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Abstract

We propose a new approach which helps to shed light on the importance of the relationship between a government’s welfare
outcome and its citizens’ desired well-being, defining a concept of “welfare gap”. To determine this gap, we build two composite
indices of well-being measured at the individual and aggregate level - i.e. subjective and objective welfare measures - assessing
overall well-being and its progress over time. To this end, we apply idiosyncratic settings of Structural Equation Models to
examine the interrelations and causal relationships across welfare determinants and among the underlying drivers of well-being.
By comparing the dimensions’” weights and rankings of the objective and subjective welfare measures, we obtain largely opposite
results in both analyses, except for the relevance of the health status. Material living conditions are the most important
dimensions in the objective ranking, whilst the quality of life indicators lie at the top of the subjective ladder.

JEL classification: C43, C83, D12, D63, E21, E24, 131, 138, O57.

Keywords: Structural Equation Modeling, Latent Multidimensional Index, Beyond GDP, Objective Welfare Index,
Subjective Welfare Index, Stated Preference, Generalised SEM MIMIC, GSEM, Bootstrapped SEM, Small Sample Size,
Weights.

I. INTRODUCTION

and people’s welfare. GDP proved to be an effective measure of market-based economic activity and wealth

creation, but it is a rough indicator of social welfare and progress. In particular, it fails to capture some of
the non-economic factors that make a difference in people’s lives, such as security, social relationships, income
distribution and the quality of the environment. Moreover, GDP is very limited in accounting for elements that
make economic growth sustainable.

One of the reasons why GDP per capita has predominated for so long despite its limitations as a welfare metric,
is that it enables observers to monitor nations’ economic well-being through one single headline number. Composite
indices of welfare measured at the individual and aggregate levels also make it possible to assess overall well-being
and its progress over time. In this respect, the existing literature had so far a dual approach. On the one hand, some
economists either evaluate policy options by how they affect objective composite indicators that can be viewed
as summarizing, under some assumptions, a set of generally-desired government outcomes (for a recent survey,
see Fleurbaey, 2009). On the other hand, more recent research aims at determining individual-level composite
indices that combine together different aspects of well-being that may be measured by stated preferences in survey
questions, using the responses to calculate indicators (Benjamin et al., 2012, 2014).

Our analysis goes one step further by defining matched realizations of individual and government welfare

For more than sixty years the Gross Domestic Productﬂ (GDP) has been the benchmark used to measure nations’

*Luisa Corrado acknowledges support by MIUR (PRIN 2020) under the 2020WX9AC?7 grant
IThe Gross Domestic Product, the core concept within the System of National Accounts (SNA), measures the aggregate value of economic
production in a given year and in a given country.
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indicators, defined over the same set of domains, and investigating how the discrepancy between objective and
subjective measures affects individual and social welfare (see also Genicot and Ray, 2017). We share the fundamental
idea that, in addition to economic dimensions, non-economic factors affect welfare both at the individual and
aggregate level. In this respect, a key goal of governments is to achieve a reduction in - and potentially the
elimination of - the gap between objective and (average) subjective welfare measures.

Aware of the potential shortfalls of traditional monetary welfare metrics in assessing a government’s performance,
economists, statisticians and policy makers have devoted their efforts to develop broader measures of well-being.
Producing better and more realistic ways of measuring economic, environmental and social performances, is also a
critical step in improving the effectiveness of governments’” action in matching citizens” welfare aspirations. Another
key element is welfare measurement at both the individual and the aggregate level. In the last two decades, there
have been many discussions on how to move ‘beyond GDP’ with a growing consensus that measuring well-being
requires considering broader dimensions (economic and non-economic) of people’s achievements and opportunities.

In this paper, we propose an innovative approach based on the comparison between objective and subjective
welfare measures. We refer to the multidimensional definition of well-being proposed by the OECD in its Better
Life Initiative (OECD, 2011; 2013; 2015; 2017) in order to concretely define these two measures. To this purpose, we
utilize two different comparable OECD datasets for the year 2012, one based on average country-level macrodata
reflecting welfare outcomes and the other one on microdata reflecting people’s stated preferences on welfare
domains. We then build an ‘objective’” welfare measure predicted from the national-level data, while a ‘subjective’
welfare measure is obtained using the new OECD microdata. The construction of these two comparable indices
allows us to test if there exists a gap between (average) individual welfare measures and aggregate welfare outcomes
achieved by governments.

The selection of the relative weights for the different dimensions is a crucial step in the construction of a
multidimensional index of well-being. In practice, it happens that ad hoc weights often end up being applied
implicitly by users or explicitly in published indices, without any in-depth analysis on this topic (Benjamin et
al., 2014). The most common approach to weighting multidimensional indices of well-being is equal or arbitrary
weighting. Equal weighting has often been defended on the ground that all indicators are equally important or
by the recognition of an agnostic ViewpointEI In order to obtain the objective and subjective welfare measures,
as described above, in our work we propose a Structural Equation Modeling (SEM) approach to endogenously
estimate the relevant dimension’s weights, considering all the available information on the underlying indicators
simultaneously. A major point in our analytical strategy is that the SEM approach accounts for all the possible
correlations among indicators included in the model, since it is based on the analysis of the empirical and estimated
population’s variance-covariance matrices. This feature allows to overcome one of the major critiques to the
social indices, by which they would not account for the covariances of the correlated dimensions of well-being.
Through a SEM estimation we can, therefore, obtain better estimates of the weights of the well-being dimensions
underlying the multidimensional indices. Within this framework, our work allows us to obtain the objective and
subjective welfare measures as two latent constructs, starting from eleven underlying well-being dimensions, and to
endogenously estimate the relative weights of those indicators.

i. Building multidimensional objective and subjective welfare
measures

In order to define concretely our objective and subjective welfare measures, we adopt the multidimensional defini-
tion of well-being drawing from the framework of the OECD Better Life Initiative. In 2011 the OECD introduced
its Better Life Index (BLI) as part of previous efforts at the national and international levels to measure progress
and sustainability. The BLI, fully described in the How’s Life? reports (OECD, 2011; 2013; 2015; 2017), is a key
element of the Better Life Initiative. It is devised as a composite multidimensional index, based on a wide range of
elements that contribute to a good life. The eleven well-being dimensions underlying BLI are Income and wealth,
Jobs and earnings, Housing condition, Health status, Social connections, Education and skills, Environmental
quality, Personal security, Work-life balance, Civic engagement, Subjective well-being. These dimensions account
for material living conditions and quality of life in the population at the aggregate country level. They are broadly
consistent with those presented in the Stiglitz-Sen-Fitoussi Commission report (Stiglitz et al., 2009) and with other

2A primal example of equal weighting is the Human Development Index. It is argued that the main motivation for using equal weighting is
that three dimensions are deemed equally important. The OECD Better Life Index (BLI) also adopts equal weights for its eleven underlying
dimensions, within a normative approach.
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similar attempts to monitor well-being and progress. In our work, we define an ‘objective’ and a ‘subjective’
welfare measure, also denoted as objective BLI and subjective BLI, starting from two different comparable OECD
datasets for the year 2012, one based on average country-level data reflecting well-being outcomes, the other one
on microdata reflecting people’s stated preferences on well-being indicators. We then refer to these two different
multidimensional welfare indicators as 77_; (objective BLI) and #; (subjective BLI).

The OECD approach to measuring welfare, like many others, shares the view that well-being is multidimen-
sional. Multidimensionality, however, raises an issue in terms of understanding the interrelations across welfare
components, as well as assessing the common underlying drivers. In this framework, BLI is thought as a dashboard;
therefore, the well-being dimensions included in the framework are not aggregated together. However, should
this framework be used for policy making, it is important to aggregate the dimensions, as well as to identify the
common drivers of welfare, and to judge what are the most effective levers of well-being.

A related problem in this context is that we do not necessarily know enough about causality and the range of
determinants of some welfare components. Many of the well-being components are correlated, and, in fact, mutually
dependent (e.g., income may determine health and health may determine income), but we do not necessarily know
the exact structural two-way relationship between these variables.

We also know that some of the well-being components are determined by common factors, for instance higher
GDP results in higher investment in education and health, which leads ~depending on the degree of efficiency
in delivery- to higher education and health outcomes. However, also in this case, we know little about the causal
relationships between well-being and its determinants.

Finally, we suspect that there is a strong endogeneity between well-being components and some of its determi-
nants: i.e., higher economic growth results in higher well-being, but higher well-being, as driven by health, for
instance, results in higher economic growth, too.

Given this imperfect knowledge, the best approach is to model the determinants of welfare by making very
soft assumptions on the relationships between the various well-being variables and their common drivers, while
at the same time taking into account the possible endogeneity issues of these various relationships. We thus
need a way to estimate what mostly contributes to higher well-being, taking into consideration that: (i) there
are several dimensions of well-being and we do not necessarily know or want to specify what is the relationship
between these components and an overall well-being variable; (ii) there are many interrelations across well-being
components; (iii) there are interrelations across underlying drivers of well-being. The Structural Equation Modeling
(SEM), in the full-information version, is a good method to analyse interrelations among indicators underlying
multidimensional topics, as well-being is. This method, based on the analysis of variance-covariance matrices,
allows us to study the interrelations and causal relationships across welfare determinants and across the underlying
drivers of well-being (Nachtigall et al., 2003; Pearl, 2012; Bollen and Pearl, 2013). SEM, a factor-analytic approach,
provides a flexible framework for analysing and developing complex relationships among multiple variables and
latent constructs (Bollen, 1989; Ullmann, 2006; Bentler and Ullmann, 2013) When the phenomena of interest are
complex and multidimensional, SEM is the only analytical toolkit that allows complete and simultaneous tests of
all the relationships in a non-parametric way. It also allows to identify what are the components that mostly drive
well-being as well as what drives these components, without imposing strict assumptions upon the nature and
strength of any possible interrelation across the model’s variables.

Next, we describe the two OECD datasets, illustrate the model specification of SEM and derive the two synthetic
measures of well-being (objective and subjective).

II. MEASURING WELL-BEING AND PROGRESS: DEFINING AN OBJECTIVE WELFARE MEASURE

i. Data issues, model specification and estimation

In this Section we describe the estimation procedure to obtain the multidimensional objective welfare measure
#—; using SEM. The paper’s estimation strategy consists of finding the best fit from an unobserved common
factor to the various outcomes. The first step in the SEM approach is the specification of a conceptual model
defining how the observed variables are causally related to one another and to the latent variable(s). In our model,
drawing from the conceptual framework of the OECD Better Life Initiative, we included all the eleven well-being

3SEM examines both direct and indirect, unidirectional and bidirectional relationships between measured and latent variables. Notably, SEM
allows to analyse a set of relationships between one or more independent variables (IVs), and one or more dependent variables (DVs), either
continuous or discrete. Both IVs and DVs can be either factors or measured variables.

Volume. 18, Number. 1 3
DOI: 10.38024/arpe.273



CORRADO AND DE MICHELE

dimensions underlying the objective welfare measure, also referred to as the objective BLI hereinafter. Structural
Equation Modeling builds the BLI as a factor. This latent variable is obtained on the basis of the eleven observed,
underlying dimensions of well-being. We also consider the correlation between the obtained BLI latent index and
GDP, capturing inclusive growth effects. In Figure 1, the proposed causal model and all the relationships among
variables are represented by a path diagram. Path diagrams are fundamental in the SEM approach because they
allow us to illustrate the hypothesized set of relationships and interrelations in the modelﬁ

Structural Equation Model for the Objective Welfare Measure.
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Figure 1: Note: The variables’ notation in Figure 1 is the following: Subjective well-being (sw), Income and wealth (iw), Jobs and earnings (je), Housing

condition (ho), Health status (hs), Social connections (sc), Education and skills (es), Environmental quality (eq), Personal security (ps), Work-life balance (wl),

Civic engagement (cg), GDP logarithm (Igdp).

In the SEM model in Figure 1, the measurement equation specifies how in each country the latent variable #_;
determines the set of observed indicators (y_;) subject to disturbances or errors (e_;). The model can be expressed
in matrix form as follows:

yi=A%ni+te,; for —i=1,.,C @

!
! P . . .
wherey_; = [y_j1,Y_io,....y—ij] are the (aggregate) domain indicators, A° = |AJ, A3, ...,A? are the weights which
depend on the relative importance that governments attach to the various domains, #_; is the latent factor for

objective well-being and e_; = [e,,'l, €_iDy ey Cj ]]/ is a vector of disturbances. The variance of each indicator is used
to determine its own weight in the estimation of the latent factor. After the specification, the model is estimated
with the goal of minimizing the difference between the observed and estimated population covariance matrices.

The dataset includes aggregate country-level (average) observations for the eleven selected dimensions of BLI
for 35 countries - 33 OECD countries and two emerging economies (Brazil and Russian Federation) for the year
2012. We then refer to it as the ‘Objective’ OECD BLI dataset

We started our analysis from the original OECD BLI dataset, including 24 variables underlying the eleven
dimensions of BLI (see Appendix I). To utilize the Maximum Likekihood Missing Values (MLMYV) method within
SEMH we excluded from this dataset all the imputations made by the OECD, thus retaining the missing data of the

4By convention, in SEM the direction of the line linking together a latent variable with a measured variable is pointed towards the latter.
The rationale behind this convention is that the latent variable - or factor - is a construct derived from the simultaneous contribution of each
underlying variable, which in turn are predicted by the factor itself. In that sense, the factor can be viewed as a resulting variable which in turn
drives, or ‘creates’ all the underlying indicators. In the path diagram, the latent variable (BLI) is represented with an ellipse, the measured
variables with squares and the errors with circles. Each arrow represents a causal connection between variables, or a causal path. A line ending
with an arrow indicates a hypothesized direct relationship -unidirectional causationbetween the variables. A line with a two-headed arrow
indicates a covariance between the two variables with no implied direction of effect -no specification of the direction of causality- which may also
be interpreted as reverse causality. The direction of the arrow does not necessarily indicate the direction of causation (Bentler and Ullman, 2013.)

5The SEM analysis was performed based on the official OECD Better Life index (BLI) dataset using the statistical software STATA v. 13.1.
Originally, the full OECD dataset included 36 countries, but, in order to ensure a better fit of the model, after inspection of scatterplots for
dimensions and country, we opted to drop from the original dataset the outlier represented by Luxembourg. With regard to GDP, we utilized
the year 2010 data since they are consistent with the features of the 2012 release of the OECD BLI dataset.

®From the simulations we carried out, it emerged that the model fit increases considerably when we use the SEM MLMV method along with
the raw dataset (with missing values), instead of the default SEM running on the original BLI dataset (with OECD imputations). The MLMV
method, implemented by STATA, aims to retrieve as much information as possible from observations containing missing values (see Appendix
II for the description of the MLMV method and for details on bootstrapping).
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OECD BLI dataset. After that, we obtained each of the eleven BLI dimensions by aggregating 1 to 4 variables of
interest from 24 underlying indicators Concerning GDP, we refer to the year 2010 data drawn from the IMF World
Economic Outlook database, ‘October 2014 edition’. For our calculations, we use the logarithm of GDP (Igdp). In
spite of the small sample of 35 observations, the SEM analysis we produced allowed us to obtain reliable and robust
results, as confirmed by goodness-of-fit indicators and tested through a specific power analysis we have conducted,
based on Westland’s (2010) algorithm (see Appendix II and Appendix III).

ii. Objective welfare measure: Results

The main parameters and standard errors of our SEM estimation - standardized and unstandardized - are shown in
Table 1. The objective welfare measure (or the objective BLI) emerges as a latent variable from the eleven dimensions
of well-being. Associated to each of these dimensions, there is a coefficient describing the loading’ of the considered
measured variable on the BLI latent factor. The corresponding p-value is marked with asterisks, whilst the relative
standard error is reported in round parentheses.

Table 1: Bootstrapped SEM MLMYV model estimated paramenters

Observed variables Standardized Unstandardized

Income and wealth (iw) 0.727** (0.126)  20741.01** (8642.46)
Jobs and earnings (je) 0.927*** (0.036) 0.145%** (0.045)
Housing (ho) 0.841%* (0.068)  0.134*** (0.037)
Health status (hs) 0.844*** (0.060)  0.202*** (0.055)
Social connections (sc) 0.645%** (0.094) 0.063** (0.023)
Education and skills (es) 0.581*** (0.162) 0.182 (0.100)
Environmental quality (eq) 0.594*** (0.119) 0.136** (0.055)
Personal security (ps) - 0.599*** (0.190) -0.123 (0.091)
Work-life balance (wl) 0.506* (0.263) 0.135 (0.091)
Civic engagment (cg) 0.438*** (0.137)  0.108** (0.045)
Subjective well-being (sw) 0.696*** (0.121) 1 (constrained)

Correlations/Covariances

corr[lgdp, BLI] 0.972#** (0.059)
cov[lgdp, BLI] -0.420%** (0.099)
Observations 35

logLikelihood -48.580

Replications 971

BLI path coefficients without parentheses
Bootstrapped Standard errors in round parentheses
*p<0.05; *p<0.01; **p<0.001

Data source: OECD Better Life Index data (year 2012)

Each structural equation coefficient is computed taking into account the sample variances and covariances.
Thus, the coefficients are calculated simultaneously for all the endogenous variables rather than sequentially, as in
canonical multiple regression models. SEM accounts for the degree to which the various indicators covariate with
each other.

The coefficients are based on the direct relationships between the variables. They show the quantitative
relationships between the variables (unstandardized coefficients) as well as the relative importance of the variables
within the model (standardized parameters). Notably, the standardized coefficients represent the change in the
dependent variable that results with a one unit change in the independent variable.

The unstandardized parameters reflect the form of the relationship, while a standardized coefficient measures

"Following the OECD recommendations, within each dimension, indicators are averaged with equal weights in a normative way, and
normalized, when expressed in different units of measure.
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the strength of an association. Both are useful to interpret the results (Acock, 2013). In order to analyse the relative
importance of each of the eleven dimensions underlying objective welfare measure, we refer to the standardized
estimates of the loadings. Unlike unstandardized estimates, they allow a comparison among dimensions measured
on different scales.

As shown in Table 2, from the analysis of the standardized parameters it emerges that, as expected, the most
important dimensions driving the objective welfare measure are Job and earnings (je), Health status (hs) and
Housing (ho) followed by Income and wealth (iw). These are the four topics that represent the material conditions
underlying the well-being of people.

Table 2: OECD Dimensions’ ranking of the objective welfare measure

SEM (standardized)

Jobs and earnings (je)
Health status (hs)
Housing (ho)

Income and wealth (iw)
Subjective well-being (sw)
Social connection (sc)
Personal security (ps)
Environmental quality (eq)
Education and skills (es)
Work-life balance (wl)

Civic engagement (cg)

On the other hand, the least important dimensions explaining the objective welfare measure are Civic engagement
(cg), Work and life balance (wl), Education (es) and Environmental quality (eq). Social connection (sc) and Personal
security (ps) lie in the middle of the ladder.

It needs to be stressed that Personal security is negatively linked to objective BLIEI as reported in Table 1, while
Work-life balance (wl) is statistically significant but less than all the other dimensions in the standardized estimates.
Considering the unstandardized parameters, it emerges that Work and life balance (wl), Personal security (ps) and,
in a minor way, Education and skills (es) are not statistically significant.

It should be highlighted that, in the unstandardized model, the path from objective BLI to Subjective well-being
(sw) is fixed to 1 for identification, whilst Subjective well-being (sw) lies in the middle of the ladder in the
standardized rank.

The covariance and correlation between factor BLI and logGDP are reported at the bottom of Table 1. The
correlation is used to account for the two-way (reverse) causality between the two variables and it can be interpreted
as a measure of the “inclusiveness’ of the process that generates GDP, in line with the concept of inclusive growth.
With a correlation value of 0.97, GDP can be considered as a major driver of people’s well—beingﬂ Furthermore,
indirect effects between GDP and each of the eleven underlying well-being dimensions can be computed considering
the BLI construct also as a ‘mediator” variable. As Appendix III shows, considering the combined analysis of the
overall goodness-of-fit indices reported in Table S4, we can conclude that our hypothesized model presents a good
fit, taking into account the small sample size on which all estimates are based.

8 An important result confirming the robustness of our model estimation is that, as expected, the relationship between Personal security (ps)
and objective BLI is negative. The main reason explaining this outcome is that, following the OECD Better Life Index framework, we obtain the
Personal security (ps) indicator aggregating two underlying variables - Reported homicides and Self-reported victimisation - which notoriously
affect people’s well-being negatively (see Appendix I).

9This result is in line with the estimation made by Jones and Klenow (2016) using a different method. Comparable results are obtained
by those authors also with reference to the country ranking based on welfare levels. Furthermore, in corroboration of the robustness of our
estimation, it should be highlighted that the results and parameter estimates remain substantially the same if we do not consider the cov/corr
(logGDP, BLI) in our model, other things being equal.
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IIl. MEASURING WELL-BEING AND PROGRESS: DEFINING A SUBJECTIVE WELFARE MEASURE

i. Data issues, model specification and estimation

This Section illustrates the estimation procedure of the subjective welfare measure (or subjective BLI) using a special
setting of SEM. Within the OECD Better Life Initiative, the OECD recently launched a complementary project, Your
Better Life Index, with the aim of assessing the welfare and progress of societies from an individual perspective.
A specific tool available on the official OECD website enables every user to assess their well-being according to
their own preferencesETI All these ‘subjective’ microdata - individual stated preferences - were gathered in order to
complement the information provided by the standard objective BLI, based mainly on country-level average data,
reflecting ‘objective” outcomes from official statistics. This new large dataset of individual stated preferences on the
eleven dimensions underlying the subjective BLI, represents an unprecedented international attempt to provide
comparative evidence on well-being and progress. It constitutes a valuable aspect of our analysis.

As mentioned above, the BLI conceptual framework —both in the ‘objective” and “subjective’ VersionsErI - refers to
a multidimensional indicator relying on eleven underlying dimensions, without any explicit choice by the OECD
on their relative importance for people’s well-being. As a consequence, the BLI does not explicitly provide for
an official single, concise welfare statistic, but only for a dashboard of unweighted indicators for each country.
A single welfare measure for BLI measuring the level of progress and well-being of countries and regions in a
concise way, could be a very useful policy making tool. To this end, the OECD suggests - as a default setting - to
consider identical weights for the eleven underlying dimensions, in order to produce an informal concise measure
for BLI, without introducing any hypothesis on the relative importance of the selected well-being drivers. Using
the OECD subjective microdata for 35 countries and considering the Likert-scale (non-normal) structure of the
individual responses, we propose a Generalized Structural Equation Model (GSEM) to endogenously estimate
the relative weights of the eleven dimensions of BLL. More specifically, we adopt a Multiple Indicators Multiple
Causes (MIMIC) model under GSEM to account for the geo-demographic control variables included in the OECD
individual microdataset. This econometric method allowed us to obtain more precise estimates of countries” BLI
scores than those provided by the OECD using the default setting and equal weighting. In addition, the model
provided us with a subjective ranking of the eleven dimensions underlying BLI derived from the individual stated
preferences.

In order to overcome an important limitation in the GSEM post-estimation indices, we propose to estimate, in
parallel with it, a bootstrapped SEM model, running on the same dataset, to get all the available overall-goodness-
of-fit indices for the model

Through the official OECD BLI website, thousands of users of the Your Better Life Index around the world
shared their views on what makes for a better life. Users have been encouraged to create and share their own Better
Life Index since its launch in 2011. To date, the OECD has received about one hundred thousand individual indices
from 180 countries and territories, which are included in a unique and comprehensive OECD dataset on the stated
preferences of BLI users. Those individual microdata are at the core of this paper. Table 3 reports the summary
statistics of the microdata used in the analysis.

In order to make this work comparable with the Objective BLI results in Section two, we selected from the OECD
BLI dataset 12,728 individual observations from 33 OECD countries and 2 emerging economies -Brazil, Russian
Federation- for the year 2012 As mentioned above, weights on the eleven dimensions of BLI are assigned by the
users, who build and customize their own Index. Users must rate each topic by assigning a rate ranging from 0
(“not important”) to 5 (“very important”). Given the Likert scale structure of individual answers, all the responses
have only six possible choices, corresponding to six integers from 0 to 5. Therefore, the microdata gathered are
categorical (ordinal) and can be defined as individual stated preferences. As expected, the multivariate normality

105ee www.oecdbetterlifeindex.org for details.

To simplify, with ‘objective’ BLI - or objective welfare measure - we indicate the multidimensional index obtained from the OECD BLI
dataset, based on aggregate country’s level data from official sources. On the other hand, with ‘subjective” BLI - or subjective welfare measure -
we refer to the index obtained from individual level OECD BLI microdata.

2When using GSEM instead of SEM, we demonstrate an improvement of about 25-30% in the overall fit of the model, through the comparison
of the relative Akaike Information Criterion (AIC), a predictive fit index available for both models. Therefore, the use of GSEM for the estimation
of the subjective welfare measure in this Section is justified by these values (see Subsection IILii and Appendix IV and V for more details).

13In order to improve the fit of our model, we dropped Luxembourg from the original OECD sample, because its observations emerged as
outliers. This choice is also consistent with Section two. It should be noticed that, in our work, the number of observations used by GSEM
running on the full OECD sample is lower than 12,728 and equal to 12,703, as reported in Table S7 in the Appendix. The SEM/GSEM method
in the STATA 13.1 package makes use of listwise deletion as the default setting in the presence of missing data. Therefore, missing data are
dropped from the dataset leaving only complete rows for each individual.
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Table 3: Descriptive statistics

Variable Obs. Mean Std. Dev. Min Max
Income and wealth (iw) 12728 3.03 1.38 0 5
Jobs and earnings (je) 12728 3.23 1.40 0 5
Housing (ho) 12728 3.21 137 0 5
Health status (hs) 12728 3.80 1.39 0 5
Social connections (sc) 12728 3.05 1.45 0 5
Education (es) 12728 3.65 1.43 0 5
Environmental quality (eq) 12728 3.37 1.46 0 5
Personal security (ps) 12728 3.25 1.47 0 5
Work-life balance (wl) 12728 3.43 1.48 0 5
Civic engagment (cg) 12728 245 1.40 0 5
Subjective well-being (sw) 12728 3.79 1.43 0 5
gender 12721 041 0.49 0 1
age 12704 2.44 1.35 1 7
country 12728 16.13  11.01 1 35
world region 12728 116  0.63 1 4

Data source: OECD Your Better Life Index microdata (year 2012)

tests confirm that the data are multivariate non-normal (see Appendix IV).

Subjective BLI can be defined as a composite multidimensional construct, based on a large set of underlying
variables reflecting material living conditions and quality of life. In line with the OECD BLI framework, we
cannot define BLI weights directly, but let them emerge indirectly considering BLI as a latent common factor.
Structural equation modeling (SEM) allows to account for causal relationships among indicators. With ordinal
categorical responses or polytomous (Likert-type), we need a Generalized model using an ordered probit or logit
or complementary log-log link functions to deal with non-normal microdata (Agresti, 2002). Taking into account
that ordered probit is considered the best option for latent variable models (Skrondal and Rabe-Hesketh, 2005), we
decided to apply it in our GSEM estimation.

As mentioned before, besides individual responses to the eleven BLI indicators, the OECD dataset under
consideration also includes four control variables that may influence our latent construct. More specifically, these
geo-demographic variables are age, gender, country and geographical area - or world region/macroregion - of the
respondents. We consider them as ‘causes’ influencing our latent construct, as shown in the path diagram in Figure
2.

The MIMIC (Multiple Indicators Multiple Causes) model allows us to assess the influence that a set of ‘causes’
can have directly on the latent BLI or indirectly on the eleven underlying indicators, when BLI operates as a
‘mediational” variable. With reference to the ‘causes’, in the specified GSEM MIMIC model the observed ‘causal’
variables drive the latent variable which in turn determines the observed indicators. Therefore, methodologically,
we propose an ordered probit GSEM MIMIC model to analyse the ‘causes” and determinants of well-being and
progress measured through the subjective welfare measure. As illustrated in Figure 2, the section of the graph
below BLI represents the ‘causal’ model of the GSEM MIMIC, while the section above the latent construct, is the
‘measurement’ model. Finally, e; represent the disturbances.
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Figure 2: Ordered Probit GSEM MIMIC Model for the Subjective Welfare Measure.
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ho hs

gender

In the GSEM MIMIC model (Multiple Indicators, Multiple Causes, see Joreskog and Goldberger, 1975; Rabe-
Hesketh et al., 2004; Raiser et al., 2007), it is not only assumed that the observed variables are manifestations of a
latent concept, but also that there are other exogenous variables that ‘cause” and influence the latent factor(s). We
model subjective welfare for each cross sectional unit (individual) by assuming that the domain indicators, y;, are
related to the latent factor for subjective well-being, #;, via the measurement equation:

yi = Asm +e; for i=1,..1 (2)

where y; = [yi1, Vio, - Vi ]], are the domain indicators, A° = [Aﬁ, A3, ...,Aﬂ the weights (i.e. factor loading matrix)

and S, is the covariance matrix of e;= {eil,ea, ...,ei]} which is a vector of disturbances. It is assumed that E(e;) = 0

and cov(e;,7;) = 0. In the MIMIC model, however, in addition to the measurement equation defined above, there is
also a ‘causal’ equation that expresses the relationships between the latent construct (7;) and the observed variables
(x;) or ‘causes”:

i = Bx; + v; 3)

where x; = [xj1,Xip, ..., Xjr] are the observed individual characteristics, comprising income and other socio-
demographic hallmarks, that are "causes" of #; subject to disturbances (v;). B = [By, ..., Br]l is the corresponding
vector of structural parameters related to the latent dependent variable #;, whilst @y is the variance-covariance
matrix of v.

By replacing the measurement equation (2) in the ‘causal’ equation (3) we obtain:

yi = A° (Bx; +v;) + e 4)

The socio-demographic individual characteristics determine the weight AS = A®B attached to each each domain
indicator underlying the the subjective welfare factor, #;.

ii. Subjective welfare measure: Results

Given the availability of a rich microdataset, we perform the ordered probit GSEM MIMIC model for various
groups of countries and macroregions along with the OECD area as a whole@ The GSEM estimated parameters are
unstandardized. Actually, the unstandardized loadings are fully comparable among them in relative terms (Hoyle,
1995) and can be used to rank the BLI indicators and ‘causes’. In this Section, we focus on the five major European
Union (EU) countries and on the United States (US) because of the larger number of observations available for
these sub-samplele We then compare the five European Union (EU) countries and the EU as a wholﬂ to the

4The tables in Appendix V report the GSEM MIMIC (and bootstrapped SEM) estimates of coefficients and fit indices for the subjective welfare
measure.

15The five EU countries sub-samples selected for our analysis are France, Germany, Italy, Spain and the United Kingdom, respectively. Each
sub-sample comprises at least 250 observations, as reported in the Appendix V tables. It should be noted that the United Kingdom is still
included in the sample of EU countries because the dataset used in this paper refers to the year 2012, so before Brexit and the withdrawal of the
United Kingdom from the EU in 2020.

16For Europe we aggregate individual observations from 21 EU countries within the OECD. The countries included are Austria, Belgium,
Czech Republic, Germany, Denmark, Estonia, Finland, France, Greece, Hungary, Ireland, Iceland, Italy, The Netherlands, Poland, Portugal,
Slovakia, Slovenia, Spain, Sweden, United Kingdom.
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United States (US), to show differences between people preferences in those two developed areas.

We start our analysis considering the OECD dimensions’ ranking as the benchmark against which countries and
continents are to be compared. As shown in Table 4E] we consider the subjective BLI dimensions’ ranking from the
OECD, the EU and the sub-samples for the six selected countries -United States (US), France (FR), Germany (DE),
Italy (IT), Spain (ES), United Kingdom (GB). We observe that, overall, there is some stability at the top and bottom
of our rankings. More specifically, Health status (hs), Education and skills (es), Enivironmental quality (eq) and
Personal security (ps) are generally at the top, whilst Income and wealth (iw), Jobs and earnings (je) and Housing
condition (ho) are at the bottom. The relative positions for the other dimensions vary from country to country.
Furthermore, we can observe that Social connection (sc), Work-life balance (wl) and Civic engagement (cg) are often
in the middle of the ladder for all the considered countries and macroregions.

It should be stressed that, as expected, Income and wealth (iw) and Jobs and earnings (je) - i.e. the materialistic
dimensions underlying BLI - tend to stay very low in the individual ranking based on people’s stated preferences,
probably because the BLI is perceived as a measure of well-being other than GDP and other materialistic components
of life. This explanation could be extended to Housing condition (ho) as well. As a consequence, Income and wealth
(iw), Jobs and earnings (je) and Housing condition (ho) tend to be systematically penalized in this kind of surveys.
Therefore, an important message emerging from our analysis is that income buys only ‘some” happiness (Easterlin,
1974). More specifically, with reference to the top of the ranking, it is observed that Health status (hs) is always the
most important dimension in explaining subjective BLI, except for Italy (IT), where Environmental quality (eq) is
the most important component. We can state that Education and skills (es) and Environmental quality (eq) are the
second and third most important components of subjective BLI, followed by Personal security (ps). At the bottom
of the ladder, Income and wealth (iw) is always the last dimension - except for Spain where Jobs and earnings (je) is
the last component - followed by Jobs and earnings (je) and Housing condition (ho), respectively. In the middle of
the ranks lie Civic engagement (cg), Work-life balance (wl) and Social connection (sc) in different orders.

If we compare the European Union as a whole with selected EU countries, taking into account the above-
mentioned considerations, we can observe that for Germany, Environmental quality (eq) and Work-life balance (wl)
rank low; for Italy, Environmental quality (eq) and Civic engagement (cg) rank high; for France, Work-life balance
(wl) and Housing condition (ho) rank high whilst Personal security (ps) and Social connection (sc) rank low; for
Spain, Work-life balance (wl) ranks high whilst Environmental quality (eq) and Social connection (sc) rank low in
people’s preferences. When comparing the United States with the European Union, we can observe that Social
connections (sc) rank high in the United States, whilst Education and skills (es) and Civic engagement (cg) rank
low compared to the EU, the remaining dimensions being in similar positions. If we compare the rankings of the
EU and the OECD, we notice that the top and bottom of the ladder are the same, whereas in the middle we have
the same dimensions but placed in a different order. Notably, Civic engagement (cg) and Social connection (sc) are
in inverted order, with Civic engagement (cg) higher in EU than in the OECD ladder.

In order to carry out an analysis of the relative importance of the BLI dimensions by gender, we split the
OECD full sample in two sub-samples for males and females. The most important difference between the two
sub-populations is that age has an influence on women'’s well-being, but not on men’s quality of life, whilst the
opposite happens with reference to country level analyses. When we compare the two distinct GSEM estimates for
males and females, we can observe that the top of the ladder does not vary — Health status (hs), Education and
skills (es), Environmental quality (eq) and Personal security (ps) being the most important dimensions.

Also, the bottom of the ranking is rather stable with Income and wealth (iw) and Jobs and earnings (je). The
remaining dimensions change their relative positions. Notably, Work-life balance (wl) and Housing condition
(ho) are more important for women than men, whilst the opposite happens to Civic engagement (cg) and Social
connections (sc), which are more important for men compared to women. We finally estimate two comparable
models running on the same microdataset, an ordered probit GSEM MIMIC model and a SEM model with
bootstrapped robust standard errors, in order to obtain all the available post-estimation indices and the Akaike
Information Criteria (AICs) reported in the tables of Appendix V.

7The full set of results by country, macroregion and gender is available in Appendix V.
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IV. CoMPARING OBJECTIVE VERSUS SUBJECTIVE WELFARE MEASURES.

We have estimated the relative weights of the ‘objective” and ‘subjective’” determinants of well-being using two
different settings of SEM on the basis of two OECD BLI datasets, one comprising average country-level observations
and the other individual-level microdata for the year 2012.

These two datasets are analyzed using a Structural Equation Modeling (SEM) approach to estimate a welfare
measure (BLI) as a latent factor, starting from its underlying indicators. In particular, we applied a bootstrapped
SEM MLMYV method to estimate the ‘objective’ weights. An ordered probit GSEM MIMIC model was adopted to
estimate the ‘subjective’ loadings of the eleven underlying dimensions of BLI.

The aim of this section is: (i) to compare the objective and subjective estimated weights of well-being drivers, (ii)
to estimate the subjective and objective predicted welfare scores (i.e., predicted BLI scores) for each country and
region and compare their relative objective and subjective rankings, and (iii) to draw policy recommendations.

From the comparison of the results presented in the second and in the third sections, it emerges that there is a
wide difference between the welfare dimensions’ rankings estimated on the basis of the two OECD datasets. This
difference reflects the "welfare gap" between a government’s welfare outcome and (country average) individual
welfare levels, according to people’s stated preferences (%) (see footnote 19).

In Table 5, we compare the dimensions’ rankings from the SEM standardized estimates and the GSEM
unstandardized value If we look at the SEM and GSEM results, we notice that Health status (hs) is always at the
top, whilst Social connections (sc) lies in the middle of the ladder, both in the objective and subjective ranking. All
the other dimensions change their relative position.

The comparison between objective and subjective welfare dimensions” rankings shows that, apart from the
relevance of Health status (hs) in both analyses, the results are quite diverse. Notably, material living conditions are
the most important dimensions in the objective ranking, whilst the quality of life indicators are at the top of the
subjective ladder.

18Tn GSEM, since the scale of the eleven indicators underlying BLI is the same for all the eleven variables (Likert-type scale), the unstandardized
parameters can be interpreted like standardized ones and are fully comparable among them in relative terms (Hoyle, 1995). Moreover, to test the
robustness of these results, we compared the SEM and GSEM parameter estimates for Spain using its microdata. As expected, we found that the
SEM unstandardized parameters are very similar to the standardized ones and that SEM standardized rank corresponds exactly to the GSEM
(unstandardized) rank.
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Table 5: SEM ’objective’ vs. GSEM ‘subjective” BLI dimensions rankings - OECD

SEM OECD objective GSEM OECD subjective
Jobs and earnings (je) Health status (hs)

Health status (hs) Education and skills (es)
Housing (ho) Environmental quality (eq)
Income and wealth (iw) Personal security (ps)

Subjective well-being (sw) -

Social connections (sc) Social connections (sc)
Personal security (ps) Work-life balance (wl)
Environmental quality (eq) Civic engagement (cg)
Education and skills (es) Housing (ho)

Work-life balance (wl) Jobs and earnings (je)
Civic engagement (cg) Income and wealth (iw)

The variables expressing material conditions, which are very important on the basis of the aggregate country’s
outcome, become the least important issues for people’s stated preferences. The opposite occurs for Education and
skills (es) and Environmental quality (eq), which appear to be the most important dimensions of well-being for
people’s preferences. Also Personal security (ps), Work-life balance (wl) and Civic engagement (cg) change their
relative position, climbing in the individual ladder.

These results are relevant in terms of policy implications because it emerges that material living conditions
matter less for people than issues such as education and environment. The consequence is that GDP appears
as a very important driver for people’s well-being, as shown in Section two, but it should be complemented by
other elements which decisively contribute to quality of life. In other words, income buys only ‘some” happiness.
This confirms that it is important to shift the attention and monitoring of governments and policymakers towards
different dimensions of people’s lives beyond GDP.

After the analysis of both objective and subjective welfare dimensions’ rankings, we now focus on the objective
and subjective BLI scores calculated at the country and macroregion level for the year 2012. The predicted BLI score
allows to obtain a concise measure of people’s well-being for each country and macroregion and to compare them@
The results reported in Figure 3 illustrate the comparison between the (country average) subjective predicted BLI
scores (i7;) from the GSEM estimatior@ (Subjective welfare (if;), represented by rhombus) and the objective predicted
BLI scores (1_;) from the SEM estimation (Objective welfare (1_;), indicated by squares).

For the Objective BLI, the factor scores are estimated with a SEM through a linear regression by using the mean
vector and the variance-covariance matrix of the fitted model. As described in Section three, the subjective BLI is
estimated with a GSEM MIMIC model. The predicted values - factor scores - are obtained here through an iterative
procedure, the empirical Bayes means calculation, also known as posterior meanst] (Skrondal and Rabe-Hesketh,
2004).

In Figure 3 by comparing the United States (US) with the European Union (EU) [ *| predicted values, it turns
out that in the US people are, on average, better off than in the EU, both in objective and subjective terms. If we
expand the sample further, by including all the 33 OECD countries - the EU, North America, South America and the

9For the subjective BLI we derive a single, headline measure of any country’s welfare - the country’s factor score - calculating the mean of all
the individual BLI factor scores sorted by country. It should be noticed that for the objective welfare measure we cannot directly obtain the
country’s factor score because of the limited dimension of the OECD BLI ‘objective’ dataset. However, we obtained the predicted values for each
country indirectly by computing them as a weighted mean. The latter is obtained, for all the countries of the sample, adding up the relative
value of each dimension multiplied by the specific OECD dimension weight, estimated through the bootstrapped SEM MLMV method.

20We can consider the subjective ranking, obtained from the estimated weights, the possible benchmark toward which to orient the objectives
of government’s socio-economic policies.

21Within this method, the iterative procedure makes use of numerical integration whose multivariate integral is approximated by the
mean-variance adaptive Gauss-Hermite quadrature (Skrondal and Rabe-Hesketh, 2009).

22The EU sample comprises 21 countries, including Eastern Europe (see note 35 for a detailed list of countries).
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Figure 3: Objective and subjective predicted welfare scores by country and macroregion.

Objective welfare, measured through the objective predicted BLI score (17_;), represents the government’s welfare outcome; Subjective welfare,
measured through the (country average) subjective predicted BLI scores (77;) depicts the aggregated individual welfare aspirations.

Asia-Pacific regions -, the overall predicted well-being score for the OECD is lower than in the EU as a whole and in
the US. If we now compare the objective and subjective predicted welfare scores of the United States and the United
Kingdom (i.e. the Anglo-Saxon economies) to Germany, France, Italy and Spain (i.e., the largest EU economies),
we find that in the United States and the United Kingdom the objective scores are higher than the subjective ones,
whereas the opposite applies to the major EU economies. One possible explanation is that a stronger welfare state,
such as the one experienced by citizens of the EU nations mentioned above, has a positive influence on people’s
sensitivity to non-economic factors and on the relevant perception and preferences (Alvarez-Diaz et al., 2010)@

Moreover, we can observe from Figure 3 that for the Unites States (US), the United Kingdom (GB) and European
Union (EU), the objective outcomes overcome subjective welfare aspirations in relative terms in 2012. In Germany,
France and OECD we can see, instead, that subjective desiderata and government outcomes are in line.

An opposite situation can be observed in Italy and Spain, where people have a very high subjective expectation
regarding well-being, but this is associated with very low outcomes achieved by their governments. The distance
between average individual aspirations (7;) and outcomes (17_;) can be defined as a "welfare gap" between what is
“desirable’ for people and what government policies achieve in reality. This gap may frustrate citizens’ well-being
expectations and may contribute to explaining the anti-establishment sentiment that has affected our societies in
the latest years, also as a consequence of the economic crisis, as evident in recent elections in Italy and Spain. The
predicted BLI score, derived from the individual microdata for the year 2012, provides an indication of people’s
preferences with respect to the public policy outcomes carried out by their government. From Figure 3, Italians
appear to be, overall, more demanding than other EU citizens; therefore, we can suppose that Italians exert more
‘pressure’ on their government to achieve objective outcomes. However, in the case of Italy, people’s pressure does
not correspond to satisfactory government outcomes, as represented by the IT position in the graph. This gap
exacerbates the frustration of people and the resulting "welfare gap".

21In this sense, it could be stated that a country’s history, political economy and socio-cultural structures matter (Marklund, 2013). On the
one hand, the greater attention of the Anglo-Saxon economies to free markets and more liberalized economies, and, on the other hand, the
greater support to universal welfare states in the largest EU economies, is reflected in the higher welfare aspirations of the latter, in particular in
the preference of people for non-economic welfare factors and quality of life.

14 Volume. 18, Number. 1
DOI: 10.38024 /arpe.273



AMERICAN REVIEW OF PoLiTicAL ECcoNOMY

V. CONCLUSION

The recent economic crisis and the rising inequality that has affected our societies over the last decades have
stimulated a growing demand to improve the quality of people’s lives. However, the pressure on national
governments to improve living conditions has often been independent of their actual results and policy outcomes.
It is desirable for governments to maximise social welfare evaluated according to citizens’ own stated preferences.

Social welfare is inherently multidimensional. In this respect, composite indices of well-being, measured at the
individual and aggregate level, make it possible to gauge overall welfare and its progress over time. In our analysis,
we utilize two different comparable OECD datasets for the year 2012, one based on average country-level macrodata
reflecting government’s well-being outcomes, the other one on microdata reflecting people’s stated preferences
on well-being indicators. Drawing from the conceptual framework of the OECD Better Life Index (BLI), we then
build an ‘objective” welfare measure predicted from the national-level data and a ‘subjective” index obtained by
using OECD microdata. To deal with the idiosyncratic structures of the datasets, we apply two different settings of
Structural Equation Models — bootstrapped SEM and Generalised SEM MIMIC - to estimate the relative weights
and rankings of the eleven underlying dimensions of well-being.

A key message to be drawn from our objective welfare model is that the material conditions of people’s lives,
described by Jobs and earnings (je), Health status (hs), Housing (ho) and Income and wealth (iw), are the most
relevant dimensions explaining well-being, whilst Civic engagement (cg) is the least important among the eleven
considered indicators. The eleven dimensions underlying the objective welfare measure explain 94.1% of the total
variance of the latent factor.

On the other hand, the results related to the subjective welfare measure show that the indicators reflecting
the quality of life are relatively more important than the variables accounting for the material living conditions
in determining people’s well-being. It should be stressed that these results are rather stable in all the countries
and macroregions considered. An important implication of those subjective outcomes is that income buys only
‘some’ happiness. This conclusion confirms the importance of devising new methods to measure well-being and
social progress, as recommended by the Stiglitz-Sen-Fitoussi report. This new approach may help governments and
policymakers to better design policies, focusing on different dimensions that affect people’s well-being. It would
complement the information provided by GDP as a leading indicator. In this respect, looking at the relationship
between objective and subjective welfare measures is a key to a better understanding of social welfare.

From the comparison between the objective and subjective BLI dimensions” weights and rankings, estimated
on the basis of the two OECD datasets utilized, it emerges that there is a wide difference between them. This
reflects the distance between governments” welfare outcomes (objective measure) and individual welfare levels,
as per people’s stated preferences (subjective measure). We consider this difference as a mismatch between what
people desire and what government policies achieve in terms of welfare outcomes. This gap could help explain the
anti-establishment sentiment that has affected our societies in the latest years, also as a consequence of the recent
and acute economic crisis.

The estimation of the predicted welfare scores for different countries and macroregions allows for a geographical
comparison in terms of objective and subjective welfare measures, which is used to derive the resulting "welfare
gaps" reported in Figure 3. Contrary to the situations recorded in 2012 in the United States and the United Kingdom,
in Italy and Spain, very high welfare aspirations were associated with low outcomes achieved by their governments
in the same year. This large gap may frustrate citizens” well-being expectations. Furthermore, as indicated in
Section four, the higher welfare aspirations are associated with the four largest economies of the European Union,
compared to the United States and the United Kingdom.

VI. BIBLIOGRAPHY

Acock, A. C. (2013). Discovering Structural Equation Modeling Using Stata. Revised Edition. Stata Press.

Agresti, A. (2002). Categorical Data Analysis. Second Edition. New York: Wiley

Akaike, H. (1987). Factor analysis and AIC. Psychometrika, 52, 317-332.

Alvarez-Diaz, A., Gonzales, L.R. and Radcliff, B.F. (2010). The Politics of Happiness: On the Political Determinants of
Quality of Life in the American States. The Journal of Politics, 72(3), 894-905.

Becchetti, L., Corrado, L. and Fiaschetti, M. (2017). The Regional Heterogeneity of Wellbeing "Expenditure’ Preferences:
Evidence from a Simulated Allocation Choice on the BES Indicators. Journal of Economic Geography, 17(4), 857-891.

Volume. 18, Number. 1 15
DOI: 10.38024/arpe.273



CORRADO AND DE MICHELE

Benjamin, D. J., Heffetz, O., Kimball, M. S. and Rees-Jones, A. (2012). What Do You Think Would Make You
Happier? What Do You Think You Would Choose? American Economic Review, 102(5), 2083-2110.

Benjamin, D. J., Heffetz, O., Kimball, M. S. and Szembrot, N. (2014). Beyond Happiness and Satisfaction: Toward
Well-Being Indices Based on Stated Preference. American Economic Review, 104(9), 2698-2735.

Bentler, P. M. (1990). Comparative fit indexes in structural models. Psychological Bulletin, 107, 238-246.

Bentler, P. M. and Ullman, J. B. (2013). Structural equation modeling. In Weiner, 1. B. (Ed.), Handbook of Psychology,
Chapter 23, 661-690, Second edition, New York: Wiley.

Bentler, P. M. and Yuan, K.-H. (1999). Structural equation modeling with small samples: Test statistics. Multivariate
Behavioral Research, 34(2), 181-197.

Boarini, R. and Mira d’Ercole, M. (2013). Going beyond GDP: An OECD perspective. Fiscal studies, 34(3), 289-314.

Bollen, K. A. (1989). Structural equations with latent variables. New York: Wiley.

Bollen, K. A. (1990). Overall fit in covariance structure models: Two types of sample size effects. Psychological Bulletin,
107(2), 256-259.

Bollen, K. A. and Brand, J. E. (2008). Fixed and random effects in panel data using structural equation models.
California Center for Population Research online Working paper Series.

Bollen, K. A. and Grace, J. B. (2005). Interpreting the results from multiple regression and structural equation models.
Bulletin of the Ecological Society of America, 86, 283-295.

Bollen, K. A. and Pearl, J. (2013). Eight myths about causality and Structural Equation Models. In S.L. Morgan (Ed.),
Handbook of Causal Analysis for Social Research, Chapter 15, 301-328, Springer.

Bollen, K. A. and Stine, R. A. (1992). Bootstrapping goodness-of-fit measures in structural equation models. Sociological
Methods and Research, 21, 205-229.

Campbell, R. (2004). Gender, Ideology and Issue Preference: Is There such a Thing as a Political Women'’s Interest in
Britain?. The British Journal of Politics & International Relations, 6, 22-44.

Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences (Second Edition). Hillsdale, NJ: Lawrence
Earlbaum Associates.

Decancq, K, and Lugo, M. A. (2013). Weights in Multidimensional Indices of Well-Being: An Overview. Econometric
Reviews 32 (1), 7-34.

Doornik, J. A. and Hansen, H. (2008). An omnibus test for univariate and multivariate normality. Oxford Bulletin of
Economics and Statistics, 70, 927-939.

Easterlin, R.A. (1974). Does economic growth improve the human lot? Some empirical evidence. In: Nations and
Households in Economic Growth, pp 89-125. Elsevier.

Efron, B. (1979). Bootstrap methods: Another look at the jackknife. Annals of Statistics, 7, 1-26.

Fleurbaey, M. (2009). Beyond GDP: The Quest for a Measure of Social Welfare. Journal of Economic Literature 47 (4):
1029-75.

Fleurbaey, M. and Blanchet, D. (2013). Beyond GDP: Measuring Welfare and Assessing Sustainability. Oxford:
Oxford University Press.

Fisher, R. A. (1925). Statistical Methods for Research Workers (First Edition). Oliver & Boyd, Edinburgh, UK.

Genicot, G.and, Ray, D. (2017). Aspirations and inequality. Econometrica, 85(2): 489-519.

Hooper, D.,Coughlan, J. and Mullen, M. (2008). Structural Equation Modelling: Guidelines for determining model fit.
Electronic Journal of Business Research methods, 6(1), 53-60.

Hoyle, R. H. (1995). The structural equation modeling approach: Basic concepts and fundamental issues. In R. H. Hoyle
(Ed.), Structural equation modeling: Concepts, issues, and applications. 1-15. Thousand Oaks, CA: Sage Publications.

Hoyle, R. H. (2000). Confirmatory factor analysis. In Tinsley, H. E. A. and Brown, S. D. (Eds.), Handbook of applied
multivariate statistics and mathematical modeling, 465-497. New York: Academic Press.

Hu, L. and Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure analysis: Concentional criteria
versus new alternatives. Structural Equation Modeling, 6(1), 1-55.

Tacobucci, D. (2010). Structural equation modeling: Fit indices, sample size, and advanced topics. Journal of Consumer
Psychology, 20, 90-98.

Jackson, D. L. (2003). Revisiting sample size and number of parameter estimates: Some support for the N:q hypothesis.
Structural Equation Modeling, 10(1), 128-141.

Jones, C.I. and Klenow, PJ. (2016). Beyond GDP? Welfare across Countries and Time. American Economic Review,
106(9), 2426-2457.

Joreskog, K.G and Goldberger, A. S. (1975). Estimation of a model with Multiple Indicators and Multiple Causes of a
single latent variable. Journal of American Statistical Association, Vol. 70, No. 351, 631-639.

16 Volume. 18, Number. 1
DOI: 10.38024 /arpe.273



AMERICAN REVIEW OF PoLiTicAL ECcoNOMY

Kahneman, D. and Krueger, A. B. (2006). Developments in the Measurement of Subjective Well-Being. Journal of
Economic Perspectives, 20(1), 3-24.

Kline, R. B. (2011). Principles and practice of structural equation modeling. The Guilford press, Third edition.

Krishnakumar, J. and Nadar, A. (2008). On exact statistical properties of multidimensional indices based on principal
components, factor analysis, MIMIC and structural equation models. Social Indicators Research, 86(3), 481-496.

Mardia, K. V. (1970). Measures of multivariate skewness and kurtosis with applications. Biometrika, 57, 519-530.

Mardia, K. V. (1985). Mardia’s test of multinormality. In S. Kotz and Johnson, N. L. (Eds.), Encyclopedia of statistical
sciences, 5, 217-221, New York: Wiley.

MacCallum, R. C., Widaman, K. F.,, Zhang, S., & Hong, S. (1999). Sample size in factor analysis. Psychological
Methods, 4, 84-99.

Marklund, C. (2013). The return of happiness - the end of utopia? Rankings of subjective well-being and the
politics of happiness. In Marklund, C. 2013, All well in the welfare state? Welfare, well-being and the politics of happiness,
NordWel Studies in Historical Welfare State Research 5.

Nachtigall, C., Kroehne, U., Funke, F. and Steyer, R. (2003). (Why) Should we use SEM? Pros and Cons of Structural
equation modeling. Methods of Psychological Research online, Vol. 8, No.2, pp. 1-22.

Nevitt, J., and Hancock, G. R. (2001). Performance of bootstrapping approaches to model test statistics and parameter
standard error estimation in structural equation modeling. Structural Equation Modeling, 8, 353-377.

Noorbakhsh, F. (1998). The Human Development Index: Some technical issues and alternative indices. Journal of
International Development, 10, 589-605.

Nordhaus, W. D., and Tobin, J. (1973). Is Growth Obsolete?. In Moss, M. (ed.), The Measurement of Economic and
Social Performance. Studies in Income and Wealth, 38, 509-31. New York: National Bureau of Economic Research.

Nussbaum, M. C. (2000). Women and Human Development: The Capabilities Approach. Cambridge, Cambridge
University Press.

OECD (2011). How’s Life?: Measuring well-being. OECD Publishing, Paris.

OECD (2013). How’s Life? 2013: Measuring well-being. OECD Publishing, Paris.

OECD (2015). How’s Life? 2015: Measuring well-being. OECD Publishing, Paris.

OECD (2017). How’s Life? 2017: Measuring well-being. OECD Publishing, Paris.

Olsson, U. H., Foss, T., Troye, S. V. and Howell, R. D. (2000). The performance of ML, GLS, and WLS estimation in
structural equation modeling under conditions of misspecification and non-normality. Structural Equation Modeling, 7,
557-595.

Pearl, J. (2012). The causal foundations of Structural equation modeling. In Hoyle, R. H. (Ed.), Handbook of Structural
equation modeling. Chapter 5, 68-91, New York: Guilford press.

Rabe-Hesketh, S., A. Skrondal, and A. Pickles. (2004). Generalized multilevel structural equation modeling.
Psychometrika, 69, 167-190.

Rabe-Hesketh, S., A. Skrondal, and A. Pickles. (2005). Maximum likelihood estimation of limited and discrete
dependent variable models with nested random effects. Journal of Econometrics 128, 301-323.

Raiser, M., Di Tommaso, M. L. and Weeks, M. (2007). Home grown or imported? Initial conditions, external anchors
and the determinants of institutional reforms in the transition economies. The Economic Journal, 117, 858-881.

Rawls, J. (1971). A Theory of Justice. Cambridge, Harvard University Press.

Satorra, A., and Bentler, P. M. (2001). A scaled difference chi-squared test statistic for moment structure analysis.
Psychometrika, 66(4), 507-514.

Schreiber, J. B., Nora, A., Stage, E K., Barlow, E. A., and King, J. (2006). Reporting structural equation modeling and
confirmatory factor analysis results: A review. Journal of Educational Research, 99(6), 323-337.

Sen, A. (1985). Commodities and Capabilities. Oxford University Press.

Sen, A. (1992). Inequality Reexamined. Cambridge, Harvard University Press.

Skrondal, A., and Rabe-Hesketh, S. (2004). Generalized Latent Variable Modeling: Multilevel, Longitudinal, and
Structural Equation Models. Boca Raton, FL: Chapman & Hall/CRC.

Skrondal, A., and Rabe-Hesketh, S. (2005). Structural Equation Modeling: Categorical variables. Encyclopedia of
Statistics in Behavioral Science, New York: Wiley.

Skrondal, A., and Rabe-Hesketh, S. (2009). Prediction in multilevel generalized linear models. Journal of the Royal
Statistical Society (A), 172, 659-687.

Stiglitz, J., Sen, A. and Fitoussi, ]. (2009). Report by the Commission on the Measurement of economic performance and
social progress. Available at: http:/ /www.stiglitz-sen-fitoussi.fr

Volume. 18, Number. 1 17
DOI: 10.38024/arpe.273



CORRADO AND DE MICHELE

Ullmann, J. B. (2006). Structural equation modeling: Reviewing the basics and moving forward. Statistical Developments
and Applications, 87(1), 35-50.

Ullman, J. B. (2007). Structural equation modeling. In Tabachnick, B. J. and Fidell, L. S. (Eds.), Using multivariate
statistics. Chapter 14, 676-780, Pearson education, Fifth edition.

Westland, J.C. (2010). Lower bounds on sample size in structural equation modeling. Electronic Commerce Research
and Applications, 9(6), 476-487.

18 Volume. 18, Number. 1
DOI: 10.38024 /arpe.273



AMERICAN REVIEW OF PoLiTicAL ECcoNOMY

"S3[qeLIRA PI)II[AS Y} UO S[1eJdP dI0W 10§ (£T0Z ‘1T10Z) ADHO 295 *, 2411 Jo Ajfeny), jo £1089)ed a3 UIy3Im [[ey SUOISUSWIP SUTUTRWAI 3} IS[IYM ,SUOTIP
-Uu0D SUIAT] [eLID)RJA], Se pauyap a1t Sursnop] pue sSuTuIEd pue SqO[ “YI[edM Ppue dWodU] “JIomawej [enjdeduod xopuy 9jr] PPag (JDHO Yt SUImor[o 910N

uondeysnes 1]

j10ddns yz0m)au TR10G

uonesiunIA paiodar-JPg
soporwoy pajroday

(MS) Surag-[[am aapd3[qng

(9S) SUOIPIUUOD [EID0S

(sd) A3umdas [euosa

uonnyjod 11y
Ayirenb 197em yim uordeysieg

JNO-UIn} I9}0A
Gunyew-an uo uoneIMSU0))

ared reuosiad pue 2SO 03 PAJOAIP ST,
smoy 3uof A1ea Sunyiom saakordug

yireay pajrodai-jog
yaq ye Aduedadxa oy

(ba) Lyrpenb ejusuwruoriaug

(85) yuawaBeSus d1A1)

(1#) 2due[eq J1-y10M

(SY) snjes yjreay

SIIDIS 9ARUS0D sjuapmg
UOI}edNPa Ul SIeax
Judururejje jeuonednpyg

sanIIey d1seq yym sSurpma
amyrpuadxe ursnopy
uoszad 1ad swooz jo raqunN

dyer yjuswforduroun uris}-guo
2Inud} qof

sGurures TeuosId

oyer yuowkordug

Ui[eam Terdueuy 3ou p[oyasnop]
wodur pajsnipe Jou PlOYaSNOL]

(9) S[IDIs pue uorednpy

(oY) Suisnoy

(3[) sSuruxes pue sqof

(MT) Yj[eam pue dwodu|

179 221302[90 ay3 fo suoisuauiip 11 ayj SUALPUN SI0JVILPUL JUIJPVIT] *dANSVALUL 4pfjom 201302l - [ X1puaddy 1S d[qeL

19

Volume. 18, Number. 1

DOI

10.38024/arpe.273



CORRADO AND DE MICHELE

APPENDIX II - OBJECTIVE WELFARE MEASURE: STRUCTURAL EQUATION MODELING IN SMALL
SAMPLES

In our analysis, we opted for the SEM MLMYV estimation along with non-parametric bootstrapping (1,000 repli-
cations). For the identification of the model, we first need to identify the number of data points and the number
of parameters to be estimated. The number of data points is the number of non-redundant sample variances and
covariances. The number of parameters is found by adding together the number of regression coefficients, variances
and covariances to be estimated. To scale homogeneously all the factors, we fix to 1 the regression coefficient of the
Subjective well-being (sw) variable. This constraint implies that the BLI factor has the same variance of the selected
measured variable With reference to our model, we have 78 data points versus 24 parameters to estimate
Given that there are more data points than parameters to be estimated, the model is said to be overidentified, a
necessary condition for proceeding with the analysis and the estimation of the parameters of interest. The next
step in the identification of the model is to examine its measurement portion, which deals with the relationships
between the factor and the measured underlying indicators. If the model is composed of only one factor, the model
may be identified if the factor has at least 3 indicators with non-zero loadings and the errors are uncorrelated with
one another. In our model, we have one factor and eleven measured indicators loading on it; therefore, it can be
identified.

Statistically, the fundamental question addressed through SEM includes a comparison between an empirical
variance-covariance matrix and an estimated population variance-covariance matrix that is a function of the model
parameter estimates. SEM uses an iterative approach to minimize the differences between the sample and the
estimated population variance-covariance matrices. Maximum Likelihood (ML) is currently the most frequently
used estimation approach in SEM (Ullman, 2007) to derive the structural parameters A°. If the model is reliable,
the parameter estimates will produce an estimated matrix that is close to the sample variance-covariance matrix.
‘Closeness’ is evaluated with the chi-squared test statistic (x?) and the goodness-of-fit indices. Moreover, in order to
test the robustness, SEM allows us to compare alternative models assessing the relative model fit (see Appendix III
for more details on model estimation and evaluation).

To estimate the objective welfare measure from the SEM analysis, it is key to establish if our small sample of
35 observations is sufficient to detect the ‘effects’ or relationships specified in our model, given its complexity. In
contrast to some simplistic rules of thumb on this topic, SEM models can perform well, even with small samples
(e.g., 50 observations or even fewer)@ The best way to determine the minimum sample size required for a specified
model is to conduct a power analysis. In this regard, Westland (2010) developed an algorithm’|to assess the lower
bounds on sample size in SEM, as a function of minimum effect size (J) in estimating the latent variable at a given
statistical significance and power level (a; 1 — /3)

Based on Westland’s (2010) algorithm, as shown in Table SZE] considering 12 observed variables and 1 latent
variable included in our SEM model, setting - as usual - a statistical power level at 0.8 (1 — ) and a statistical
significance at 0.05 («), we can state that our small sample of 35 observations allows us to conduct a reliable SEM
analysis because the minimum absolute anticipated effect size (J) detected by our model is 0.157. In particular,
an effect size of 0.157 means that our model can detect even small effects and relationships across the considered

2Gubjective well-being (sw) is probably the best predictor of BLI among the considered components of people well-being and thus its scale
should be very close to the BLI one. The choice of taking the sw coefficient as the numéraire, allows easier interpretation of the remaining BLI
indicators’ estimated loadings.

Z5Notably, the number of data points is obtained from @, where p equals the number of measured variables. In our model, we have 12
measured variables so that the number of data points is 78, corresponding to 12 variances and 66 covariances among variables. The number of
parameters to be estimated in our model equals 24 corresponding to the sum of 11 path coefficients (12 measured variables — 1 constrained
term), 11 error’s variances, 1 variance for latent BLI and 1 covariance.

261f the variables are reliable, the effects are strong and the model is not overly complex, even smaller samples will suffice (Bollen, 1990).
According to some studies, strong and clean measures - defined by the number of variables loading on each factor and reliable measured
variables - would be somewhat compensatory for sample size (Jackson, 2003).

27Westland (2010) developed a statistical algorithm to compute a lower bound on the sample size in structural equation models assuming that
observations were normally distributed. The significance level () was set at a default of 0.05, as suggested by Fisher (1925) and power (1 — )
was set to 0.8, as suggested by Cohen (1988). A corrected software implementation of the paper’s algorithm has been provided by Soper on his
statistical calculator website at www.danielsoper.com/statcalc3/calc.aspx?id=89 (Westland, 2012).

2In an a priori form, the Westland algorithm detects the sample size lower bound, given the minimum effect size to detect. The sample size
obtained indicates the minimum number of observations required to ensure the existence or non-existence of a minimum effect (correlation) on
each latent variable in the SEM.

2In the Table S2, a is the Sidak-corrected Type I error rate, § is the Type II error rate.
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Table S2: Power analysis - SEM a priori sample size lower bound

Number of latent variables = 1
Number of observed variables = 12
Anticipated effect size (§) = 0.157
Statistical significance («) = 0.05
Statistical power level (1-8) = 0.8

Minimum sample size to detect effect = 35

indicators, so that the resulting SEM estimates can be considered accurate and reliableETI

The presence of missing values in our dataset is managed using the Maximum Likelihood with Missing Values
(MLMV) method@ This method allows us to minimize the loss of information implied by the listwise deletion, the
default setting in the standard ML estimation. Most of the estimation approaches used in SEM assume multivariate
normality (i.e., the joint distribution of the variables is distributed normally) and independent errors. In order to
test for multivariate normality, we make use of specific tests as shown in Table S3.

Table S3: Multivariate normality (MVN) tests

Mardia mSkewness = 75.20
xX>(286) = 282.79  Prob>x? = 0.54

Mardia mKurtosis = 128.68
x>(1) =341 Prob>x? = 0.07

Doornik-Hansen
x>(22) = 30.85 Prob>x? = 0.10

The Doornik-Hansen test (2008) for multivariate normality is based on the skewness and kurtosis of multivariate
observations that are transformed to ensure independence, and then these are combined into an approximate x>
statistic. By looking at the table above, in our model the Doornik-Hansen test cannot reject the null hypothesis
of multivariate normality, confirming that the data on which our analysis is based on are multivariate normal.
Considering Mardia’s test (Mardia,1970; 1985) for multivariate normality reported in Table S3, we can state that the
data do not present kurtosis and skewness. Again, we cannot reject the null hypothesis of multivariate normality,
confirming the results obtained by the Doornik-Hansen test. Since p > 0.05 for all three reported tests, the null
hypothesis that the data are multivariate normal cannot be rejected and has to be retained. Although our data are
multivariate normal, a dataset of 35 observations can be considered as a very small sample.

However, the SEM approach is based on covariances that are less stable when estimated from small samples.
Parameter estimates and chi-squared tests of fit are also very sensitive to sample size. In order to deal with the
limitation deriving from the small sample size, in our analysis we make use of (non-parametric) bootstrapping to
improve the stability and robustness of the parameters estimates and reduce the standard errors bias on which
many test-statistics are basedF_ZI Bootstrapping is a computer-based method of resampling developed by Efron
(1979). It is an increasingly popular approach to correct standard errors with increasing application in SEM.

30The effect size (8) is a basic indicator to assess the magnitude of the effects and interrelations that our model is able to detect. Cohen (1988)
outlined criteria for interpreting the effect size. According to the thresholds proposed by Cohen, an effect size (correlation) 6 = 0.10, § = 0.30 or
6 = 0.50 corresponds to small, medium and large effects. Notice that the smaller the better.

31The MLMYV method within STATA assumes joint normality of all variables and missing values are assumed to be missing at random (MAR).

32Resampling (with replacement) of the observed data is called bootstrapping or non-parametric bootstrapping. It assumes that the population
and sample distributions have the same shape. Parameters, standard errors, and model test statistics are estimated with empirical sampling
distributions from large numbers of generated samples, in our case 1,000 replications. The simulation work done by Nevitt and Hancock (2001)
suggests that, in terms of bias, a standard ‘naive’ bootstrap seems to work at least as well as robust adjustments to standard errors. New test
statistics for robust estimation of SEM when based on small samples have been developed by Bollen and Stine (1992), Bentler and Yuan (1999),
Satorra and Bentler (2001).
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APPENDIX III - OBJECTIVE WELFARE MEASURE: MODEL ESTIMATION AND MODEL EVALUATION IN
SEM

Maximum Likelihood (ML) estimation is usually the default method in most programs because of its statistical
propertiesFr_gl Most structural equation models described in the literature are analysed with this method, also in the
generalized form (Olsson et al., 2000; Krishnakumar and Nadar, 2008). Indeed, the use of an estimation method
other than ML requires explicit justification (Hoyle, 2000). The criterion used in the ML estimation -or the fit
function -, minimizes the discrepancy between the sample covariances and the population variance-covariance
matrix predicted by the research model. The main hypothesis of a structural equation model is that the covariance
matrix of the observed variables, S, may be parametrised with a parameter vector * based on a given model
specification. The ML fit function Fy; (S, XZ(")) to be minimized has the following form:

Fue (S,E()) =In | ZC) | —In |8 | +r [SE7'()] - A" 5)

where S is the sample (observed) variance-covariance matrix of the measured variables, Z(*) is the population
variance-covariance matrix implied by the model, * is the vector of independent parameters and A’ the matrix
of structural parameters corresponding to the observed indicators. Most forms of ML estimation in SEM are
simultaneous, which means that the estimates of the model parameters are calculated all at once. In our analysis,
we refer to a full-information ML estimation]

In order to assess the model fit, a chi-squared test (x?) is always reported as the default overall goodness-of-fit
indicator in SEM analysisﬁ] It measures the discrepancy between the sample and the fitted covariance matrices. If
the model fits the data, a non-significant x is desirable. In a good-fitting model the ratio of the chi-squared to the
degrees of freedom (x*/d f) is less than 2 (or even 3) (Schreiber et al., 2006). The model chi-squared test ( )(]2\4) has
some important limitations@ Different fit indices have been developed that look at model fit while eliminating or
minimizing the effect of sample size.

There are different classes of fit indices. A bundle of the most popular statistics in the different classes is usually
reported to evaluate the model correctly. All the indices described in Table S4 are generally available under default
ML estimation (Iacobucci, 2010).

In the class of comparative fit indices, the Root Mean Square Error of Approximation (RMSEA) estimates the
lack of fit of a model compared to a perfect (or satured) model. It is scaled in the same way as a badness-of-fit
index, where a value of zero indicates the best fit. It is also a parsimony-adjusted index. The RMSEA follows a
noncentral x? distribution, where the noncentrality parameter allows for discrepancies between model-implied
and sample covariances up to the level of the expected value of x?, or dfs. Values of 0.06 to 0.08 or less indicate a
close-fitting model (Schreiber et al., 2006).

In the same class, Bentler’s Comparative Fit Index (CFL; Bentler, 1990) assesses the fit of a given model relative to
other models. It is an incremental fit index that measures the relative improvement in the fit of the proposed model
over that of a baseline model, typically the independence model. The CFI employs the noncentral x? distribution
with noncentrality parameters. The larger the CFI, the better the fit. The CFI lies in the range from 0 to 1, and it is
a good indicator of model fit even in small samples. A CFI value greater than 0.95 is often indicative of good fitting
models (Hu and Bentler, 1999).

In this class, is also included the Non-Normed Fit Index (NNFI), also known as the Tucker-Lewis index (TLI).
Values of TLI greater than 0.95 are indicative of good-fit. In Table 54 we report a collection of the main overall
goodness-of-fit tests” values referred to our SEM model

33When all statistical requirements are satisfied and the model is correctly specified, ML estimates in large samples are asymptotically
unbiased, efficient and consistent.

34Computer implementation of the ML estimation is typically iterative, which means that, once we derive an initial solution - or starting
values - then the method attempts to improve these estimates until convergence. For overidentified models, the fit of the model to the data
may be imperfect, but iterative estimation will continue until the improvements in the model fit fall below a preset minimum value to achieve
convergence.

35The basic model test statistic is given by (N — 1)Fy. where Fyyp, is the value of the statistical criterion (fit function) minimized in the ML
estimation and (N — 1) is one less than the sample size. In large samples and assuming multivariate normality, the product (N — 1) Fyy; follows
a central )(2 distribution with degrees of freedom given by the model specification, dfy;. This statistic is referred to as the model chi-squared
(X%/[). It is also known as the likelihood ratio x2 or generalized likelihood ratio. For an overidentified model, X%VI tests the exact-fit hypothesis, or
the prediction that there is no discrepancy between the population covariances and those predicted by the model.

36 Among these limitations, x> values are dependent on the sample size. In models with large samples, trivial differences often cause the x? to
be significant solely because of sample size.

37The Standardized root mean square residual (SRMR), in the class of residual-based fit indices, is not reported in Table S4 because of missing
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Table S4: Goodness-of-fit tests

Likelihood ratio (Absolute fit index)
X%A(87) = 109.884

p>x% = 0.049

Relative x?(x2/df) <2:1

Population error
RMSEA = 0.087

90% CI, lower bound = 0.005; upper bound 0.133

pclose = 0.143 (Probability RMSEA <=0.05)

Baseline comparison
CFI =0.914
TLI = 0.935

Size of residuals
CD =0.941

RMSEA=Root mean squared error of a
CFI=Comparative fit index; TLI=Tucke

p{roxjmation;
r-

ewis index;
CD=Coefficient of determination =R?; X%\/I = Modelx?

Taking into account the relative threshold levels, from the combined analysis of the reported overall goodness-
of-fit indices, we can conclude that the SEM model used to estimate the objective BLI presents a good fit. This result
is particularly positive and significant taking into account the small sample size on which all estimates are based.
In particular, the relative x? - defined as the ratio of x> over degree of freedom - is less than two, CFI and TLI are

close to 0.95 and the RMSEA is 0.087.

As suggested by Kline (2011), one should also inspect the matrix of correlation of the residuals and describe
their pattern as part of a diagnostic assessment of fit. In this regard, we make use of equation-level goodness-of-fit
statistics to test the reliability of each path considered in our analysis. Their values for our model are reported in

Table S5.
Table S5: Equation level Goodness-of-fit tests

Observed variables R? mc mc?
Subjective well-beiing (sw)  0.485 0.696 0.485
Income and wealth (iw) 0.528 0.727 0.528
Jobs and earnings (je) 0.859 0.927 0.859
Housing (ho) 0.707 0.841 0.707
Work-life balance (wl) 0.256 0.506 0.256
Health status (hs) 0.712 0.844 0.712
Education and skills (es) 0.337 0.581 0.337
Social connections (sc) 0417 0.645 0.417
Civic engagement (cg) 0.192 0.438 0.192
Environmental quality (eq) 0.352 0.594 0.352
Pesonal security (ps) 0.358 0.599 0.358
overall 0.941
Note: mc = correlation between the dependent variable
and its prediction; mc? = Bentler — Raykovsquared
multiple correlation coefficient.

values.
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Reliability is defined in the classic sense, as the proportion of true variance relative to total variance. Both
reliability and the proportion of variance of a measured variable are assessed through squared multiple correlation
(mc?) and R?, where the measured variable is the independent variable (IV) and the factor is the dependent variable
(DV), that is the latent factor for BLIEgI In particular, each mc? is interpreted as the reliability of the measured
variable in the analysis and R? as the proportion of variance in the variable accounted for by the factor. From the
analysis of Table S5, it emerges that the reliability of Civic engagement (cg), Work and life balance (wl), Personal
security (ps) and Education and skills (es) is relatively weak in explaining the latent factor for Objective BLIEgI

The main outcome emerging from the R? values in the Table S5 is that the overall variance accounted for by
our model is 94.1% of the total variance indicating that the model contains almost all the relevant dimensions
explaining people’s well being as measured by the latent factor for Objective BLL

APPENDIX IV - SUB]ECTIVE WELFARE MEASURE: MODEL SPECIFICATION AND ESTIMATION

In the GSEM MIMIC model (Multiple Indicators, Multiple Causes, see Joreskog and Goldberger, 1975; Rabe-Hesketh
et al., 2004; Raiser et al., 2007), it is not only assumed that the observed variables are manifestations of a latent
concept, but also that there are other exogenous variables that ‘cause’” and influence the latent factor(s). We model
subjective welfare for each cross sectional unit (individual) by assuming that the domain indicators, y;, are related
to the latent factor for subjective well-being, #;, via the measurement equation:

yi = A’ +e; for i=1,..,1 (6)

!

where y; = [yi1,Yio, ..., yi]], are the domain indicators, A® = [Aﬁ, 5w A?] the weights (i.e. factor loading matrix)

and S, is the covariance matrix of e;= {eil,eiz, ...,eil} which is a vector of disturbances. It is assumed that E(e;) = 0

and cov(e;,7;) = 0. In the MIMIC model, however, besides the measurement equation defined above, there is also a
‘causal’ equation that expresses the relationships between the latent construct (7;) and the observed variables (x;)
or ‘causes’:

i = Bx; +v; )

where x; = [xj1,Xip, ..., Xjr] are the observed individual characteristics, comprising income and other socio-
demographic hallmarks, that are "causes" of #; subject to disturbances (v;). B = [By, ..., Br]l is the corresponding
vector of structural parameters related to the latent dependent variable #;, whilst @y is the variance-covariance
matrix of v.

By replacing the measurement equation (6) in the ‘causal’ equation (7) we obtain:

yi = A° (Bx; +v;) +e; 8)

The socio-demographic individual characteristics determine the weight A5 = A®B attached to each each domain
indicator underlying the subjective welfare factor, ;.

In the OECD microdataset, the observed discrete variables for the welfare domains are generalized responses,
where the response for y;; is assumed to take one of kx unique value with kg = —o0, ky < ky11, kx = +o00. The
probability that y;; takes the observed value ky is:

Pr(yi; = ky) = Pr(yj; < ky —z) = Pr(y; <ky41 —z) 9

381t should be stressed that the equation for mc? is applicable only when there are no complex factor loadings or correlated errors.

391t should be highlighted that, for the latter three indicators —-Work-life balance (wl), Personal security (ps) and Education and skills (es)- this
limited reliability is combined with an insufficient statistical significance indicated by high p — value levels for the unstandardized estimation, as
reported in Table S5 as opposed to an higher reliability of Jobs and earnings (je), Health status (hs), Housing condition (ho) and Income and
Wealth (iw) in the same table.

40The overall R? value of 94.1% corresponds to the Coefficient of determination (CD) value reported in Table S4, an index that accounts for the
size of the residuals.

“1In our model, k = 6. As described in paragraph 4.1, the individual discrete response yij associated to the eleven indicators underlying BLI,
are expressed in a Likert-type scale through six integers, ranging from 0 to 5.
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where y;*]- is the latent component for y;; whilst the expected value of y;; is indicated by ZEE'

Since our data are either binomial or categorical (Lykert-type scale), we use a generalised model (GSEM) in order
to deal with non-normality and the idiosyncratic structure of the data. Unlike the case of continuous responses,
maximum likelihood estimation (ML) cannot be based on the empirical covariance matrix of the observed responses.
Indeed, the likelihood is obtained by integrating out the latent Variable(s)@ Let * be the vector of independent
parameters, y be the vector of observed response variables, x be the vector of observed exogenous variables or
‘causes’, and j be the latent construct. Then the marginal likelihood can be computed as:

L0y = [ F (5%3) ¢ Ol 2) ) (10)

where R denotes the set of values on the real line, R7 is the analog in a g—dimensional space, f (.) is the conditional
probability density for the observed responses y, ¢ (.) is the multivariate normal density for j, y; is the expected
value of j and Q) is the covariance matrix of j. If we have | indicators, the conditional joint density function for a
given observation is:

fyixy) =11, f; (vix),) an

The advantage of Structural Equation Modeling -also in its generalized form- compared with standard econo-
metric methods, is that SEM uses the full information on causes and indicators of the latent dependent variable.
Therefore, the latent construct relates directly to the causes and to the indicators used to specify the model that
simultaneously estimates the underlying system of equations.

i. Multivariate normality tests and model evaluation

As expected, the Multivariate normality tests reported in Table S6 confirm that data are multivariate non—normal@
Since the p-values are <0.05 for all the tests reported, the null hypothesis that the data are multivariate normal can
be rejected. A generalized method or bootstrapping dealing with non-normality is needed for a good and robust
econometric analysis.

Table S6: Multivariate normality (MVN) tests

Mardia mSkewness = 5.350
x%(286) = 1135121  Prob>)? = 0.00

Mardia mKurtosis = 193.04
x%(1) = 27858.91 Prob>x? = 0.00

Doornik-Hansen
x%(22) = 2745.01 Prob>x? = 0.00

If the data are categorical, then the assumption of MVN distribution underlying SEM model is not met. To
deal with this limitation, we have two possibilities: estimating the model using a SEM with robust standard errors
(bootstrapping), as done in the previous section, or estimating the model with a Generalized SEM model (GSEM).
The latter is the method we selected for our econometric analysis of Subjective BLI.

After the estimation of our GSEM MIMIC model, we need to make a further step in our analysis related
to the model evaluation. In other words, we are interested in assessing if the model estimated through GSEM
MIMIC is also a good model in terms of fit. We cannot directly answer this question because of the limitation

“The distribution for yij is determined by the link function. Typical choice of link function for categorical responses is the probit link. Within
GSEM, the probit link assigns to y;; the standard normal distribution. Except for the ordinal family, the link function defines the transformation
between the mean and the linear prediction for a given response. GSEM fits generalized linear models with latent variables via Maximum
Likelihood (ML).

“3Within STATA 13.1, log-likelihood calculations for fitting any model with latent variables require integrating out the latent variables. The
default numerical integration method implemented in GSEM is the Mean-variance adaptive Gauss-Hermite quadrature (MVAGH). This method
is based on Rabe-Hesketh et al. (2005).

4“Notice that the MVN tests are based on the full OECD dataset.
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of goodness-of-fit indices availability under GSEM@ Therefore, we propose an indirect method which uses two
different models running on the same dataset — bootstrapped SEM and GSEM MIMIC - comparing them through
their relative Akaike Information Criterion (AIC; Akaike, 1987), a predictive fit index available for both methods.
Smaller AIC values indicate a good-fitting and parsimonious model.

When using a GSEM estimation instead of SEM, we can observe a significant improvement in the overall fit of
the model. Taking into account the SEM goodness-of-fit indices reported in the tables in Appendix V, we can state
that the fit of the model for the countries and regions considered is slightly under the acceptance thresholds for all
of them. But the AIC of GSEM is always 25-30% lower than the SEM AIC. Therefore, we can reasonably conclude
that the GSEM model overcomes the acceptance cut-off values indicated in the literatur for all the countries and
regions considered. This implies that the GSEM estimations ensure a good fit of the models.

The Akaike Information Criterion (AIC), a predictive fit index, falls also within the category of parsimony-
adjusted indices because it may favour simpler models. The AIC is applicable to models estimated with Maximum
Likelihood methods. The AIC formula presented in the SEM literature to which we refer is:

AIC = x3; —2dfum (12)

where x3, is the model chi-squared, known as the likelihood ratio x> or the generalized likelihood ratio The
index decreases the x3, by a factor of twice the model degrees of freedom. The x? value is the traditional measure
for evaluating the overall model fit described in Appendix III (Hu and Bentler, 1999). If x3, = 0, the model perfectly
fits the data (each observed covariance equals its counterpart implied by the model). If the fit of an overidentified
model, which is not correctly specified, becomes increasingly worse, then the value of x3, increases. Therefore, x3,
is scaled as a "badness-of-fit” statistic.

The key is that the relative change in the AIC is a function of model complexity. It should be noted that the
relative correction for parsimony of the AIC becomes smaller and smaller as the sample size increases (Kline, 2011).
Smaller values correspond to a good-fitting and parsimonious model. Specifically, the selected model will present a
relatively better fit and fewer free parameters, compared to competing models. It should be stressed that there is no
fixed threshold value for the AIC. Therefore, ‘small’ is intended as a relative term to compare with a second model
AIC. This method is useful for cross-validation because it is not dependent on sample data (Ullmann, 2007).

APPENDIX V - GOODNESS-OF-FIT INDICES FOR THE SUBJECTIVE WELFARE MEASURE

Concerning the SEM goodness-of-fit indices for the subjective welfare measure reported in Tables 57, S8 and S9,
we observe that the value range for the comparative fit index (CFI) is 0.81-0.90, for the root mean squared error
of approximation (RMSEA) is 0.08-0.10, for standardized root mean squared residual (SRMR) is 0.04-0.06, while
for the overall R? (or coefficient of determination, CD) is 0.86-0.91. These indicators show that, overall, the fit
of the SEM model to the data is acceptable but not satisfactory, whilst the portion of variance explained by the
model and the selected (independent) variables is very high@ As explained in Appendix IV, in order to improve
the goodness of fit of our estimations, we use a GSEM model - notably, an ordered probit GSEM MIMIC model -
accounting for the idiosyncratic structure of the observed categorical data. As a result, using the same dataset, we
show that the GSEM AIC is constantly lower by about 20-25%, in absolute values than the SEM AIC. This implies
that the overall goodness-of-fit increases significantly in GSEM. Therefore, we can consider that, for all the countries
and macroregions considered, the GSEM model overcomes the model goodness-of-fit cut-off criteria specified in
Appendix III, providing good and reliable estimates of the model parameters.

#5Most of SEM post-estimation tests and indices are not available after GSEM because of the assumption of joint-normality of the observed
variables.

46 According to Hooper et al. (2008), the cut-off criteria for acceptable model fit are: values greater than 0.9 for CFI; values less than 0.07
for RMSEA; values less than 0.08 for SRMR. Low )(2 relative to degrees of freedom, with an insignificant p-value, is the criterion to assess the
absolute fit of a model.

#The Akaike Information Criterion can also be expressed as follows: AIC = —2log L(*) + 2d fa;, with L(*) being the Likelihood function.

485ee Appendix III for an in-depth description of the fit indices.
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Table S8: Appendix V - Subjective welfare measure. GSEM MIMIC and SEM estimated parameters (unstandardized) - USA; European Union; UK

USA EU UK
Indicators GSEM SEM GSEM SEM GSEM SEM
Income and wealth (iw) 0.544** (0.040) 0.683*** (0.048)  0.719*** (0.023)  0.769*** (0.022)  0.844** (0.109)  0.880*** (0.098)
Jobs and earnings (je) 0.775%* (0.050) 0.917*** (0.045)  0.866*** (0.027)  0.908*** (0.022)  0.886*** (0.112)  0.947*+ (0.109)
Housing (ho) 0.802*+* (0.052) 0.893*** (0.049)  0.880*** (0.027)  0.881*** (0.021)  0.947** (0.118)  0.945*** (0.108)
Health status (hs) 1.170%** (0.070)  1.101*** (0.042) 1.275** (0.038) 1.075*** (0.020) 1.438** (0.171)  1.169*** (0.102)
Social connections (sc) 1.004*** (0.062) 1.103*** (0.057)  0.888*** (0.027)  0.936*** (0.020)  1.042** (0.122)  1.103*** (0.096)
Education (es) 0.951*+* (0.060)  1.031*** (0.044) 1.098** (0.033) 1.052*** (0.021) 1.178** (0.141) 1.213** (0.107)
Environmental quality (eq) 1.058*** (0.065) 1.129*** (0.051)  0.997** (0.030)  0.995*** (0.022) 1.189** (0.139)  1.109*** (0.095)
Personal security (ps) 0.961** (0.060)  1.085*** (0.053)  0.968*** (0.029) 0.993*** (0.022) 1.110*** (0.131)  1.120*** (0.108)
Work-life balance (wl) 0.861*** (0.053)  1.041*** (0.048)  0.905*** (0.027)  0.967*** (0.021)  0.956*** (0.113)  1.027*** (0.093)
Civic engagment (cg) 0.850*** (0.054) 0.936*** (0.059)  0.925** (0.029) 0.904*** (0.022)  0.949** (0.117)  0.956*** (0.095)
Subjective well-being (sw) 1 (constr.) 1 (constr.) 1 (constr.) 1 (constr.) 1 (constr.) 1 (constr.)
Control varables Causes Cov. Causes Cov. Causes Cov.
country -0.005** (0.002) -0.282**  (0.080)
gender 0.159*** (0.047)  0.042** (0.010)  0.195** (0.024)  0.048** (0.005) 0.262*** (0.078)  0.068*** (0.019)
age -0.019 (0.015)  -0.053 (0.030)  0.006 (0.009) -0.005 (0.015) -0.003 (0.028) 0.018 (0.047)
Fit indices
RZoverall (CD) 0.863 0.876 0.862
X (64), 1449.6 (74), 4092.4 (64), 449.1
CFI 0.809 0.861 0.810
RMSEA 0.104 0.085 0.103
SRMR 0.062 0.048 0.064
AIC (SEM) 81146 350891 22672
AIC (GSEM) 63640 239627 18008
Observations 2016 7551 563
logLikelihood (SEM) -40538 -175410 -11301
logLikelihood (GSEM) -31752 -119744 -8936
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BLI path coefficients without parentheses
Standard errors in round parentheses
*p<0.05; **p<0.01; ***p<0.001

Data source: OECD Your Better Life Index microdata (year 2012)

RMSEA=Root mean squared error of approximation; CFI=Comparative fit index; TLI=Tucker-Lewis index; CD=Coefficient of determination =R%; 3, = Modelx?.
Note: The GSEM reported is an ordered probit MIMIC model (Multiple Indicators Multiple Causes), whilst the SEM considered is a bootstrapped SEM (500 reps.) with
robust standard errors.
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