associated with microvascular
complications in women when adjusted for age. After adjustment for glycemic control, QoL, and other
cardiovascular risk factors, this association was no longer significant for emotional and practical sup-
port but the odds remained increased in the fully adjusted models. Therefore, the attenuation due to
adjustment may be attributable to a lack of power, as we had a relatively small sample of women with
microvascular complications (n=49). In addition, the odds presented are conservative estimates, as we
adjusted the associations for a broad range of potential confounders, which may be overcorrection. Our
findings on the association of social support with microvascular complications complement existing
evidence on the beneficial effects of social support on glycemic control and BP in T2DM [4, 5], both risk
factors for microvascular complications [2, 3].

A smaller social network size was independently associated with higher odds of microvascular
complications in women. Our results mirror Dunkler et al.'s study (2015), which demonstrated that a
smaller social network size was an independent risk factor for chronic kidney disease in T2DM patients
with end-organ damage [12]. However, this study did not report on any sex differences. Our results ex-
tend their findings as we used a population-based sample of individuals with T2DM. Moreover, we used
amore detailed investigation of the social network size with a name generator, one of the most widely
used instruments for examining egocentric network data [27, 28]. In men, living alone was associated
with microvascular complications, however, this association attenuated to a borderline significant as-
sociation in the fully adjusted model. Nonetheless, we did not find any other significant associations of
structural or functional social network characteristics with microvascular complications in men.

Discrepant findings between men and women have previously been found in several studies that
examined the association of social network characteristics and the development of T2DM [29-31], or
metabolic control in patients with T2DM [5, 33]. A possible explanation is that these discrepancies may
be attributable to different coping strategies among men and women, as men more frequently use
problem-solving coping strategies and seek less social support, while women integrate social and
emotional aspects more frequently into their coping strategies [34-36]. This suggests that preventive
strategies based on social network characteristics aiming to reduce microvascular complications
should primarily be tailored to women. Yet, further research is needed to corroborate our findings in
T2DM women. In addition, the underlying mechanisms for sex-specific differences in microvascular
complications should be investigated.
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Strengths & Limitations

The strength of this study include its population-based design, and the comprehensive assessment of
functional and structural network characteristics, and macro- and microvascular T2DM complica-
tions. In addition, we used a name generator, one of the best known, most detailed and most widely
used instruments to examine egocentric network data [27, 28]. Furthermore, study participants were
well-characterized, allowing adjustment for an extensive series of potential confounders, which
makes residual confounding unlikely, and therefore conservative estimates of the actual associations
are presented.

Some limitations should also be mentioned. The study is cross-sectional in nature, and therefore,
causality cannot be examined. In addition, non-significant findings in women with microvascular com-
plications may be attributable to low power, as we had a relatively low number of women with micro-
vascular complications in our study population.

Conclusions and recommendations

To conclude, the present study shows that social network characteristics were associated with mac-
ro- and microvascular T2DM complications, in part independent of glycemic control, QoL and cardio-
vascular risk factors.

The current study highlights the importance of social support and social network members for
patients with T2DM. Health care professionals should be aware of the relation of the social network
with T2DM outcomes. Knowledge of a patient's network and social support may render treatment
strategies and lifestyle interventions more effective when tailored to the specific needs and network
characteristics of a patient with diabetic complications. Further studies are needed to determine the
potential role of network characteristics in the development of diabetic complications and their inter-
action with treatment. Social network characteristics may be an independent target in non-pharma-
ceutical and non-medical interventions that aim to prevent the development of clinical complications
in T2DM. Our findings support the efforts to develop effective interventions that tailor social network
characteristics [13, 37, 38], however, it is important to assess whether these interventions meet the
needs of T2DM patients with complications. Based on the results of our study, we would suggest that
social network size, the type of relationships and social support should be addressed in future inter-
ventions aiming to reduce the burden of disease in T2DM. For example, broadening the social network
should be encouraged, as reinforcement of social networking has been shown to improve Hbalc and
blood glucose [37]. Moreover, interventions aiming to generate behavioural change (e.g., physical activ-
ity) may also tailor to the social network of the participant, as it has been shown that network targeting
can be used to increase the adoption of specific public health interventions [38]. Finally, when design-
ing such interventions, potential differences in social network characteristics between males and fe-
males should be taken into account.
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Supplemental Figure 1- Flow chart on the study population
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Supplemental Table 1 - Variable descriptions of the functional and structural social network

characteristics
Variable name Definition Unit of
measurement
(possible
range)
Informational support Informational support was defined as the number of network members that N
give advice on problems (0-5)
Emotional support Emotional support related to discomfort was defined as the number of N
(discomfort) network members that provide emotional support when participants were (0-5)
feeling unwell
Emotional support Emotional support related to important decisions was defined as the N
(important decisions) number of network members that provide the opportunity to discuss (0-5)
important matters
Practical support (jobs)  Practical support related to jobs was defined as the number of network N
members that help with small and larger jobs around the house (0-5)
Practical support Practical support related to sickness was defined as the number of network N
(sickness) members that provide practical help when participants were sick (0-5)
Network size The total number of unique network members mentioned in the N
questionnaire. (0-40)
Total contacts per half A contact was defined as an interaction between persons. Total contacts N
year (interactions between persons) per half year were computed as follows. (0-1920)

We used the highest contact frequency (e.g., daily contact) for every network
member as an indicator of the actual contact frequency. Second, we recoded
the answer categories of the questionnaire to an estimated number of
contacts per half year. For example, "half-yearly” was assumed to comprise
one contact, “quarterly” two contacts, “monthly” 6 contacts and “daily or
weekly" 48 contacts. Third, we computed the sum of all contacts per half
year as the total contact frequency.

Percentage of We calculated the percentage of network members that the participant had %
daily-weekly contact daily or weekly contact with as the number of daily/weekly contacts divided (0-100)
by network size.

Percentage of network ~ We considered geographic proximity as the percentage of all network %
members living within -~ members who lived within walking distance, calculated as the number of (0-100)
walking distance network members living within walking distance divided by network size.
Percentage household ~ We calculated the percentage of household members as the number of %
members network members living in the same household divided by network size. (0-100)
Percentage family We calculated the percentage of family members within the network as the %
members number of family members divided by the network size. (0-100)
Percentage friends We calculated the percentage of friends within the network as the number %
of friends divided by the network size. (0-100)
Single household size Single household size was defined as a person who lived alone in his/ her (yes/no)
(living alone) household.
Participation in social Participation in social activities was defined as membership in, for instance, (yes/no)
activities a sports club, religious group, volunteer organization, discussion group,

self-support group, internet club, or other organization.
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Chapter 6

Due to the growing group of older people, infectious disease and type 2 diabetes mellitus (T2DM) im-
pose an enormous burden on healthcare systems and society. The need to unravel new possibilities for
effective prevention strategies is therefore of utmost importance, both from a scientific perspective
and from a societal perspective.

Over the last decades, the association between social networks and health has become widely
recognized [1, 2], the WHO now lists ‘social support networks' as determinant of health [3]. A detailed
and conjoint investigation of the association between social network characteristics and infectious
diseases, T2DM and its complications could offer new insights for future prevention strategies.

Therefore, the overall aim of this thesis was to examine the associations of a broad range of struc-
tural and functional social network characteristics with infectious disease and type 2 diabetes, using
a novel approach of combined epidemiological and social network research.

In this chapter, we discuss the main findings of the studies on infectious diseases, T2DM and its
complications. Next, an overview of the methodological considerations and challenges is presented.
Finally, the potential of social networks for prevention strategies is discussed and future directions are
suggested.

Main findings

Social network and infectious diseases

Infectious diseases are a major cause of mortality in older persons [4]. We currently face a gap in the
management of infectious disease in older persons: a growing population [5], living longer [6], and be-
ing more susceptible to infections [4, 7]. If we would be able to slightly lower the level of infectious
disease prevalence, we might have more health impact at population level (‘the population strategy’)
compared to individual treatment of patients (a much smaller group) [8].

In chapter 2, we identified both detrimental and beneficial associations of social network charac-
teristics with with upper respiratory tract infections (URI), lower respiratory tract infections (LRI) and
gastrointestinal tract infections (GI). A larger social network size, and a higher percentage of network
members who were friends or acquaintances were associated with higher odds of URI, LRI and/or Gl
(detrimental). A higher total number of contacts, higher percentages of network members of the same
age, and higher percentages of family members/ acquaintances were associated with lower odds of
URI, LRI and/or G (beneficial). Results highlight the importance of network compaosition in terms of
types of network members (friends, family, age) for the prevalence of infectious diseases. Previous
research on infection patterns using mathematical models shows the usefulness of transmission pa-
rameters estimated directly from real data [9]. This study provides such new empirical data on the
social network at the participant level, and may therefore be used to complement mathematical mod-
els of infection spread. Moreover, our findings were a first step towards the development of non-phar-
maceutical infection prevention strategies, as discussed in the next chapter.
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In chapter 3, we focussed on the possible contributions of social networks for infection prevention
strategies by use of statistical prediction models. The ability to predict upper respiratory infections
(URI), lower respiratory infections (LRI), and gastrointestinal tract infections (Gl) in independently living
older persons would greatly benefit population and individual health. Social network parameters have
so far not been included in prediction models. Previous attempts to develop a prediction model based
on demographic, environmental, and lifestyle characteristics alone explained only a relatively small
proportion of the occurrence of respiratory infections or GI [10]. Therefore, in chapter 3, we describe the
development and internal validation of prediction models for URI, LRI, and Gl based on a range of vari-
ables including social network parameters. The use of social network parameters in prediction models
for URI, LRI, and Gl seems highly promising, as all models showed adequate discriminative perfor-
mance (AUC: 65-71%) and good calibration. The main finding was that the social network parameters
are strong independent predictors for infections in middle-aged and older persons. Moreover, most
social network parameters that were predictive for URI, LRI and Gl in our models showed a beneficial
association with the three infections.

Social network and type 2 diabetes

To date, T2DM is one of the most prevalent diseases worldwide, and a growing public health burden in
middle-aged and older persons [11]. T2DM can be prevented or even reversed with appropriate lifestyle
changes such as healthy dietary behavior and sufficient physical activity [12]. However, the social con-
text of patients is often neglected in regular care. Patients at risk and those who already have T2DM
usually receive lifestyle advice on dietary habits and physical activity, and when needed, medication. A
clear picture on the association between social network characteristics and T2DM could offer new
insights for the prevention and treatment of T2DM. In chapter 4, we examined the associations of
structural and functional network characteristics in individuals with pre-diabetes, newly diagnosed
and previously diagnosed T2DM compared to those with normal glucose metabolism (NGM). The as-
sociations between social network characteristics and pre-diabetes and newly diagnosed T2DM have
rarely been studied previously, as such data are scarce [13, 14]. Chapter 4 demonstrates an association
of structural and functional social network characteristics with newly and previously diagnosed T2DM,
partially different for men and women. More socially isolated individuals (smaller social network size)
more frequently had newly diagnosed and previously diagnosed T2DM. In women, proximity and the
type of relationship was associated with newly diagnosed and previously diagnosed T2DM. A lack of
social participation was associated with pre-diabetes as well as with previously diagnosed T2DM in
women, and with previously diagnosed T2DM in men. Living alone was associated with higher odds of
previously diagnosed T2DM in men, but not in women. Less emotional support related to important
decisions, less practical support related to jobs, and less practical support for sickness were associ-
ated with newly diagnosed and previously diagnosed T2DM in men and women, but not in pre-diabetes.
These results may provide useful targets for T2DM prevention efforts, as discussed in the after next
section of this chapter.
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Having T2DM is associated with an increased risk for the development of macro- (e.g. myocardial
infarction, stroke, peripheral arterial disease) and micro vascular complications (e.g. neuropathy, reti-
nopathy, and nephropathy) [15, 16]. As chapter 4 showed an association of several aspects of the social
network with T2DM, we hypothesized an association of the social network with clinical complications
as well. However, the relation between clinical complications and social network characteristics in
type 2 diabetes (T2DM) has hardly been studied due to a lack of data [17]. Within The Maastricht Study
we were able to examine the associations of social network characteristics with macro- and micro-
vascular complications in T2DM, and investigated whether these associations were independent of
glycemic control, quality of life, and well-known cardiovascular risk factors. Results were presented in
chapter 5. We showed an association of social network characteristics such as the network size, the
type of relationship, and social support with macro- and/or microvascular complications, again par-
tially different for men and women. A smaller social network size was associated with macrovascular
complications in both men and women with T2DM. Moreover, participants with higher percentages of
family members or lower percentages of friends had a significantly higher odds ratio of macrovascular
complications. Further, a smaller social network size and less informational support was associated
with microvascular complications only in women with T2DM.

How do social networks affect health?

Notably, mechanisms which could explain how social networks affect immune response, T2DM and its
complications are not yet fully elucidated. Several mechanisms through which social networks may
affect health have been proposed, including person- to- person contacts, the provision of social sup-
port, social influence, social engagement, and access to resources [18-21]. The transmission of infec-
tious diseases by person- to- person contacts is broadly studied. Large social networks were associ-
ated with close proximity interactions with a broad range of people and hence an increased risk of
exposure to a broad range of infectious agents [9, 22, 23]. Infectious diseases spread from person-to-
person by direct contact (e.g. shaking hands or hugging), indirect contact (e.g. via contaminated ob-
jects), or by airborne transmission [24]. However, the mechanisms through which social network char-
acteristics may increase immune function or affect T2DM and related complications were less
elucidated [20, 25]. Larger social networks and higher levels of social support may potentially have a
buffering effect on the pathophysiologic processes in the body [26]. Prior studies have provided evi-
dence for the buffering hypothesis stating social relations protect individuals from potentially adverse
effects of stressful events [27]. Moreover, social networks may have important impact on anindividuals
lifestyle and self-management through social influence and access to resources [28]. A larger social
network may help people to improve or maintain a healthy lifestyle, for example the awareness on a
healthy diet containing fresh fruit and vegetables, and being physically active is important, could be
higher within a large and diverse network. In addition, a more diverse network may also consist of more
people who already have a more healthy lifestyle, and could therefore act as a role model for other
network members [29].
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Methodological considerations and challenges

The results of the studies in this thesis need to be interpreted with consideration of methodological
limitations and challenges. The study design, selection of the study population, and social network as-
sessment used in this thesis will be discussed in the following paragraphs.

Study design

Within the studies presented in this thesis, we used cross-sectional data from The Maastricht Study, a
large scale population-based cohort study [30]. One of the advantages of The Maastricht Study is its
population-based design. Moreover, the comprehensive assessment of functional and structural net-
work characteristics provides new empirical data on the social network at the participant level. Fur-
thermore, study participants were well-characterized, allowing adjustment for an extensive series of
potential confounders, which makes residual confounding unlikely [31]. However, all analyses within
this thesis were of observational nature, in a cross-sectional setting. Therefore, causality could not be
determined. As both the independent and the outcome variables were measured at the same point in
time, reverse causality cannot be excluded [32].

Selection of the study population

Procedures used to include participants or factors that influence participation in a study may result
in selection bias [31]. “The common element of such biases is that the relation between exposure
and disease is different for those who participate and for all of them who should have been theoret-
ically eligible for study, including those who do not participate” [31]. When selection bias occurs,
associations in a study may differ from those in the source population, which may lead to overesti-
mation or underestimation of the effect size of the association [31]. The extensive phenotyping of The
Maastricht Study forces participants to cover 4 half-day visits at the research center, which may be
difficult for relatively unhealthy individuals (e.g. individuals with mobility problems), or those who
work and travel a lot and have many contacts, or on the contrary, those in the population who were
the most socially isolated. Therefore, selection bias may have occurred in the studies presented in
this thesis.

Second, the age-range of the study population of 40-75 years may be a limitation for the associa-
tions assessed in part | of this thesis. As inclusion starts from the age of 40, and the mean age of the
study population was 60 years, this may lead to an underrepresentation of young children in the partic-
ipants network, while it has been shown that children and teenagers may have an important role in the
spread of close-contact infections [33]. However, this is only applicable for participants in the younger
age-range, as with increasing age, the probability of grandchildren rises.
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Social network assessment

Social networks are, by definition, hard to measure [22]. Our assessment of egocentric social net-
works also has strengths and limitations. Social networks can be measured by different methods,
such as observations, contact diaries and surveys [23]. One of the survey methods is the name gen-
erator/interpreter method used in this thesis.

Name generators are characterized by self-reported data, and self-report may be subject to bias,
such as recall bias. In the studies presented in this thesis, we used a specific type of Name Generator,
called the "exchange relationship name generator”, originally developed by McCallister and Fischer
(1978) [34]. This method uses questions featuring various support exchanges between people, to which
respondents reply with names of people with whom they have exchanged or possibly could perform
future exchanges [34]. The list of network members recalled via Name Generators may be biased to-
wards network members who are closer to the respondent, who have shared a longer history with the
respondent, and who know more of the respondents other network members [35]. Nonetheless, net-
works generated with the exchange type Name Generator have been shown to be larger than those
with other types of name generators [36]. For the purpose of this thesis, the exchange relationship
name generator seems to be the most useful instrument: it elicits the largest and most diverse net-
works, thereby having the highest potential to minimize recall bias.

Further, the assumptions made to calculate the total number of contacts may under- or overesti-
mate the actual total number of contacts. For every network members named, the highest contact
frequency (e.g. monthly contact) was used as an indicator of actual contact frequency, and as partici-
pants report to meet one network member every month on several questions, this network member is
assumed to be met on a monthly basis. It is possible however that the participant met this network
member once a month for one activity, but also once a month for another activity. Moreover, the “daily
or weekly” answer category was assumed to refer to two contacts per week. This assumption, too, may
result in an under- or overestimation of the actual contact frequency.

Another point to be discussed for part | of this thesis is that close contacts are a better proxy for
several infection transmissions than total contacts [22, 37]. Our assessment consisted of seven name
generator items on different types of interactions, some of these types require direct close interac-
tions (such as visits for social purposes or offering practical help), and other types of interactions may
also have occurred by telephone/internet conversations (such as provision of emotional support or
advise on problems). Therefore, estimations of the total network size and total contact frequency may
over represent the actual number of close proximity interactions. To assess the proportion of close
proximity interactions vs. the proportion of interactions which may potentially have occurred by tele-
phone/internet, we additionally computed the network size and total contact frequency from those
type of interactions with network members which are by definition in close proximity and/or household
contacts. The social network size restricted to close proximity interactions was 8,5 network members
in a total number of network members of 10, therefore, the large majority (86%) of the interactions for
each study participant are in close proximity. The total contact frequency of close proximity interac-
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tions of these four types was 202 out of 231 per half year. Therefore, the large majority (87%) of the total
contact frequency was in close proximity. The remaining contacts may have occurred by telephone/
internet but are probably also (in part) direct close proximity interactions as they concern advice on
problems, emotional support, and discussion of important matters. For the assessment of the relation-
ship between social networks and infectious diseases, we were both interested in the direct transmis-
sion of an infection from one individual to another, and the underlying mechanisms on immune func-
tion and susceptibility. Therefore, we feel that inclusion of potentially indirect contact is relevant to
examine both the detrimental and beneficial associations of the social network.

Another limitation of the name generator may be missing information on the duration of contacts
between the participant and the network members, which has often been used in infectious disease
modelling [33, 38, 39]. These models assume a linear function between the average dose of infectious
material ingested by an individual and the duration and intensity of the contact with an infectious indi-
vidual [40]. However, it is not yet elucidated whether a longer duration and higher intensity of contacts
have beneficial effects as well.

Potential of social networks for prevention strategies

Infectious diseases
Chapter 2 and 3 showed detrimental as well as beneficial associations with URI, LRI and GI. Based on
the results of our studies and previous investigations, we feel that the potential of the social network
parameters for infectious disease prevention strategies is twofold. First, the beneficial social network
parameters may be used as potential determinants which can be reinforced by preventive interven-
tions. Current EU policy expects older persons to take care of themselves as much as possible with
help of their social network [41]. New prevention strategies should fit this policy. For example, in future
prevention strategies, the relation to close proximity and same-age network members could be rein-
forced. Moreover, future prevention strategies may aim to enhance practical and informational support
from network members. Previously, higher levels of social support have already been shown to associ-
ate with enhanced immune function [42, 43]. Second, the prediction rules could be used to compute an
individual's probability of an infection given a defined set of parameters. For example, the prediction
models may be used in a practical tool which could be offered to middle-aged and older people in order
to calculate their risk of infection, followed by an tailored advice on infection prevention (e.g. hand and
environmental hygiene). The use of social network based prediction models in the prevention of infec-
tions in middle-aged and older persons may result in high benefits on a population level, contributing
to "healthy ageing” of the population.

Reinforcement of the beneficial characteristics of the social network or the use of social network
based prediction rules would be a novel approach within infectious disease control in the Netherlands,
which is mainly focused on surveillance, outbreak management and vaccination strategies [44]. We
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feel that such a novel approach is highly promising and further investigation, especially in longitudinal
data, would be valuable.

Type 2 diabetes and its complications

Chapter 4 and 5 highlight the associations of social support and social network members with both
T2DM and diabetes complications. We feel that health care professionals should be aware of the rela-
tion between the social network and T2DM and related complications. Recently, Holdt-Lunstadt et al.
(2016) concluded that attention to social connections needs to be incorporated into existing treatment
and prevention strategies [45]. Knowledge of a patients network and social support may render treat-
ment strategies and lifestyle interventions more effective when tailored to the specific needs and
network characteristics of the individual. The social context can be of crucial importance to adopt and
succeed in lifestyle change, and therefore, prevention strategies aiming to generate behavioral change
(e.g., dietary advice, physical activity) may also tailor the social network of the participant, as network
targeting has been shown to increase the adoption of specific prevention strategies [46]. Moreover,
social network characteristics itself may prove an independent target in non-pharmaceutical and non-
medical prevention strategies which aim to prevent the development of T2DM as well as in T2DM pa-
tients to prevent clinical complications. Our findings support the efforts to develop effective preven-
tion strategies which tailor social network characteristics [46-49], however, it is important to assess
whether these prevention strategies meet the specific needs of the participant.

Based on the results of our studies and previous investigations, we would suggest to consider
structural as well as functional characteristics of the social network in future prevention strategies.
For example, socially isolated individuals, with a smaller social network size, more often had T2DM and
macro- and microvascular complications. Broadening the social network may be encouraged, as rein-
forcement of social networking has been shown to improve Hbalc and blood glucose [48]. Moreover,
lack of social participation was associated with pre-diabetes and previously diagnosed T2DM, there-
fore, stimulating participants to become member of a club may also be considered in future prevention
strategies. Further, we would suggest to address the type of relationships and social support in future
prevention strategies aiming to reduce the burden of disease in T2DM. Our results mirror previous
findings, indicating that men living alone have a higher risk for the development of T2DM [50]. There-
fore, we feel that men living alone should be indicated as high-risk group.

Notably, when including social network characteristics in future prevention strategies, differences
in social network characteristics between men and women should be taken into account, there is no
"one size fits all” approach.
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Future directions

In this thesis, we consistently showed associations of structural and functional social network char-
acteristics with infectious diseases, T2DM and diabetes complications. Based on the findings dis-
cussed in this thesis, | recommend that future research should preferably...

..include longitudinal data

The evidence provided in this thesis comes from a series of cross-sectional analyses. Some of our find-
ings were confirmed in longitudinal studies, however, as we conducted a more detailed and conjoint
investigation of the association between structural and functional social network characteristics and
infectious diseases, T2DM and its complications, new insights provided in this thesis need confirma-
tion in longitudinal data.

..include exploration on the underlying pathways

The influence of social networks on health is complex and multifactorial [45]. Pathways and mecha-
nisms through which social networks could affect immune response, T2DM and its complications are
not yet fully understood. Therefore, more evidence on the possible pathways and mechanisms is es-
sential.

..take potential differences between men and women into account

Within the studies presented in this thesis, we found partially different associations between social
network characteristics and T2DM and microvascular complications for men and women. However,
the associations of social network characteristics with infectious diseases and macrovascular com-
plications did not differ for men and women. Future studies on the associations between social net-
works and health-related outcomes should examine potential sex differences.

..incorporate social network characteristics in future prevention strategies

This thesis provided important insight in the associations between social networks and health. Based
on evidence provided in this thesis and by previous investigations, | suggest to incorporate social net-
works in future prevention strategies.

..investigate a practical application

The use of social network based prediction models in the prevention of infections in middle-aged and
older persons may result in high benefits on a population level. Based on the findings in chapter 3, |
suggest to translate the prediction models into practical infection-prevention strategies, for example
into a practical web-tool.
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Chapter7

Population ageing has become a global issue. Due to the growing group of older people, infectious
disease and type 2 diabetes mellitus (T2DM) impose an enormous burden on healthcare systems and
society. Therefore, there is a need to increase knowledge about how to promote good health among
older persons and how to prevent costly and negative impacts on the population as a whole. Over the
last decades, there is increasing recognition for the powerful influence of social relationships on mor-
bidity and mortality. In this thesis, we focussed on the associations between social networks and
health, illustrated by studies on infectious diseases and type 2 diabetes mellitus (T2DM).

Most infections are spread through social networks (detrimental effect). However, social networks
may also lower infection acquisition (beneficial effect). In chapter 2 we assessed the detrimental and
beneficial associations of social network characteristics with upper respiratory tract infections (URI),
lower respiratory tract infections (LRI), gastrointestinal tract infections (Gl), and urinary tract infec-
tions (UTI). A larger network size was associated with a higher prevalence of URI and GI, while a high
total number of contacts was associated with less URI and LRI. In addition, participants with networks
mainly composed of friends presented a higher prevalence of LRI and GI, as opposed to those with a
higher family percentage, who presented lower LRI and Gl prevalences. Finally, a higher percentage of
network members of the same age was associated with lower URI, LRI and Gl prevalences. We found
no clear associations with UTI. This study provides new empirical data on the social network at the
participant level, and may therefore be used to complement mathematical models of infection spread.
Moreover, our findings were a first step towards the development of non-pharmaceutical infection
prevention strategies, as discussed in the next chapter.

The ability to predict infectious diseases in independently living older persons would greatly benefit
population and individual health. Social network parameters have so far not been included in predic-
tion models. In chapter 3, we developed and internally validated three prediction models for URI, LRI
and Gl in a period of two months. The models were able to discriminate between those who experi-
enced an infection and those who did not, and had good calibration. The main finding was that the so-
cial network parameters are strong independent predictors for infections in middle-aged and older
persons. Moreover, most social network parameters had a beneficial association with the three infec-
tions. As such, social network parameters are likely to be highly promising concepts in future infection
prevention strategies in older persons living at home. This study shows that the preventive potential of
the social network parameters is twofold. Social network parameters may be used as potential deter-
minants that can be addressed in a practical intervention in older persons, or in a predictive tool to
compute an individual's probability of an infection.

Although T2DM is preventable, the prevalence is still raising. A clear picture on the association be-
tween social network characteristics and T2DM could contribute to effective prevention strategies for
T2DM. In chapter 4 we assessed the associations of a broad range of structural and functional social
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network characteristics with normal glucose metabolism, pre-diabetes, newly diagnosed T2DM and
previously diagnosed T2DM. More socially isolated individuals (smaller social network size) more fre-
guently had newly diagnosed and previously diagnosed T2DM, while this association was not observed
with pre-diabetes. In women, proximity and the type of relationship was associated with newly diag-
nosed and previously diagnosed T2DM. A lack of social participation was associated with pre-diabetes
as well as with previously diagnosed T2DM in women, and with previously diagnosed T2DM in men.
Living alone was associated with higher odds of previously diagnosed T2DM in men, but not in women.
Less emotional support related to important decisions, less practical support related to jobs, and less
practical support for sickness were associated with newly diagnosed and previously diagnosed T2DM
in men and women, but not in pre-diabetes. This study shows an association of several aspects of
structural and functional characteristics of the social network with newly and previously diagnosed
T2DM, partially different for men and women. These results may provide useful targets for T2DM pre-
vention strategies.

Patients with T2DM have an increased risk for the development of micro- (e.g. neuropathy, retinopathy,
and nephropathy) and macrovascular complications (e.g. myocardial infarction, stroke, peripheral ar-
terial disease). In chapter 5 we examined the associations of social network characteristics with mac-
ro- and microvascular complications in T2DM, and investigated whether these associations were inde-
pendent of glycemic control, quality of life, and well-known cardiovascular risk factors. A smaller
social network size was associated with macrovascular complications in both men and women with
T2DM. Moreover, the type of relationship in terms of family members and friends was associated with
macrovascular complications, participants with higher percentages of family members or lower per-
centages of friends had a significantly higher odds ratio of macrovascular complications. These asso-
ciations appeared to be independent of glycemic control, QoL, and other cardiovascular risk factors.
Further, a smaller social network size and less informational support was associated with microvas-
cular complications only in women with T2DM. In men, living alone was associated with microvascular
complications, however, this association was explained by QoL and CVD risk factors. Health care pro-
fessionals should be aware of the association of the social network with T2DM outcomes. In the devel-
opment of prevention strategies, social network characteristics should be taken into account.

In chapter 6, we discuss the main findings of the studies on infectious diseases, T2DM and its compli-
cations. Next, an overview of the methodological considerations and challenges is presented. Finally,
the potential of social networks for prevention strategies is discussed and future directions are sug-
gested. The studies presented in this thesis consistently showed associations of structural and func-
tional social network characteristics with infectious disease, T2DM and diabetes complications. Our
results indicate that social networks may be a promising target in infection prevention strategies, as
well as in prevention strategies aiming to reduce the prevalence of T2DM and micro-/ macrovascular
complications.
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Vergrijzing van de bevolking is een wereldwijd probleem. Vanwege de groeiende groep ouderen vormen
vooral infectieziekten en diabetes mellitus type 2 (T2DM) een grote belasting voor de gezondheidszorg
en de samenleving. Daarom is er behoefte aan meer kennis over het bevorderen van de gezondheid van
ouderen en de preventie van de dure en negatieve gevolgen voor de hele bevolking. In de afgelopen
decennia is er steeds meer erkenning gekomen voor de sterke invloed van sociale relaties op morbidi-
teit en mortaliteit. In dit proefschrift hebben we ons gericht op de associaties tussen sociale netwer-
ken en gezondheid, aan de hand van studies over infectieziekten en type 2 diabetes mellitus (T2DM).

De meeste infecties worden verspreid via sociale netwerken (negatief effect). Echter, sociale netwer-
ken kunnen de infectie-acquisitie ook verminderen (positief effect).

In hoofdstuk 2 hebben wij zowel negatieve als positieve associaties van sociale netwerkkenmerken
met bovenste luchtweginfecties, onderste luchtweginfecties, maag-darminfecties en urineweginfec-
ties onderzocht. Een groter sociaal netwerk was geassocieerd met een hogere prevalentie van boven-
ste luchtweginfecties en maag-darminfecties, terwijl een groter aantal contactmomenten geassoci-
eerd was met een lagere prevalentie van bovenste en onderste luchtweginfecties. Bovendien
vertoonden deelnemers met netwerken die voornamelijk bestonden uit vrienden een hogere prevalen-
tie van onderste luchtweginfecties en maag-darminfecties. Daarentegen vertoonden mensen met
netwerken die voornamelijk bestonden uit familieleden een lagere prevalentie van onderste lucht-
weginfecties en maag-darminfecties. Ten slotte was een hoger percentage netwerkleden van dezelf-
de leeftijd geassocieerd met lagere prevalentie van bovenste en onderste luchtweginfecties en maag-
darminfecties. We hebben geen duidelijke associaties kunnen aantonen tussen het sociale netwerk en
urineweginfecties. Deze studie biedt nieuwe, empirische gegevens over het sociale netwerk op per-
soonsniveau en kan daarom worden gebruikt als aanvulling op mathematische modellen voor de be-
rekening van de verspreiding van infectieziekten. Bovendien waren onze bevindingen een eerste stap
naar de ontwikkeling van niet-farmaceutische infectiepreventiestrategieén, zoals besproken in het
volgende hoofdstuk.

De mogelijkheid om infectieziekten te voorspellen bij zelfstandig wonende ouderen zou de individuele
gezondheid en de volksgezondheid enorm ten goede komen. Sociale netwerkkenmerken zijn tot nu toe
nog niet gebruikt in predictiemodellen. In hoofdstuk 3 hebben we predictiemodellen ontwikkeld en
intern gevalideerd voor bovenste luchtweginfecties, onderste luchtweginfecties, en maag-darminfec-
ties in een periode van twee maanden. Deze drie modellen konden onderscheid maken tussen mensen
die wel of geen infectie hebben gehad, en hadden een goede kalibratie. De belangrijkste bevinding was
dat de sociale netwerkkenmerken sterke onafhankelijke voorspellers zijn voor infecties bij mensen
van middelbare leeftijd en ouderen. Bovendien vertoonden de meeste sociale netwerkparameters een
voordelige associatie met de drie infecties. Mede hierdoor zijn sociale netwerkkenmerken veelbelo-
vende concepten voor infectiepreventiestrategieén. Het preventieve potentieel van de sociale net-
werkkenmerken is tweeledig. Sociale netwerkkenmerken kunnen gebruikt worden in een praktische
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interventie voor ouderen als potentiéle determinanten, of in een voorspellende “tool” om de persoon-
lijke kans op een infectie te berekenen.

Ondanks dat T2DM voorkomen kan worden, neemt de prevalentie nog steeds toe. Een duidelijk beeld
van de relatie tussen sociale netwerkkenmerken en T2DM kan bijdragen aan effectieve preventiestra-
tegieén voor T2DM. In hoofdstuk 4 hebben we associaties onderzocht van een breed spectrum aan
structurele en functionele sociale netwerkkenmerken met een normaal glucosemetabolisme, pre-
diabetes, nieuw gediagnosticeerd T2DM en eerder gediagnosticeerd T2DM. Meer sociaal-geisoleerde
individuen (kleiner sociaal netwerk) hadden vaker nieuwe en eerder gediagnosticeerde T2DM, terwijl
deze associatie niet werd aangetoond bij pre-diabetes. Bij vrouwen was de geografische afstand en
het type relatie geassocieerd met nieuwe en eerder gediagnosticeerde T2DM. Een gebrek aan sociale
participatie was geassocieerd met pre-diabetes en met eerder gediagnosticeerde T2DM bij vrouwen,
en alleen met eerder gediagnosticeerd T2DM bij mannen. Alleenwonend was geassocieerd met eerder
gediagnosticeerde T2DM bij mannen, maar niet bij vrouwen. Minder emotionele steun bij belangrijke
beslissingen, minder praktische ondersteuning bij klusjes en minder praktische ondersteuning bij ziek-
te waren geassocieerd met nieuw gediagnosticeerde en eerder gediagnosticeerde T2DM bij mannen
en vrouwen, maar niet met pre-diabetes. Deze studie toont een associatie van verschillende aspecten
van structurele en functionele kenmerken van het sociale netwerk met nieuw en eerder gediagnosti-
ceerd T2DM, soms verschillend voor mannen en vrouwen. Deze resultaten kunnen aangrijpingspunten
bieden voor T2DM-preventiestrategieén.

Patiénten met T2DM hebben een verhoogd risico op de ontwikkeling van macro- (bijvoorbeeld myocar-
diaal infarct, beroerte, perifere arteriéle ziekte) en microvasculaire complicaties (bijvoorbeeld neuro-
pathie, retinopathie en nefropathie). In hoofdstuk 5 hebben we de associaties van sociale netwerkken-
merken met macro- en microvasculaire complicaties in T2DM onderzocht en gekeken of deze
associaties onafhankelijk waren van glycemische controle, kwaliteit van leven en andere bekende
cardiovasculaire risicofactoren. Een Kkleiner sociaal netwerk was geassocieerd met macrovasculaire
complicaties bij zowel mannen als vrouwen met T2DM. Bovendien was het type relatie, met name het
percentage familieleden en vrienden, geassocieerd met macrovasculaire complicaties. Deelnemers
met hogere percentages familieleden of lagere percentages vrienden hadden vaker macrovasculaire
complicaties. Deze associaties waren onafhankelijk van glycemische controle, kwaliteit van leven en
andere cardiovasculaire risicofactoren. Verder was bij vrouwen met T2DM een kleiner sociaal netwerk
en minder informatieve ondersteuning geassocieerd met microvasculaire complicaties. Bij mannen
was alleenwonend geassocieerd met microvasculaire complicaties, maar deze associatie werd ver-
klaard door kwaliteit van leven en risicofactoren voor hart- en vaatziekten. Gezondheidsdeskundigen
zouden zich bewust moeten worden van de associatie tussen het sociale netwerk en T2DM-uitkom-
sten. Bij de ontwikkeling van preventiestrategieén zou rekening moeten worden gehouden met ie-
mands sociaal netwerk.
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In hoofdstuk 6 bespreken we de belangrijkste bevindingen van de onderzoeken naar infectieziekten,
T2DM en diabetescomplicaties. Vervolgens wordt een overzicht van de methodologische overwegin-
gen en uitdagingen gepresenteerd. Ten slotte wordt het potentieel van sociale netwerken voor preven-
tiestrategieén en toekomstige richtingen besproken. De studies in dit proefschrift hebben consequent
associaties aangetoond van structurele en functionele sociale netwerkkenmerken met infectieziek-
ten, T2DM en diabetescomplicaties. Onze resultaten wijzen erop dat het sociaal netwerk een veelbelo-
vend aangrijpingspunt kan zijn in infectiepreventiestrategieén, evenals in preventiestrategieén die
gericht zijn op het verminderen van de prevalentie van T2DM en van micro-/macrovasculaire compli-
caties.
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Valorisation addendum

Over the last decade, population ageing has become a global issue and, according to the WHO, one of
the greatest challenges in the 21t century. The research presented in this thesis is of importance for
both science and society, as it is driven by a societal problem and practical question, i.e. how can we
increase health in the growing group of older persons?

Infectious diseases

Social relevance

Human aging is increasingly represented by frailty, with declining reserve function of many organ
systems, including the immune system. The incidence and severity of infectious diseases among
older individuals are often associated with several comorbidities, resulting in a large burden of mor-
bidity and mortality. Part one of this thesis is based on a gap in the current management of infec-
tions in older persons: a growing population, living longer, and being more susceptible to infections.
If we would be able to slightly lower the level of infectious disease prevalence, we might have more
health impact at population level (‘the population strategy’) compared to individual treatment of
patients (a much smaller group). Improved preventive strategies that are applicable to the growing
group of older people living at home, are likely to render gains on the economic (i.e. reduced costs,
such as treatments-costs), and individual level (improved quality of life, self-management).

Target groups, activities and innovations resulting from this thesis

Animportant purpose of scientific research is to ensure that the results will impact society by mak-
ing it suitable for translation into products, services, processes or new activities. Part 1 of this thesis
showed detrimental as well as beneficial associations with URI, LRI and Gl. Based on the results of
our studies and previous investigations, we feel that the potential of the social network parameters
for infectious disease prevention strategies is twofold. First, the beneficial social network parame-
ters may be used as potential determinants which can be reinforced by preventive interventions.
Current EU policy expects older persons to take care of themselves as much as possible with help
of their social network. New prevention strategies should fit this policy. For example, in future pre-
vention strategies, the relation to close proximity and same-age network members could be rein-
forced. Moreover, future prevention strategies may aim to enhance practical and informational sup-
port from network members. Previously, higher levels of social support have already been shown to
associate with enhanced immune function. Second, the prediction rules could be used to compute
an individual's probability of an infection given a defined set of parameters. For example, the predic-
tion models may be used in a practical tool which could be offered to middle-aged and older people
in order to calculate their risk of infection, followed by an tailored advice on infection prevention (e.g.
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hand and environmental hygiene). At this time, | am translating the prediction models (chapter 3)
into a practical web-based intervention, a simple web-tool for independently living older persons.
With this web-tool, we aim to achieve reduced infectious burden among older people using a prac-
ticalinfection-prevention strategy. The prognostic tool may help older people to raise awareness for
their social network or to trigger early preventive actions (e.g. personalized advice). The tool may
also help formal caregivers (such as GPs) in their practical infection-management of older people.
For example, older people who visit their GP many times during the winter season because of com-
mon cold/ influenza-like symptoms may be advised to make use of the web-tool by their GP. In
older people themselves, the web-tool may help them to become aware of their social network and
to improve the beneficial social network aspects. The combination of social network and prediction
models in a non-pharmaceutical web-based intervention to improve infection prevention and the
quality of the social network in older persons is highly innovative.

Type 2 diabetes

Social relevance

To date, type 2 diabetes mellitus (T2DM) is one of the most prevalent diseases worldwide, and a
growing public health burden in middle-aged and older persons.

The impact of diabetes on patients’ quality of life is high as treatment of T2DM involves intensive
daily self-management of glucose monitoring, dietary behaviors, physical activity, and when needed,
diabetes medication. Moreover, patients with T2DM have an increased risk for the development of
macro- (e.g. myocardial infarction, stroke, peripheral arterial disease) and microvascular complica-
tions (e.g. neuropathy, retinopathy, and nephropathy). T2DM and its’' complications impose a substan-
tial burden on patients, their surroundings, and society. T2DM can be prevented or even reversed with
appropriate lifestyle changes such as healthy dietary behavior and sufficient physical activity. How-
ever, the social context of patients is often neglected in regular care. Patients at risk and those who
already have T2DM usually receive lifestyle advice on dietary habits and physical activity, and when
needed, medication. This thesis provided new insights for the prevention and treatment of T2DM and
diabetes complications.
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Target groups, activities and innovations resulting from this thesis

Findings in this thesis are of importance for all individuals at risk, and those having T2DM and related
complications. Knowledge of a patients network and social support may render treatment strate-
gies and lifestyle interventions more effective when tailored to the specific needs and network
characteristics of the individual. The social context can be of crucial importance to adopt and suc-
ceed in lifestyle change, and therefore, prevention strategies aiming to generate behavioral change
(e.g., dietary advice, physical activity) may also tailor the social network of the participant. Previous
research has shown that network targeting increases the adoption of specific prevention strategies.
Moreover, social network characteristics itself may prove an independent target in non-pharmaceu-
tical and non-medical prevention strategies which aim to prevent the development of T2DM as well
as in T2DM patients to prevent clinical complications. Our findings support the efforts to develop
effective prevention strategies which tailor social network characteristics, however, it is important
to assess whether these prevention strategies meet the specific needs of the participant.

Based on the results of our studies and previous investigations, we would suggest to consider
structural as well as functional characteristics of the social network in future prevention strategies.
For example, socially isolated individuals, with a smaller social network size, more often had T2DM and
macro- and microvascular complications. Broadening the social network may be encouraged, as rein-
forcement of social networking has been shown to improve Hbalc and blood glucose. Moreover, lack of
social participation was associated with pre-diabetes and previously diagnosed T2DM, therefore, stim-
ulating participants to become member of a club may also be considered in future prevention strate-
gies. Further, we would suggest to address the type of relationships and social support in future pre-
vention strategies aiming to reduce the burden of disease in T2DM. Our results mirror previous findings,
indicating that men living alone have a higher risk for the development of T2DM. Therefore, we feel that
men living alone should be indicated as high-risk group.

Notably, when including social network characteristics in future prevention strategies, differences
in social network characteristics between men and women should be taken into account, there is no
“one size fits all” approach.
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