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Abstract

Well-being has come into stronger focus with the advent of positive psychology. While
many theories examine well-being and plenty is already known about it, there is not
enough information to provide a comprehensive well-being framework that spans the
construct of well-being in its entirety.

A psychometric network analysis (NA), allows identifying node strength centrality,
including the most central facets/items of well-being and those that are considered to have
the strongest influence on the overall network. Performing a NA, this study used data from
an internet Dutch panel for longitudinal studies (N = 1662, aged 18 to 87 years
mean=47.61, SD=17.74) to assess well-being with the Mental Health Continuum-Short
Form questionnaire (MHC-SF).

The results of the NA showed node strength centrality for the overall network, for
female and male group and for low- and middle income group. Furthermore, the networks
of gender groups were compared with each other, and income groups were compared with
each other for differences in the network structure of well-being.

In all networks, happiness was found to be the most central node. In addition,
mastery was discovered as another central node in the networks for the entire sample, the
male group and the middle-income group. No differences in the overall well-being
structure were discovered within gender groups and within income groups. Hence, specific
single differences between individual facets were found in the gender and income groups.

The results are consistent with previous studies. Further, the study expands the
understanding of well-being structure in the general Dutch population. The results can be
used as a basis for further well-being research.

Keywords: well-being, network analysis, strength centrality, Dutch population, MHC-SF.



Introduction

Theory of Well-being

The importance of well-being is shown by the fact that even the ancient
philosophers dealt with the subject (Lambert et al., 2015). However, there is no consensus
around a single psychological definition of well-being, but there is general agreement that
at minimum, well-being includes the presence of positive emotions and moods, the absence
of negative emotions, satisfaction with life, fulfillment and positive functioning (Andrews
& Withey, 2012; Diener, 2000; Ryff & Keyes, 1995; Ryff, 2014). Nevertheless, despite the
long scientific debate on the concept of well-being, the question arises as to why there has
been no consensus on a unitary definition of well-being and what exactly are the
determinants associated with well-being. What is more, well-being is one of the main
factors when it comes to mental health according to the definition of the WHO (World
Health Organization, 2022). Keye's concept of well-being with the three domains
emotional well-being (EWB), psychological well-being (PWB) and social well-being
(SWB) cover the main elements mentioned in the WHQO’s definition of mental health
(Westerhof & Keyes, 2010).

Contemporary theories of well-being typically focused on one philosophical
tradition, either the hedonistic or the eudaimonistic approach (van de Weijer et al., 2021).
Keyes combines both approaches in his concept of well-being, merging Diener's hedonistic
theory on subjective well-being and Ryff's eudaimonic psychological well-being concept
as well as his own concept of social well-being (eudaimonic approach) (Keyes, 1998;
Lamers et al., 2011; Westerhof & Keyes, 2010).

Diener's theory on subjective well-being (also described as emotional well-being) is
about achieving the highest possible pleasure and includes three facets: feelings of

happiness, satisfaction and interest in life (Diener, 1984; Keyes, 2007). Ryff’s eudaimonic



definition of well-being, which has the focus on optimal functioning in individual and
social life, is the concept of psychological well-being and has six facets: autonomy,
environmental mastery, personal growth, positive relationships, purpose in life and self-
acceptance (Ryff & Keyes, 1995; Ryff, 2013; Westerhof & Keyes, 2010). Keyes expanded
the eudaimonic approach to include the domain of social well-being as he believes that
functioning optimally in community is an important aspect of well-being. He found the
following 5 facets: social coherence, social acceptance, social actualization, social
contribution and social integration (Keyes, 1998; Lamers et al., 2011; Westerhof & Keyes,
2010).

Thus, results from various studies support the conclusion, that emotional,
psychological and social well-being are considered to be related but still distinct domains
of well-being (e.g. Westerhof & Keyes, 2010; Lamers et al., 2011; Joshanloo & Lamers,
2016; Joshanloo & Jovanovi¢, 2017). Overall, it is not only important to define the concept
of well-being per se; equally important is the question of the determinants that are
associated with well-being. Petra Ziegler (2020) describes these determinants in detail,
naming intrapsychic variables, such as personality and genetics as the most important
influencing factors. Interestingly, external factors for example culture, income and gender
have a low influence on well-being, according to Ziegler (2020). Also in the work of
Lyubomirsky et al. (2005), the authors suggest that a wide variety of factors influence
well-being, interchanging the terms between happiness and well-being.

These factors are then categorized into three main predictors: genetics (50%
influence on happiness), intentional activity (40% influence on happiness), and
circumstances (10% influence on happiness).

Overall, while many theories examine well-being and plenty is already known

about it, there is not enough information to provide a comprehensive well-being framework



that spans the construct of well-being in its entirety (Linton et al., 2016; van de Weijer et
al., 2021). However, currently it is unknown, to what extent these domains differ or
overlap, which well-being facets are interconnected and which are the most central facets.
Extracting this information can help to get a new perspective on well-being, it can help to
filter out the most important domains and facets and this information can then be used for
other areas such as the healthcare, in order to optimize interventions, for instance.

The construct of well-being has been studied with factor analytic methods
(Joshanloo & Jovanovi¢, 2017; van de Weijer et al., 2021). However, in factor analytic
models and in most clinical psychology research, the predominant theory is the latent-
variable theory, which assumes that there is a latent entity behind a psychological
construct, e.g., a mental disorder, for which symptoms are the indicators and the symptoms
are due to a latent cause (Herzberg & Wildfang, 2018).

The disadvantage of this factor analysis is that important information about the
importance and effects of individual facets of well-being can be lost if they are not
explicitly examined. Therefore, in order to understand a psychological construct better, one
must also examine the role that each individual part play in the overall concept, which can
be better represented in a psychometric network (Borsboom et al., 2021). Although well-
being has been studied mainly with factor analyses, there is no universally complete
concept of well-being that takes all facets into account (Linton et al., 2016; van de Weijer
etal., 2021). A possible approach in understanding the architecture of well-being are
psychometric network models, as conducted in this study. To introduce the reader to this

method, the main advantages, key terms and components are explained below.



Psychometric Network Analysis in Well-being Research

Psychometric network models, are a relatively new approach, conceptualizes
psychological concepts as emergent systems of interconnected variables that can be
examined at the domain or item level (Blasco-Belled & Alsinet, 2022; Cramer et al., 2012).
Psychological well-being is defined in the network model as a system in which the
construct emerges from all interacting indicators (domains and facets/items). It is assumed
that these indicators form the basis of the network structure and are not merely the cause or
by-product of well-being, as is the case in factor models (van de Weijer et al., 2021). The
network approach can then provide valuable insights to assess which of these indicators
(domain and facets/items) are more relevant and important to well-being.

In particular, variables in network models are called nodes, and the connections
between them, representing positive or negative correlations, are called edges (Constantini,
2014, Constantini et al., 2015; Epskamp et al., 2018). Notably, one of the most important
advantages of the network approach is the concept of centrality, which can be used to
show, which the most relevant components of a network are. Centrality indicates the
importance of the role an item plays in the context of all other items in the whole network,
which means items (or nodes) with high strength centrality indicate that these items have
the most and the strongest associations with other items in the network and have a key role
in the overall construct (Baindurashvili, 2021; van de Weijer et al., 2021). And lastly,
density refers to the number of connections that all items have, the denser a network is, the
more interconnected the items are. For example, a 5-node (circle A, B, C, D & E) and 7-
edges (green and red lines that connect the nodes) network graph is shown in Figure 1.
Figure 1
A Self-elaborated Hypothetical Network with five Nodes (A, B, C, D, E) and seven Edges

(connecting lines)



Note. Green edges represent a positive connection between nodes and red edges negative

connection. Self-elaborated for explanatory purposes.

In this regard, the network approach assumes that when one symptom is activated,
it can activate other symptoms and if strong enough, it can even activate an entire construct
(Borsboom, 2017). Based on Figure 1, one could say that when node B is activated and is
strong enough, it can activate all other nodes. An advantage of this approach is that by
plotting item correlations on a graph, individual facets, domains or the entire construct can
be better revealed and visualized (Blasco-Belled & Alsinet, 2022).

Furthermore, network research is a recent advance in several areas of psychology to
describe psychological phenomena, however, the vast majority of network analyses are
concerned with psychopathology or the relationship between well-being and mental
disorders conducted in a clinical sample such as post-traumatic stress disorder (Fried et al.,
2018), eating disorders (de Vos et al., 2021) or depression (van Borkulo et al., 2015). In a
study on network structure of eating disorder patients, de VVos et al. (2021) found that
psychological well-being was the most central domain of the mental health network, with
emotional well-being and general psychopathology following. A network analysis study
conducted by Govorova et al (2020), examined the relationships between and effects of

school-related factors on various aspects of well-being, the findings showed that the node
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with the strongest influences was self-efficacy. Students who had faith in their abilities,
particularly in the face of challenging circumstances, and who believed that their lives have
meaning and purpose were also generally happier (Govorova et al., 2020). A study
conducted with Chinese population examined the network structure of adolescent well-
being traits and found that cheerfulness, engagement, and optimism for the future are most
central to well-being (Zeng et al., 2019). Blasco-Belles and Alsinet (2022) did a network
analysis of Ryff’s psychological well-being scale and found four domains with self-
acceptance, life purpose, and environmental mastery clustered together and self-acceptance
was revealed as the most central facet in the psychological well-being structure. Heshmati
et al. (2020) assessed psychological well-being in early adulthood based on Seligman's
PERMA model and found that positive relationships and positive emotions are most
central to young adults' daily well-being.

Taken together, there are only few network studies that examine solely the
construct of well-being. Thus, next to study the network of well-being it is also important
to find out what are important factors that influence well-being, such as gender and
income.

Differences of Well-being based on Gender

Gender differences in well-being have also been studied for some time. However,
there are often inconsistent results, with some studies finding no significant difference in
well-being, others showing significant differences and in some cases the results are also
diverse within the gender groups (Batz & Tay, 2018). For instance, Stevenson and Wolfers
(2009) found that men have higher levels of well-being, whereas other studies have shown
that women have significantly higher levels of well-being (e.g. Fujita et al., 1991). In a
meta-analysis, 46 empirical studies (N = 11,772) from 1980 to 2017 were analyzed to

examine possible gender differences in life satisfaction among children and adolescents.
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The results showed that life satisfaction remains the same across gender groups, but with a
slight difference in favor of male participants (Chen et al., 2020). Furthermore, a different
meta-analysis (N = 1,001,802) regarding gender differences in subjective well-being found
no significant differences (Batz-Barbarich et al., 2018). Further, a study examining well-
being in the Dutch population found no gender differences in social and psychological
well-being. However, women scored better than men did in emotional well-being
(Joshanloo & Lamers, 2016).

In summary, the studies come to different results about the influence of gender on
well-being, so it is of interest to see what results and insights network analysis can

contribute to this field of research.

Differences of Well-being based on Income

Several researchers have found it difficult to determine the relationship between
income and well-being (Frey & Stutzer, 2002; Diener et al., 1999; Argyle, 1999). A study
by Cummins et al. (2003) have concluded that, on average, income or the financial situation
makes a positive but very small contribution to well-being. An important discovery is that
money affects well-being when it is used to satisfy needs (Diener & Biswas-Diener, 2002).
In general, associations between income and well-being (usually measured by life
satisfaction) are stronger for individuals at lower economic levels (Biswas-Diener, 2008).
Paid employment is critical to individuals' well-being because it provides them with direct
access to resources and, for some, promotes satisfaction, meaning and purpose (Warr, 2003).
Unemployment, and thus likely no or little income, has negative effects on well-being in
both the short and long term (Sun et al., 2016).

However, there are no studies that examine the relationship between income and
well-being using network analysis. Despite the recent growth of network models of well-

being, this study can make a valuable contribution to ongoing studies as it does not address
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psychopathology or examine the relationship between well-being and mental disorders in a

clinical sample.

The Current Study

The aim of this study is to gain insight into the network structure of well-being in
the Dutch general population. Moreover this study’s goals are: finding the most impactful
facets/items, showing how clearly delineated or interconnected different well-being facets
from different domains are, how items correspond and cluster together, to learn how EWB,
PSW and SWB relate to each other and what effects the variables gender and income have
on the network structure of well-being.

The first research step is to explore the network structure of well-being in a sample
of Dutch population using the Mental Health Continuum-Short Form (MHC-SF; Keyes,
2002) and to investigate the most central facets/items of well-being in the network. The
second step is to examine gender differences in the network structure of well-being and to
look for gender differences regarding the most essential facets of the three well-being
domains. The final goal is to see if there are any significant differences regarding the most
central facets of well-being based on income. In summary, the research questions (RQ) of

this study are as follows:

RQ1.1: What is the network structure of well-being in the general Dutch population?
RQ1.2: What are the most central nodes of well-being domains in the network
structure of the general Dutch population?

RQ2: Are there differences in the network structure and in the node strength
centrality of the well-being domains based on gender?

RQ3: Are there differences in the network structure and in the node strength

centrality of well-being based on low-, middle- and high income?
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Methods

Participants and Procedures

This study used data from the LISS (Longitudinal Internet Study in the Social
Science) panel of CentERdata, an internet panel for longitudinal studies in the social
sciences administered by CentERdata in Tilburg, the Netherlands. The LISS panel
represents 5,000 households randomly selected from municipal registers in the
Netherlands. Household members were asked to complete online questionnaires each
month. In one-third of the households, a CentERdata member was selected to complete a
mental health module in December 2007, March 2008, June 2008 and September 2008. We
used the data from December 2007 for this study (N=1,662, response rate = 69%). Of the
1,662 participants, 828 (49.8%) were men and 834 (50.2%) were women, aged 18 to 87
years (mean=47.61, SD=17.74). Among these, those aged 18 to 34 years accounted for
30.6%, those aged 35 to 54 years for 30.2%, and those aged 55 years and older for 39.2%
of the participants. Regarding earning information, 244 participants have indicated that
they have zero net income. The remaining 1,418 participants had a net income of at least
40€ and at most 165.216€/per month (M=2014,62€, SD=7.687,23€, Median=1450€).
Among them are 10 outliers, 5 participants indicated that they have less than 100€ and the
other 5 persons indicated that they have more than 88.000€ net income/per month (without

these outliers the figures are as follows: M=1576,27€, SD=903,21€, Median=1450€).

Measures

To assess well-being the Mental Health Continuum-Short Form (MHC-SF; see the
entire questionnaire in Appendix A) was used (Keyes, 2002). The MHC-SF assesses
emotional, social and psychological well-being (see Table 1 for all facets/items) during the
previous month with 14 items on a 6-point Likert scale (1=never, 2=once or twice a month,

3=about once a week, 4=two or three times a week, 5=almost every day, 6=every day). The
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items were translated into Dutch and backwards into English to ensure comparability
(Lamers et al., 2011). Emotional well-being domain (EWB) consists three facets/items,
psychological well-being (PWB) consists six facets/items and the social well-being domain
(SWB) consists five facets/items. The Cronbach's alpha reliability estimates of the MHC-
SF were .83 for emotional well-being, for social well-being .74 and .83 for psychological
well-being (see Table 1 for further detail).

Table 1

14 Items of the Mental Health Continuum- Short Form (MHC-SF)

Cronbach’s

Domain (facet/Item) In the past month, how often did you feel... o
N 1662
Emotional well-being
(EwWB)
Happiness (HAP) ...happy?
Interest (INT) ...interested in life?
Life satisfaction (LFS) ...satisfied?
Social well-being
(SwB)
Social contribution ...that you had something important to contribute to
(SCN) society?
Social integration (SIN)  ...that you belonged to a community (like a social

group, your neighborhood)?
Social actualization ...that our society is becoming a better place for
(SAC) people?

Social acceptance (SCC)  -.-that people are basically good?
Social coherence (SCO)  ..that the way our society works makes sense to you?

Psychological well-being

(PWB)

Self-acceptance (SEA) ...that you liked most parts of your personality?

Mastery (MAS) ...good at managing the responsibilities of your daily
life?

Positive relations (PRL)  ...that you had warm and trusting relationships with
others?

Personal growth (PGO) ...that you have experiences that challenge you to
grow and become a better person?

Autonomy (AUT) ...confident to think or express your own ideas and
opinions?

Purpose in life (PUL) ...that your life has a sense of direction or meaning

to it?
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In the study of the variable income, we followed the suggestion of Cummins (2000),
which states that in the analysis of the financial situation for well-being, income within
society should be divided into three categories: high-, middle- and low-income. The
Deutsche Institut fiir Wirtschaftsforschung (German Institute for Economic Research) also
distinguishes three categories of income classes and puts them into perspective using the
median disposable income. Thus, those who earn 150% or more of the median income are
considered wealthy. The middle class is defined as those earning between 70% and 150% of
the median income, and the low-income group includes persons earning less than 70% of the
median income (Goebel et al., 2019). The Dutch net median income in 2007 was 24.800€
according to Statistics Netherlands (https://www.cbs.nl/en-gb), from which we derived a low
net income group from 1€ to 1.446€/per month, a middle income group from 1.447€ to

3.099€/per month and a high income group above 3.099€/per month.

Data Analyses

For the statistical analysis, the R and RStudio Team software was used (see
Appendix B for the R code). The data set included 1,662 participants without missing data.
First, all variables in the data set that were not the subjects of this work were removed. To
check item redundancy, we used the goldbricker function available in the networktools r
package (Jones, 2018). Using this function, one is able to identify items that are
insignificant to the network because they are too highly correlated with other items (r>.7).
We then extracted subsamples for gender (female, male) and income (low-, middle-, and
high-income). It was found that the sample of the high-income group is n=75. Therefore,
we followed the recommendations of Epskamp et al. (2018), stating that for a reliable
network analysis, the sample size should be at least 250 to 500. Consequently, we excluded

the high-income group.
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In the next step, networks for the entire sample, female group, male group, low-
income group and middle-income group were estimated and visualized with the R package
qgraph (Epskamp et al., 2012). To estimate the partial correlation, a Gaussian Graphical
Model (GGM) was chosen as the best estimation method for our data. The Least Absolute
Shrinkage and Selection Operator (LASSO) with Extended Bayesian Information Criterion
(EBIC) model selection was applied to limit the number of spurious edges and therefore,
leading to a sparse network that describes data parsimoniously (Haselbeck & Waldorp,
2015; Epskamp & Fried, 2018; Zeng et al., 2019). The LASSO is a regularization
technique that shrinks all connections and sets small coefficients to zero to get a sparse
network with few edges to illustrate associations (Blasco- Belled & Alsinet, 2022). To
identify the central elements of well-being, we estimated the node strength centrality of the
well-being network. Although centrality can also be calculated using closeness (sum of the
shortest paths from the node of interest to all other nodes in the network) or betweenness
(the relative frequency of a node of interest in the shortest path between other node pairs)
(Zeng et al., 2019). Node strength centrality (S) indicates how strongly a node or item is
directly connected to other nodes, based on the absolute sum of edge weights connected to
a node (Epskamp et al., 2012). To interpret the relevance of a node, researchers suggested
relying on node strength rather than closeness or betweenness measures, as these cannot be
considered valid and meaningful for centrality in psychometric networks (Isvoranu &
Epskamp, 2021; Zeng et al., 2019; de Vos et al., 2021). To identify the most central items
the centralPlot function of the ggraph was used (Epskamp et al., 2012). After network
estimation, the stability and accuracy of all networks were tested. Therefore the R package
bootnet was used to show accurate results (Epskamp & Fried, 2018). Following
suggestions of previous study from Epskamp et al. (2018) 1000 bootstraps were used. The

accuracy of the edge-weights was estimated by calculating nonparametric bootstrapped
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95% confidence intervals (CIs). Then, the stability of the strength centrality was indexed
by the correlation-stability coefficient (CS) with 1000 bootstraps. The correlation-stability
coefficient tests the maximum proportion of cases that can be dropped from the dataset
such that with 95% probability the correlation (cor) between original centrality indices and
centrality indices based on the subsets remains above (by default) 0.7. In simplified terms,
it shows how much of the original sample can be excluded without affecting the
correlations between the original sample and the subsets. Thus, Correlation-stability
coefficients are recommended to not be below 0.25 and preferably be above 0.5 to be
considered stable (Epskamp & Fried, 2018).

Differences in networks and network structures as well as centrality indices were
tested lastly using the R package Network Comparison Test (NCT) (van Borkulo, 2016).
The NCT compares two networks using a variety of invariance measures, including edge
invariance, global strength invariance, and network structure invariance (van Borkulo,
2018). With the NCT method, moreover, the structure of the network can be examined,
differences in the strength of edges and the node strength centrality can be determined and
whether the overall level of connectivity between groups is equal or significantly unequal
(van Borkulo, 2018; Baindurashvili, 2021). With this test the female and male networks
and both income networks are examined on overall network structure and centrality.

Overall, a p-value of < .05 indicates a significant difference for all analyses in this study.

Results

Network Structure in the General Dutch Population

The goldbricker function suggested no reductions for the 14 items of the Mental
Health Continuum-Short Form. The visualization of the network of the whole sample
(N=1,662) is presented in Figure 2. The network has 51 weighted edges, of which 37 edges

are positive correlations and 14 edges are negative correlations.
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Figure 2

Network of the 14 MHC-SF Items for Entire Sample

@@

Note. Items belonging to the same domain appear in the same color. Green edges represent positive
regularized partial correlations between nodes, while red edges represent negative regularized
partial correlations. The thickness of the edge represents the strength of the correlation.
EWB=emotional well-being, PWB=psychological well-being, SWB=social well-being. The items
presented in the order of the Mental Health Continuum- Short Form are: HAP=happiness,
INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social
actualization, SCC=social acceptance, SCO=social coherence, SEA=self-acceptance,
MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in
life.

o EWB
@ o SWB
e PWB

In Figure 3 the node strength centrality (S), which indicates how strong and
intensive the connection of a node is to other nodes in the network, based on the nodes
weight, is visualized. Nodes/items with high strength centrality have a higher ability to
distribute and control information in the network (Epskamp et al., 2012). Lower, negative
Z-scores indicate nodes with lower strength, while higher, positive Z-scores indicate nodes
with high centrality. The nodes with the highest node strength centrality, were mastery (S=
1.59) and happiness (S= 1.4). The nodes with the lowest node strength centrality were
social integration (S=-2.08) and social acceptance (S=-1.22).

The strongest edges (r= correlations) were found between the facets happiness and
life satisfaction (r=.49), social actualization and social acceptance (r=.35), self-acceptance

and mastery (r=.34) and between social contribution and social integration (r=.32), which
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means that these pairs have the highest correlation to each other and therefore influence

each other the most (see Appendix A Table Al to find all correlations).

Figure 3
Standardized Node Strength Centrality Estimates of the 14 MHC-SF Items for Entire

Sample

Strength

MAS -
HAP 4
SACH
PGO 4
PUL
SCO-
SEAA
PRL 4
LFS+
INT 4
AUT A
SCN A
SCCH
SIN

Note. There are z-scores instead of raw centrality indices. The higher the z-score is the higher the
centrality coefficient is for each item. The items presented in the order of the Mental Health
Continuum- Short Form are: HAP=happiness, INT=interest, LFS=life satisfaction, SCN=social
contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,
SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations,
PGO=personal growth, AUT=autonomy, PUL=purpose in life.

Network Stability Estimation

We evaluated the stability of the estimated network and the accuracy of centrality
measures (results are presented in Figure Al and Figure A2 in Appendix A). The edge
weight bootstrap revealed that the network is accurately estimated: there is overlap among
the 95% bootstrapped confidence intervals (CIs) of edge weights and the correlation-
stability coefficient (CS- coefficient) indicating that the strength centrality (CS (cor=.7)

=.60) is stable under different subsamples.
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Differences in Network Structure based on Gender

The networks for females (n=834) and males (n=828) were estimated and are
presented in Figure 4. The female network has 37 weighted edges from which 6 are
negative correlations. The male network is more interconnected with 10 negative and 33

positive weighted edges/correlations.

Figure 4

Network of the 14 MHC-SF Items for Male (left Graph) and Female (right Graph)

e o _
) (o) ® & = ®
&—© @ < < ,,/@ o W

Note. Items belonging to the same domain appear in the same color. Green edges represent positive
regularized partial correlations between nodes, while red edges represent negative regularized
partial correlations. The thickness of the edge represents the strength of the correlation.
EWB=emotional well-being, PWB=psychological well-being, SWB=social well-being. The items
presented in the order of the Mental Health Continuum- Short Form are: HAP=happiness,
INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social
actualization, SCC=social acceptance, SCO=social coherence, SEA=self-acceptance,
MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in
life.

Female Network

In Figure 5 the node strength centrality (S) for the female and male network is
visualized. The nodes with the highest node strength centrality for the female network were
happiness (S=1.36) and purpose in life (S=1.33). The nodes with the lowest node strength
centrality for the female network were social integration (S=-1.61), social contribution

(S=-1.33), social acceptance (S=-1.32) and autonomy (S=-1.05).
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The strongest edges/correlations in the female network were found between the
facets happiness and life satisfaction (r=.47), social actualization and social acceptance
(r=.35) and between social contribution and social integration (r=.31), which means that
changes in one facet will most likely lead to a change in the other facet (see Appendix A
Table A2 to find all correlations).

Male Network

For the male network the nodes with the highest node strength centrality (S) were
happiness (S=1.73) and mastery (S=1.62) and the nodes with the lowest node strength
centrality were social integration (S=-1.96) and social acceptance (S=-1.35).

The strongest edges in the male network were found between the facets happiness
and life satisfaction (r=.50), social contribution and social integration (r=.33), social
actualization and social acceptance (r=.33) and between self-acceptance and mastery
(r=.32) (see Appendix A Table A3 to find all correlations).

Figure 5

Standardized Node Strength Centrality Estimates of the 14 MHC-SF Items for Gender
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Note. There are z-scores instead of raw centrality indices. The higher the z-score is the higher the
centrality coefficient is for each item. The items presented in the order of the Mental Health
Continuum- Short Form are: HAP=happiness, INT=interest, LFS=life satisfaction, SCN=social
contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,
SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations,
PGO=personal growth, AUT=autonomy, PUL=purpose in life.
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Network Stability Estimation

For both networks, we also evaluated the stability of the estimated networks and the
accuracy of their centrality measures (results are presented in Figure A3 to Figure A6 in
Appendix A). The edge weight bootstrap revealed that the male and female networks are
accurately estimated: there is overlap among the 95% Cls (confidence intervals) of edge
weights and the CS-coefficient (correlation-stability coefficient) indicates that the strength
centrality (CS (cor=.7) =.46) for male group and (CS (cor=.7) =.33) for female group is
stable under different subsamples. In simplified terms, the correlation-stability coefficient
shows how much of the original sample can be excluded without affecting the correlations
between the original sample and the subsets.
Network Comparison Test

The network comparison test revealed that the mean difference (Mdiff) of the
overall network structure of male and female networks is statistically not significant
(Mdiff= .19, p=.055), so the female and male well-being overall networks can be
considered relatively equal. Single significantly different edges (see Table A6 in Appendix
A) in the female and male networks were not further investigated, because no overall
differences were found. These different edges are correlations between two items that are
significantly different in the male-female networks. The global network strength test
revealed significant differences (Sdiff= .99, p< .01) between the strength centrality indices
of the female network (S=6.26) and the male network (S=7.25). To be more specific, the
strength centrality of the male network is higher (i.e. more stronger connections within the

network) than the female network (see Figure 5 above).
Differences in Network Structure based on Income
The networks for low-income (n=699) and middle-income (n=640) were estimated

and are presented in Figure 6. The low-income network has 37 weighted edges from which
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8 are negative correlations. The middle-income also has 37 weighted edges (4 negative
edge nodes).
Figure 6

Network of the 14 MHC-SF Items for Low-Income (left) and Middle-Income (right Graph)
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Note. Items belonging to the same domain appear in the same color. Green edges represent positive
regularized partial correlations between nodes, while red edges represent negative regularized
partial correlations. The thickness of the edge represents the strength of the correlation.
EWB=emotional well-being, PWB=psychological well-being, SWB=social well-being. The items
presented in the order of the Mental Health Continuum- Short Form are: HAP=happiness,
INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social
actualization, SCC=social acceptance, SCO=social coherence, SEA=self-acceptance,

MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in
life.

Low-income group

In Figure 7 the node strength centrality for the two different income networks is
visualized. The nodes with the highest node strength centrality (S) for the low-income
network were personal growth (5=1.28) and happiness (S=1.2). The nodes with the lowest
node strength centrality for the low- income network were social acceptance (S=-1.53) and
social integration (S=-1.47). Strength centrality (S) indicates how strong and intensive the
connection of a node is to other nodes in the network, based on the nodes weight. Nodes
with high strength centrality have a higher ability to distribute and control information in

the network (Epskamp et al., 2012).
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The strongest edges (r= correlation) in the low-income network were found
between the facets happiness and life satisfaction (r=.49), social actualization and social
acceptance (r=.34) and between self-acceptance and mastery (r=.32), which means that
changes in one facet will most likely lead to a change in the other facet (see Appendix A
Table A4 to find all correlations).

Middle-income group

For the middle-income network the nodes/items with the highest node strength
centrality were mastery (S=1.75), happiness (S=1.67) and social actualization (S=1.4) and
the nodes with the lowest node strength centrality were social integration (S=-1.56) and
social contribution (S=-1.13). The strongest edges (r= correlation) in the middle-income
network were found between the facets happiness and life satisfaction (r=.51), social
actualization and social acceptance (r=.37) and between social contribution and social
integration (r=.35) (see Appendix A Table A5 to find all correlations).

Figure 7

Standardized Node Strength Centrality Estimates of the 14 MHC-SF Items for Income
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Note. There are z-scores instead of raw centrality indices. The higher the z-score is the higher the
centrality coefficient is for each item. The items presented in the order of the Mental Health
Continuum- Short Form are: HAP=happiness, INT=interest, LFS=life satisfaction, SCN=social
contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,
SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations,
PGO=personal growth, AUT=autonomy, PUL=purpose in life.
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Network Stability Estimation

For both networks we also evaluated the stability of the estimated networks and the
accuracy of their centrality measures (results are presented in Figure A7 to Figure A10 in
Appendix). The edge weight bootstrap revealed that the low-income network and the
middle-income network are accurately estimated: there is overlap among the 95% Cls
(confidence interval) of edge weights and the CS- coefficient (correlation-stability
coefficient) indicates that the strength centrality for low-income group (CS (cor=.7) =.29)
and for middle-income group (CS (cor=.7) =.34) are stable under different subsamples.
Network Comparison Test

The network comparison test revealed that the mean difference (Mdiff) of the
overall network structure of both networks are statistically not significant (Mdiff= .25, p=
.15), so the low-income and middle-income overall networks can be considered relatively
equal. The global network strength test also revealed no significant differences between the
strength centrality indices in the networks. Single significantly different edges (see Table
AT in Appendix A) in the low-income and middle-income networks were not further

investigated, because no overall differences were found.
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Discussion

The present study investigated the network structure of well-being in a Dutch
sample using Keye’s (2008) concept of well-being. For this purpose a network analysis
was conducted. To the best of the author's knowledge, this is the first study to investigate
the well-being structure in the general Dutch population with a network approach. The
most important facets of the domains emotional, psychological and social well-being were
examined. It was found that happiness and mastery are the strongest and most influential
facets in the construct, showing mostly positive associations with all other facets and
therefore have a key role in the well-being network. Activating or decreasing these facets
may result in activating or decreasing more facets that are connected too as well.

In contrast, social integration (in all networks examined) and social acceptance (in
all networks examined except the middle-income group) were found to be the well-being
facets with the lowest effect in the networks.

In addition, we investigated whether gender and income have an influence on the
structure of well-being. When comparing the network structure of well-being of women
and men and of low-income and middle-income, no significant differences were found for
the overall networks. By inspecting the 14 items of the Mental Health Continuum-Short
Form for redundancy, it was confirmed that the MHC-SF is a reliable questionnaire. All
items were connected to at least 3 other items, indicating that all items are significant for
the network, as also demonstrated in previous studies. Furthermore, as in other studies (e.g.
Keyes et al., 2008; Lamers et al., 2011; Joshanloo & Jovanovi¢, 2017), the 3 domains of
well-being were also found here and again these are shown to be three related but
distinctive domains. Moreover, it is consistent with other studies showing that emotional
well-being, social well-being and psychological well-being are strongly correlated (Keyes

et al., 2008; Lamers et al., 2011; Joshanloo & Jovanovi¢, 2017).
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Previous well-being research, mainly using factor analytic methods, has examined
differences in the construct well-being in different cultures, but mostly at the domain level
and not at the item/facet level (e.g. Joshanloo & Jovanovi¢, 2016). Furthermore, well-being
research is predominantly focused on factors that influence the level of well-being (e.g.
Diener et al., 2018).

Meaning of Happiness for Well-being

The high correlation between happiness and well-being is evident, as the two terms
are used interchangeably (e.g. Lyubomirsky et al., 2005; Zanon et al., 2022; Xiao et al.,
2016). Similarly, to the results of this study, there is evidence of a strong correlation
between happiness and well-being and that happiness is considered an essential key factor
of psychological well-being and has a strong relationship with several dimensions of well-
being (Diener et al., 2002; Seligman & Csikszentmihalyi, 2000). For example, those who
can maintain a positive attitude and higher levels of happiness are more able to cope with
stressors, have higher self-esteem, are psychologically healthier, are often more successful
at work, and have better social relationships. (Lyubomirsky et al., 2005; Diener et al.,
2018; Sheldon & Lyubomirsky, 2006; Diener, 2000). Thus, cross-cultural happiness
research has found that collectivist cultures generally value social membership, social
cohesion, and positive personal experiences in the social context more when assessing their
happiness, whereas individualist cultures -such as the Netherlands- primarily consider
personal experiences when assessing their overall life satisfaction (Wasil et al., 2021).
However, the vast majority of these studies examine which influencing factors increase the
level of happiness. But the fact that happiness was found to be the most highly related item
in all the networks examined in this study, even though it did not have the most
correlations, but had the strongest correlations, confirms once again the importance of this

facet for the construct of well-being.
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To sum up, reviewing the findings, we can assume that happiness is a key factor of
well-being that creates a kind of "virtuous circle™ in which positive emotions and an
optimistic outlook on life contributes to a fulfilling and satisfied life, which in turn result in

a state of improved well-being.

Meaning of Mastery for Wellbeing

This study found mastery to be one of the most strongly associated facet in the
network. In all 5 networks examined, mastery is one of the most important facets and has
some of the highest number of correlations. Similarly, de Vos and colleagues (2021), in a
study of the relation between eating disorders and well-being, identified environmental
mastery as one of the bridge symptoms and therefore an important facet. Furthermore, in
another study, Burns et al. (2011) demonstrated that mastery was positively correlated with
subjective well-being. However, environmental mastery refers to the sense that a person
can master owns environment and cope with life's demands and challenges.

Hence, Deci and Ryan's (2012) self-determination theory could offer an explanation
for the importance of mastery for well-being network. According to this theory, individuals
have an innate motivational tendency to experience themselves as effective, functioning,
and competent. Thus, when persons experience environmental mastery, a basic need is
satisfied, which then in turn leads to increased well-being. In fact, also in Grawe's concept
of four basic psychological needs, in which the need for orientation and control is most
similar to the concept of environmental mastery, it is assumed that these needs are present
in all humans and that their violation or persistent nonfulfillment leads to impairments in
mental health and well-being (Ghadiri et al., 2012).

Meaning of Social Integration and Social Acceptance for Well-being
The present study finds that social integration and social acceptance are not only

most weakly associated with other facets of well-being, but also have the fewest
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connections to other facets, which suggests that these facets play a minor role in
experiencing well-being in the Dutch population. In a study by Joshanloo (2016) with
participants from New Zealand and USA, he also found relatively weak loadings for social
integration. There are several factors that could explain these results. First, social and
cultural factors may also have an impact on subjectively perceived well-being, because
depending on the country and culture, the strength of a person’s integration into a
community may be higher or lower, and this may affect well-being differently (Diener &
Suh, 2003). For example, a person's social integration plays a rather minor role in Western
industrialized countries compared to many Asian countries, where the focus is on the
community rather than the individual (Nisbett, 2019). This might explain why social
integration and social acceptance play a less important role in our study of well-being in
the Dutch population. Therefore, future research is needed to investigate these cultural
differences.

Additionally, further reasons why the influence of these two facets on well-being is
low, may be that individual factors such as self-acceptance and self-esteem play a more
important role. Even if a person is socially accepted and integrated, their subjective well-
being may be impaired if they reject themselves or have low self-esteem (Orth & Robins,
2014). Further, a network analysis of the Ryff psychological well-being scale, conducted
by Blasco-Belled & Alsinet (2022), has indicated that self-acceptance is the most central
facet. Furthermore, in that study it was also demonstrated that self-acceptance, life
purpose, and environmental mastery are highly interconnected, which is comparable to the
results of this study (purpose in life was found to be the second strongest facet in the
female network in our study).

Therefore, external social aspects are probably less important for well-being than

internal processes, this might also be the reason why the domain social well-being (3,3) has
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the lowest mean compared to emotional- (4,7) and psychological well-being (4,2) in this
study.
Meaning of Gender for Well-being

In this study, it was found that the overall network structure of well-being of female
and male in the Dutch population does not differ significantly. In other words, the
psychometric properties of well-being of both genders are more similar than they are
different. This is consistent with previous scientific work. In a Serbian sample in which the
factor structure of the MHC-SF was examined, the authors found no significant gender
differences (Joshanloo & Jovanovic, 2016). Moreover, Joshanloo reports that he did not
detect significant overall differences with samples from New Zealand and the United
States (Joshanloo & Jovanovic, 2016). Furthermore, in a Vietnamese sample, no gender
differences could be found (Rogoza et al., 2018). However, in a study with Iranian
participants, men were discovered to score higher on social well-being than women and in
a study with Dutch participants, males were found to score significantly lower on
emotional well-being than women (Joshanloo, 2016; Joshanloo & Lamers, 2016).

Hence, also in the present study there are specific individual differences in the two
networks. Thus, the male network (43 correlations among the facets) was found to be more
inter-correlated than the female network (37 correlations). Furthermore, the most central
facets differ between the genders, for females, these are happiness and purpose in life, and
for males, they are happiness and mastery. In addition, men show a significant higher
overall strength of the network, by considering the weights of all correlations, which
indicates that the connections within the male network are overall stronger. Moreover, the
correlations between individual facets (7 correlations in total) are significantly different

between the genders. The results of the present study, as well as previous findings, suggest
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that the structure of the construct well-being is inherently consistent and that gender is
more likely to influence levels of well-being.

Thus, Hyde (2007) concluded that it is important to explain why gender differences
in subjective well-being may not be expected by referring to her gender similarity
hypothesis (Hyde, 2005), which suggests that gender differences are often small or non-
existent.

Meaning of Income for Well-being

In this study, it was found that there is no overall significant differences between
the network structure of low- and middle-income groups in the Dutch population.
However, there are specific individual differences when comparing the two networks in the
present study. Although both networks have the same number of correlations (37) between
the facets, the low-income group has twice as many negative correlations (8) as in the
middle-income group (4). The correlations between the facets (7 correlations in total) also
differ significantly between the income groups. The results of the present study suggest
that the structure of the construct well-being is consistent in itself.

Thus, many studies focus on the influence of income on the level of well-being, and
there are several theories that identify factors behind income as indicators for well-being
(Diener & Biswas-Diener, 2002; Kahneman & Deaton, 2010; Easterlin 2001; Stangl, 2023,
Clark et al., 2008). Stangel (2023) reports that three quarters of the relationship between
income and well-being could be explained by the factor control over one's life, rather than
money or wealth, which again supports the finding of this study, namely that the facet
mastery, which is related to control over one's life, is more important for the network

structure of well-being.
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Theoretical Contributions and Implications

As described in the introduction, there is no consensus on the measurement of well-
being, despite extensive scientific work (Linton et al., 2016). However, this empirical work
targets a better understanding of the complexity of well-being. Furthermore, this network
analysis provides a more nuanced understanding of the complexity of well-being by
examining its most important facets (happiness, mastery, purpose in life and personal
growth) and the interrelationships between the different facets. In addition, the network
structures of well-being were examined based on the variables gender and income. By
mapping the network of well-being, this study can provide insight into the underlying
mechanisms of well-being, we know the correlations of each facet, their importance to the
overall network, and thereby know which facets make up a cluster. As already described in
the previous sections this study is also a validation of existing studies (e.g. Westerhof &
Keyes, 2010; Lamers et al., 2011; Joshanloo & Jovanovi¢, 2017; Joshanloo & Lamers,
2016).

The findings of the network analysis approach could be used to improve existing
well-being questionnaires, by better filtering out items that play a minor role such as social
integration and social acceptance and better highlighting those items that have a high effect
on the network like happiness and mastery. Similar to the broaden-and-build theory
(Fredrickson, 2013) which posits that positive emotions such as happiness expand an
individual's consciousness and promote new, exploratory thoughts and actions,
intentionally promoting key facets (happiness and mastery) could further build skills and
psychological resources. The improvement of an aspect which is most strongly associated
may largely influence the overall well-being network and facilitate the well-being
intervention gains (Zeng et al., 2019). When developing prevention and intervention

programs, the results of this study, especially the findings of happiness and mastery as the
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most central nods, should be used to decide which components to focus on, since network
research indicates that changes in central symptoms can lead to improvements in the entire
mental health network (de Vos et al., 2021; Borsboom, 2017).

However, it is recommended to focus on well-being at the beginning of medical and
psychological treatment and to include it in the treatment, because many studies have find
that well-being is associated with benefits in health for example longevity, more effective
immune system, decreased risk of illness, injury, and disease (Joshanloo & Jovanovic,
2017; Frederickson & Levenson, 1998).

Longitudinal studies with multiple measurements can provide more detailed
insights into associations between variables and potential causal determinants (de Vos et
al., 2021). In addition, experience sampling studies can provide evidence about how
networks evolve over time and whether changes in one node predict changes in another
node. Currently, there are few network analyses that use experience sampling as a data
collection method. For instance, Heshmati and colleagues (2020) developed a daily well-
being assessment based on the PERMA model and found that having positive relationships
and positive emotion were most central to early adults' daily well-being and that positive
relationships are rather more important to well-being than just belonging to a community

(Heshmati et al., 2020).

Strengths and Limitations

As in any scientific work, there are weaknesses and strengths in the present study.
Since the present work is a cross-sectional study, this means that no causal conclusions can
be drawn, but they can point to potential causal relationships as exploratory hypothesis-
generating constructs (van de Weijer et al., 2021). Further, the most central nodes were
considered to be those with a S SD > 1, which is arbitrary, currently there is no rule for

how many nodes should be considered central (de Vos et al., 2021).
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Another important limitation is that differences between men and women were
considered, especially in the present time when LGBT community is demanding their
rights more strongly, another gender option should be considered, e.qg., diverse to avoid
discrimination. Another limitation is, that in comparison to national statistics, elderly,
single, never married, widowers and immigrants are all underrepresented in the dataset
(Lamers et al., 2011). A further limitation is that the sample is from 2007, today almost 16
years later and with the current economic and political developments in Europe (Covid
pandemic and war in Ukraine and its consequences) many things have changed.

Another limitation is that there are many more participants in the low- (n=699) and
middle income (n=640) group than in the high income group (n=75), as a result, no
comparisons could be made to the high-income group. This would have been a particularly
interesting comparison, as the difference in income between the low-income group and the
high-income group is significantly greater than between the low- and middle-income
groups. Moreover, the composition of the low-income group is not sufficiently accurate,
this is because there are many participants who reported a monthly income of significantly
less than 1000 euros. It is doubtful whether net income alone is sufficient to indicate well-
being, since net income does not necessarily indicate a person's wealth. Moreover, as
described above, income is unlikely to have a direct impact on the structure of well-being;
rather, it is what the money is spent on that directly affects well-being. The sample also did
not take into account the involvement of young people in education with little or no
income and pensioners who no longer have an income from work. For these two groups, it
IS questionable to what extent their income correlates with well-being.

Regarding the nationality of the participants, it must be reminded that only persons
living in the Netherlands and those understanding Dutch responded the questionnaire,

leaving aside individuals that live in the Netherlands and do not speak Dutch. Furthermore,
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the data was obtained only in the Netherlands, therefore, the results cannot be generalized
to other populations or other cultures. It is important to conduct similar studies and to
compare the results between countries or cultures.

The accuracy and reliability of the self-reported data may be limited due to social
desirability, which can affect the validity of the network structure and reduce the data
quality (Caputo, 2017). Another limitation of this study is that the complexity of well-
being cannot be fully reflected even with a network analysis, there are simply too many
factors that influence well-being and it is not possible to include every one of these factors
in the analysis, therefore the results cannot be generalized to the entire well-being

construct.

A strength of this study is, that psychometric network analysis provides a detailed
analysis of the interrelationships between different facets and domains of well-being. All
items were examined and correlated with each other. The benefit of this is that it allows
revealing important structures in the data that would otherwise be challenging to uncover
and there is less chance of overlooking crucial elements (Heshmati et al., 2020). Thus,
when the main facets of the well-being network are discovered, it gains complexity and
provides a more sophisticated insight. One advantage of this study is that it was a large
sample (n = 1662) and the size is well suited for a network analysis (Epskamp & Fried,
2018). Additionally, a strength is that the accuracy of estimated network connections and
the stability of the strength-centrality indices were assessed by using the bootstrapped
difference test with 1000 subsamples and the correlation stability coefficient to increase
confidence in the replicability of the estimated network structure and to show that the

results were robust.
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Future Research

Several areas of future research can be explored regarding network analysis of well-
being. Future research could employ longitudinal designs to investigate how network
structure changes over time and how this relates to changes in well-being. Longitudinal
studies could also help to identify potential causal relationships between different
symptoms or domains of well-being. New research could use multilevel analyses to
examine how network structure varies across different levels of analysis, such as
individual, group, and community levels. This approach could help identify how social and
environmental factors impact network structure and well-being. Future research could
investigate the effectiveness of interventions designed to modify network structure to
improve well-being. For example, interventions targeting specific network nodes, for
instance the facets happiness, mastery, purpose in life and personal growth could be

evaluated to determine their impact on overall network structure and well-being.

Additionally should be observed how cultural and contextual factors may impact
well-being. Future studies should examine other parameters in addition to the variables of
gender and income. For example, it may be important whether the person is married, has
children, is a housewife or househusband, or depends on the partner's income. It should
also be investigated whether age plays an important role in the topic of well-being in order

to develop intervention concepts specifically for the age groups.

The current study used only one measurement instrument, the Mental Health
Continuum-Short Form, to assess psychological well-being. Although MHC-SF is a well-
established survey (Lamers et al., 2011) and its psychometric properties have been tested,
there are other well-established measurement instruments of well-being. Therefore, future
studies should use other measurement tools to conduct a network analysis and see if the

results are consistent.
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Conclusion

Previous well-being research has mainly focused on the relationship between well-
being and psychopathology. Psychometric network analysis has also predominantly taken
this approach (e.g. Fried et al., 2018; de Vos et al., 2021; van Borkulo et al., 2015). A
unique characteristic of this study is, that it is the first to exclusively investigate well-being
and the influencing factors gender and income in the Dutch population with the
psychometric network approach. New insights into well-being structure in the Dutch
population were obtained through this study. One of the significant insights was to find
happiness and mastery to be the most strongly correlated facets of well-being in the
networks. The weakest and least correlated facets of well-being were found to be social
integration and social acceptance. Overall, however, no significant difference was found
between the gender networks and between the income networks, which suggests that the
structure of the construct well-being is inherently consistent and these variables influence

the level of well-being but not its psychometric structure.

However, these results of this explorative study can be used as a basis for further
research of well-being in the Dutch population, and can be extended to other cultures to
obtain an overall concept of well-being. The results can also be used for public mental
health services, governments and primary care to design more effective interventions based
on the results of this study to promote mental health. The findings of the present study
contribute to the current debates among well-being research, as its findings broaden the

understanding of well-being structure.
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Appendix A: Tables and Figures

Table Al

Partial Correlations among all MHC-SF items for whole Sample

HAP | INT | LFS | SCN | SIN | SAC | SCC | SOC | SEA | MAS PRL PGO | AUT | PUL
HAP 000 | 025 | 049 | 0,00 | 0,00 | 0,20 000 | -0,12 | 0,07 | -0,08 0,20 0,00 0,00 0,12
INT 0,00 | 022 | 0,10 | 0,00 | 0,00 0,07 0,09 0,00 0,10 0,00 0,00 0,00 0,15
LFS 0,00 | 0,08 | 0,00 | 0,00 0,00 0,00 0,00 0,14 0,00 -0,10 | 0,00 0,00
SCN 000 | 0,32 | 0,16 0,00 0,00 0,00 0,00 0,00 0,10 0,00 0,12
SIN 0,00 | 0,10 0,00 0,00 0,00 0,00 0,12 0,00 0,00 0,00
SAC 0,00 0,35 0,17 0,10 | -0,10 | -0,10 | 0,11 0,00 0,00
SCC 0,00 0,18 0,08 0,00 0,09 0,00 0,00 0,00
SOC 0,00 0,18 0,11 0,00 0,12 0,08 | -0,07
SEA 0,00 0,34 0,00 0,10 0,11 0,09
MAS 0,00 0,15 -0,19 0,10 0,18
PRL 0,00 0,17 0,16 0,09
PGO 0,00 0,22 0,17
AUT 0,00 0,22
PUL 0,00
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Note. HAP=nhappiness, INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,

SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in life.



Table A2

Partial Correlations among all MHC-SF items for female sample

HAP | INT | LFS | SCN | SIN | SAC | SCC | SOC | SEA | MAS | PRL | PGO | AUT | PUL
HAP 0,00 | 0,24 | 0,47 | 0,00 | 0,00 | 0,00 0,00 | -0,11 | 0,00 0,00 0,19 0,00 0,00 0,11
INT 0,00 | 028 | 0,11 | 0,00 | 0,00 0,00 0,08 0,00 0,09 0,00 0,00 0,00 0,15
LFS 0,00 | 0,00 | 0,00 | 0,00 0,00 0,00 0,00 0,09 0,00 | -0,11 | 0,00 0,00
SCN 000 | 031 | 0,15 0,00 0,00 0,09 0,00 0,00 0,00 0,00 0,00
SIN 0,00 | 0,11 0,00 0,00 0,00 0,00 0,10 0,00 0,00 0,09
SAC 0,00 0,35 0,19 0,00 0,00 0,00 0,10 0,00 0,00
SCC 0,00 0,21 0,11 0,00 0,00 0,00 0,00 0,00
SOC 0,00 0,18 0,00 0,00 0,16 0,00 0,00
SEA 0,00 0,35 0,00 0,00 0,14 0,09
MAS 0,00 013 | -0,14 | 0,00 0,21
PRL 0,00 0,14 0,16 0,08
PGO 0,00 0,22 0,19
AUT 0,00 0,19
PUL 0,00
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Note. HAP=happiness, INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,

SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in life.



Table A3

Partial Correlations among all MHC-SF items for male sample

HAP | INT | LFS | SCN | SIN | SAC | SCC | SOC SEA | MAS | PRL | PGO | AUT | PUL
HAP 0,00 | 0,26 | 0,50 | 0,00 | 0,00 | 0,13 0,00 | -0,13 0,12 0,00 0,20 0,00 -0,07 | 0,12
INT 0,00 | 0,47 | 0,00 | 0,00 | 0,00 0,12 0,00 0,00 0,10 0,00 0,00 0,00 0,14
LFS 0,00 | 0,10 | 0,00 | 0,00 0,00 0,00 -0,09 0,17 0,08 0,00 0,00 0,00
SCN 000 | 033 | 0,17 0,00 0,00 0,00 0,00 0,00 0,15 0,00 0,16
SIN 0,00 | 0,00 0,00 0,00 0,00 0,00 0,13 0,00 0,00 0,00
SAC 0,00 0,33 0,14 0,14 -0,13 | 0,00 0,13 0,00 0,00
SCC 0,00 0,18 0,00 0,00 0,00 0,00 0,00 0,00
SOC 0,00 0,19 0,19 0,00 0,00 0,09 0,00
SEA 0,00 0,32 0,00 0,13 0,09 0,10
MAS 0,00 016 | -0,20 | 0,13 0,12
PRL 0,00 0,18 0,18 0,10
PGO 0,00 0,22 0,12
AUT 0,00 0,24
PUL 0,00

53

Note. HAP=nhappiness, INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,

SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in life.



Table A4

Partial Correlations among all MHC-SF items for low income sample

HAP INT | LFS | SCN | SIN SAC | SCC | SOC | SEA | MAS | PRL | PGO | AUT | PUL
HAP 0,00 0,24 | 049 | 0,00 | 0,00 0,09 0,00 | -0,14 | 0,00 0,00 0,16 0,00 0,00 0,09
INT 0,00 | 0,26 | 0,09 | 0,00 | -0,11 | 0,00 0,11 0,00 0,08 0,00 0,00 0,00 0,18
LFS 0,00 | 0,00 | 0,00 0,00 0,00 0,00 0,00 0,10 0,08 | -0,14 | 0,00 0,00
SCN 0,00 | 0,29 0,17 0,00 0,00 0,00 0,00 0,00 0,11 0,00 0,00
SIN 0,00 0,12 0,00 0,00 0,00 0,00 0,14 0,00 0,00 0,00
SAC 0,00 0,34 0,16 0,00 0,00 0,00 0,00 0,00 0,00
SCC 0,00 0,19 0,00 0,00 0,00 0,00 0,00 0,00
SOC 0,00 0,23 0,00 0,00 0,17 0,00 0,00
SEA 0,00 0,32 0,00 0,00 0,00 0,14
MAS 0,00 0,22 | -0,25 0,00 0,19
PRL 0,00 0,18 0,20 0,00
PGO 0,00 0,19 0,19
AUT 0,00 0,24
PUL 0,00
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Note. HAP=happiness, INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,

SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in life.



Table A5

Partial Correlations among all MHC-SF items for middle income sample

HAP | INT | LFS | SCN | SIN | SAC | SCC | SOC | SEA | MAS PRL | PGO | AUT | PUL
HAP 0,00 | 0,18 | 051 | 0,00 | 0,00 | 0,11 0,00 | -0,08 | 0,07 | -0,11 0,28 0,00 0,00 0,14
INT 0,00 | 026 | 0,00 | 0,11 | 0,00 0,00 0,00 0,00 0,15 0,00 0,00 0,00 0,09
LFS 0,00 | 0,00 | 0,00 | 0,00 0,00 0,00 0,00 0,13 0,00 0,00 0,00 0,00
SCN 000 | 035 | 011 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,13
SIN 0,00 | 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
SAC 0,00 0,37 0,18 011 | -0,21 | -0,16 | 0,15 0,00 0,00
SCC 0,00 0,14 0,00 0,10 0,14 0,00 0,00 0,00
SOC 0,00 0,18 0,17 0,00 0,00 0,00 0,00
SEA 0,00 0,31 0,00 0,17 0,15 0,00
MAS 0,00 0,00 0,00 0,12 0,21
PRL 0,00 0,22 0,14 0,11
PGO 0,00 0,21 0,10
AUT 0,00 0,20
PUL 0,00
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Note. HAP=nhappiness, INT=interest, LFS=life satisfaction, SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social acceptance,

SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations, PGO=personal growth, AUT=autonomy, PUL=purpose in life.



Table A6

Partial Correlation Coefficients per Edge in Female and Male Group that Differ

Significantly and p-values

Edgel - Edge2 female male p-value
r r
INT - LFS 28 17 <.05
INT - SCC .00 12 <.05
HAP - SEA .00 12 <.05
LFS - SEA .00 -.09 <.01
SCO - MAS .00 19 <.01
HAP - AUT .00 -.07 <.05
SIN - PUL .09 .00 <.01

Note. Edge = correlation between two different nodes. The items presented in the order of the
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Mental Health Continuum- Short Form are: HAP=happiness, INT=interest, LFS=life satisfaction,

SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social

acceptance, SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations,
PGO=personal growth, AUT=autonomy, PUL=purpose in life.

Table A7

Partial Correlation Coefficients per Edge in Income Groups that Differ Significantly and

p-values
Edgel — Edge2 income  group p-value
low middle
r r
HAP - MAS 0,00 -0,11 <.01
INT - SIN 0,00 0,11 <.05
INT - SAC -0,11 0,00 <.01
SAC - MAS 0,00 -0,21 <.01
SOC - MAS 0,00 0,17 <.05
MAS - PRL 0,22 0,00 <.05
MAS - PGO -0,25 0,00 <.01

Note. Edge = correlation between two different nodes. The items presented in the order of the

Mental Health Continuum- Short Form are: HAP=happiness, INT=interest, LFS=life satisfaction,

SCN=social contribution, SIN=social integration, SAC=social actualization, SCC=social

acceptance, SCO=social coherence, SEA=self-acceptance, MAS=mastery, PRL=positive relations,
PGO=personal growth, AUT=autonomy, PUL=purpose in life.
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Figure Al

Bootstrapped Confidence Intervals of Estimated Edge weights for the Estimated Network
of the whole Sample

Note. The red line indicates the sample values and the grey area the bootstrapped Cls. Each
horizontal line represents one edge of the network, ordered from the edge with the highest

edge weight to the edge with the lowest edge weight. The y axis labels have been removed to avoid
cluttering. Narrower Cls are the more steady and robust estimation of the edge weights.

Figure A2

Robustness of the Centrality Measures of the whole Sample Network

sirength

Average correlation with original sample

Note. Robustness of the centrality measures that shows average correlations between

centrality measures in the original network with the centrality of sampled networks. In those
sampled networks, participants are randomly dropped. If the correlation is strong after dropping a
high percentage of participants, the original network’s centrality measures can be considered
robust.



58

Figure A3
Bootstrapped Confidence Intervals of Estimated Edge Weights for the Estimated Network

of the Female Group

Note. The red line indicates the sample values and the grey area the bootstrapped Cls. Each
horizontal line represents one edge of the network, ordered from the edge with the highest

edge weight to the edge with the lowest edge weight. The y axis labels have been removed to avoid
cluttering. Narrower Cls are the more steady and robust estimation of the edge weights.

Figure A4

Robustness of the Centrality Measures of the Female Network

stength

Average correlation with original sample

Sampled cases

Note. Robustness of the centrality measures that shows average correlations between

centrality measures in the original network with the centrality of sampled networks. In those
sampled networks, participants are randomly dropped. If the correlation is strong after dropping a
high percentage of participants, the original network’s centrality measures can be considered
robust.
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Figure A5
Bootstrapped Confidence Intervals of Estimated Edge Weights for the Estimated Network

of the Male Group

0o 02 0 ()

Note. The red line indicates the sample values and the grey area the bootstrapped Cls. Each
horizontal line represents one edge of the network, ordered from the edge with the highest

edge weight to the edge with the lowest edge weight. The y axis labels have been removed to avoid
cluttering. Narrower Cls are the more steady and robust estimation of the edge weights.

Figure A6

Robustness of the Centrality Measures of the Male Network

stength

Average correlation with original sample

Sampled cases

Note. Robustness of the centrality measures that shows average correlations between

centrality measures in the original network with the centrality of sampled networks. In those
sampled networks, participants are randomly dropped. If the correlation is strong after dropping a
high percentage of participants, the original network’s centrality measures can be considered
robust.
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Figure A7

Bootstrapped Confidence Intervals of Estimated Edge Weights for the Estimated Network
of the Low Income group

—

Note. The red line indicates the sample values and the grey area the bootstrapped Cls. Each
horizontal line represents one edge of the network, ordered from the edge with the highest

edge weight to the edge with the lowest edge weight. The y axis labels have been removed to avoid
cluttering. Narrower Cls are the more steady and robust estimation of the edge weights.

Figure A8

Robustness of the Centrality Measures of the Low Income Network

strength

Average correlation with original sample

Sampled cases

Note. Robustness of the centrality measures that shows average correlations between

centrality measures in the original network with the centrality of sampled networks. In those
sampled networks, participants are randomly dropped. If the correlation is strong after dropping a
high percentage of participants, the original network’s centrality measures can be considered
robust.



61

Figure A9

Bootstrapped Confidence Intervals of Estimated Edge Weights for the Estimated Network
of the Middle Income group

® Bootstapmean *

L

Note. The red line indicates the sample values and the grey area the bootstrapped Cls. Each
horizontal line represents one edge of the network, ordered from the edge with the highest

edge weight to the edge with the lowest edge weight. The y axis labels have been removed to avoid
cluttering. Narrower Cls are the more steady and robust estimation of the edge weights.

Figure A10

Robustness of the Centrality Measures of the Middle Income Network

strength

Average correlation with original sample

50% o
Sampled cases

Note. Robustness of the centrality measures that shows average correlations between

centrality measures in the original network with the centrality of sampled networks. In those
sampled networks, participants are randomly dropped. If the correlation is strong after dropping a
high percentage of participants, the original network’s centrality measures can be considered
robust.
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Mental Health Continuum-Short Form (MHC-SF) Questionnaire

The following questions are about how you have been feeling during the past month.
Please, choose the answer that best represents how often you have experienced or felt a

particular feeling.

Never | Once About | About | Almost| Every

] or oncea | 2o0r3 every day
During the past month,

how often did you feel: twice | week | timesa | day

week

...happy? O O O O O

...satisfied with life? O O O 0 O

...that you belonged to a community
(like a social group, or your
neighborhood)?

..that people are basically good? “““n

...that you liked most parts of
your personality?

... that you had warm and trusting
relationships with others?

...confident to think or express 0 0 0 0 O 0

your own ideas and opinions?




Appendix B: R Code
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##load packages

rm(list=1s())
install.packages(*'qgraph™)
install.packages(*bootnet™)
install.packages("mgm")
install.packages("tidyverse")
install.packages(**foreign™)
install.packages("psych™)
install.packages("EGAnet")
install.packages("ggpubr")
install.packages(*'ggplot2™)
install.packages("haven™)
install.packages("'sna")
install.packages("summarytools")
install.packages("NetworkComparisonTest")
install.packages("ltm")
install.packages("'networktools™)
install.packages("'summariser")
install.packages("openxIsx™)
library(foreign)

library(psych)

library(EGAnNet)

library(ggpubr)

library(ggplot2)

library(qgraph)
library(bootnet)

library(mgm)



library(tidyverse)

library(haven)

library(sna)
library(summarytools)
library(NetworkComparisonTest)
library(ltm)

library(networktools)
library(summariser)
library(psych)
library(summarytools)
library(haven)

library(qgraph)

library(bootnet)
library(NetworkComparisonTest)
library(networktools)

library(openxIsx)

##change name of Items
names(mess)[names(mess) =="MHC01"] <-"HAP"
names(mess)[names(mess) =="MHC02"] <-"INT"
names(mess)[names(mess) =="MHC03"] <-"LFS"
names(mess)[names(mess) =="MHC04"] <-"SCN"
names(mess)[names(mess) =="MHCO05"] <-"SIN"
names(mess)[names(mess) =="MHCO06"] <-"SAC"
names(mess)[names(mess) =="MHCO07"] <-"SCC"
names(mess)[names(mess) =="MHC08"] <-"SOC"

names(mess)[names(mess) =="MHC09"] <-"SEA"
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names(mess)[names(mess) =="MHC10"] <-"MAS"
names(mess)[names(mess) =="MHC11"] <-"PRL"
names(mess)[names(mess) =="MHC12"] <-"PGO"
names(mess)[names(mess) =="MHC13"] <-"AUT"

names(mess)[names(mess) =="MHC14"] <-"PUL"

#tcreate wellbeing data

wellbeing <- c("HAP", "INT", "LFS","SCN", "SIN", "SAC","SCC", "SOC",
"SEA","MAS", "PRL", "PGO",

"AUT", "PUL")

newdata <- mess[wellbeing]

##texclude unnecessary variables
excl_vars <- names(mess[c(1:10,12,13,15:22,24:49,64:96)])

tidydataset <- mess[,!(names(mess)%in%excl_vars)]

##goldbricker function to identify redundant nodes
goldbricker(newdata, p = 0.01, method = "hittner2003", threshold = 0.25,

corMin = 0.5, progressbar = TRUE)

##tcatagorize income

data_noinfo <- subset(tidydataset, nettoink <1)

data_lowincome <- subset(tidydataset, nettoink>0 & nettoink<1447)
data_middleincome <- subset(tidydataset, nettoink>1447 & nettoink<3100)

data_highincome <- subset(tidydataset, nettoink>3100 & nettoink<300000)
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##create subsample male participants
malepart <- tidydataset

malepart <- subset(malepart, geslacht==1)
excl_male <- names(malepart[c(1:3)])

malepart <- malepart[,!(names(malepart)%in%excl_male)]

#itcreate subsample female participants
femalepart <- tidydataset

femalepart <- subset(femalepart, geslacht==2)
excl_female <- names(femalepart[c(1:3)])

femalepart <- femalepart[,!(names(femalepart)%in%excl_female)]

#tcreate subsample low income

lowincome <- data_lowincome

lowincome <- subset(lowincome, nettoink>0 & nettoink<1447)
excl_lowincome <- names(lowincome[c(1:3)])

lowincome <- lowincome[,!(names(lowincome)%in%excl_lowincome)]

##create subsample middle income

middleincome <- data_middleincome

middleincome <- subset(middleincome, nettoink>1447 & nettoink<3100)
excl_middleincome <- names(middleincome[c(1:3)])

middleincome <- middleincome[,!(names(middleincome)%in%excl_middleincome)]

##create subsample high income
highincome <- data_highincome

highincome <- subset(highincome, nettoink>3100 & nettoink<300000)
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excl_highincome <- names(highincome[c(1:3)])

highincome <- highincome[,!(names(highincome)%in%excl_highincome)]

##form the domains of MHC
group <- list(c(1:3), c(4:8), c(9:14))

names(group)=c('EWB','SWB', 'PWB')

##testimate network of well-being for the entire sample
set.seed(1)

everyone_network <- ggraph(input = cor_auto(newdata), groups=group, layout = 'spring’,
graph = "EBICglasso”, legend = TRUE, sampleSize = nrow(newdata), threshold = TRUE,
filetype = ".png", esize = 10, color=c("lightgreen"”, "orange", 'red"))

##calculate partial correlations for the network
myedges <- getWmat(everyone_network)
##estimate network of well-being for males
set.seed(1)

male_network <- gqgraph(input = cor_auto(malepart), groups=group, layout = “spring”,
graph = "EBICglasso”, legend = FALSE, sampleSize = nrow(malepart), threshold =
TRUE, filetype = ".png", esize = 10, color=c("lightgreen”, "orange", 'red’))

##testimate network of well-being for females
set.seed(1)

female_network <- ggraph(input = cor_auto(femalepart), groups=group, layout =
LayoutM, graph = "EBICqglasso", legend = FALSE, sampleSize = nrow(femalepart),
threshold = TRUE, filetype = ".png", esize = 10, color=c("lightgreen”, "orange", 'red"))

##testimate network of well-being for the lowincome sample

set.seed(1)
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lowincome_network <- ggraph(input = cor_auto(lowincome), groups=group, layout =
'spring’, graph = "EBICqglasso", legend = FALSE, sampleSize = nrow(lowincome),
threshold = TRUE, filetype = ".png", esize = 10, color=c("lightgreen", "orange", 'red’))

Layoutl <- averageLayout(lowincome_network)

#estimate network of well-being for the middleincome sample
set.seed(1)

middleincome_network <- ggraph(input = cor_auto(middleincome), groups=group, layout
= Layoutl, graph = "EBICglasso”, legend = FALSE, sampleSize = nrow(middleincome),
threshold = TRUE, filetype = ".png", esize = 10, color=c("lightgreen", "orange", 'red"))

##calculate partial correlations
myedges_low <- getWmat(lowincome_network)

myedges_middle <- getWmat(middleincome_network)

myedges_female <- getWmat(female_network)

myedges_male <- getWmat(male_network)

##centrality estimates (plots) for whole sample

centralityPlot((everyone_network), include = "Strength", orderBy="Strength", scale = 'z-
scores’)

##centrality estimates (plots) for male and female groups

centralityPlot(list(Male=male_network, Female=female_network), include = "Strength",
orderBy = "Strength", scale = 'z-scores')

##centrality estimates (plots) for low- and middle-income groups

centralityPlot(list(low=lowincome_network, middle=middleincome_network), include =
"Strength”, orderBy = "Strength", scale = 'z-scores’)

##stability analysis of the entire sample
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set.seed(123)

everyone_NW <-estimateNetwork(newdata, corMethod = "cor_auto”, default =
"EBICqglasso”, threshold = TRUE) #hier wird nochmal das netzwerk erstellt, habe ich zwar
schon, aber anders geht es nicht

set.seed(123)

boot_everyone <- bootnet(everyone NW, statistics = "edge", nBoots = 1000, nCores = 4)
plot(boot_everyone, labels = FALSE, order = "sample™)

summary(boot_everyone)

print(boot_everyone)

set.seed(123)

boot_everyone2 <- bootnet(everyone_NW, statistics = "strength™, nBoots = 1000, type =
"case", nCores = 4, caseMin = 0.439, caseMax = 0.595)

corStability(boot_everyone2, cor = 0.7, statistics = "strength", verbose = TRUE)
print(boot_everyone2)

plot(boot_everyone2)

##stability analysis of male participants
set.seed(123)

male_NW <-estimateNetwork(malepart, corMethod = "cor_auto", default = "EBICglasso",
threshold = TRUE)

set.seed(123)

boot_male <- bootnet(male_NW, statistics = "edge", nBoots = 1000, nCores = 4)
plot(boot_male, labels = FALSE, order = "sample™)

summary(boot_male)

print(boot_male)
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set.seed(123)

boot_male2 <- bootnet(male_NW, statistics = "strength", nBoots = 1000, type = "case",
nCores = 4, caseMin = 0.439, caseMax = 0.595)

corStability(boot_male2, cor = 0.7, statistics = "strength”, verbose = TRUE)
print(boot_male2)

plot(boot_male2)

##stability analysis of female participants
set.seed(123)

female_ NW <-estimateNetwork(femalepart, corMethod = "cor_auto™, default =
"EBICqglasso”, threshold = TRUE)

set.seed(123)

boot_female <- bootnet(female_NW, statistics = "edge", nBoots = 1000, nCores = 4)
plot(boot_female, labels = FALSE, order = "sample")

summary(boot_female)

print(boot_female)

set.seed(123)

boot_female2 <- bootnet(female_NW, statistics = "strength"”, nBoots = 1000, type =
"case", nCores = 4, caseMin = 0.0, caseMax = 0.439)

corStability(boot_female2, cor = 0.7, statistics = "strength", verbose = TRUE)
print(boot_female2)

plot(boot_female2)

##stability analysis of low income group
set.seed(123)

lowincome_NW <-estimateNetwork(lowincome, corMethod = “cor_auto”, default =
"EBICglasso”, threshold = TRUE)
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set.seed(123)

boot_lowincome <- bootnet(lowincome_NW, statistics = "edge", nBoots = 1000, nCores =
4)

plot(boot_lowincome, labels = FALSE, order = "sample™)
summary(boot_lowincome)

print(boot_lowincome)

set.seed(123)

boot_lowincome2 <- bootnet(lowincome_NW, statistics = "strength™, nBoots = 1000, type
= "case", nCores = 4, caseMin = 0.0, caseMax = 0.439)

corStability(boot_lowincome2, cor = 0.7, statistics = "strength”, verbose = TRUE)
print(boot_lowincome?2)

plot(boot_lowincome?2)

##stability analysis of middle income group
set.seed(123)

middleincome_NW <-estimateNetwork(middleincome, corMethod = "cor_auto”, default =
"EBICqglasso”, threshold = TRUE)

set.seed(123)

boot_middleincome <- bootnet(middleincome_NW, statistics = "edge", nBoots = 1000,
nCores = 4)

plot(boot_middleincome, labels = FALSE, order = "sample™)
summary(boot_middleincome)

print(boot_middleincome)

set.seed(123)



boot_middleincome2 <- bootnet(middleincome_NW, statistics = "strength™, nBoots =
1000, type = "case", nCores = 4, caseMin = 0.0, caseMax = 0.439)

corStability(boot_middleincome2, cor = 0.7, statistics = "strength”, verbose = TRUE)
print(boot_middleincome?2)

plot(boot_middleincome?2)

##tcompare networks of male and female groups
set.seed(123)

malefemale <- NetworkComparisonTest::NCT(male_NW, female_NW, it = 20,
binary.data = FALSE, paired = FALSE, test.edges = TRUE, edges = "all", progressbar =
TRUE, test.centrality = TRUE, centrality = "strength"”, nodes = "all")

summary(malefemale)

print(malefemale)

##compare networks of low and middle income groups

set.seed(123)
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low_middle_NW <- NetworkComparisonTest::NCT(lowincome_NW, middleincome_NW,

it = 20, binary.data = FALSE, paired = FALSE, test.edges = TRUE, edges = "all",
progressbar = TRUE, test.centrality = TRUE, centrality = "strength”, nodes = "all")

summary(low_middle_NW)

print(low_middle_NW)

##Cronbach's alpha
mess <- mess[50:63]

cronbach.alpha(mess) #Cronbach's alpha for all 3 Dimensions

messemotional <- mess[1:3]

cronbach.alpha(messemotional) #Cronbach’s alpha for EWB



messsocial <- mess[4:8]

cronbach.alpha(messsocial) #Cronbach's alpha for SWB

messpsychological <- mess[9:14]

cronbach.alpha(messpsychological) #Cronbach's alpha for PWB

##tsee summary of the data

View(dfSummary(tidydataset))
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