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Abstract

This paper aims to contribute to the literature on subjective well-being by exploring the
extent to which certain economic, social and institutional variables may affect the levels of
well-being declared by individuals from different countries. To do this, we adopt a novel
methodological approach based on frontier techniques in order to identify whether the
maximum possible levels of well-being are achieved given the available resources. Specifi-
cally, the technique used to conduct the analysis is the stochastic nonparametric envelop-
ment of data model, which combines the advantages of parametric methods and the flex-
ibility of the nonparametric approach. This methodology has been adapted to deal with
contextual variables by reformulating the original mathematical syntax of convex nonpar-
ametric least squares. Our empirical analysis is based on longitudinal information gath-
ered from the World Values Survey for a set of 82 countries. Our results suggest that the
most efficient countries in terms of well-being include mainly developing Latin American
nations together with some European countries. Moreover, we find that several social indi-
cators, such as the quality of government, the unemployment rate or different inequality
indices, have a significant effect on the estimated efficiency measures.
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1 Introduction

The economics of happiness, life satisfaction or subjective well-being has become one of
the most relevant fields of research in recent years,! with a growing number of applied
studies reporting empirical associations between well-being indicators and multiple vari-
ables being published in the most prestigious economic journals (Dolan et al. 2008; Veen-
hoven 2012; MacKerron 2012). Actually, the use of aggregated self-report data on sub-
jective well-being has been advocated by several renowned economists as an alternative
measure of the increasingly complex welfare of societies whose citizens’ standards of edu-
cation and health differ (Stiglitz et al. 2009). As a result, there is also an increasing body
of literature focusing on assessing the potential influence of macroeconomic and social fac-
tors on such well-being indicators adopting a cross-national approach cross-national stud-
ies (e.g. Kahneman and Krueger 2006; Musikanski et al. 2017).

The recent development of international databases that provide information on the lev-
els of life satisfaction or happiness of individuals, such as the World Values Survey (WVS),
the European Social Survey (ESS) or the Gallup World Poll, has contributed notably to the
development of this line of research (e.g. Schyns 1998; Veenhoven 2005, 2012; Exton et al.
2015). The methodological approaches used in the above studies differ in detail, although
most are based on defining an equation where the dependent variable is a measure of the
absolute level of well-being, and statistical and econometric techniques are used to iden-
tify explanatory variables significantly associated with this indicator (Powdthavee 2010).
Although those variables might be very diverse, a recent study indicate that the most rel-
evant ones are GDP per capita, healthy life expectancy at birth, social support (having
someone to count on in times of trouble), freedom to make life choices, generosity and
perceptions for corruption, since they can explain almost three-quarters of the variation
in national average levels of well-being (Helliwell et al. 2016). However, other variables
might also play a relevant role such as the level of unemployment (Di Tella et al. 2003),
institutional quality (Ott 2010) or inequality (Schneider 2016) as well as the degree of par-
ticipation that women have in the working and social life of the country (Mencarini and
Sironi 2010).

In this paper, we adopt an alternative approach that has not been widely used in the
literature so far, but has experienced remarkable growth in recent years. We are primarily
concerned with exploring not the factors contributing to increasing individuals’ absolute
levels of well-being but the efficiency with which individuals are able to reach their levels
of subjective well-being, thus freeing resources that can be used for other purposes (Binder
and Broekel 2012). This concept builds on the assumption that individuals’ well-being is
the result of a combination of certain resources (i.e. income, health or education). Thus, an
increase in such resources should lead to higher levels of satisfaction. However, not every-
one is equally able to benefit from existing resources, even if they do have the same access
to resources. Therefore, some individuals are intrinsically happier than others. Hence, there
might be inefficiencies in the conversion process of resources into well-being, since some
individuals might not be able to reach certain levels of satisfaction despite having a certain

! The literature on well-being is based on individuals® self-reported data about life satisfaction, happiness
or subjective well-being. Although there are significant differences between these constructs, we will use
the words happiness, satisfaction and (subjective) well-being indistinctly throughout the paper (see, for
example, Ferrer-i-Carbonell 2005). In any case, the focus of our study is on life satisfaction.
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level of resources at their disposal. Alternatively, they might need more resources than
other individuals to attain certain levels of well-being.

Accordingly, the frontier techniques that are commonly applied in the production theory
literature can be used to estimate well-being efficiencies on the basis of Sen’s (1985) and
Narayan et al.’s (2000) capability approach. In this framework, the most efficient units will
be placed on the efficiency frontier, since they represent the best practice for converting
resources into well-being. This frontier serves as a reference for evaluating the other units
in the sample, and thus relative measures of inefficiency can be estimated as the distance
to the frontier (Farrell 1957). Therefore, benchmark definition and empirical estimation
are important practical issues. Frontiers can be estimated using different approaches gen-
erally classified as parametric or nonparametric methods.? Parametric methods assume a
specific functional form of the production function that describes the process of translating
the inputs into the maximum possible output, whereas nonparametric methods are based
only on a set of axioms and estimate the relative efficiency of units through linear program-
ming (e.g. data envelopment analysis—DEA—or free disposal hull—FDH—). Parametric
and nonparametric approaches are frequently identified as competitors, but they are actu-
ally complementary since something must be sacrificed for something to be gained in their
trade-off (Kuosmanen et al. 2015).

The methodology applied in the few previous studies that have attempted to estimate
well-being efficiency measures has been mainly nonparametric (e.g. Binder and Broekel
2012; Debnath and Shankar 2014; Carboni and Russu 2015; Mizobuchi 2017a; Cordero
et al. 2017), since this approach is more flexible and generalizable. However, it also has
some limitations such as its poor discriminatory power when the sample size is small with
respect to the total number of inputs and outputs included in the model. Besides, nonpara-
metric methods are deterministic. Therefore, when using this approach it is not possible to
recognize for inefficient units whether deviations from the frontier are due to technical inef-
ficiency or to noise effects attributable to omitted variables, measurement errors or varia-
tions in individuals’ cultural and linguistic backgrounds. For instance, Exton et al. (2015)
found that cultural bias possibly explains a variance of around 10 to 15% in subjective
well-being scores around the world. Likewise, the empirical evidence suggests that differ-
ences in freedoms, trust and social capital across countries may also be important (Halpern
2010; Portela et al. 2013).

The main contribution of this work to this emerging line of research is to explore
whether countries convert their available resources efficiently into subjective well-being
using a novel approach known as stochastic semi-nonparametric envelopment of data
(StoNED) (Kuosmanen and Kortelainen 2012). This method allows us to avoid the afore-
mentioned drawbacks of nonparametric approaches. The main advantage of this method
is that it can account for both inefficiency and noise in the deviations from the estimated
function, i.e. analogously to stochastic frontier analysis (SFA), but within a flexible frame-
work. Specifically, we use convex nonparametric least squares (CNLS, Hildreth 1954) to
estimate the frontier. Besides, the proposed method can also be extended to account for the
potential influence of contextual factors, such as country characteristics, regulations or the
environment, that might affect the process of converting resources into well-being in the
model (Johnson and Kuosmanen 2011).

2 See Fried et al. (2008) for an overview of these methods.
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In the context of this study, such factors are represented by several macroeconomic
variables, social indicators and institutional factors related to quality of government and
welfare-state policy. These factors have previously been found to have sizeable effects
on individuals’ subjective well-being measures (see Helliwell and Huang 2008; Frey and
Stutzer 2010), thus we are interested in exploring whether they may also affect well-being
efficiency measures by using an extension of the StoNED approach. This method, known
in the literature as stochastic semi-nonparametric envelopment of z variables data (StoN-
EZD), has not been applied previously in this framework, which makes this study clearly
innovative.

The empirical analysis reported in this paper includes a sample of 82 countries with
different levels of development from all continents. Data about subjective well-being was
gathered from the World Values Survey (WVS), a global research project designed to pro-
vide a comprehensive measurement of all major areas of human concern, including data
related to perceived well-being, counting variables such as life satisfaction and level of
happiness. This information has been combined with data about multiple factors identified
in previous literature as determinants of well-being collected from different international
data sources such as the World Bank, the World Social Security Report, the World Eco-
nomic Forum or the Freedom House Organization.

The remainder of this paper is structured as follows. Section 2 reviews previous litera-
ture on the use of frontier techniques in the well-being context. Section 3 describes the
methodology applied in order to estimate measures of well-being efficiency. Section 4
explains the main characteristics of the dataset and the variables used in the empirical
analysis study. Section 5 reports the main results, which it relates to the existing literature.
Finally, the paper ends with some concluding remarks.

2 Previous Literature

Frontier techniques were originally developed for the analysis of production function, that
is, to estimate how productive units maximize their output from a set of inputs or, alter-
natively, how they minimize the inputs used given a set of outputs. In the last 2 decades,
however, we can identify a growing body of research using these methods in the well-being
framework. Lovell et al. (1994) pioneered this approach to estimate the standard of living,
the quality of life and the efficiency in transforming resources into achieved functioning.
Since then, many empirical studies have adopted these techniques for similar purposes.
They can be divided into studies interested in calculating objective indicators of welfare
(housing, income, safety, healthy life expectancy, etc.) and studies focused on subjective
measures of well-being or happiness (quality of life or life satisfaction).

In the first group, the most frequent approach is to calculate comprehensive measures of
welfare that condense several dimensions or domains related to this concept into an over-
all index. In this way, complex and multidimensional issues can be assessed in an inte-
grated manner in cross-country comparisons of actual living standards, making results easy
to report and communicate. In this context, a key question is the selection of appropriate
weights, since they determine the trade-offs between the multiple evaluated dimensions
of well-being (Decancq and Lugo 2013). For this purpose, the use of frontier techniques,
and, especially, linear programming techniques, is very useful because they assign weights
endogenously from the actual data, thus avoiding the possibility of arbitrary selection. Spe-
cifically, this method assigns the most advantageous weights for each unit under evaluation,
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such that it is placed in the best possible relative position compared to the other units in the
sample. As a result, some international organizations, such as the OECD, have recognised
the usefulness of this approach for determining weights when constructing composite indi-
cators of well-being or quality of life indices (see OECD 2008).

Hence, there are many empirical studies using DEA for several purposes, such as con-
structing composite human development indices (Mariano et al. 2015), deprivation (Zaim
et al. 2001; Deutsch et al. 2003) or well-being (Mahlberg and Obersteiner 2001; Despotis
2005a, b; Murias et al. 2006, Jurado and Pérez-Mayo 2012; Reig-Martinez 2013; Guardiola
and Picazo-Tadeo 2014, Mizobuchi 2014; Lorenz et al. 2017; Peir6-Palomino and Picazo-
Tadeo 2018; Nissi and Sarra 2018), involving different economic, environmental and social
factors.® Actually, the composite indicators are calculated in most cases using DEA with
the benefit-of-the-doubt (BoD) principle (Cherchye et al. 2007). BoD consists of imple-
menting DEA with the indicators (outputs) all being grouped into a single index along with
a dummy input equal to 1. Thus it exclusively focuses on aggregating output measures and
not on exploring the relationship between inputs and outputs. This approach can be used to
interpret the weights as relative measures of importance associated with each domain.

Within the literature analysing subjective measures of well-being, we can also find some
empirical studies constructing composite indicators using the BoD method (e.g. Bernini
et al. 2013; Rogge and Van Nijverseel 2019). However, there is a more appealing approach
in the recent literature, which explores how efficiently individuals or countries translate
given resources into well-being. This line of research started with the work of Binder and
Broekel (2012), who assessed relative happiness efficiency for a sample of British individ-
uals using a robust nonparametric approach known as order-m (Cazals et al. 2002).* They
went on to explore the potential influence of a set of individual characteristics on the effi-
ciency score using a second-stage panel regression framework with fixed effects. Similarly,
Cordero et al. (2017) also adopted a nonparametric order-m approach to estimate happiness
efficiency measures for individuals from 26 OECD countries, albeit using the conditional
nonparametric approach proposed by Daraio and Simar (2005) to incorporate the influence
of a set of individual- and country-level contextual factors into their estimates. They found
that the most efficient countries are in northern and central Europe, while transitional econ-
omies like the Russian Federation, China or Indonesia are among the worst performers in
terms of well-being efficiency.

Likewise, there are other empirical studies using aggregated data at country or regional
level. Debnath and Shankar (2014) applied DEA to calculate relative happiness efficiency
measures for a sample of 130 countries considering several indicators of governance poli-
cies as input variables. They found that similar policies might affect happiness efficiency
across countries differently. Similarly, they provide evidence demonstrating that developed
countries are more inefficient in terms of happiness than developing countries. Mizobu-
chi (2017a) also uses DEA to estimate a happiness function for a sample of 36 countries
considering several well-being dimensions and a set of socio-economic variables. One of
the most relevant results is that the health factor explains the largest part of the cross-coun-
try variation in subjective well-being. Nikolova and Popova (2017) estimate well-being

3 The work of Mizobuchi (2017b), who applies corrected convex nonparametric least squares to construct
composite well-being indicators incorporating sustainability concerns, can also be classed in this group.

4 Unlike other methods like DEA or FDH, this approach does not use data about all the units within the
sample to build the frontier, but focusing on only some selected units with similar characteristics to the unit
under evaluation.
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efficiencies for a sample of 91 countries over the 2009-2014 period using robust nonpar-
ametric techniques. They then apply second-stage panel data fixed effects regressions to
examine the influence of several country-related institutional and social characteristics on
efficiency measures. Their results show that countries with high-quality institutions where
citizens perceive that they have the freedom to choose their way of life are more efficient
in terms of well-being. Finally, Carboni and Russu (2015) apply DEA to assess the per-
formance of the 20 Italian regions considering different dimensions of well-being and
Malmquist indices to examine their evolution from 2005 to 2011. Their results indicate that
northern regions outperform southern regions in terms of well-being efficiency, although
none improved their well-being over the evaluated period.

To sum up, there is no previous work providing well-being efficiency measures that
have accounted for the potential influence of noise or random effects on estimates, since all
the above research adopts a fully nonparametric approach. Likewise, there is no previous
study that has used the StoNEZD method to account for the influence of contextual factors.
In the following section, we explain this methodology.

3 Methodology

In this study, we apply a novel approach, known as the StoNED method. This method com-
bines the main advantages of parametric and nonparametric approaches. This model can
be interpreted as the regression interpretation of data envelopment analysis (DEA), as pro-
posed by Kuosmanen and Johnson (2010) combining the key advantages of both methods
into a unified approach: the piecewise linear DEA-type nonparametric frontier with the
probabilistic treatment of inefficiency and noise in stochastic models. Moreover, as we are
interested in exploring the potential influence of a set of social and economic variables on
efficiency levels, we apply an extension of this method known as StoNEZD (Johnson and
Kuosmanen 2011). This approach incorporates an average effect of the operational context
common to all the evaluated units. In the following, we introduce the key concepts of this
framework.

In the production function framework, the technology is represented by a frontier pro-
duction function f(x), which indicates the maximum output that can be produced with
inputs x. The observed output (y) may deviate from the frontier due to random noise (v),
inefficiency (# > 0) and the effect of contextual factors (z). This model can be formally
defined as follows:

i =f(x;) - e

g=64+v,—u,.

(D

According to this definition of the composite disturbance term, éz; — u; can be inter-
preted as the overall efficiency of a unit, where 8z; is the part of technical inefficiency
explained by the contextual variables being identical for all firms, and u; is the efficiency
term that remains unexplained. Therefore, it is implicitly assumed that the exogenous vari-
ables only influence the distribution of the inefficiency scores, but they do not affect the
location of the frontier.

The StoNEZD method estimates efficiency in two stages. In the first stage, the shape of
the frontier is obtained by minimizing the squared residuals of a quadratic programming
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problem. This does not imply a priori any assumption about the functional form. However,
it builds upon constraints like monotonicity and convexity’:

. 2
Jmin > (&)

i=1

subject to

4 ’ . (2)
yi=e+px;+6z;+¢ Vi=1,...,n
ai+ﬁ;x,~§ah+ﬁ;’xi VYh, i=1,...,n

Bi>0 Vi=1,...,n,

where g, represent the residuals of the regression and the estimated coefficients @; and f;
characterize tangent hyperplanes to the unknown function f (xi) at point x;. Likewise, &
represents the average effect of contextual variables z; on performances and the term 8'z;
represents the portion of inefficiency that is explained by the contextual variables.

The parametric part of the regression equation containing the contextual variables is
analogous to standard OLS. However, this approach avoids the potential bias and incon-
sistencies that may arise in the well-known two-stage approach, where DEA efficiency esti-
mates are subsequently regressed on the contextual variables (see Wang and Schmidt 2002;
Simar and Wilson 2007 for details), when the inputs are correlated with them. Using the
StoNEZD method, the above z variables do not have to be uncorrelated with the explana-
tory variables (in this case, outputs y), because the syntax of the model is formulated so as
to directly account for the environment. Hence, the frontier estimation explicitly takes into
account the correlations between y and z (Johnson and Kuosmanen 2011). In our empirical
analysis, the contextual factors are represented by social and economic factors that might
be affecting the output (average level of well-being declared by individuals). Therefore, the
fact that the StoNEZD approach can deal with such correlations is a major advantage with
respect to the conventional two-stage model (Eskelinen and Kuosmanen 2013).

In a second stage, parametric techniques can be used to estimate the efficiency scores.
In order to separate inefficiency from noise, we use the method of moments (Aigner et al.
1977), maintaining the assumptions of half-normal inefficiency and normal noise. In this
method, the second and the third central moments can be estimated based on the distribu-
tion of the residuals:

My =) /(n—1)
o 3)

iy =Y\ @)} /(- 1).
i=1

The second moment is simply the variance of the distribution, and the third is a compo-
nent of the skewness:

5> Kuosmanen and Johnson (2010) show that this problem is equivalent to the standard (output-oriented,
variable returns to scale) DEA model when a sign constraint on residuals is incorporated to the formulation
(e[,CNLS‘ < 0Vi) and considering the problem subject to shape constraints (monotonicity and convexity).
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u v

M, = [”_2]0'2+0'2
T

My=(+/2)1-2

i3 "’

As the third moment depends exclusively on the parameter o, it can be written:

)

Q
Il

Subsequently, we estimate inefficiency measures of performance by using a well-known
firm-specific estimator. Scores lower than one will indicate inefficiency and show the
extent to which a country can increase the level of well-being given the current resources.
The conditional expected value of the inefficiency can be computed using the conditional
mean estimator £ (ui |é,») and the formulation developed by Battese and Coelli (1988)°:

q)(ﬁ*i/a-*u - 6-*v)
q)(ﬁ*t/&*u)

where @ is the cumulative distribution function of the standard normal distribution, with
u, = —el-(rf/o'2 and 62 = aﬁo’f/az, and €; = €; — 6,4/2 /7 is the estimator of the composite
error term.

Finally, it is worth mentioning that the StoNEZD estimator for 6 has some desirable
properties, since it is shown to be statistically unbiased, consistentl, asymptotically nor-
mally distributed, and converge at the standard parametric rate (n /2) (see Kuosmanen
et al. 2015; Yagi et al. 2018, for details). Therefore, standard techniques from regression
analysis like t-tests or confidence intervals can be easily applied to test the statistical sig-
nificance of the 6 effect.

E(exp(—u;)1¢;) = (367 - i) ©)

4 Data and Variables

The data used in this study come from different sources. The measure of well-being was
retrieved from the World Values Survey (WVS), an extensive dataset that provides infor-
mation on multiple aspects regarding social and political life in many countries worldwide.
Specifically, individuals interviewed in each country following a stratified random sam-
pling procedure report their level of subjective well-being or life satisfaction on a scale of 1
to 10. This accounts for their feelings about their lives as a whole, including both economic
and non-economic factors (Frey and Stutzer 2010). We use this information aggregated

6 Kuosmanen et al. (2015) propose the use of the point estimator developed by Jondrow et al. (1982), but it
is well-known that it is not a consistent estimator of u; (Andor and Hesse 2014).
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at country level as the output variable in our approach.” This measure of life satisfaction
is thought to provide consistent and meaningful measures of well-being, which might be
affected by multiple factors as reported by Frey (2008).

Since the WVS survey started in 1981, there have been six waves, covering the period
1981 to 2014.® Unfortunately, because most countries have only participated in some and
not all of these waves, there are no longitudinal data covering the entire period. Thus, we
have created a pooled dataset including as many country-years as possible. To do this, we
calculated country-year means using data from different waves, assuming that the measures
of subjective well-being have a high degree of stability over time (Headey and Wearing
1989; Ehrhardt et al. 2000). Subsequently, we averaged over the years to get a single period
mean for each country.

Based on previous literature about the determinants of well-being (e.g. Helliwell et al.
2016), we selected three input variables representing the main resources that contribute to
well-being (incomes, health conditions and educational level) and also fulfil the require-
ment of isotonicity (i.e. all other things being equal, more input implies an equal or higher
level of output). Specifically, we have selected gross domestic product (GDP) per capita,
life expectancy at birth and the average number of completed years of education for the
population aged 25 and older.’ These variables are similar to the ones used in other stud-
ies attempting to measure well-being efficiency at country level (e.g. Nikolova and Popova
2017). The first two indicators were retrieved from the World Bank Open Data section,
while the last one was taken from the UNESCO Institute for Statistics.

As contextual variables, we selected several indicators reflecting the country’s eco-
nomic and social context that have been previously identified in the literature as determi-
nants of cross-country divergences in terms of subjective well-being. The economic indica-
tors include the total public social protection expenditure, available from the World Social
Security Report, as a proxy of welfare-state policies, and the unemployment rate and the
Gini index, as proxies of economic inequality, both available from the World Bank Open
Data section. The social indicators include the gender inequality index constructed by the
World Economic Forum (Hausmann et al. 2006), an aggregate index representing the qual-
ity of governance, constructed as the mean of the six subcomponents from the Worldwide
Governance Indicators (WGI) available through the World Bank (Langbein and Knack
2010; Kaufmann et al. 2014)'° and an additional index representing civil liberties, meas-
ured on a one-to-seven scale, available from Freedom House Organization. Data for all
these variables were not available for all the periods. Therefore, we collected data on the
most recently available year, generally 2014. The summary statistics for all the variables
included in our analysis are reported in Table 1.

Our final sample comprises 82 countries, including developed, transition and less-devel-
oped economies, for which data on all the aforementioned variables were available. All the

7 The dataset also provides information about the level of happiness. However, we ruled out the use of this
indicator because it is more likely to be influenced by emotions or feelings, whereas life satisfaction is a
more cognitive construct (Nettle 2005; Kapteyn et al. 2015).

8 The first-, second-, third-, fourth-, fifth- and sixth-wave data were collected from 1981 to 1984, from
1990 to 1994, from 1995 to 1998, from 1999 to 2004, from 2005 to 2009 and from 2010 to 2014, respec-
tively.

9 The WVS dataset also provides information about incomes, health status and educational level. However,
these measures are based on the relative position of individuals with respect to people from the same coun-
try, and are thus considered as not providing an appropriate measure for a cross-country study.

10 This variable has also been used in Abdallah et al. (2008) and Helliwell and Huang (2008).
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Table 1 Descriptive statistics

Variable Type Mean SD Min Max
Life satisfaction Output 6.62 0.98 3.84 8.40
GDPpc Input 13,641 17,560 253 83,995
Life expectancy Input 73.96 6.84 52.75 84
Years of education Input 9.28 2.80 1.08 13.78
Social protection expenditure Contextual 12.88 7.99 1.55 32.07
Unemployment rate Contextual 8.53 6.31 0.39 38.22
Gini index Contextual 38.03 8.57 2477 61.44
Gender Inequality index Contextual 0.70 0.06 0.51 0.85
Quality of governance (WGI) Contextual 0.10 0.88 —1.58 1.85
Civil liberties Contextual 3.24 1.71 1 7

Table 2 Summary statistics of efficiency estimates

Efficiency scores without contextual factors Efficiency scores including con-
(StoNED model) textual factors (StoNEZD model)

Mean 0.6704 0.6246

SD 0.0849 0.1301

Min 0.4859 0.3226

1Q 0.6247 0.5366

Median 0.6890 0.6461

3Q 0.7290 0.7273

Max 0.8159 0.8394

continents are represented, as shown in the Table 6 in the Appendix reporting the raw measure
of life satisfaction in each nation. In this regard, we can make a distinction between Eastern
European countries, which have some common cultural and geopolitical characteristics, and
other European countries. This division detects that the lowest average value of well-being is
reported by Eastern European countries, which rank even lower than African countries. By
contrast, we find that American countries have the highest average level of well-being, fol-
lowed very closely by the other European countries and Australia, as the sole representative of
Oceania. Figure 2, also included in the Appendix, shows a map with three colour-coded lev-
els of subjective well-being (high, medium and low better), which illustrates this point more
clearly. Here we find that the majority of the nations with the highest levels of well-being
are on the American continent, although there are also a few examples in Europe (Iceland,
Switzerland, Netherlands, Great Britain and the Scandinavian countries) and Asia (Qatar and
Uzbekistan). On the contrary, the countries with the lowest levels were situated in Eastern
Europe, Africa and also including some nations in Asia (Iraq, India, Bangladesh, Pakistan,
South Korea and Hong Kong).
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(a)Basic model (b) Model including contextual factors
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Fig. 1 Histograms of efficiencies for both specifications

5 Results

In this section, we report the efficiency scores estimated with the methodology described in
Sect. 3. First, we applied the StoNED method to obtain measures of well-being efficiency,
i.e. considering the output variable and the three inputs only. Subsequently, we adopted the
StoNEZD approach to calculate efficiency scores taking into account the effect of the con-
textual variables. Table 2 summarizes the main descriptive statistics for both specifications.
In addition, Fig. 1 shows the histograms of efficiency estimates with both approaches.

In general terms, we observe that the distribution of efficiencies is quite similar in both
models, with a high concentration around levels between 0.6 and 0.8, although dispersion
is greater when the analysis includes contextual variables. In this case, the standard devia-
tion is found to be higher and the differences between the maximum and minimum values
wider. The mean inefficiency is relatively high in both models, although it is slightly higher
in the second case (0.67 vs. 0.62). Therefore, well-being efficiency gains are still possible
in many countries.

Nevertheless, the most interesting insights can be drawn by exploring the country rank-
ings. Table 3 shows the efficiency scores for all 82 countries in the sample with both speci-
fications, compared with the average levels of life satisfaction declared by individuals from
each country (output). If we focus on top performers according to both rankings, we notice
that most are developing countries where individuals state that they have relatively high
life satisfaction levels (e.g. Puerto Rico, Colombia, Uzbekistan, Guatemala, Mexico or El
Salvador). This could suggest that the consideration of inputs and contextual variables in
the process of maximizing life satisfaction levels may not have a big influence on the per-
formance of countries, as suggested by Cordero et al. (2017).

However, this claim only appears to be valid for relatively poor developing countries,
where the input (income, health and education) values are frequently below average.
Actually, we observe that several rich countries placed at the top of the life satisfaction
rankings (e.g. Switzerland, Qatar, Canada, United States or Great Britain) are ranked
much lower in both efficiency rankings taking into account their high input variable val-
ues. Likewise, there are some other important divergences between efficiency estimates
and life satisfaction levels. For instance, we find that some African and Asian countries
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Table 3 Efficiency scores across countries compared with life satisfaction levels

Life satisfaction (Y) Score StoNED Score StoNEZD Score

Colombia 8.400 Colombia 0.8159 Puerto Rico 0.8394
Puerto Rico 8.313 Uzbekistan 0.8085 Uzbekistan 0.8390
Mexico 8.095 Guatemala 0.8071 Kyrgyzstan 0.7991
Switzerland 8.085 Mexico 0.7912 Colombia 0.7915
Qatar 8.004 Puerto Rico 0.7890 Vietnam 0.7780
Guatemala 7.976 Ecuador 0.7870 Mali 0.7756
Ecuador 7.923 El Salvador 0.7833 Finland 0.7665
Uzbekistan 7.878 Vietnam 0.7644 Guatemala 0.7653
Norway 7.836 Thailand 0.7554 Pakistan 0.7605
Finland 7.790 Kyrgyzstan 0.7545 Sweden 0.7532
Canada 7.769 Indonesia 0.7532 Mexico 0.7515
Sweden 7.726 Brazil 0.7528 Ethiopia 0.7478
Netherlands 7.619 Philippines 0.7521 El Salvador 0.7477
United States 7.619 Dominica 0.7500 Slovenia 0.7404
Brazil 7.616 Switzerland 0.7415 Jordan 0.7399
Great Britain 7.583 Mali 0.7388 Indonesia 0.7399
El Salvador 7.457 Uruguay 0.7364 Bangladesh 0.7348
Australia 7.435 Saudi Arabia 0.7327 Qatar 0.7336
Uruguay 7.410 Bangladesh 0.7318 Saudi Arabia 0.7335
Thailand 7.398 Finland 0.7294 Dominica 0.7316
Trinidad and Tobago 7.391 Canada 0.7289 Thailand 0.7258
Saudi Arabia 7.349 Argentina 0.7244 Ecuador 0.7242
Slovenia 7.319 China 0.7231 Canada 0.7200
Kazakhstan 7.253 Pakistan 0.7218 Switzerland 0.7194
Argentina 7.225 Qatar 0.7210 Uruguay 0.7162
Kuwait 7.223 Norway 0.7180 Czech Republic 0.7101
Dominican Republic 7.201 Trinidad and Tobago 0.7166 Norway 0.7098
Cyprus 7.172 Kazakhstan 0.7159 Netherlands 0.7040
Chile 7.132 Sweden 0.7157 Brazil 0.7039
Germany 7.100 Chile 0.7154 Poland 0.6982
Malaysia 7.012 United States 0.7101 Great Britain 0.6925
Philippines 7.006 Ghana 0.7090 Bosnia 0.6867
Singapore 6.954 Venezuela 0.7090 Cyprus 0.6809
Spain 6.932 Peru 0.7081 Kazakhstan 0.6776
Indonesia 6.923 Uganda 0.7065 Argentina 0.6722
Italy 6.894 Malaysia 0.7039 China 0.6651
Bahrain 6.884 Great Britain 0.7034 Slovakia 0.6648
France 6.863 Netherlands 0.7023 Philippines 0.6578
Vietnam 6.849 Slovenia 0.7000 Lebanon 0.6560
Poland 6.821 Jordan 0.6915 Spain 0.6558
Japan 6.819 Australia 0.6910 Uganda 0.6463
China 6.803 Rwanda 0.6870 United States 0.6458
Peru 6.728 South Africa 0.6848 Germany 0.6451
Kyrgyzstan 6.724 Poland 0.6823 India 0.6443
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Table 3 (continued)

Life satisfaction (Y) Score StoNED Score StoNEZD Score

Venezuela 6.720 India 0.6819 Ghana 0.6425
Turkey 6.632 Zimbabwe 0.6811 Zimbabwe 0.6408
South Africa 6.617 Kuwait 0.6811 Trinidad and Tobago 0.6408
Lebanon 6.546 Ethiopia 0.6811 Kuwait 0.6408
Jordan 6.485 Cyprus 0.6759 South Africa 0.6408
Mali 6.448 Turkey 0.6733 Australia 0.6385
Hong Kong 6.425 Spain 0.6590 France 0.6293
South Korea 6.422 Germany 0.6587 Turkey 0.6291
Czech Republic 6.406 Bosnia 0.6565 Italy 0.6260
Pakistan 6.388 Lebanon 0.6562 Serbia 0.6228
Ghana 6.374 Czech Republic 0.6558 Montenegro 0.6020
Bangladesh 6.209 Bahrain 0.6538 Japan 0.6013
Slovakia 6.071 Italy 0.6372 Venezuela 0.5873
Azerbaijan 6.054 Azerbaijan 0.6322 Chile 0.5654
India 5.944 Montenegro 0.6320 Malaysia 0.5617
Hungary 5.881 France 0.6291 Peru 0.5568
Montenegro 5.877 Singapore 0.6278 Bahrain 0.5433
Bosnia 5.867 Japan 0.6249 Azerbaijan 0.5379
Rwanda 5.843 Slovakia 0.6241 Hungary 0.5325
Uganda 5.775 South Korea 0.6070 Tunisia 0.5087
Serbia 5.765 Serbia 0.6032 Romania 0.5084
Romania 5.765 Hong Kong 0.5878 Rwanda 0.5018
Tunisia 5.723 Tunisia 0.5870 Albania 0.4957
Estonia 5.610 Egypt 0.5811 Ukraine 0.4927
Russia 5.550 Romania 0.5753 Singapore 0.4824
Egypt 5411 Hungary 0.5542 Georgia 0.4785
Iraq 5.253 Ukraine 0.5496 Iraq 0.4465
Ukraine 5.242 Albania 0.5478 Estonia 0.4270
Belarus 5.066 Iraq 0.5316 Egypt 0.4193
Georgia 5.018 Russia 0.5310 Moldova 0.4131
Ethiopia 5.010 Estonia 0.5270 Lithuania 0.4009
Zimbabwe 4.987 Georgia 0.5203 Belarus 0.3809
Albania 4.978 Moldova 0.5191 Bulgaria 0.3672
Lithuania 4.946 Lithuania 0.5038 Hong Kong 0.3655
Bulgaria 4.928 Belarus 0.4959 South Korea 0.3631
Latvia 4.874 Latvia 0.4940 Latvia 0.3598
Armenia 4.755 Armenia 0.4887 Russia 0.3491
Moldova 4.599 Bulgaria 0.4859 Armenia 0.3226
Mean 6.622 Mean 0.6704 Mean 0.6246

(e.g. Kyrgyzstan, Vietnam, Mali or Ethiopia), whose populations report life satisfaction
levels very close to and even below average, rank high in terms of well-being efficiency.
Similarly, there are also some countries with very low well-being efficiency values in
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Table 4 Correlation coefficients Life satisfac-  StoNED StoNEZD
between life satisfaction and tion (Y)

efficiency scores

Kendall correlation coefficient

Life satisfaction (Y) 1.000

StoNED 0.607 1.000

StoNEZD 0.513 0.673 1.000
Spearman correlation coefficient

Life satisfaction (Y) 1.000

StoNED 0.784 1.000

StoNEZD 0.671 0.854 1.000

the model including contextual factors, even though their citizens report life satisfaction
levels close to the sample mean.

In order to summarize the above discrepancies, we calculated the Kendall and Spear-
man correlation coefficients between different rankings. From the values reported in
Table 4, we find that there are significant differences between the output and both effi-
ciency estimates. These differences are more relevant with respect to the estimates that
take into account the contextual factors. Moreover, the maps in the Appendix (Figs. 2
and 3) are potentially very illustrative. In those figures we distinguish three different
levels of life satisfaction and efficiency (high, medium and low) with different colours
for each model. This underscores the fact that the colours for many countries change
from one map to the other when inputs and contextual variables are included in the esti-
mation of well-being efficiency measures.

The fact that the top performers are mainly Latin American countries is somewhat
unexpected, especially taking into account that their economic and socio-political situa-
tion is characterized by a very unequal distribution of income, high levels of corruption
and, in some cases, even high violence and crime rates. However, this result has also
been identified in other studies (e.g. Debnath and Shankar 2014; Graham and Nikolova
2018). Some potential factors that could explain the higher levels of well-being reported
by individuals from these nations are their slower pace of life, the important role played
by family and interpersonal relations, a relative indifference to materialistic values or
the quality of social life (Yamamoto 2016; Rojas 2018).

Finally, Table 5 reports the values of the 6 parameter estimated for each variable
together with the respective t-statistic in order to examine the average effect of the social
and economic indicator variables included as contextual variables in the model. As
expected, we found a significant and positive sign for the unemployment rate, the Gini
index and the gender inequality index. This indicates that lower levels of these indica-
tors are associated with higher efficiencies. These results are consistent with previous
findings in the literature analysing factors affecting well-being efficiency (Cordero et al.
2017), as well as other empirical studies exploring the determinants of the level of well-
being declared by individuals (Verme 2011; Blanchflower et al. 2014). On the contrary,
we identify a significant and negative sign for social expenditure, the quality of govern-
ment and civil liberties, which implies that better performances are found to be bet-
ter in terms of well-being efficiency for higher values of these indicators. These results
corroborate the fact that countries with higher levels of well-being are characterized by
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Table 5 Effect of contextual

variables on efficiency (values of 0 -Statistic

6 for each model) . . .
Social protection expenditure —0.0305%** —15.6526
Unemployment rate 0.0067*** —15.7474
Gini index 0.0348*** 40.7662
Gender Inequality index 2.2690%*%* 107.2309
Quality of governance (WGI) —0.0354%** —27.8453
Civil liberties —0.0129%** —17.0476

***Significant at the 1% level

having high quality institutions (Bjornskov et al. 2008, 2010) and allocate a large pro-
portion of public spending to social policies (Pacek and Radcliff 2008).

6 Concluding Remarks

This paper constitutes a new contribution to the novel line of research focusing on meas-
uring the subjective well-being efficiency of countries. This line of research consists of
examining whether their individuals are able to achieve the maximum life satisfaction
levels given their existing resources. In our empirical study, we have estimated an effi-
ciency frontier for a sample of 82 countries of different sizes and levels of development,
representing all the continents in the world. We applied a novel semi-nonparametric
method (StoNED) to estimate well-being efficiency measures accounting for potential
noise effects attributable to omitted variables or cultural bias. This represents a substan-
tial advantage with respect to previous empirical studies found in the literature adopting
a nonparametric approach, where such aspects could be confounded with inefficiency.
In addition, our model also incorporates data about several contextual factors that might
have an influence on country performance, such as economic conditions, social indica-
tors or institutional factors, using an extension of the proposed method known as StoN-
EZD. This method, which has not been previously applied in this framework, allows us
for exploring whether those factors affect wellbeing efficiency measures and the direc-
tion of this effect.

Our results show that there are some remarkable shifts in the ranking of countries
according to the levels of well-being reported by citizens when information about input
and contextual factors is taken into account. Thus, we find that there are countries in
which well-being efficiency is relatively high despite individuals reporting below-aver-
age life satisfaction levels and vice versa, that is, nations whose well-being levels are
high but should, according to their resources endowment and socioeconomic conditions,
be higher. Nevertheless, we have found that most countries ranked as top performers in
terms of well-being efficiency also report having high levels of life satisfaction. Many
of these are developing Latin American countries, where individuals appear to be happy
with their lives, even though they have to cope with an adverse social and economic
context and poor institutions. This result is consistent with previous evidence found in
other empirical studies estimating well-being efficiency measures (Debnath and Shankar
2014) and also with rankings focused only on life evaluations (Helliwell et al. 2016).
Personality or cultural differences, as well as the ability of individuals to adjust to the
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existence of severe problems such as corruption or violence, are possible explanations
(Graham 2011).

Finally, note that the use of the StoNEZD method has allowed us to test the statistical
significance of the average effect of the contextual variables included in the model. The
results suggest that efficiency gains could be achieved by increasing the level of social
expenditure, enhancing the quality of government, promoting civil liberties, as well as
reducing the unemployment rate and inequalities. These results are consistent with pre-
vious findings of studies focused on exploring the determinants of well-being at country
level. Therefore, it seems to be a clear link between both lines of research. However, it
would be interesting to explore in future studies whether these similarities are main-
tained or not when analyzing microdata at the individual level.
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Appendix

See Table 6 and Figs. 2, 3.

Table 6 Countries included in the empirical study by continent

Continent % Countries Average life
satisfaction
Africa 10 Egypt, Ethiopia, Ghana, Mali, Rwanda, South 5.799
Africa, Tunisia, Uganda, Zimbabwe
America 21 Argentina, Brazil, Canada, Chile, Colombia, 7.561

Dominican Republic, Ecuador, El Salvador, Gua-
temala, Mexico, Peru, Puerto Rico, Trinidad and
Tobago, United States, Uruguay, Venezuela

Asia 28 Bahrain, Bangladesh, China, Hong Kong, India, 6.815
Indonesia, Iraq, Japan, Jordan, Kazakhstan,
Kuwait, Kyrgyzstan, Lebanon, Malaysia,
Pakistan, Philippines, Qatar, Saudi Arabia,
Singapore, South Korea, Thailand, Uzbekistan,
Vietnam

Europe 40 Eastern countries: Albania, Armenia, Azerbaijan,  5.638
Belarus, Bosnia, Bulgaria, Czech Republic,
Estonia, Georgia, Hungary, Latvia, Lithuania,
Moldova, Montenegro, Poland, Romania, Russia,
Serbia, Slovakia, Slovenia, Turkey, Ukraine

Other countries: Finland, France, Germany, Great ~ 7.418

Britain, Italy, Netherlands, Norway, Spain, Swe-
den and Switzerland

Oceania 1 Australia 7.435
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Fig.3 Distribution of efficiency scores around the world
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