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We argue that the relationship between individual satisfaction with life (SWL) and SWL 

inequality is more complex than described by leading earlier research such as Goff, Helliwell, 

and Mayraz (Economic Inquiry, 2018). Using inequality indices appropriate for ordinal data, 

our analysis using the World Values Survey reveals that skewness of the SWL distribution, 

not only inequality, matters for individual SWL outcomes; so too does whether we look 

upwards or downwards at the (skewed) distribution. Our results are consistent with there 

being negative (positive) externalities for an individual’s SWL from seeing people who are 

low (high) in the SWL distribution.
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I. INTRODUCTION 

 

People have higher satisfaction with life (SWL) if they live in a country with low inequality of 

subjective wellbeing, ceteris paribus, according to an important recent paper by Goff, Helliwell, 

and Mayraz (GHM, 2018).1 GHM also find that the association between individuals’ SWL and 

their country’s inequality of wellbeing is stronger than the association between their SWL and 

the country’s inequality of income.2 These findings are significant, not only for highlighting a 

link between personal wellbeing and inequality, but also for highlighting the potential usefulness 

of wellbeing inequality as a comprehensive measure that incorporates differences in aspects of 

utility beyond factors that relate to income alone.3 In this paper, we show that when more 

methodologically-appropriate measures of SWL inequality are employed, the link between an 

individual’s SWL and their country’s SWL distribution is more complex than found by earlier 

research.  

The principal measure that GHM use to summarize wellbeing inequality is the standard 

deviation of SWL within a country. By using this measure, they are following much other 

research, from pioneering early analysis of wellbeing inequality (e.g. Veenhoven, 1990) through 

to the latest World Happiness Report (Helliwell et al., 2020). 

However, recent research argues convincingly that the standard deviation is not an 

appropriate index of inequality for ordinal data, and SWL is an ordinal measure. Although GHM 

 
1 We use the terms ‘subjective wellbeing’, ‘wellbeing’, and ‘satisfaction with life’ interchangeably. 
2 For reviews of the relationship between individual SWL and income inequality, see Schneider (2016) and 

Ngamaba et al. (2018). 
3 Other studies using measures of SWL inequality to explain outcomes include Veenhoven (1990), Stevenson and 

Wolfers (2008), Ott (2015), and Grimes and Wesselbaum (2019).  
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also utilize an ordinal measure of dispersion, it is not one of the inequality indices that is 

consistent with the recommendations of theoretical research about how to summarize wellbeing 

inequality. In this paper, we analyze whether – and in what form – the relationship between 

individuals’ SWL and the wellbeing inequality of their country holds when a more appropriate 

set of inequality indices for ordinal data are employed. As a result, we provide not only a novel 

methodological contribution but also a substantive contribution to understanding of the 

relationship between individual-level SWL and SWL inequality.  

Our paper unfolds as follows. In Sections II and III, we review GHM’s analysis and 

findings and the modern literature on inequality measurement using ordinal data. After 

introducing the World Values Survey (WVS) data used by GHM and ourselves (Section IV), we 

replicate GHM’s empirical analysis using the WVS data, as well as extend their model 

specification to better account for the time-series cross-section nature of the data. This analysis 

uses GHM’s preferred SWL inequality measure, the standard deviation (SD). In Section V, we 

repeat the analysis substituting for the standard deviation each of eight SWL inequality indices 

derived from recent research.  

Our regression results indicate that the negative association between individual SWL and 

country-level SWL inequality that GHM report is not robust to an extension of their 

specification, and nor does a relationship exist between wellbeing inequality and individual SWL 

for some of the alternative inequality indices we employ. However, when we use theoretically 

appropriate measures for summarizing SWL inequality – those due to Cowell and Flachaire 

(2017) – a strong relationship is re-established. Particularly interesting is that we find either a 

positive or a negative relationship between wellbeing inequality and individual SWL depending 

on which of the measures we use.  
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We therefore analyze the reasons behind these differing results and show that the 

skewness of the SWL distribution in a country may be at least as important as inequality per se 

in affecting individuals’ SWL (Section VI). Section VII contains our summary and conclusions. 

 

 

II. GHM’S ANALYSIS AND FINDINGS 

 

GHM analyze the relationship between individual SWL and wellbeing inequality within 

countries using a battery of tests and multiple time-series cross-section data sources. They 

examine whether both wellbeing inequality and income inequality (separately and together) are 

associated with individuals’ SWL once one controls for differences in personal characteristics 

and region. GHM’s core regression model specification is of the form: 

 

(1) 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽1𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝐺𝐺𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽4
′𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽5

′𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖, 

 

where 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 denotes the SWL of person j in country i and wave t,4 𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 denotes the country-

wave standard deviation of SWL, 𝐺𝐺𝑖𝑖𝑖𝑖𝑖𝑖 is the country-wave Gini coefficient of income, 𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 is the 

country-wave logarithm of GDP per capita in purchasing power parity (PPP) terms, and 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is a 

set of individual-level controls for sex, age, education, employment, and marital status. GHM 

define ‘clusters’ as country-wave groups of observations. GHM’s regressions include 5 ‘region’ 

indicator variables (R): West (Europe, North America, Oceania); Latin America; Asia; Middle 

 
4 WVS data are collected in waves which can cover multiple adjacent years, e.g. wave 2 covered 1990–94. We 

match our non-WVS variables for each country to the specific year in which the country was surveyed. 
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East and North Africa; and Sub-Saharan Africa. Country and wave dummy variables are not 

included in their core specification.5 

GHM recognize several issues regarding their core specification. First, since SWL scales 

are bounded (with ‘10’ as the maximum and ‘1’ as the minimum categories), responses may be 

heaped at the top of the distribution (or at the bottom, though GHM do not look at this aspect). 

Second, use of the SD to summarize SWL inequality implicitly assumes that latent (‘true’) SWL 

as measured by the manifest data is a cardinal and linear measure (for instance, the change in 

actual wellbeing when moving from recording a ‘6’ to a ‘7’ is identical to that when moving 

from a ‘7’ to an ‘8’). However, latent SWL might be better represented by a non-linear scale and 

it may be inappropriate to treat observed SWL responses as cardinal. Instead analysis should 

treat SWL as a purely ordinal measure.  

Consequently, GHM undertake a set of robustness checks of their analysis based on the 

core specification. They examine the effects of: (i) adding as a regressor an interaction between 

SWL inequality (𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖) and a variable summarizing whether an individual thinks inequality is 

too high; (ii) fitting the core specification using a non-linear model (assuming SWL follows a 

logistic distribution) rather than a linear model; and (iii) substituting the SD SWL inequality 

index with the ‘ordinal variation ratio’ index, which is the proportion of observations not equal to 

the mode.6  

GHM apply these checks to three cross-country data sources – the European Social 

Survey (ESS), the World Values Survey (WVS), and the Gallup World Poll – plus the USA-

specific Gallup-Healthways Well-Being Index, for which there are separate data by state. The 

 
5 Country dummy variables are included in the first of our robustness checks discussed below and are included in 

one of GHM’s specifications. 
6 GHM also test whether addition of mean SWL impacts the effect of SWL dispersion on social trust. 
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analysis in the current paper uses only WVS data because the Gallup data are not easily 

accessible and the WVS have world-wide coverage unlike the ESS.  

The SWL question asked in the WVS is: ‘All things considered, how satisfied are you 

with your life as a whole these days?’. Respondents provide an answer on an integer-valued scale 

running from 1 to 10, with 1 labelled ‘completely dissatisfied’ and 10 ‘completely satisfied’. 

GHM’s key findings using the WVS data include: (a) the SWL SD has a consistent 

negative association with individual-level SWL (𝛽𝛽1� < 0); (b) in the core specification this 

association nullifies any effect of income inequality on individual SWL (𝛽𝛽2�  ≈ 0); (c) the 

association between SWL inequality and individual-level SWL is greater for those who consider 

that inequality is too high (although in that specification – which is the only specification in 

which GHM include country fixed effects – income inequality becomes an additional significant 

determinant); (d) SWL inequality remains a significant predictor of social trust when mean SWL 

is included as a regressor in addition to the SD; (e) the association between SWL inequality and 

individual-level SWL is consistent across linear and logistic models; and (f) the ‘ordinal 

variation ratio’ remains a significant determinant of SWL when interacted with “thinks 

inequality is too high”, although the main effect of the SWL dispersion variable is no longer 

significant (and income inequality is significant in that case). GHM’s estimates derived from the 

core specification (1) are reproduced in our Appendix Table A1. GHM find similar conclusions 

using their other three datasets.  

Although GHM’s sensitivity checks (a)–(f) suggest that the negative association between 

individual SWL and their country’s SWL inequality is robust, there are reasons to question this 

conclusion. These are discussed further in the next section but, in short, they relate to the 

reservations that GHM expressed. Whether the SWL measure should be treated as being cardinal 
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or ordinal is at the root of potential concerns over the GHM findings. If the SWL measure is 

ordinal, then better indices than GHM’s ordinal variation ratio are available. One family of 

indices, due to Cowell and Flachaire (CF, 2017), also enables us to investigate the role of 

skewness of the SWL distribution in affecting individual-level SWL outcomes. We also have 

some econometric concerns. Specifically, GHM exclude country fixed effects from all but one 

specification, and wave (i.e. time) fixed effects from all specifications. Without controlling for 

the effects of time-invariant unobservable factors within countries, or common shocks across 

countries, conclusions may not be robust.   

 

 

III. INEQUALITY INDICES FOR ORDINAL DATA 

 

SWL measures based on integer-value Likert-like scales are inherently ordinal. A key 

characteristic of ordinal data is that the order of values is well-defined but the magnitudes of 

differences between scale levels are not. To compare SWL distributions, one must assume that 

there is a common and fixed ‘reporting function’, across time for the same individual and across 

individuals at a given time, so that the intrinsic meaning of the SWL scale levels is the same for 

all individuals and does not change over time. However, even assuming a common and fixed 

reporting function – as virtually all SWL researchers do, and we do too – the ordinal nature of 

the SWL scale means that there are no grounds for saying that the difference between ‘very 

satisfied’ and ‘fairly satisfied’ is of the same magnitude as the difference between ‘fairly 
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satisfied’ and ‘unsatisfied’. To do this, and thereby make SWL responses cardinally measurable, 

we need to make additional assumptions about the scale.7 

As noted by GHM, even if one assumes cardinality, the bounded nature of SWL scales 

may cause ‘true’ SWL inequality to be under-estimated by the SD. Delhey and Kohler (2011) 

address this issue, proposing an index that standardized the SD by the maximum possible value. 

DK note, assuming cardinality, that the maximum standard deviation possible for a given mean 

SWL (𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀) is: 

(2) 𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 ≡ �(𝑈𝑈 − 𝜇𝜇)(𝜇𝜇 − 𝑆𝑆)𝑁𝑁
𝑁𝑁 − 1

 

where U is the SWL scale’s maximum value, L is the minimum value, µ is mean SWL, and N is 

the number of observations in the analysis sample. 𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀 reaches its greatest value when µ is 

midway between U and L, and decreases as µ approaches either U or L. DK’s ‘instrument-effect-

corrected’ index is: 

(3) 𝑆𝑆𝑆𝑆∗ =
𝑆𝑆𝑆𝑆

𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀
 

where SD is the standard deviation defined earlier. Hence 𝑆𝑆𝑆𝑆∗ is inflated relative to SD as µ 

approaches either U or L. We use 𝑆𝑆𝑆𝑆∗ as one of several alternatives to SD in our empirical work. 

Using a calibrated example, Delhey and Kohler (2011) argue their measure ‘works’. But 

their approach remains based on an assumption of cardinality and so only corrects for one 

potential issue regarding SD.  

A related fundamental issue with the SD and other indices based on mean SWL is that 

rankings of distributions of ordinal variables based on them are not robust to changes in the scale 

 
7 Bond and Lang (2019) discuss these issues in detail. For a more positive interpretation regarding what can be 

inferred, see Kaplan and Zhuo (2019). 
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(‘scale dependent’). Scale dependence also implies that that the mean is not a robust measure of 

central tendency for ordinal data such as these.8 On these issues, see Allison and Foster’s (2004) 

pioneering article. 

Allison and Foster (2004) argue instead that, for ordinal data applications, the median 

should be used to measure central tendency and be the fundamental reference point underpinning 

inequality indices. Allison and Foster’s concept of S-dominance encapsulates this idea: for two 

SWL distributions X and Y with cumulative distribution functions FX and FY respectively, and the 

same median k, distribution Y S-dominates distribution X if and only if: (a) for all categories 

below the median, FY ≤ FX; and (b) for all categories at or above the median category, FY ≥ FX. 

Building on this idea, Allison and Foster develop an inequality index (AF) which equals the 

difference between the mean SWL response for median-and-above categories minus the mean 

SWL response for below-median categories. For a linear integer scale, AF is the average across 

respondents of the number of scale points required to move from the observed SWL value to the 

median. Allison and Foster (2004) argue that AF has intuitive appeal but acknowledge that it is 

scale-dependent and so recommend checking the robustness of results to changes in the scale.9  

Scale-independent inequality indices appropriate for ordinal data have been developed 

using axiomatic approaches by, for example, Abul Naga and Yalcin (2008), Apouey (2007), and 

Cowell and Flachaire (2017). All three classes of inequality index allow for different degrees of 

inequality aversion when summarizing dispersion across individuals. However, only the Cowell 

and Flachaire (CF, 2017) approach also allows other features to be accounted for 

 
8 For instance, if one applies a transformation to the numerical labels associated with the categories, e.g. using an 

exponential function, the mean changes. For further discussion of this point, see Bond and Lang (2019) and Jenkins 

(2019). 
9 See Dutta and Foster (2013) for an application to US trends in the inequality of happiness. 
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straightforwardly, notably skewness, as we explain shortly. For this reason, we focus on a 

portfolio of CF indices in this paper (in addition to the SD, SD*, and AF indices already 

mentioned). 

Derivation of CF indices has three components: definition of each individual’s ‘status’ 

(which is related to SWL), specification of the reference status value (inequality is 

conceptualized in terms of differences in individuals’ status from the reference value), and 

assumptions about inequality aversion (how differences in status from the reference value are 

aggregated). 

Status is the position of a person in the distribution of an ordinal variable (e.g. SWL) 

within society. CF distinguish between downward-looking status (i.e. measuring your position by 

the proportion of people with lower or the same SWL than you) and upward-looking status 

(measuring your position by the proportion of people with the same or higher SWL than you). 

For each of these concepts, status can be either peer-inclusive or peer-exclusive. The peer-

inclusive status measures are as explained in the previous sentence; peer-exclusive measures 

exclude the people with the same SWL response as you when calculating the proportions. In this 

paper, we focus on peer-inclusive measures of status as they are what CF worked with, and so 

too have all other researchers to date.  

In order to make inequality comparisons, we need both a definition of equality and a 

method of characterizing departures from equality. Equality is the situation in which all 

individuals have the same status; for peer-inclusive measures, CF argue persuasively that the 

natural reference point is the maximum value of status. 

Having defined status and the reference point, CF summarize inequality by aggregating 

across individuals the ‘distances’ between each person’s status and the status reference point. 
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There are different ways of characterizing ‘distance’;10 CF do so using a one-parameter family of 

distance functions suitable for ordinal data, for which the parameter α represents the degree of 

inequality aversion – the extent to which large distances are given greater weight than small 

distances in the aggregation across individuals. CF’s peer-inclusive downward-looking 

inequality index, 𝐼𝐼𝛼𝛼, is shown in (5) where 𝑠𝑠𝑖𝑖 is person i’s status, being the proportion of people 

with the same or lower response for SWL as person i, and N is the number of people surveyed: 

(5) 

𝐼𝐼𝛼𝛼 =
1

𝛼𝛼(𝛼𝛼 − 1)
�

1
𝑁𝑁
�𝑠𝑠𝑖𝑖𝛼𝛼 − 1
𝑁𝑁

𝑖𝑖=1

� , 0 < 𝛼𝛼 < 1. 

𝐼𝐼0 = −
1
𝑁𝑁
� log(𝑠𝑠𝑖𝑖)
𝑁𝑁

𝑖𝑖=1

.  

 

CF’s peer-inclusive upward-looking inequality index is defined analogously with 𝑠𝑠𝑖𝑖 redefined to 

be the proportion of people with the same or higher response for SWL as person i. We denote the 

downward-looking versions of the indices 𝐼𝐼𝛼𝛼𝐷𝐷 and the upward-looking versions 𝐼𝐼𝛼𝛼𝑈𝑈 . All of CF’s 

indices are scale-independent. For a given distribution, a larger 𝛼𝛼 – greater inequality aversion – 

results in a higher index value. 

 A useful feature of CF’s upward- and downward-looking indices is that they differ in 

their sensitivity to the skewness of the SWL distribution. For given α, 𝐼𝐼𝛼𝛼𝐷𝐷 = 𝐼𝐼𝛼𝛼𝑈𝑈 if the distribution 

in question is symmetric. When the distribution is negatively skewed (i.e. has a long left tail), 𝐼𝐼𝛼𝛼𝐷𝐷 

> 𝐼𝐼𝛼𝛼𝑈𝑈, whereas 𝐼𝐼𝛼𝛼𝐷𝐷 < 𝐼𝐼𝛼𝛼𝑈𝑈 when the distribution is positively skewed (a long right tail). Inequality 

 
10 For cardinal variables, standard inequality indices summarize inequality by aggregating across individuals the 

distances between each person’s value and the mean. But, as explained earlier, the mean is an inappropriate 

reference point when measuring the inequality of ordinal data.  



11 

aversion also plays a role: for asymmetric distributions, the difference between 𝐼𝐼𝛼𝛼𝐷𝐷 and 𝐼𝐼𝛼𝛼𝑈𝑈 is 

smaller, the larger that α is. The practical lesson, which we exploit below, is that downward- and 

upward-looking CF inequality indices used in combination allow one to take account of 

distributional skewness in addition to inequality per se.11 Because findings are potentially 

sensitive to the choice of the inequality aversion parameter, we use values of 𝛼𝛼 from across the 

full range (0, 0.5, and 0.9). 

 

 

IV. DATA 

 

We downloaded data on life satisfaction (SWL), employment status, education, marital status, 

gender and age from the WVS website (Inglehart et al., 2014), consistent with GHM’s WVS 

application. There is information from 6 waves and 100 countries with a total of 348,532 

individual-level observations. 12  

Like GHM, we obtained data for GDP per capita (real, PPP terms) and for the Gini 

coefficient of income from the World Bank’s World Development Indicators dataset.13 We used 

 
11 We illustrate the points made in this paragraph in Appendix Table A2, reproducing and extending the examples 

presented in CF’s Tables 2 and 3. CF focus on the case α = 0; we also consider the cases of α = 0.5 and α = 0.9 

(noting that α < 1). In Table A2, Case 0 is negatively skewed, Case 3 is positively skewed, and Cases 1 and 2 are 

symmetric. 
12 To be consistent with GHM, we include countries which have data for only one wave. Identification of regression 

coefficients on country-level variables such as SWL inequality comes solely from countries with more than one 

wave of data, but all observations contribute to identifying coefficients on individual-level variables such as age. We 

lose 13% of WVS observations owing to incomplete data, so our sample size is 302,919.  
13 We retrieved World Bank World Development Indicators GDP per capita in constant prices (Purchasing Power 

Parity, 2011 international dollars) from 
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linear interpolation to impute values that were missing (as GHM did). Our estimates from these 

data are very similar to those obtained by GHM for corresponding model specifications (see 

Section V).  

CF also use WVS data (from wave 5) to illustrate their inequality indices in action. We 

use the data from this wave to calculate alternative inequality indices (using the ineqord software 

of Jenkins, 2020), and to investigate the bivariate relationships between the nine SWL inequality 

indices discussed in Section III: SD, SD*, AF, and six CF indices: 𝐼𝐼0𝐷𝐷, 𝐼𝐼0𝑈𝑈, 𝐼𝐼0.5
𝐷𝐷 , 𝐼𝐼0.5

𝑈𝑈 , 𝐼𝐼0.9
𝐷𝐷 , 𝐼𝐼0.9

𝑈𝑈 . (In 

subsequent sections we use all 6 waves of the WVS data.)  

Table 1 presents Spearman rank correlation coefficients for the nine indices. All 

correlations are positive and in some cases are close to one. For instance, the AF ranks countries 

almost identically to SD, while SD* is also closely correlated with SD. 

As inequality aversion increases, the country rankings for CF indices become more 

similar to the rankings produced by the other three indices, possibly because skewness is de-

emphasized in the CF indices as 𝛼𝛼 increases (and the other indices are insensitive to skewness). 

One of the lowest rank correlations is between 𝐼𝐼0𝐷𝐷 and 𝐼𝐼0𝑈𝑈, 0.32, indicating that the upward- and 

downward-looking indices measure different aspects reflecting skewness (recalling that 𝐼𝐼𝛼𝛼𝐷𝐷 = 𝐼𝐼𝛼𝛼𝑈𝑈 

for symmetric distributions). As α increases, the country rankings from the upward- and 

downward-looking indices become very similar (correlation 0.99 for 𝛼𝛼 = 0.9), again indicating 

that skewness is more relevant when inequality aversion is relatively low. 

 
https://datacatalog.worldbank.org/search?search_api_views_fulltext_op=AND&query=GDP%20Per%20Capita,%20

PPP%20(Constant%202011%20International%20$)&nid=&sort_by=search_api_relevance&sort_order=DESC, and 

World Bank World Development Indicators Gini data from 

https://data.worldbank.org/indicator/si.pov.gini?fbclid=IwAR07jKjrl6UaI3tsnIY4d7dgqJV4_3eRTfzj0a1BFBCBeZ

bMN1lp-x7mBeg. Data for the Gini coefficient in New Zealand were missing from World Development Indicators; 

we obtained estimates from the OECD database. 

https://datacatalog.worldbank.org/search?search_api_views_fulltext_op=AND&query=GDP%20Per%20Capita,%20PPP%20(Constant%202011%20International%20$)&nid=&sort_by=search_api_relevance&sort_order=DESC
https://datacatalog.worldbank.org/search?search_api_views_fulltext_op=AND&query=GDP%20Per%20Capita,%20PPP%20(Constant%202011%20International%20$)&nid=&sort_by=search_api_relevance&sort_order=DESC
https://data.worldbank.org/indicator/si.pov.gini?fbclid=IwAR07jKjrl6UaI3tsnIY4d7dgqJV4_3eRTfzj0a1BFBCBeZbMN1lp-x7mBeg
https://data.worldbank.org/indicator/si.pov.gini?fbclid=IwAR07jKjrl6UaI3tsnIY4d7dgqJV4_3eRTfzj0a1BFBCBeZbMN1lp-x7mBeg
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<Table 1 near here> 

 

 

V. THE RELATIONSHIP BETWEEN SWL AND INEQUALITY 

 

Table 2, columns (1)–(3) report WVS-based OLS estimates (with standardized beta coefficients) 

for the same model specifications as GHM report in columns (1)–(3) in their Table 3 (reproduced 

as Appendix Table A1). We refer to columns (1)–(3) as GHM’s base specifications since they do 

not include the extra terms relating to preference for equality.14 Our dataset includes a slightly 

larger number of observations than GHM’s (302,919 compared with their 243,875 to 271,677), 

reflecting extensions to the GDP and Gini series enabled by our use of updated data sources. 

Nevertheless, our results are very similar to those of GHM.  

SD has an estimated coefficient of –0.15 using our sample compared with –0.17 in 

GHM’s (significant at p < 0.001 in each case). The coefficients on per capita GDP are also 

almost identical for the two samples (both significant at p < 0.001) while the income Gini 

coefficient is insignificantly different from zero in both cases. Thus, the two samples produce 

almost identical results. 

The GHM base specifications include region indicators (defined earlier). These control 

for time-invariant unobservable differences across regions but not within regions and there are 

many countries within each region. Given the wide variability of country conditions, cultures, 

 
14 When we fitted models that included “Thinks inequality is too high” as a regressor, our estimates differed 

somewhat from those presented by GHM. Hence, we restrict our focus here to model specifications that we 

replicate. This also enables us to compare more easily results based on different SWL inequality indices. 
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and experiences within some of GHM’s regions, the regional level of aggregation may be 

inadequate for controlling for country-specific characteristics.15  

Table 2, column (4) displays estimates of the base specification (including both SWL and 

income inequality measures) with country dummies replacing region dummies. The inclusion of 

country dummies means that identification of the effects of the three focal variables presented in 

Table 2 comes from changes across time within countries. The coefficient on per capita GDP 

retains its size and significance but the relative importance of SWL inequality and income 

inequality switches: the coefficient on the Gini is now negative and significant, while SD is no 

longer significant (albeit remaining negative). 

<Table 2 near here> 

It is possible that SWL varies globally across time for reasons unrelated to the observable 

variables included in our specification. For instance, wars or pandemics may cause a global 

reduction in SWL. To investigate this potential effect, Table 2 column (5) displays estimates 

from a specification that adds wave indicators in addition to country indicators. The Gini 

coefficient remains negative and significant (at the 5% level) while per capita GDP is no longer 

significant (while remaining positive), potentially because the wave indicators capture the impact 

of globally-increasing incomes over time. The coefficient on SD is now virtually zero. 

One interpretation of the estimates from these extended specifications is that the 

significant negative impact of SD that we find for specifications without country indicators 

reflects cross-national differences in SWL inequality – which reflect unobservable country 

circumstances rather than within-country SWL inequality per se. If this were the case, changes in 

SWL inequality within each country do not necessarily impact on individual SWL.  

 
15 For instance, Chile and Venezuela are included in Latin America, and Albania and Canada in the West. 
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Another possibility is that OLS estimation of the relationship is inappropriate since the 

dependent variable (SWL) is ordinal rather than cardinal. Henceforth, we concentrate on ordered 

logit (OLogit) estimates because they respect the ordinality of the dependent variable. Tables 3 

and 4 present estimates from OLogit models using regressor specifications corresponding to 

columns (3) and (5) respectively of Table 2. Each table includes estimates based on nine 

(standardized) SWL inequality indices. The Table 3 models include only region indicators (as in 

GHM), whereas Table 4 models include both country and wave indicators. Column (1) of each 

table refers to the same regressor variables as the corresponding specification in Table 2 but 

estimates are derived using OLogit rather than OLS. Each table reports log odds coefficients and 

standard errors are again clustered by country-wave combination. 

<Table 3 near here> 

The estimated coefficients for the income Gini and for per capita income in Table 3 

(models with region indicators) are similar regardless of which index is used to summarize SWL 

inequality. The coefficient on the income Gini is always insignificant and the coefficient on per 

capita GDP is always significantly positive.  

The results for six of the alternative SWL inequality indices are similar to those derived 

using SD (a significant negative relationship with individual SWL); SD* also has a negative, but 

insignificant, coefficient. Perhaps counter-intuitively, however, we estimate the coefficient on 𝐼𝐼0𝐷𝐷 

to be (significantly) positive. We return to this finding when interpreting results of Tables 3 and 

4 together. The explanatory power when 𝐼𝐼0𝑈𝑈 is the SWL inequality index is higher than when any 

of the other SWL inequality measures are used (with a pseudo-R2 of around 0.07 rather than 

0.06).   
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In Table 4 (models with country and wave indicators), we find that in each case the 

coefficient on the income Gini is negative and significant; thus an increase in income inequality 

within countries is associated with lower individual SWL. Per capita GDP remains positive but is 

insignificant in each case, with the wave dummies likely to be capturing the effects of globally 

increasing incomes over time. 

<Table 4 near here> 

We find no association between individual SWL and each of the SD, AF, 𝐼𝐼0.5
𝐷𝐷 , 𝐼𝐼0.9

𝑈𝑈  or 𝐼𝐼0.9
𝐷𝐷  

measures of SWL inequality. SD* has a positive and statistically significant association with 

individual SWL but, since it is based on a cardinality assumption, we do not place much 

emphasis on this result other than noting it as a counter-example to that obtained from using the 

(unadjusted) SD.  

𝐼𝐼0𝑈𝑈 and 𝐼𝐼0𝐷𝐷 both yield significant estimates, as does 𝐼𝐼0.5
𝑈𝑈 . The upward-looking indexes, 𝐼𝐼0𝑈𝑈 

and 𝐼𝐼0.5
𝑈𝑈 , have a similar relationship to that found by GHM (using SD): increased SWL inequality 

within a country is associated with a decline in individual SWL. As in Table 3, 𝐼𝐼0𝑈𝑈 delivers 

(marginally) the highest explanatory power of any of the SWL inequality measures. With 

country and wave fixed effects, we again find a positive relationship (significant at the 1% level) 

between individual SWL and SWL inequality within a country when the latter is measured by 

𝐼𝐼0𝐷𝐷. A similar pattern of oppositely signed coefficients occurs for 𝛼𝛼 = 0.5. We investigate why 

the upward and downward looking CF indices provide apparently conflicting results in the next 

section. 
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VI. UPWARD- VERSUS DOWNWARD-LOOKING INEQUALITY INDICES  

AND A ROLE FOR SKEWNESS 

 

We now take advantage of the distinctive features of the CF approach to inequality 

measurement. As pointed out in Section III, upward-looking and downward-looking CF indices 

provide different estimates (for given α) unless the distribution of responses is symmetric. This 

observation helps us to interpret our findings in Tables 3 and 4 for 𝐼𝐼0𝑈𝑈 and 𝐼𝐼0𝐷𝐷, noting that 

skewness has a greater differentiating impact on the CF indices for low 𝛼𝛼. 

𝐼𝐼0𝑈𝑈 > 𝐼𝐼0𝐷𝐷 when positive skewness is present, i.e. the mass of individuals is concentrated 

towards lower categories coupled with a right tail of high-SWL individuals (as illustrated by 

Case 3 in Appendix Table A2). Interpreting this pattern in the manner of GHM and given the 

negative coefficient on 𝐼𝐼0𝑈𝑈 in Tables 3 and 4, one might conclude that individuals’ SWL is 

lowered in a country in which there is an over-representation of low SWL people relative to a 

symmetric distribution. In effect, there is a negative externality from observing a preponderance 

of unhappy individuals in society. 

𝐼𝐼0𝐷𝐷 > 𝐼𝐼0𝑈𝑈 when negative skewness is present, i.e. when the mass of individuals is 

concentrated towards higher categories coupled with a left tail of low-SWL individuals (as 

illustrated by Case 0 in Appendix Table A2). Given the positive coefficient on 𝐼𝐼0𝐷𝐷 in Tables 3 and 

4, one might conclude that individuals’ SWL is raised in a country in which there is an over-

representation of high SWL people relative to a symmetric distribution: there is a positive 

externality from observing a preponderance of happy individuals in society. This interpretation is 

consistent with the ‘tunnel effect’ observed in transition countries in which envy of others’ 
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success is replaced by a positive demonstration effect that individuals have the scope to improve 

their lot when they see others succeed (Ravallion and Lokshin, 2000). 

We investigate these conjectures further by including both 𝐼𝐼0𝑈𝑈 and 𝐼𝐼0𝐷𝐷 in the same 

regression equation (a specification that also includes country and wave indicators). For 

completeness, we also employ specifications including either  𝐼𝐼0.5
𝑈𝑈  and 𝐼𝐼0.5

𝐷𝐷  or  𝐼𝐼0.9
𝑈𝑈  and 𝐼𝐼0.9

𝐷𝐷 . The 

estimates are presented in columns (1)–(3) of Table 5. In each case, the upward-looking index 

has a statistically significant negative coefficient and the downward-looking index has a 

statistically significant positive coefficient. Thus, the same patterns arise regardless of the degree 

of inequality aversion. Furthermore, the coefficient on the income Gini is significantly negative 

in each specification.  

<Table 5 near here> 

The externality explanation is appealing – and consistent with the hypothesis put forward 

by GHM – but another possibility is that the statistically significant (and contrasting) estimates 

for the pairs of CF indices are simply due to an arithmetic association between individual SWL 

and the indices in the presence of time-varying unobservable factors that affect SWL for some 

individuals. For instance, suppose some time-varying unobservable factor results in the SWL of 

some individuals being reduced so falling into the lower tail of the distribution. This will 

increase measured inequality, particularly as measured by 𝐼𝐼𝛼𝛼𝑈𝑈.16  The correlation of a higher 𝐼𝐼𝛼𝛼𝑈𝑈 

with reduced SWL for some individuals will result in an estimated negative coefficient on 𝐼𝐼𝛼𝛼𝑈𝑈 in 

the SWL regression. In the opposite case, in which the SWL of some individuals increases so 

 
16 For instance, if the proportions for SWL levels 1 to 4 in Case 0 of Table A2 (0.25, 0.25, 0.5, 0) are replaced by 

(0.26, 0.26, 0.48, 0), representing a more pronounced left tail, 𝐼𝐼0𝑈𝑈 increases  by 0.0121 whereas 𝐼𝐼0𝐷𝐷 increases by just 

0.0004. 
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falling into the upper tail of the SWL distribution, we would again see an increase in measured 

inequality, particularly as measured by 𝐼𝐼𝛼𝛼𝐷𝐷.17 The correlation of a higher 𝐼𝐼𝛼𝛼𝐷𝐷 with raised SWL for 

some individuals will result in an estimated positive coefficient on 𝐼𝐼𝛼𝛼𝐷𝐷 in the SWL regression.  

In each of the cases just outlined, the skewness of the SWL distribution alters as a result 

of the changes in unobservable factors. In order to control for this effect, the specifications 

shown in columns (4)–(6) of Table 5 add a measure of skewness as a regressor. The measure of 

skewness that we adopt is the tau-3 index which is based on an L-moments approach (Cox, 

2013).18  

In each case the coefficient on the skewness index is negative and statistically significant 

at the 1% level, indicating that an increase in skewness towards lower categories is associated, 

ceteris paribus, with a worsening in individual SWL consistent with GHM’s intuition (though 

their study did not explicitly examine skewness). Even after controlling for skewness, we 

nevertheless continue to find a significant negative association of 𝐼𝐼𝛼𝛼𝑈𝑈 with individual SWL and a 

significant positive association of 𝐼𝐼𝛼𝛼𝐷𝐷 with individual SWL (albeit with a reduction in the point 

estimates once skewness is accounted for).  

We tested the robustness of the estimated associations further by splitting the sample 

according to whether the country-wave median SWL > mean SWL, and vice versa. The results 

are unaltered: 𝐼𝐼𝛼𝛼𝑈𝑈 is always significantly negative and 𝐼𝐼𝛼𝛼𝐷𝐷 always significantly positive (at the 5% 

level) for each sample split, and with tau-3 always negative (significantly so in 5 of the 6 cases).  

 
17 If the proportions for SWL levels 1 to 4 in Case 3 of Table A2 (0, 0.5, 0.25, 0.25) are replaced by (0, 0.48, 0.26, 

0.26), representing a more pronounced right tail, 𝐼𝐼0𝐷𝐷 increases  by 0.0121 whereas 𝐼𝐼0𝑈𝑈 increases by just 0.0004. 
18 Estimating the models using a measure of skewness equal to the median minus the mean led to very similar 

results. 
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Our estimates indicate that the associations of individual SWL with both upward-looking 

and downward-looking SWL inequality hold after controlling for income inequality and the 

skewness of a country’s SWL distribution. The implications are that having a proportionately 

large group of people which is low in the SWL distribution (i.e. high 𝐼𝐼𝛼𝛼𝑈𝑈 relative to 𝐼𝐼𝛼𝛼𝐷𝐷) is 

associated, ceteris paribus, with lower individual SWL whereas having a large group of people 

which is high in the SWL distribution (high 𝐼𝐼𝛼𝛼𝐷𝐷 relative to 𝐼𝐼𝛼𝛼𝑈𝑈) is associated with higher individual 

SWL; this association holds even after controlling for individuals’ personal characteristics and 

other country characteristics. Our results are consistent with the idea that individuals experience 

negative externalities from seeing large groups of fellow citizens with low SWL and experience 

positive side-effects from seeing large groups of fellow citizens with high SWL. This 

explanation provides a richer interpretation of the effects of SWL inequality than is accorded by 

GHM’s analysis. However, this interpretation remains a conjecture, and investigation into other 

potential explanations is warranted. So too is analysis based on other data sets in addition to the 

WVS. 

 

 

VII. SUMMARY AND CONCLUSIONS 

 

It is plausible that societal inequality impacts on individuals’ wellbeing through negative 

externalities that arise from seeing others faring poorly. It is also plausible that positive 

externalities may arise from observing people faring well. Prior research has shown an 

association between income inequality and individual wellbeing. More recently, the contribution 

of GHM indicates an association between individual wellbeing and SWL inequality. However, 
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the measure of SWL inequality on which GHM focus (SD) is not an appropriate inequality 

measure for ordinal data, and SWL is an ordinal variable.  

We analyze the link between individual wellbeing and SWL inequality using inequality 

measures that have been derived specifically for use with ordinal data. We also extend GHM’s 

econometric specifications. The models that are extended to include country and wave fixed 

effects do not uphold GHM’s findings of a negative association between SWL inequality and 

individual SWL when using their preferred measure of wellbeing inequality (the SD). Some of 

the alternative inequality measures that we employ, however, do provide support to GHM’s 

finding that greater SWL inequality contributes negatively to individuals’ satisfaction with life. 

These include the upward-looking peer-inclusive CF inequality indices incorporating low to 

moderate degrees of inequality aversion (𝐼𝐼0𝑈𝑈 and 𝐼𝐼0.5
𝑈𝑈 ). Paradoxically, when a high degree of 

aversion to inequality (α = 0.9) is assumed, the relationship between 𝐼𝐼α𝑈𝑈 and SWL evaporates; 

but that could be because such a high parameter value does not appropriately represent society’s 

preferences. More paradoxical still is the finding that CF’s downward-looking peer-inclusive 

inequality index indicates the opposite relationship: greater SWL inequality is associated with 

higher individual wellbeing. 

We leverage a property of the CF family of indices to show that skewness of the SWL 

distribution matters for individual SWL in addition to inequality. Nevertheless, when we control 

for skewness, we still find that the upward- and downward-looking measures of inequality have 

opposing effects on individual SWL.  

Our estimates are consistent with a hypothesis that individuals experience negative 

externalities when they see many of their fellow citizens having low SWL, whereas they 

experience positive side-effects when they see many citizens having high SWL. This explanation 
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is certainly plausible. The negative externalities may arise from altruistic components to the 

utility function or from negative societal effects (e.g. crime) arising from people with 

predominantly low SWL. The positive externalities may arise from a tunnel effect when 

observing people doing well, so providing an aspirational example, and/or from their provision 

of beneficial amenities for the wider population.   

Although these explanations are plausible, as are GHM’s inequality findings, they need to 

be tested further lest other (possibly time-varying unobservable) factors are responsible for the 

associations that we find. In extending the research in this direction, a key requirement will be to 

adopt inequality (and skewness) measures, and estimation techniques, that are appropriate for 

ordinal data. Our analysis shows that the practice of applying an inequality index developed for 

cardinal data is inappropriate when dealing with ordinal data. We can learn a lot more by using 

the appropriate tools. 
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TABLE 1 

Rank correlations between 9 SWL inequality indices 

 SD SD* AF 𝑰𝑰𝟎𝟎𝑼𝑼 𝑰𝑰𝟎𝟎𝑫𝑫 𝑰𝑰𝟎𝟎.𝟓𝟓
𝑼𝑼  𝑰𝑰𝟎𝟎.𝟓𝟓

𝑫𝑫  𝑰𝑰𝟎𝟎.𝟗𝟗
𝑼𝑼  𝑰𝑰𝟎𝟎.𝟗𝟗

𝑫𝑫  
SD 1.00         
SD* 0.88 1.00        
AF 0.93 0.71 1.00       
𝐼𝐼0𝑈𝑈 0.50 0.14 0.55 1.00      
𝐼𝐼0𝐷𝐷 0.53 0.44 0.42 0.32 1.00     
𝐼𝐼0.5
𝑈𝑈  0.70 0.39 0.69 0.93 0.55 1.00    
𝐼𝐼0.5
𝐷𝐷  0.78 0.57 0.70 0.70 0.83 0.88 1.00   
𝐼𝐼0.9
𝑈𝑈  0.78 0.53 0.75 0.85 0.66 0.98 0.95 1.00  
𝐼𝐼0.9
𝐷𝐷  0.80 0.56 0.75 0.81 0.71 0.96 0.97 0.99 1.00 

 
Notes. Based on data for 58 countries from WVS wave 5. The inequality indices are explained in 

the main text. 
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TABLE 2 

Estimates from extended WVS specifications (standardised beta coefficients) 

 Dependent variable: SWL (1–10 scale) 
 (1) (2) (3) (4) (5) 
SWL SD –0.147***  –0.151*** –0.048 0.002 
 (0.027)  (0.027) (0.034) (0.036) 
Income Gini coefficient  –0.018 0.027 –0.189*** -0.132** 
  (0.033) (0.030) (0.061) (0.054) 
Log(GDP per capita) 0.198*** 0.276*** 0.196*** 0.202*** 0.045 
 (0.033) (0.029) (0.033) (0.059) (0.064) 
Individual controls Yes Yes Yes Yes Yes 
Region dummies Yes Yes Yes No No 
Country dummies No No No Yes Yes 
Wave dummies No No No No Yes 
No. of observations 302,919 302,919 302,919 302,919 302,919 
R2  0.106 0.092 0.106 0.157 0.160 

 

Notes. Estimates are weighted using the WVS-supplied sample weights. Countries are weighted 

equally. Cluster-robust standard errors in parentheses (clusters are country-wave combinations). 

Individual-level controls comprise sex, age, age squared, education (dummies), and marital 

status (dummies). Statistical significance indicators: * p < 0.1; ** p < 0.05; *** p < 0.01. 
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TABLE 3 

The relationship between SWL and SWL inequality, by inequality index (ordered logit estimates, with region dummies) 

 Dependent variable: SWL (1–10 scale)   
SWL Inequality index: SD SD* AF 𝑰𝑰𝟎𝟎𝑼𝑼 𝑰𝑰𝟎𝟎𝑫𝑫 𝑰𝑰𝟎𝟎.𝟓𝟓

𝑼𝑼  𝑰𝑰𝟎𝟎.𝟓𝟓
𝑫𝑫  𝑰𝑰𝟎𝟎.𝟗𝟗

𝑼𝑼  𝑰𝑰𝟎𝟎.𝟗𝟗
𝑫𝑫  

SWL Inequality –0.253*** –0.0586 –0.319*** –0.624*** 0.182*** –0.457*** –0.124* –0.322*** –0.266***  
(0.0540) (0.0553) (0.0525) (0.0970) (0.0568) (0.0978) (0.0737) (0.0858) (0.0815) 

Income Gini coefficient 0.0604 0.00503 0.0640 –0.0416 –0.0363 0.00622 0.00322 0.0206 0.0197  
(0.0592) (0.0643) (0.0573) (0.0404) (0.0582) (0.0480) (0.0598) (0.0538) (0.0560) 

Log(GDP per capita) 0.359*** 0.465*** 0.330*** 0.251*** 0.471*** 0.316*** 0.463*** 0.376*** 0.403***  
(0.0629) (0.0597) (0.0630) (0.0531) (0.0512) (0.0636) (0.0603) (0.0643) (0.0637) 

Individual controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Region dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Country dummies No No No No No No No No No 
Wave dummies No No No No No No No No No 
No. of observations 302,919 302,919 302,919 302,919 302,919 302,919 302,919 302,919 302,919 
Pseudo-R2  0.0597 0.0573 0.0607 0.0695 0.0584 0.0644 0.0577 0.0610 0.0598 

 

Notes. See Table 2. Reported coefficients are for log odds.  
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TABLE 4 

The relationship between SWL and SWL inequality, by inequality index (ordered logit estimates, with country and wave dummies) 

 Dependent variable: SWL (1–10 scale)   
SWL Inequality index: SD SD* AF 𝑰𝑰𝟎𝟎𝑼𝑼 𝑰𝑰𝟎𝟎𝑫𝑫 𝑰𝑰𝟎𝟎.𝟓𝟓

𝑼𝑼  𝑰𝑰𝟎𝟎.𝟓𝟓
𝑫𝑫  𝑰𝑰𝟎𝟎.𝟗𝟗

𝑼𝑼  𝑰𝑰𝟎𝟎.𝟗𝟗
𝑫𝑫  

SWL Inequality 0.0573 0.131** –0.0100 –0.369*** 0.220*** –0.156** 0.100 –0.0254 0.0179  
(0.0706) (0.0596) (0.0543) (0.0926) (0.0725) (0.0627) (0.0743) (0.0615) (0.0650) 

Income Gini coefficient –0.276** –0.286*** –0.262** –0.206** –0.230** –0.249** –0.261** –0.262** –0.264**  
(0.109) (0.104) (0.111) (0.0865) (0.0973) (0.105) (0.108) (0.110) (0.111) 

Log(GDP per capita) 0.0731 0.0845 0.0806 0.0898 0.0247 0.0947 0.0623 0.0830 0.0771  
(0.125) (0.126) (0.126) (0.101) (0.108) (0.121) (0.123) (0.126) (0.126) 

Individual controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Region dummies No No No No No No No No No 
Country dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Wave dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes 
No. of observations 302,919 302,919 302,919 302,919 302,919 302,919 302,919 302,919 302,919 
Pseudo-R2  0.0747 0.0749 0.0747 0.0758 0.0755 0.0749 0.0748 0.0747 0.0747 

 

Notes. As for Table 3.  
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TABLE 5 

The relationship between SWL and SWL inequality including upward-looking and downward-looking CF measures with a measure of 

skewness (ordered logit estimates, with country and wave dummies) 

 Dependent variable: SWL (1–10 scale) 
 (1) (2) (3) (4) (5) (6) 

 α = 0 α = 0.5 α = 0.9 α = 0 α = 0.5 α = 0.9 
𝐼𝐼𝛼𝛼𝑈𝑈 –0.623*** –1.091*** –5.167*** –0.518*** –0.757*** –2.488***  

(0.0285) (0.0617) (0.348) (0.0438) (0.104) (0.572) 
𝐼𝐼𝛼𝛼𝐷𝐷 0.423*** 0.902*** 5.008*** 0.351*** 0.625*** 2.412*** 
 (0.0280) (0.0585) (0.343) (0.0393) (0.0934) (0.559) 
SWL skewness (tau-3)    –1.331*** –2.153*** –3.413*** 
    (0.374) (0.506) (0.584) 
Income Gini coefficient –0.105** –0.142*** –0.161*** –0.0875** –0.107** –0.100*  

(0.0441) (0.0537) (0.0604) (0.0429) (0.0511) (0.0542) 
Log(GDP per capita) -0.00867 0.0294 0.0501 -0.00445 0.0275 0.0378  

(0.0620) (0.0712) (0.0782) (0.0577) (0.0656) (0.0699) 
Individual controls Yes Yes Yes Yes Yes Yes 
Region indicators No No No No No No 
Country indicators Yes Yes Yes Yes Yes Yes 
Wave indicators Yes Yes Yes Yes Yes Yes 
No. of observations 302,919 302,919 302,919 302,919 302,919 302,919 
Pseudo-R2  0.0782 0.0777 0.0774 0.0782 0.0778 0.0776 

 

Notes. As for Table 3.  
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Appendix–2 

TABLE A1 
 

GHM (Table 3) estimates: WVS base specification 
 
 Dependent variable: SWL (1–10 scale) 
 (1) (2) (3) 
SWL standard deviation –0.17***  –0.17*** 
 (–5.87)  (–6.01) 
Income Gini coefficient  –0.05 –0.01 
  (–1.11) (–0.18) 
Log(GDP per capita) 0.18*** 0.28*** 0.21*** 
 (5.60) (8.34) (5.81) 
Region indicators Yes Yes Yes 
No. observations 271,667 243,875 243,875 

 
Notes. Standardized beta coefficients; cluster-robust t-statistics in parentheses (clusters defined 
by country-wave combination). Individual-level controls include sex, age, age squared, education 
(dummies), and marital status (dummies). Statistical significance indicators: ** p < 0.01; *** p < 
0.001. 
 
  



Appendix–3 

TABLE A2 

SWL Inequality estimates for 4 hypothetical distributions 

 Case 0 Case 1 Case 2 Case 3 
SWL level Population proportions 

1 0.25 0.25 0.0 0.0 
2 0.25 0.25 0.5 0.5 
3 0.5 0.25 0.5 0.25 
4 0.0 0.25 0.0 0.25 
     

Index Inequality estimates 
𝐼𝐼0𝐷𝐷 0.5199 0.5918 0.3465 0.4185 
𝐼𝐼0𝑈𝑈 0.4185 0.5918 0.3465 0.5199 
𝐼𝐼0.5
𝐷𝐷  0.7929 0.9269 0.5858 0.7198 
𝐼𝐼0.5
𝑈𝑈  0.7198 0.9269 0.5858 0.7929 
𝐼𝐼0.9
𝐷𝐷  3.2693 3.9029 2.5784 3.2120 
𝐼𝐼0.9
𝑈𝑈  3.2120 3.9029 2.5784 3.2693 

 
Notes. Examples based on CF’s Tables 2 and 3. SWL categories 1, 2, 3, 4 in the top panel 

correspond to CF’s categories N, G, E, B respectively; population proportions in each case 

correspond to those in CF’s Table 2. Case 0 is negatively (left) skewed, Cases 1 and 2 are 

symmetric, and Case 3 is positively (right) skewed. In the lower panel, values reported for 𝐼𝐼0𝐷𝐷 and 

𝐼𝐼0𝑈𝑈 replicate those in CF’s Table 3; 𝐼𝐼0.5
𝐷𝐷 , 𝐼𝐼0.5

𝑈𝑈 , 𝐼𝐼0.9
𝐷𝐷  and 𝐼𝐼0.9

𝑈𝑈  are calculated as indicated in Section III.  

 

  


