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Abstract

Social capital holds a fundamental role in shaping societies and influencing various outcomes, en-
compassing economic development, political stability, and individual well-being. This master’s thesis
alms to construct a comprehensive measurement instrument of global social capital, leveraging exten-
sive datasets from the World Values Survey and World Development Indicators. The study establishes
a robust measurement framework, differentiating between cognitive and structural components, dis-
cerning the emotional and behavioral elements shaping social relationships. The findings unveil that
higher levels of education and engagement in collective work or study environments are associated with
increased social capital. While social capital generally escalates with age, there appears to be a poten-
tial decline in structural social capital due to reduced energy or time available for group activities and
political engagement. Notably, control of corruption emerges as a pivotal country-specific factor influ-
encing social capital. The findings of this research complement existing studies by revealing nuanced
influences on social capital. Also, the comprehensive analysis of global data sets this study apart, as

many previous analyses tend to focus on regional research.
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1 Introduction

Social capital, an extensively studied concept, holds a range of interpretations across disciplines. It
is understood as the inherent capacity of individuals to collaborate and participate in collective civic
activities. Social capital is also perceived as an accumulated asset, deriving from a sense of belonging,
shared norms, and mutual trust among individuals or within a community. This multifaceted concept
garners interest from disciplines spanning sociology, economics, political science, and public health,
each exploring its influence on societal dynamics, economic prosperity, governance, and community
well-being.

Social capital is a crucial factor in understanding societal interactions and dynamics. Despite its
widespread adaptation, challenges have surfaced due to its broad usage and lack of precision. This
issue often arises from oversimplification, relying on singular indicators or limited proxies, overlooking
its inherently complex nature. Further complexity arises from the absence of a universally agreed-upon
definition, leading to diverse interpretations across disciplines.

This research aims to approach various aspects of social capital systematically. Beginning with a
short literature review, the conceptualizations, dimensions, and determinants of social capital observed
in previous studies are explored. This serves as a foundation to explore the multifaceted aspects of
social capital, particularly its cognitive and structural components, which encompass both emotional
and behavioral elements. To capture these dimensions, indicators are constructed utilizing data from
the World Values Survey and World Development Indicators datasets. These global datasets provide
a comprehensive understanding of social capital that extends across diverse populations and contexts
worldwide.

Once a comprehensive measurement instrument is constructed, the study dives into examining

patterns of social capital, both within and between countries. By incorporating socio-demographic



factors (age, gender, education, employment, religion, and marital status) and contextual indicators
like Corruption Control, GINI Index, Poverty Gap, Unemployment, and GDP per capita, the research
enriches the understanding of how these elements contribute to social capital. The study seeks to
provide meaningful insights into the factors that contribute to social capital, aiming to enhance the

understanding of how these elements impact the shaping of societies on a global scale.

2 Short Literature Review

Social capital is a complex and multifaceted concept that has been studied extensively in social
science research. As defined by Robert Putnam (1995) [1] social capital refers to "the networks, norms,
and trust that facilitate coordination and cooperation among individuals and groups." However, the
definition of social capital extends beyond this basic understanding. According to Norman Uphoff (2000)
[2], social capital is “an accumulation of various types of social, psychological, cognitive, institutional,
and related assets that increase the amount (or probability) of mutually beneficial cooperative behavior”.
This definition highlights the multifaceted nature of social capital, as the diverse assets that promote
cooperative behavior are shaped by the specific social contexts and populations they are embedded in.
Consequently, measuring and understanding social capital requires a nuanced approach that recognizes
the contextual and dynamic nature of its forms and distribution.

Onyx and Bullen (2000) [3] conducted a study aiming to find the key components of social capital.
In a study conducted in five Australian communities, a questionnaire containing 68 potential social
capital items was created. The data collected was subjected to a hierarchical factor analysis, which
identified a general underlying factor and eight specific factors that accounted for 49% of the variance.
Those factors included: Participation in the Local Community, Social Agency, or Proactivity in a Social
Context, Feelings of Trust and Safety, Neighborhood Connections, Family and Friends Connections,
Tolerance of Diversity, and Value of Life and Work Connections. The study’s findings align with Robert
Putnam’s [1] theory that social capital is composed of three key components: social networks, trust,
and civic engagement. These components emerged as significant determinants in the analysis, providing
empirical support for Putnam’s conceptualization of social capital.

Wim van Oorschot et al. (2006) [4] also used the same three dimensions of networks, trust, and
civism to analyze the multidimensional nature of social capital in Europe. The study found that
overall social capital levels do not differ significantly among European countries and regions, except
for higher levels in Scandinavia. The accumulation of social capital was also observed, as people with
more human and economic capital had higher levels of social capital. The study also revealed gender
differences in the structure of social capital, with women having higher levels of trustworthiness and
family orientation but less political engagement and involvement in voluntary associations. Politically,
the study found that leftist individuals tend to trust others more and have higher levels of network
capital, while religious individuals tend to have higher levels of social capital. Furthermore, the study
showed that personal characteristics such as education and income have a greater impact on social
capital than geographic location within Europe.

Lu and Zhang (2019) [5] explored the multifaceted nature of social capital, differentiating between

cognitive and structural components. Cognitive social capital, shaped by trust and reciprocity, was



assessed subjectively. Structural social capital relied on objective social indicators. Employing Struc-
tural Equation Modeling (SEM), authors estimated parameters for the proposed model. The research
revealed that cognitive social capital significantly influences self-rated health, while structural social
capital affects it indirectly.

Fidrmuc and Gérxhani (2005) [6] analyzed the determinants of social capital in a sample of 27
European countries, including EU member states and countries that were candidates for membership.
The study found differences in social capital between the two groups of countries. The research revealed
that the individual factors influencing social capital were largely similar in both candidate and EU
member countries, meaning that the disparity in social capital can be attributed to aggregate factors
specific to each country. Lower economic development, institutional quality and corruption in candidate
countries resulted in lower levels of social capital.

A similar analysis was done by Kaasa and Parts (2008) [7]. In this research, 12 indicators of 5
dimensions (formal networks, informal networks, general trust, institutional trust, and norms) were
used and all dimensions were analyzed separately. Moreover, countries were grouped into three clusters
to make it easier to compare those that underwent the transition from communism and those that
did not. Age, education, and religiosity were found to be the most influential determinants of social
capital, while town size and number of children had the least impact. The study also revealed that the
effects of determinants vary significantly within country subgroups, with religiosity having an effect on
informal networks in northern countries but not in other country groups. The study found that the
origins of social capital vary significantly between countries that have communist backgrounds and no
communist backgrounds. These findings suggest that it is essential to recognize that both individual-
level and macro-level determinants play important and complementary roles in shaping social capital.

Christoforou (2011) [8] conducted a study that focuses on group membership as a form of social
capital and examines its determinants across European countries. Binary logistic regression models are
applied to the data to explore the impact of individual and aggregate factors on group membership.
The study confirmed that both micro (income, education, gender, age, marital status, employment)
and macro level factors (GDP per capita, income inequality, social trust, trust in public institutions,
corruption, unemployment, and violation of political and civil rights) play a role in determining social
capital.

Ferragina (2013) [9] proposed a model that takes into account structural socio-economic factors and
historical legacies in different regions of Europe to measure the effect of income inequality, economic
development, labor market participation, and national divergence on social capital. The study found
that income inequality, labor market participation, and national divergence explain most of the variance
in social capital, with income inequality being the most significant predictor for formal social networks
and social trust. Bundi and Freitag (2020) [10] investigated the impact of economic hardship on social
capital in 27 European countries. The results showed that personal resources such as education and
money are essential for civic engagement. Economic hardship negatively affects citizens’ likelihood of
engaging in solidarity.

Social capital is an intricate concept that refers to the resources that arise from social connections
and networks. There is no single measure that can capture all aspects of social capital, and different

disciplines and research approaches may use different methods to measure it.



3 Data and Methods

3.1 Data
In the study the data from the World Values Survey (WVS) wave 7 [11] is used. The WVS is a global

research initiative that investigates individuals’ values, beliefs, and behaviors. Survey data collection
was started in 2018 and completed in 2022. The surveys employed rigorous sampling techniques,
utilizing random probability representative samples of the adult population and primarily conducted
face-to-face interviews. This analysis focuses on data featuring insights from 153,716 respondents
across 90 countries and territories. The dataset offers a comprehensive and diverse sample, providing
opportunities to explore and analyze the dynamics of social capital.

For the more comprehensive analysis, the World Development Indicators (WDI) [12] data were
incorporated. WDI constitutes the principal collection of development indicators curated by the World
Bank, meticulously assembled from internationally recognized official sources. Specific indicators —
Control of Corruption, GINI index, Poverty Gap, and Unemployment — were extracted and integrated
into the existing dataset by country. To ensure coherence and consistency, these indicators were sourced

from the year 2018, aligning with the initiation of the WVS project, thereby avoiding any temporal

discrepancies.

3.2 Sample Characteristics

Table 1 represents the distribution of respondents across different continents in the dataset. Europe
and Asia collectively constitute the majority of observations, comprising 75.76% of the sample, with
Europe being the most represented continent. South America, North America, Africa, and Oceania
exhibit smaller yet distinctive presences, showcasing varying sample sizes and country distributions

across continents.

Continent Count Percentage (%) Countries
Europe 66525 45.74% 37
Asia 43656 30.02% 28
South America 11613 7.99% 9
North America 11600 7.98% 6
Africa 9456 6.50% 8
Oceania 2578 1.77% 2

Table 1: Sample characteristics by continent

The characteristics of the respondents are presented in Table 2. Females constitute a slightly larger
portion of the dataset, comprising 53.94%, compared to males, who account for 46.06%. The distri-
bution of age categories in the dataset reveals a diverse representation of respondents. The education
distribution in the dataset reveals that the majority fall into the middle education category (38.74%),
followed by upper education (33.55%), and lower education (27.72%). The data illustrates a diverse
range of employment statuses among the surveyed population, with approximately 38.11% in full-time
employment, 17.86% retired or pensioned, and 11.23% self-employed. Notably, 62.96% of respondents



identify as religious, while 28.35% do not consider themselves religious, and 8.69% explicitly identify as
atheists. This comprehensive overview portrays a global dataset with diverse demographic and regional

representations, underscoring the varied characteristics and geographical distribution of respondents.

Count Percentage (%)

Gender

Female 78450 53.94%
Male 66978 46.06%
Age

0-20 4834 3.32%
21-30 26400 18.15%
31-40 27927 19.20%
41-50 26048 17.91%
51-60 24220 16.65%
61-70 20818 14.31%
71-80 11285 7.76%
80+ 3896 2.68%
Education

Lower 40308 27.72%
Middle 56335 38.74%
Upper 48785 33.55%
Employment

Full time 55423 38.11%
Retired /pensioned 25974 17.86%
Self employed 16331 11.23%
Housewife (not otherwise employed) 15054 10.35%
Unemployed 11536 7.93%
Part time 10977 7.55%
Student 7731 5.32%
Other 2402 1.65%
Religion

A religious person 91562 62.96%
Not a religious person 41222 28.35%
A convinced atheist 12644 8.69%

Table 2: Sample characteristics by gender, age, education, employment, religion

3.3 Social Capital Measurement

The measurement model of social capital was based on an assumption that it consist of cognitive and
structural components. Structural social capital refers to observable actions and connections, such as
associational links or networks, while cognitive social capital refers to feelings, encompassing their values

and perceptions [13]. Cognitive social capital was measured by subjective indicators - general trust,



institutional trust and belonging. Structural social capital was measured by participation and political
action, which is more objective indicators. Descriptive statistics of chosen social capital indicators are
shown in table 3.

General trust was evaluated through a Likert sum scale, based on responses to six survey questions.
Participants were asked to express their level of trust in people from various groups, using a scale where
1 represented "do not trust at all" 2 denoted "do not trust very much" 3 indicated "trust somewhat"
and 4 signified "trust completely" The survey covered questions related to trust in family, neighborhood,
people known personally, individuals met for the first time, people of another religion, and people of
another nationality. Cronbach’s Alpha, a measure of internal consistency, was calculated to assess the
reliability of the general trust sum scale. Producing a value of 0.79, the measurement suggests an
acceptable level of internal consistency.

Institutional trust was assessed using a Likert sum scale, with participants providing responses
to ten survey questions. The questions prompted respondents to evaluate their confidence in various
entities, including churches, the press, labor unions, parliament, civil services, political parties, major
companies, the environmental protection movement, the justice system and courts, and the United
Nations. Participants rated their confidence levels on a scale where 1 represented no confidence and 4
represented a great deal of confidence. The scale has an alpha reliability of 0.85, indicating of strong
internal consistency.

Belonging was assessed using a Likert sum scale, derived from responses to five survey questions.
Participants were requested to express their sense of proximity to the world, their continent, their
country, county or region and their local area (village, town, or city). Using a scale ranging from
1 to 4, where 4 signifies a profound emotional closeness and 1 denotes a lack of closeness entirely,
respondents assessed their emotional connection. The reliability of the belonging sum scale, as measured
by Cronbach’s Alpha, was found to be 0.79, indicating acceptable internal consistency.

Participation was evaluated by respondents indicating membership in various voluntary organiza-
tions. Participants were asked to specify their affiliation with organizations related to religion, educa-
tion, arts, music, cultural activities, labor unions, political parties, environment, ecology, animal rights,
professional associations, sports, recreation, consumer groups, humanitarian or charitable organizations,
self-help or mutual aid groups and others. To quantify the participation, the sum of positive responses
across these questions was calculated, representing the number of fields of voluntary organizations in
which an individual is involved.

Political action was evaluated using a Likert sum scale, where participants indicated their engage-
ment in specific activities, rating whether they have actually done any of these things, might do it,
or would never do it. The assessed actions included signing a petition, joining in boycotts, attending
lawful peaceful demonstrations, and joining unofficial strikes. The cumulative responses to these four
questions were aggregated to form the political action scale, which demonstrated an alpha reliability of

0.80, indicating acceptable reliability.



n Min value | Max value | Mean | Standard deviation

General Trust 145428 0 24 16.22 3.42
Institutional Trust | 145428 0 40 22.49 6.21
Belonging 145428 0 20 14.55 3.42
Participation 145428 0 11 1.62 2.33
Political Action 145428 0 12 6.31 2.41

Table 3: Descriptive statistics of Social Capital indicators

3.4 Methods

To estimate the parameters for the proposed model Structural equation modeling was employed.
SEM enables the examination of complex relationships by incorporating measurement models for la-
tent variables and structural models for relationships among these latent constructs [14]. This makes
SEM suitable for exploring multifaceted concept, such as social capital, where cognitive and structural
components intertwine.

Structural Equation Modeling is a statistical technique employed by researchers to understand
complex relationships among multiple variables. SEM is a combination of multiple regression and
factor analysis. Unlike multiple regression or analysis of variance, SEM allows for the simultaneous
estimation of relationships among observed and unobserved variables. It enables researchers to model
theoretical constructs, which might not be directly measurable, by using multiple observed indicators.
SEM considers measurement error within observed variables, enhancing the precision of estimating
relationships among latent constructs. This approach helps researchers delve into intricate causal
pathways, networks of relationships, and interactions among variables within a single model, providing
a more comprehensive understanding of the underlying phenomena in various scientific fields. SEM
encompasses two main approaches: covariance-based SEM (CB-SEM), which evaluates how well a
proposed model reproduces the observed data’s covariance matrix, and partial least squares SEM (PLS-
SEM), known for its focus on explaining variance in dependent variables and its utility in predictive
modeling [15].

SEM involves two types of models: the measurement model addresses the relationship between
latent variables and their indicators, and the structural model defines how different constructs within
a model interrelate. Let y and x be vectors of the observed variables. The measurement model of SEM
then is defined by [16]:

y=»A7An+e

=AM E+6

here

A, is the (p x m) coefficients matrix relating y to 7, and m is the number of elements of 7,
A, is the (p x m) coefficients matrix relating x to £, and m is the number of elements of &,
n is the (m x 1) vector of latent endogenous random variables,

¢ is the (n x 1) vector of latent exogenous random variables,

€ is the (p x 1) vector of measurement errors for y,



0 is the (q x 1) vector of measurement errors for x.

It is assumed that 7, £ and ¢ are random vectors with zero means; € is uncorrelated with 7, £ and
0; and § is uncorrelated with £, n and e. All observed variables are measured in deviations from their
mean.

Another component of SEM, structural model, is represented in the following manner:
n=Bn+T{+(

here
B is the (m x m) coefficients matrix for endogenous latent variables,
I is the (m x n) coefficients matrix for exogenous latent variables,
¢ is the (m x 1) vector of latent errors in equations.
Different approaches can be used for SEM estimation. In this research maximum likelihood (ML)

method is used. ML uses derivatives to minimize the function:

Fyr = log|2(0)] + tr(ST71(0)) — log|S| — (p+ q)

where p + ¢ is the number of variables, S - observed covariance matrix and ¥ is the covariance matrix
implied by the model [17].

The assumptions underlying Structural Equation Modeling encompass several critical considera-
tions. Firstly, there is an expectation of multivariate normality within observed variables, essential
for maximum likelihood estimation. However, this assumption might be challenged, especially when
dealing with ordinal or discrete scales, indicated by skewness and kurtosis values. Latent variables’
normal distribution, a key presumption, tends to be violated in practice. Handling missing data is
critical, assuming no missing data in any variable or, if present, applying imputation techniques dur-
ing ML estimation [18]. Ensuring the absence of outliers is essential as they negatively impact the
model’s significance. Moreover, multicollinearity among independent variables should be avoided, and
adequate sample size should be ensured. SEM generally assumes no correlation between error terms,
yet researchers might explicitly introduce correlations based on their conceptual models [19].

Multilevel Structural Equation Modeling integrates multilevel modeling and structural equation
modeling, particularly in hierarchical data structures. Unlike conventional SEM, where latent variables
and indicators are independent across units, multilevel SEM accounts for within-cluster dependence,
common in nested unit settings like clusters within clusters. It addresses this by allowing latent or
observed variables to vary at different levels, explaining correlations among lower-level units nested
within higher-level units. In multilevel regression models, random effects signify unobserved hetero-
geneity across levels, while in SEM, latent variables reflect constructs underlying observed items or
fallible measurements. Multilevel SEM is pivotal for valid statistical inference in hierarchically nested
observations, especially when exploring relationships between variables measured by fallible instruments
across nested clusters. This approach offers versatility in modeling, accommodating unbalanced data
and missing values, while enabling investigations that traditional approaches may not validly address

[20]. The model specification for two-level dataset:



yw = Awnw + ew
pup = p+Apng +ep

here
up represent the random intercepts of the variables yy, that vary across groups. The first equation
addresses variations within groups, while the second equation accounts for variations between groups

and group level means. After integrating these equations, the following is obtained:

Yii=p+Awnw + Apnp + e + ew

here

p denotes the vector of group level means,

Aw is the coefficients matrix at the within level,
Ap is the coefficients matrix at the between level,
e is the residual errors at the within level,

ep is the residual errors at the between level.

The Multiple Indicator Multiple Causes (MIMIC) model is statistical technique used in structural
equation modeling to examine relationships between latent variables and their indicators or observed
variables. The model serves as a valuable alternative for testing measurement invariance and under-
standing population heterogeneity. Comprising a measurement model and a structural model, MIMIC
examines relationships between latent variables and their observable indicators, alongside the direct im-
pact of covariates representing group membership on factor means or item indicators [21]. The model
specification for MIMIC model is:

n=Bn+T{+(
y=A~An+e
x=¢

The Multilevel Multiple Indicator Multiple Causes (ML-MIMIC) model is a specialized framework
within structural equation modeling designed to assess relationships between observed variables and
latent factors across multiple levels of analysis. It extends the MIMIC model to two or more hierarchical
levels, allowing an examination of how these relationships vary within and between these levels. A
critical assumption in ML-MIMIC models is the across-level invariance of factor loadings, ensuring
that the same latent variable is effectively measured at both levels. Equal factor loadings across
levels facilitate the comparison of latent factor variances, enabling the estimation of the proportion
of variance attributable to between-patient differences, often quantified by the intraclass correlation
(ICC). Overall, the ML-MIMIC model provides a robust framework to explore how latent constructs
and observed variables interact across multiple levels of analysis, offering insights into within-group and
between-group variations in these relationships [22].

Python package semopy and R package lavaan were used for the analysis. The semopy package is



free and open-source package which surpasses the widely used R package lavaan in terms of performance,
stability in the optimization process, and accuracy in parameter estimates [23]. However, this package
does not offer the capability to create multilevel structural equation models. Consequently, the R
package lavaan was utilized for this purpose. The lavaan package serves as a free, open-source tool
offering high-quality capabilities for latent variable modeling. It allows for the estimation of diverse
multivariate statistical models, spanning path analysis, confirmatory factor analysis, structural equation
modeling, and growth curve models [24]. Both packages uses covariance-based SEM approach. CB-
SEM fits the sample covariance matrix to align with the model’s implied covariance matrix and then
estimates parameters through maximum likelihood techniques.

The evaluation of model fit incorporated several indices: the chi-square test statistic, root mean
square error of approximation (RMSEA), goodness of fit index (GFI), normed fit index (NFI) and
standardised root mean square residual (SRMR). The determination of model fit was guided by Hooper,
Coughlan, and Mullen’s guidelines for structural equation modelling [25]. Consensus is lacking regarding
an acceptable chi-square statistic ratio, with suggestions spanning from 2 to 5. For RMSEA, lower
limits trending toward 0 and upper limits below 0.08 characterize well-fitting models. Traditionally, a
GFI value above 0.90 signals acceptable fit, yet simulation studies advise 0.95 for low factor loadings
and sample sizes. NFI values, ranging from 0 to 1, typically exceed 0.90 for a good fit, although
recent recommendations advocate for a stricter criterion of NFI > 0.95. SRMS values range from 0
to 1, where well-fitting models typically achieve values below 0.05. However, values up to 0.08 are

considered acceptable.

4 Analysis and results

4.1 Measurement Model

Initially, the assumptions of SEM were assessed to ensure the validity of analytical approach. Af-
ter testing multivariate normality, it became evident that variables distribution significantly deviates
from a normal distribution. With a Henze-Zirkler (Hz) test statistic of approximately 19.44 and a
corresponding p-value of 0.0, the data does not meet the assumption of normality.

Multicolinearity was assessed using Variance Inflation Factor (VIF). The VIF values for all variables
were around 1, indicating an absence of significant multicollinearity concerns among the predictors.
Upon identifying missing values within certain variables, observations containing these not-applicabe
values were excluded, resulting in a dataset comprising 145,428 complete observations. Outliers were
detected using the Interquartile Range (IQR), where values falling below Q1 - 1.5 * IQR or above Q3 +
1.5 * IQR were considered outliers. These outliers were subsequently replaced with mode values, given
that all variables have discrete values, using the mean or median could potentially result in fractional
values. Despite the deviation from multivariate normality the analysis proceeded, supported by the
absence of significant multicollinearity concerns among the predictors, no missing data or outliers and
a sufficient number of observations in dataset.

Table 4 displays the relationships between indicators of social capital. The correlation matrix il-
lustrates the associations between various social capital indicators. Notably, Institutional Trust is

moderately associated with General Trust, Belonging, and Political Action. General Trust shows sim-
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ilar associations with Belonging. Political Action has modest correlations with Institutional Trust

and Participation, while Participation displays moderate associations with General Trust and Political

Action.
Institutional Trust General Trust Belonging Political Action Participation
Institutional Trust 1.0%**
General Trust 0.262%** 1.0%**
Belonging 0.101%%* 0.129%+* 1.0%H*
Political Action 0.065%** 0.2217%** 0.022%** 1.0%%*
Participation 0.106%** 0.137%** 0.034%** 0.237%** 1.0%%*

Table 4: Correlation Matrix of social capital indicators. *** denotes p < 0.001

The created structural equation model scheme for social capital is shown in the Figure 1. It is
measured by two latent variables: Cognitive Social Capital and Structural Social Capital. Cognitive
Social Capital is influenced significantly by General Trust, Institutional Trust, and Belonging, with
estimates of 2.411, 2.190, and 0.563 respectively. Structural Social Capital is influenced by Participation
and Political Action, with estimates of 0.554 and 1.382 respectively. All estimates are statistically
significant. Additionally, there is a notable bidirectional relationship observed between Cognitive Social
Capital and Structural Social Capital, with an estimated coefficient of 0.479, indicating mutual influence
between these constructs. The variances of the latent variables also demonstrate their individual
significance within the model, highlighting the varying impacts of each factor on the overall social
capital constructs. Goodness of fit results together with standardized estimates are shown in Table 5

and reveal a well fitting model. RMSEA = 0.042 (<0.05), GFI = 0.97 (>0.95), NFI = 0.97 (>0.95).

Goodness of fit statistics

RMSEA 0.042
GFI 0.97
NFI 0.97
Factor Cognitive Social Capital Structural Social Capital
Cognitive Social Capital Institutional Trust 2.190***
General Trust 2.411%%*
Belonging 0.563%+*
Structural Social Capital ~ Political Action 1,382
Participation 0.554%**

Table 5: Goodness-of-Fit Statistics and Standardized Estimates in a Structural Equation Model

Note: Reference categories in parentheses; significance: *=0.1, **=0.05, ***=0.01
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Cognitive_Social Capital Structural_Social Capital

2.41 219 0456 0.55 1.38
General_Trust Institutional _Trust Belonging Palitical_Action Participation
5.27 2970 927 1.52 3.89

Figure 1: Structural equation model

4.2 Multilevel SEM model

It is important to not only to evaluate individual social capital indicators, but also to see how social
capital operates within specific national contexts and how it varies across different countries.

After establishing the robustness of the factor structure at the individual level, examination of
item variability employing Intraclass Correlation Coefficients (ICC) was performed. The ICC is the
unexplained proportion of the variance by any predictors in the model, that can be attributed to the
group level variable [21]. ICC is bounded between 0 and 1, where 0 represents no reliability within
clusters and 1 indicates high dependency among clusters.

The results showed in table 6 indicate the amount of variance in each latent variable that can be
attributed to differences between countries. Since ICC values range from 0.148 to 0.210, this indicates

that between-level structure within the model is feasible.

Institutional Trust General Trust Belonging Political Action Participation
0.196 0.210 0.148 0.193 0.181

Table 6: Intraclass correlation results
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Table 7 displays the results from MLSEM model. Overall, the model demonstrates a strong fit,
indicated by an RMSEA of 0.02 and high GFI and NFI values, both at 0.99. The SRMR within the
covariance matrix of 0.008, suggests a good fit. However, the SRMR between covariance matrices is
relatively higher, meaning a higher level of discrepancy in the covariance matrices between the countries.

Institutional Trust, General Trust, and Belonging exhibit substantial positive impacts on Cognitive
Social Capital within countries. However, the impact of Belonging appears minimal and not significant
at the between level. Standardized parameter estimates of Cognitive Social Capital are lower at between
level. Regarding Structural Social Capital, both Political Action and Participation exhibit similar
standardized estimates at both within and between levels, showcasing substantial and statistically

significant positive influences.

Goodness of fit statistics

RMSEA 0.02
GFI 0.99

NFI 0.99
SRMR (within) 0.008
SRMR (between) 0.083

Factor Within level Between level

Cognitive Structural Cognitive Structural

Cognitive Social Capital Institutional Trust — 2.848%** 0.856%**

General Trust 1.533*** 1.148%%*

Belonging 0.971%** 0.001
Structural Social Capital ~ Political Action 0.925%** 0.942%**
Participation 0.445%** 0.377%**
Table 7: Standardized factor loadings
Note: Reference categories in parentheses; significance: *=0.1, **=0.05, ***=0.01

4.3 MIMIC Model with individual covariates

The subsequent phase of analysis involved employing Multiple Indicators - Multiple Causes models
(MIMIC). These models, within structural equation modeling, serve as multivariate techniques aiming
to determine how latent variables are influenced by relevant covariates [21]. Unlike a conventional
SEM model that solely examines relationships between latent variables, the MIMIC model extends this
framework by incorporating observed variables, allowing for a more comprehensive analysis.

A MIMIC model was employed to explore how different individual factors influence cognitive and
structural social capital. Covariates such as age, gender, education, employment, religion and marital
status were included in the analysis. Visual representation of the model is shown in Figure 2. The
model results are presented in the Table 8. The goodness-of-fit outcomes indicate a strong fit within
the model. The RMSEA value of 0.02 falls below the recommended threshold of 0.05, signifying a good
fit. Additionally, the GFI value of 0.99 surpasses the acceptable level of 0.95, while the NFI value of
0.98 also exceeds the 0.95 threshold, both indicating robust model fitting.
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Age exhibits a positive influence on both cognitive and structural social capital dimensions. Simi-
larly, being male demonstrates an increase in both aspects of social capital. However, lower or middle

education levels exhibit a negative impact on both cognitive and structural social capital.

-~ Y © .,
1 . !
. I S P W
Age Gender Education Religion Employment | Marital_status

General_Trust |Institutional_Tru Belonging | Political_Action| Participation

o U v U U

Figure 2: MIMIC model with individual covariates

Regarding employment status, individuals who are self-employed, housewives, or unemployed expe-
rience a negative effect on both dimensions of social capital. Retired individuals tend to possess higher
cognitive social capital but showcase lower structural social capital, potentially indicating reduced par-
ticipation in group activities and political engagement among retired populations. Interestingly, full-
time or part-time working individuals, along with students, demonstrate higher levels of both social
capital dimensions. This might suggest that engagement in work and educational pursuits contributes
to higher social interactions, consequently enhancing the accumulation of social capital. However, being
a full-time worker does not significantly impact structural social capital. Full-time workers might have
less availability for such activities as structural social capital involves participating in group activities
and engaging in political action.

Both religiously affiliated and non-religious individuals show negative effects on both cognitive and

structural social capital dimensions. Religiously affiliated individuals might have limited engagement
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in social activities outside their religious circles, affecting their overall social capital. Non-religious indi-

viduals may lack community involvement, which can diminish their social networks and, consequently,

their social capital.

In terms of marital status, only individuals living together in a married arrangement exhibit higher

structural social capital. Other marital statuses demonstrate a negative impact on both cognitive and

structural social capital. This could be due to being single, divorced, or widowed, might lead to fewer

opportunities for social interactions or shared experiences, resulting in lower social capital. Notably,

being married does not significantly impact cognitive social capital, while being separated does not

significantly affect structural social capital.

Goodness of fit statistics

RMSEA 0.02
GFI 0.99
NFI 0.98
Cognitive Social Capital Structural Social Capital

Age 0.02%% 0.01%%

Gender (Female) Male 0.0474* 0. 2%

Education (Higher) Lower -0. 7ok -1.20%H*

Middle -0.5%** -0.67FF*

Employment (Other) Full Time 0.24%%* 0.05

Part Time 0.29%** 0.14%**

Self employed -0.06 -0.12%*

Retired 0.27%** -0.25%H*

Housewife -0.32%%* -0, 7HHK

Student 0.517%** 0.23%**

Unemployed -0.21 %% -0.317#%*

Religion (atheist) Religious person -0.16*** -0.81%**

Not religious person -0.07%** -0.43%**

Marital Status (single) Married -0.03 -0.40%+*

Living as married -0.43%** 0.41%%*

Divorced -0.29%4* -0.16%+*

Separated -0.64*** 0.02
Widowed -0.49%4* -0.98%**

Table &8: Individual covariate effect results

Note: Reference categories in parentheses; significance: *=0.1, **=0.05, ***=0.01

4.4 MIMIC Model with country covariates

Figure 3 presents visual representation for an extended MIMIC model, incorporating information

about the countries where participants reside, building upon initial SEM model. Control of Corruption,

GINI index, poverty gap, unemployment and GDP per capita are added into analysis.
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Figure 3: MIMIC model with country covariates

Table 9 presents outcomes obtained from MIMIC model with country-related covariates. Analyzing
the coefficients, Control of Corruption exhibits a significantly positive association with both dimensions
of social capital. Conversely, the GINI Index showcases a significant negative association with Cognitive
Social Capital, while displaying a slightly positive but negligible association with Structural Social
Capital. The Poverty Gap indicates a substantial positive effect on both dimensions of social capital,
but relatively smaller in comparison. Unemployment demonstrates a positive impact on both forms
of social capital, more pronounced for Cognitive Social Capital. However, GDP per capita does not
exhibit a substantial impact on either Cognitive or Structural Social Capital. These findings underline
the nuanced relationships between socio-economic indicators and different dimensions of social capital,
emphasizing the varying impacts these factors exert on the formation and structure of social capital

within a given context.
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Goodness of fit statistics

RMSEA 0.05
GFI 0.97
NFI 0.97
Cognitive Social Capital Structural Social Capital
Control of Corruption 0.20%** 0.247%**
GINI Index -0.05%** 0.05***
Poverty Gap 0.02%** 0.017%**
Unemployment 0.03%** 0.01%**
GDP per capita 0.00*** 0.00***

Table 9: Country covariate effects results

Note: significance: *=0.1, **=0.05, ***=0.01

4.5 Multilevel MIMIC model

Understanding the dynamics of social capital requires a nuanced examination of its influences across
individual and country-level contexts. The Multilevel MIMIC model presents a robust approach to
dissecting these intricate associations, allowing for a comprehensive analysis of how various socio-
demographic factors operate within distinct individual contexts and the broader implications across
diverse country-level settings.

The table 10 displays the results from multilevel MIMIC model. The model shows good overall fit
with the observed data, indicated by RMSEA at 0.02, GFI and NFI both at 0.99. Within-cluster fit,
as indicated by SRMR at 0.011, is strong, suggesting minimal discrepancy. However, between-cluster
fit, represented by SRMR at 0.331, shows higher divergence, indicating more variability in covariances
between different clusters or country levels.

At the within-country level, several socio-demographic factors exhibit significant associations. Edu-
cation emerges as a prominent predictor, showcasing substantial positive effects for Middle and Higher
education levels on both dimensions of social capital. On the other hand, being Male exhibits a signif-
icant negative impact on both Cognitive and Structural Social Capital. Employment statuses such as
Retired, Housewife, Student, and Unemployed demonstrate detrimental effects, particularly on Cogni-
tive Social Capital. Moreover, the religious affiliation of being not religious displays contrasting effects
on both dimensions, negatively impacting Cognitive but positively affecting Structural Social Capital.
Marital statuses, including Living as married and Divorced, exhibit negative impacts on Cognitive and
Structural Social Capital, while being Married or Single shows differing effects on each dimension.

At the between-country level, the model reveals associations between socio-economic indicators
like Corruption Control, GINI Index, Poverty Gap, Unemployment, and GDP per capita with both
Cognitive and Structural Social Capital. However, in contrast to the simple MIMIC model, none of
these factors appear significant for Cognitive Social Capital. In the context of Structural Social Capital,
a higher GINI index and an increased unemployment rate demonstrate a significant positive association,

suggesting that these factors contribute to the enhancement of structural social capital.
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The Multilevel MIMIC model sheds light on the multifaceted nature of social capital dynamics. This

comprehensive approach underscores the complex interplay of factors at different levels and highlights

their differential contributions to the formation and enhancement of social capital.

Goodness of fit statistics

RMSEA 0.02
GFI 0.99
NFI 0.99
SRMR, (within) 0.011
SRMR (between) 0.331
Cognitive Social Capital Structural Social Capital
Age 0.005%** 0.001
Gender (Female) Male -0.091%** -0.208%**
Education (Higher) Lower 0.123%%* 0.470%+*
Middle 0.408%** 1.140%**
Employment (Other) Full Time -0.007 0.067***
Part Time -0.021 0.105%**
Self employed 0.011 -0.306***
Retired -0.117%%* -0.25%+*
Housewife -0.266%** -0.433%**
Student -0.176%** -0.312%**
Unemployed -0.248%** -0.294%**
Religion (atheist) Religious person -0.374%4* -0.003
Not religious person -0.484%** 0.313%**
Marital Status (single) Married -0.135%+* 0.1317%**
Living as married -0.254%%* 0.091%**
Divorced -0.269%** -0.025
Separated -0.142%** -0.258%**
Widowed -0.105%** 0.085%**
Control of Corruption 0.428 0.404
GINI Index -0.103 0.101%**
Poverty Gap 0.029 -0.03
Unemployment 0.061 0.108***
GDP per capita 0.000 0.000%**

Table 10: Individual and country covariate effect results

Note: Reference categories in parentheses; significance: *=0.1, **=0.05, ***=0.01
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5 Conclusions

Social capital has been recognized as a crucial factor in shaping societies and influencing vari-
ous outcomes, ranging from economic development to individual well-being. Studies highlighted the
multifaceted nature of social capital and its determinants at both individual and macro levels. The
measurement model of social capital was based on an assumption that it consists of Cognitive (General
Trust, Institutional Trust, and Belonging) and Structural (Participation and Political Action) compo-
nents. Such model provides a clear distinction between the emotional and behavioral aspects of social
relationships.

After conducting the multilevel SEM analysis, it was observed that the impact of Belonging ap-
pears to have minimal significance at the between-countries level compared to other determinants of
social capital. Conversely, other factors influencing social capital demonstrated consistent statistically
significant positive influences at both within and between country levels.

Individual and place attributes play different roles in explaining social capital dimensions. Higher
age increase both cognitive and structural social capital dimensions. Male were observed to have higher
social capital than women. Students, as well as working individuals, demonstrate higher levels of both
social capital dimensions. This implies that active participation in work and educational activities
increases social interactions, thereby social capital. Exception is full-time workers, since they lack of
significant impact on structural social capital. This might be explained as having less free time for
participation in group activities and taking political action. Retired individuals show higher cognitive
but lower structural social capital, hinting reduced participation in collective activities and political
engagement. Regarding the impact of marital status, only people living in a married arrangement
exhibit higher structural social capital, while being single, divorced, or widowed, result in lower social
capital, likely due to limited social interactions and shared experiences.

After analyzing country attributes, Control of Corruption emerges as the most influential factor,
displaying a significantly positive association with both dimensions of social capital compared to other
indicators. When corruption is well managed within a society, people tend to have greater trust in
institutions, authorities, and fellow citizens. This enhance cooperation, civic engagement, and a sense
of community. Conversely, GINI Index, which represents inequality, showcases a significant negative
association with Cognitive Social Capital, while displaying a slightly positive but negligible association
with Structural Social Capital. This could be understood as inequality make people have less trust and
feelings of belonging, but it encourages to join voluntary groups and take political action to change it.
Other indicators, such as GDP per capita, Poverty Gap and Unemployment exhibit very small positive
impact on either Cognitive or Structural Social Capital.

At the cross-country level, only a higher inequality and increased unemployment demonstrate a
significant positive association with Structural Social Capital, indicating their potential contribution
to taking political action and joining group activities.

Research’s findings complement existing studies by revealing nuanced influences on social capital.
Notably, the impact of age, gender, and employment status on social capital dimensions resonates with
the observations in previous researches. Additionally, exploration of country-level attributes such as

corruption control and inequality aligns with studies highlighting their associations with social capital
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components. However, the distinct separation of structural and cognitive social capital components in
this study offers a deeper understanding of the factors influencing individuals’ sentiments versus their
actions related to social capital. The comprehensive analysis of global data sets this study apart, as
many previous analyses tend to focus on regional research.

Despite the substantial findings and their alignment with theoretical expectations, it is essential to
acknowledge the study’s limitations. The multivariate normality assumption was not met within the
dataset. Despite the departure from normality, other SEM assumptions were satisfied, and the goodness
of fit indices (GFI, NFI, RMSEA) supported the suitability of the chosen SEM approach, affirming the
reliability of the findings. In future researches, the consideration of alternative methodologies like
Partial Least Squares Structural Equation Modeling (PLS-SEM), which does not require normality

assumptions, could be considered to potentially enhance and complement the current findings.
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6 Appendix A

Python programme code:

import pandas as pd

import numpy as np

import boto

import semopy

import pingouin as pg

import seaborn as sns

from scipy.stats import spearmanr

import matplotlib.pyplot as plt

import dython

from dython.nominal import associations

from dython.nominal import identify_nominal_columns
get_ipython() .run_line_magic(’matplotlib’, ’inline’)
import matplotlib
matplotlib.rcParams[’figure.figsize’] = (12,6)

from semopy.multigroup import multigroup
pd.options.mode.chained_assignment = None

import graphviz

semopy.graphviz_dot = ’C:/Program Files/Graphviz/bin/dot.exe’
from sklearn.preprocessing import LabelEncoder

from pingouin import multivariate_normality

from statsmodels.stats.outliers_influence import variance_inflation_factor

from statsmodels.tools.tools import add_constant

dff = pd.read_csv("C:/Users/Hp/Desktop/wdi.csv", delimiter=";")
df = pd.read_csv("C:/Users/Hp/Documents/ZA7505_v4-0-0.csv", delimiter=",")

columns_to_select = [
"uniqid","year","cntry", "cntry_AN",
"Xoo1", "X002", "X003", "X007", "XO025R", "VOO4RM", "VOO4RF", "X028", "EO012",
"X047E_EVS5", "F034", "A170", "EO12", "FO25", "FO050", "AOO1", "AOO2",
"AO27", "AO29", "AO30", "AO32", "A034", "AO35", "A038", "A039", "AO40",
"AO41", "AO42", "AO65", "AO66", "AO67", "AO68", "AO71", "AOT2", "AOT4",
"AO78", "AO79", "A0O80_01", "A080_02", "A165", "DOO1_B", "GOO7_18_B",
"GOO7_33_B", "GOO7_34_B", "GOO7_35_B", "GOO7_36_B", "EO025", "E026",
"EO27", "EO028", "E263", "E264", "E069_01", "E069_04", "E069_05", "E069_07",
"E069_08", "E069_12", "E069_13", "E069_14", "E069_17", "E069_20", "F114A",
"F115", "F1ie6", "F1i7", "F118", "F119", "F120", "F121", "F122", "F123",
"F132", "E290", "F144_02", "GOO6", "GO062", "GO63", "G255", "G256", "G257"

]

data = df [columns_to_select]

#testing internal consistency between columns
column_pa = data[[’E025°,’E026°,°E027’,°E028°]]
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alpha = pg.cronbach_alpha(column_pa)
print ("Cronbach’s Alpha for Political Action:", alpha)

column_p = datal[["AO65", "AO66", "AO67", "AO68", "AO71", "AO72", "AO74", "AO78",
"AO79", "A080_01", "A080_02"]]

alpha = pg.cronbach_alpha(column_p)

print ("Cronbach’s Alpha for Participation:", alpha)

column_it = data[["E069_01", "E069_04", "E069_05", "E069_07", "E069_08", "E069_12",
"E069_13", "E069_14", "E069_17", "E069_20"]1]

alpha = pg.cronbach_alpha(column_it)

print ("Cronbach’s Alpha for Institutional Trust:", alpha)

column_t = data[["DOO1_B", "GOO7_18_B", "GOO7_33_B", "GOO7_34_B", "GOO7_35_B",
"GO07_36_B"1]

alpha = pg.cronbach_alpha(column_t)

print ("Cronbach’s Alpha for General Trust:", alpha)

column_m = data[["F114A", "F115", "F116", "F117", "E290"]]
alpha = pg.cronbach_alpha(column_m)
print("Cronbach’s Alpha for Morality:", alpha)

column_b = data[["G062", "GO63", "G255", "G256", "G257"]]
alpha = pg.cronbach_alpha(column_b)
print ("Cronbach’s Alpha for Belonging:", alpha)

#item parceling
data["Political_Action"] = datal[[’E025°,’E026°,°E027°,°E028°]] .sum(axis=1, skipna=True)

data["Participation"] = datal[["AO65", "AO66", "AO67", "AO68", "AO71", "AO72", "AO74", "AO78",

"AO79", "A080_01", "A080_02"]].sum(axis=1, skipna=True)

data["Institutional_Trust"] = data[["E069_01","E069_04","E069_05","E069_07","E069_08","E069_12",
"E069_13", "E069_14", "E069_17", "E069_20"]1].sum(axis=1, skipna=True)

data["General_Trust"] = data[["DOO1_B", "GOO7_18_B", "GOO7_33_B", "GOO7_34_B", "GO07_35_B",
"GO07_36_B"]] .sum(axis=1, skipna=True)

data["Morality"] = datal[["F114A", "F115", "F116", "F117", "E290"]].sum(axis=1, skipna=True)

data["Belonging"] = datal[["G062", "GO63", "G255", "G256", "G257"]].sum(axis=1, skipna=True)

data.rename (columns={’X001’: ’Gender’, ’X002’: ’Birth_year’, ’X003’: ’Age’,
’X007?: ’Marital_status’, ’X025R’: ’Education’, ’X028’: ’Employment’,
>X047E_EVS5’: ’Income’, ’FO34’:’Re1igion’}, inplace=True)
selected_columns = [’uniqid’, ’year’, ’cntry_AN’, ’country’, ’continent’, ’Gender’, ’Age’,
’Marital_status’, ’Education’,’Employment’, ’Religion’, ’General_Trust’
’Political_Action’,’Participation’, ’Institutional_Trust’, ’Morality’,
’Belonging’]
data = datal[selected_columns]
data.isnull().sum()

data.isna() .sum()
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cleaned_data = data.dropna()

cleaned_data.isna() .sum()

#merging WVS and WDI datasets
merged_data = pd.merge(cleaned_data, dff, on=’country’, how=’inner’)

data = merged_data

#sample characteristics
column_names = [’Gender’, ’Education’, ’Marital_status’, ’Employment’, ’Religion’]
total_observations = len(data)
for column in column_names:
distinct_values_count = datal[column].value_counts()
percentage_values = (distinct_values_count / total_observations) * 100
percentage_values_rounded = percentage_values.round(2)
result_df = pd.DataFrame({’Count’: distinct_values_count,
’Percentage’: percentage_values_rounded})
print (£"Column: {column}")
print(result_df)
print ()

bin_edges = [0, 20, 30, 40, 50, 60, 70, 80, 100]

bin_labels = [’0-20’, °21-30°, ’31-40’, ’41-50’, ’51-60’, ’61-70°, ’71-80°, ’80+’]
data[’Age_Category’] = pd.cut(datal[’Age’], bins=bin_edges, labels=bin_labels, right=False)
age_category_counts = datal[’Age_Category’].value_counts()

percentage_values = (age_category_counts / len(datal[’Age_Category’])) * 100

result_df = pd.DataFrame({’Count’: age_category_counts, ’Percentage’: percentage_values.round(2)})
print("Age Categories:")

print (result_df)

column = ’continent’

distinct_values_count = datal[column].value_counts()

total_observations = len(data)

percentage_values = (distinct_values_count / total_observations) * 100
percentage_values_rounded = percentage_values.round(2)

countries_per_continent = data.groupby(column) [’country’].nunique()

result_df = pd.DataFrame({’Count’: distinct_values_count, ’Percentage’: percentage_values_rounded,
’Countries’: countries_per_continent})

print (£"Column: {column}")

print (result_df)

print ("Summary Statistics:")

print (data.describe())

#outliers are removed using mode values this way discrete values remain

def return_outliers(data):
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outliers = []

Q1 = data.quantile(0.25)
Q3 = data.quantile(0.75)
IQR = Q3-Q1

Lower_bound = Q1-1.5%xIQR
Upper_bound = Q3+1.5*%IQR

for i in data:

if i>Upper_bound or i<Lower_bound:
outliers.append(i)

return outliers

outlier_values = return_outliers(datal[’General_Trust’])
data[’General_Trust’]=data[’General_Trust’].apply(lambda x: data[’General_Trust’].mode().iloc[0]
if x in outlier_values else x)
outlier_values_i = return_outliers(datal[’Institutional_Trust’])
data[’Institutional_Trust’]=data[’Institutional_Trust’].apply(lambda x: data[’Institutional_Trust’]
.mode () .iloc[0] if x in outlier_values_i else x)
outlier_values_b = return_outliers(data[’Belonging’])
data[’Belonging’]= data[’Belonging’].apply(lambda x: data[’Belonging’].mode().iloc[0]
if x in outlier_values_b else x)
outlier_values_p = return_outliers(data[’Participation’])
data[’Participation’]=data[’Participation’].apply(lambda x: data[’Participation’].mode().iloc[0]
if x in outlier_values_p else x)
outlier_values_pa = return_outliers(data[’Political_Action’])
data[’Political_Action’]=data[’Political_Action’].apply(lambda x: data[’Morality’].mode().iloc[0]
if x in outlier_values_pa else x)
outlier_values_m = return_outliers(datal[’Morality’])
data[’Morality’]=datal[’Morality’].apply(lambda x: datal[’Morality’].mode().iloc[0]

if x in outlier_values_m else x)

#testing SEM assumptions

selected_columns = [’General_Trust’,’Political_Action’,’Participation’, ’Institutional_Trust’,
’Belonging’]

datal = cleaned_data[selected_columns]

sampled_data = datal.sample(frac=0.1, random_state=42)

# Multivariate Normality Test

multivariate_normality(sampled_data, alpha=.05)

#Multicollinearity

datal = add_constant(datal)

# Calculate VIF for each variable

vif = pd.DataFrame()

vif ["VIF Factor"] = [variance_inflation_factor(datal.values, i) for i in range(datal.shape[1])]
vif ["Variable"] = datal.columns

print(vif)
#correlation matrix
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columns_of_interest = [’Institutional_Trust’, ’General_Trust’, ’Belonging’, ’Political_Action’,
’Participation’]
corr_matrix, p_values = spearmanr(data[columns_of_interest], nan_policy=’omit’)
rounded_corr_matrix = pd.DataFrame(corr_matrix, columns=columns_of_interest,
index=columns_of_interest).round(3)
symbols = (pd.DataFrame(p_values, columns=columns_of_interest, index=columns_of_interest)
.applymap(lambda x: ’’ if x>0.05 else ’*’ if x>0.01 else ’#**’ if x>0.001 else ’x*x’)
.astype(str))
correlation_matrix_with_symbols = rounded_corr_matrix.astype(str) + symbols
print("Correlation Matrix:")

print(correlation_matrix_with_symbols)

#Measurement model

model_s = """
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation

Structural_Social_Capital ~~ Cognitive_Social_Capital
models = semopy.Model (model_s)
res_opt = models.fit(data
estimatess = models.inspect()
res_opt
models.inspect(std_est=True)
statss = semopy.calc_stats(models)
pd.options.display.float_format = ’{:.6f}’.format
print(statss.T)
estimatess

g = semopy.semplot(models, "model.png", plot_exos=True, plot_covs=True)

#MIMIC model with individual covariates

categorical_columns = [’Gender’, ’Education’, ’Employment’, ’Religion’, ’Marital_status’]

data_with_dummies = pd.get_dummies(data, columns=categorical_columns)

model_spec = """
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation
Cognitive_Social_Capital ~ Age + Gender_1 + Education_1 + Education_2 + Religion_1 +
Religion_2 + Employment_1 + Employment_2 +Employment_3 + Employment_4 + Employment_5 +
Employment_6 + Employment_7 + Marital_status_1 + Marital_status_2 + Marital_status_3 +
Marital_status_4 + Marital_status_5
Structural_Social_Capital ~ Age + Gender_1 + Education_1 + Education_2 +Religion_1 +
Religion_2 + Employment_1 + Employment_2 + Employment_3 + Employment_4 + Employment_5 +
Employment_6 + Employment_7 + Marital_status_1 + Marital_status_2 + Marital_status_3 +
Marital_status_4 + Marital_status_5
Structural_Social_Capital ~~ Cognitive_Social_Capital

win
model = semopy.Model (model_spec)
res_opt = model.fit(data_with_dummies, obj="WLS")
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estimates = model.inspect()

stats = semopy.calc_stats(model)
pd.options.display.float_format = ’{:.6f}’.format
print(stats.T)

g = semopy.semplot(model, "model2.png")

# MIMIC model with country covariates
cleaned_data_country = data.dropna()

categorical_columns = [’Gender’, ’Education’, ’Employment’, ’Religion’, ’Marital_status’]

model_sp = """
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =~ Political_Action + Participation
Cognitive_Social_Capital ~ Control_of_Corruption + GINI_index + Poverty_gap +
Unemployment + GDP_per_capita
Structural_Social_Capital ~ Control_of_Corruption + GINI_index + Poverty_gap +
Unemployment + GDP_per_capita
Structural_Social_Capital ~~ Cognitive_Social_Capital
win
model = semopy.Model (model_sp)
res_opt = model.fit(cleaned_data_country)
estimates = model.inspect()

estimates

stats = semopy.calc_stats(model)
pd.options.display.float_format = ’{:.6f}’.format
print(stats.T)

R programme code:

library(lavaan)
data <- read.csv("C:/Users/Hp/Desktop/data.csv", sep=",", header=TRUE)

#Multilevel SEM model

model_multi <- ?
level: 1
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation

Cognitive_Social_Capital ~~ Structural_Social_Capital

level: 2
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation

Cognitive_Social_Capital 7 Structural_Social_Capital

2

fit <- sem(model = model_multi, data = data, std.lv = TRUE)

summary(fit, fit.measures=TRUE)
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#Multilevel MIMIC model
model_multi2 <- °?

level: 1
Cognitive_Social_Capital =" General_Trust + Institutional_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation

Cognitive_Social_Capital "~ Structural_Social_Capital

Cognitive_Social_Capital ~ Age + Gender_1 + Education_1 + Education_2 + Religion_1 +
Religion_2 + Employment_1 + Employment_2 +Employment_3 +
Employment_4 +Employment_5 +Employment_6 + Employment_7 +
Marital_status_1 + Marital_status_2 + Marital_status_3 +
Marital_status_4 + Marital_status_5

Structural_Social_Capital ~ Age + Gender_1 + Education_1 + Education_2 + Religion_1 +
Religion_2 + Employment_1 + Employment_2 +Employment_3 +
Employment_4 +Employment_5 +Employment_6 + Employment_7 +
Marital_status_1 + Marital_status_2 + Marital_status_3 +

Marital_status_4 + Marital_status_b

level: 2
Cognitive_Social_Capital =" Institutional_Trust + General_Trust + Belonging
Structural_Social_Capital =" Political_Action + Participation

Cognitive_Social_Capital ~~ Structural_Social_Capital
Cognitive_Social_Capital ~ Control_of_Corruption + GINI_index + Poverty_gap +
Unemployment + GDP_per_capita
Structural_Social_Capital ~ Control_of_Corruption + GINI_index + Poverty_gap +
Unemployment + GDP_per_capita
’
fit2 <- sem(model = model_multi2, data = data, std.lv = TRUE, cluster=’country’)

summary (fit2, fit.measures=TRUE)
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