
 
 
 
 

Does inequality enhance life satisfaction? 

A	longitudinal	investigation	

	
 
 

David Bartram 

University of Leicester 
University Road 

Leicester LE1 7RH 
United Kingdom 
d.bartram@le.ac.uk 

 

ORCID: 0000-0002-7278-2270 

 

 

  



 

2 

 

 

Does inequality enhance life satisfaction? 

A longitudinal investigation 
 
 
 
Abstract: 
 
The relationship between inequality and subjective well-being (e.g. life satisfaction) has received 

sustained research attention in recent years – in part, perhaps, because a consensus has proved 

elusive.  Most investigations in this area are cross-sectional: researchers generally perceive a 

constraint to longitudinal analysis, rooted in the view that it is necessary to include controls for 

individual-level determinants of SWB.  I argue here that individual-level controls are not needed 

for this question – and we can then construct a longitudinal analysis by taking country-level 

averages of life satisfaction from repeated cross-sectional data and regressing them (using a 

‘within’ specification) on repeated Gini measures.  We then see, in contrast to some influential 

previous findings, that inequality does not have any substantial positive impact on life 

satisfaction.  In wealthy countries increased inequality has a substantial negative impact on life 

satisfaction, while in poorer countries any effect (positive or negative) is small.  The longitudinal 

analysis presented here is less prone to bias from omission of confounders; there is then reason to 

believe that the findings presented in previous (cross-sectional) research are biased upwards via 

failure to control for unobserved confounders.   

 
 
Keywords: inequality; life satisfaction; panel data; European Values Study; World Values Survey 
 
 
The analysis syntax for this paper is available (anonymously) here: 
https://osf.io/g6743/?view_only=c7c23b14b8a64d61b6c4bdb8a1f7adb4  
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Introduction 

A number of recent articles have explored the association between inequality and subjective well-

being (SWB, e.g. life satisfaction).  But a consensus about this relationship seems elusive.  At a 

global level, the association is variously perceived as flat (e.g. Berg and Veenhoven 2010, 

Mikucka et al. 2017) or positive (e.g. Katic and Ingram 2018). A salient recent trend is to 

consider whether the association differs for different types of countries, with attention to poorer 

vs. wealthier (or ‘advanced’ vs. ‘developing’).  For wealthier countries higher inequality is 

negatively associated with SWB (e.g. Delhey and Dragolov 2014) – but among poorer countries 

higher inequality is apparently associated with higher SWB (e.g. Kelly and Evans 2017).  Given 

the broader concerns provoked by rising inequality over recent decades (Wilkinson and Pickett 

2011), that latter finding is puzzling, perhaps even suspect.   

 
The central point of departure here is that most research on this topic has been conducted in a 

cross-sectional mode.  A small number of recent contributions have used a longitudinal analysis – 

but those studies are mainly limited to investigation of a narrow range of wealthy countries.  

Schröder (2018), for example, finds that inequality has a negative impact on life satisfaction – a 

result that emerges from analysis of panel data from the UK, Germany, Switzerland, Russia, 

South Korea, and Australia.  Ravazzini and Chavez-Suarez (2018) use longitudinal analysis of 

aggregated (country-level) data from the European Social Survey and reach a similar conclusion.  

But for poorer countries the research we currently have is entirely cross-sectional and arguably 

forms a poor basis for drawing causal conclusions.  That view then applies as well to the answers 

given in a ‘global’ analysis (i.e., without making distinctions among countries).   
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This article improves on existing research by reflecting on key methodological points.  Most of 

the findings noted above (and discussed more extensively below) are grounded in a common 

analytical approach: researchers take cross-sectional survey data drawn from individuals, match it 

to country-level data on inequality, and conduct multilevel modelling (MLM) to estimate the 

impact of inequality on SWB.  The use of MLM appears necessary because the data indeed 

involve different levels.  I will argue, however, that this approach entails an unnecessary 

constraint, rooted in a tendency to take for granted what sort of control variables are necessary for 

a question along these lines.  To estimate the impact of inequality (a ‘level-2’ variable), it is 

likely not necessary to include ‘level-1’ control variables, pertaining to individual characteristics.  

From this perspective, we can treat data from repeated cross-sections as country-level panel data 

giving averages of life satisfaction.  These averages (giving information on change in life 

satisfaction over time) can be matched to repeated measures of inequality; a longitudinal analysis 

is then possible, reducing the risks (evident in a cross-sectional analysis) of omitted variable bias 

(Fairbrother 2014; this approach has been used to good effect e.g. in Olivera 2015 and Kragten 

and Rözer 2018).   

 

For an empirical analysis, I take data on life satisfaction from the World Values Survey (WVS) 

and the European Values Study (EVS) over an extended time-frame (1981 to 2020).  I match 

these data to contemporaneous figures for inequality (Gini coefficients) for the same countries; I 

then construct ‘within’ models (a.k.a. ‘fixed effects’ models) that are less susceptible to bias 

especially from omission of potentially relevant time-invariant confounders.  A ‘within’ approach 

gets us closer to what is really of interest in this context: to evaluate the impact of inequality on 

life satisfaction, it is more informative to investigate what happens to life satisfaction in a country 

as that country’s level of inequality changes over time.  Inferring an impact by comparing 
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‘between’ countries (as in most existing research) is a more risky enterprise – again, more 

vulnerable to bias.   

 

To proceed,  I first review existing research, with particular attention to the use of MLM and the 

question of whether ‘level-1’ controls are needed.  The usual sections describing the data, 

presenting the findings, and summarising the key conclusions then follow.  In common with the 

majority of existing research, I report an ‘overall’ impact of inequality on life satisfaction, 

leaving a longitudinal exploration of within-country heterogeneity (i.e., different effects for 

differently situated individuals) for future research. 

 

Previous research 

How (or indeed whether) inequality affects subjective well-being is a topic that has resisted 

resolution even with sustained scholarly investigation.  There is a measure of clarity about the 

nature of that relationship in wealthy countries: in that context, higher inequality is associated 

with lower levels of life satisfaction (Alesina et al. 2004; Delhey and Dragolov 2014; Ravazzini 

and Chavez-Juarez 2017; Schneider 2019; Zagorski et al. 2014).  In contrast, for people living in 

countries that are not part of the wealthy/developed ‘west’ inequality is apparently associated 

with higher levels of subjective well-being (Kelley and Evans 2017), a pattern that is evident in 

Latin America, in particular (Helliwell and Huang 2008; Haller and Hadler 2006).  At a global 

level there is a marked divergence of research findings (Ngabama et al. 2018; Ferrer-i-Carbonell 

and Ramos 2014): in some studies, the relationship is flat (Bjørnskov et al. 2008; Berg and 

Veenhoven 2010, Mikucka et al. 2017), while others find that higher inequality is associated 
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globally with higher levels of life satisfaction and/or happiness (Katic and Ingram 2018; Rözer 

and Kraaykamp 2013).   

 
The idea that inequality could be positively associated with SWB especially in poorer/developing 

countries is typically explained with reference to a ‘tunnel effect’ (Hirschman 1973).  People with 

low incomes might view gains by others as an indication of what they themselves might be able 

to achieve at some future point.  In the short term, gains by others leave me further behind in 

relative terms – but they also give me a basis for hope and optimism, especially in a context 

(characterising many poor countries when Hirschman was writing) where ‘development’ was 

apparently well underway.   

 
The findings described just above are articulated (by the authors themselves) as ‘associations’.  

That language is appropriate because they all emerge from cross-sectional analysis.1  It is 

possible to pose the question in a more ambitious way: does inequality have an effect on 

subjective well-being?  For that question, a cross-sectional analysis has obvious limitations; a 

longitudinal analysis is widely understood to offer a more robust foundation for drawing causal 

conclusions (Brüderl and Ludwig 2015).  A small number of contributions on this topic do work 

in a longitudinal mode.  Schröder (2016, 2018) finds that increases in inequality lead to lower life 

satisfaction in Germany, Australia, Switzerland, South Korea, the UK, and Russia.  Valdmanis 

(2015) uses (American) state-level data and finds that well-being decreased in states where 

inequality had increased; a similar conclusion comes from provincial-level analysis of China (Wu 

and Li 2017).  There are two additional single-country studies: for the USA (Oishi et al. 2011) 

the same (negative) pattern is evident, while for Poland (Grosfeld and Senik 2010) the 

relationship changed over time (rising inequality initially led to an increase in life satisfaction but 

the relationship subsequently turned negative).  
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The longitudinal studies have used data from wealthy/western countries (the main exception, in 

Schröder’s study, 2018, is Russia).  The available longitudinal findings thus mostly confirm what 

the cross-sectional studies have already told us about the inequality→SWB relationship in such 

countries.  We now see evidence not merely of an association but of a causal relationship: 

inequality undermines SWB, at least in wealthier countries.  (The inclusion of Russia in the 

longitudinal portion of Schröder’s 2018 study might stand apart from that conclusion – but the 

Russian contribution to the overall finding is inevitably outweighed by the patterns evident in the 

other five countries.)  As things stand, however, there is no research that helps us move from 

association to causal relationship for the broad range of countries that are not wealthy/western.  

In that context the existing research (again finding that inequality is associated with higher life 

satisfaction) is entirely cross-sectional.   

 

Analytical methods for country-level questions 

The prevailing mode of quantitative analysis in this area is cross-sectional for a reason: suitable 

panel data are available only for a very limited range of countries, most of which are indeed in 

the wealthy/western category.  Most panel datasets are national entities (e.g. the British 

Household Panel Study).  Schröder’s (2018) contribution is an exception: it draws on the ‘Cross-

National Equivalent File’, combining data from six national panel datasets.  But for most poorer 

countries panel datasets containing the needed variables are simply not available.   

 
But the apparent impossibility of a broader longitudinal analysis is, it seems, rooted also in some 

unstated assumptions about how this research question must be addressed.  The default mode is 

to use multi-level modelling of individual-level survey data on life satisfaction and/or happiness 

(with data typically taken from the World Values Survey).  This approach appears to be indicated 
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if we assume that it is necessary to include controls for a range of individual-level variables.  The 

main independent variable, inequality, is a country-level variable – so, with two different levels a 

MLM approach is apparently required.  But the question that has not received sufficient attention 

in this context is: what is the purpose/logic of including individual-level control variables in a 

model intended to tell us about the effect of a country-level variable?   

 
In general, many researchers take a great deal for granted about the selection and function of 

control variables (Author 2021).  When discussed at all, the criterion identified for selection of 

controls is typically: control for ‘other determinants’ of the dependent variable (Y).  What 

matters, ostensibly, is the relationship between the controls and Y.  This criterion is ineffective 

and potentially misleading (Pearl and MacKenzie 2018).  The relevant purpose of control 

variables is to mitigate bias in our estimation of the effect of X on Y (X→Y is a useful 

shorthand).  What matters about controls (here labelled W), then, is not only their relationship 

with Y.  Having identified ‘other determinants’ of Y, we also need to ask: what is the relationship 

between those (potential) controls and X?  We can discern three possibilities.  1) The potential 

control is an antecedent of X (W→X); here we say that W is a ‘confounder’ and must be 

controlled.  2) X is an antecedent of the potential control (X→W); here W is an ‘intervening 

variable’.  3) There is no relationship between X and W.  Only in scenario #1 is it necessary to 

include W as a control.  In scenario #2, inclusion of W will likely cause bias in the estimate of 

X→Y; including it is likely to harm our estimates (Pearl and Mackenzie 2018). In scenario #3, 

inclusion of W will not cause bias in the estimate of X→Y, but W is simply irrelevant.   It is 

essential to have clarity on the relationship between X and W.  In some instances the nature of 

that relationship might not be as clear as we’d like; perhaps the relationship is closer to X↔W.  

But that possibility should not lead us to a practice of ignoring how X and W are related.   
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In the present context, where X is inequality, the question of what controls are needed now 

appears in a different light.  In a MLM framework, inequality is again a ‘level-2’ variable.  When 

X is a level-2 variable (especially a variable describing a country), do we need any individual-

level (‘level-1’) controls?  It seems far from obvious that we do.  The level of inequality seems 

very unlikely to depend on how old individuals are, or what their sex is, or even how educated or 

religious they are.  Among the three scenarios articulated above, we are likely to find that the 

level-1 controls are irrelevant.  That view gets support from close inspection of the results 

presented by Kelley and Evans (2017).  In their Table 1, giving their main results, Model 2 

contains the Gini variable and the per-capita GDP variable (so, equivalent to the results I present 

below – except that Kelley and Evans use cross-sectional analysis).  Model 3 adds individual-

level controls – and (to use their own words) the results are ‘virtually unchanged’.  Level-1 

controls are indeed irrelevant to the estimation of inequality→SWB; that idea makes sense in 

theoretical and methodological terms, and it is borne out in the empirical analysis we already 

have (in an influential contribution to existing research).   

 
This perspective creates a significant opportunity for a different approach in addressing the 

inequality→SWB question.  The availability of multi-country individual-level panel data is very 

limited (note again that Schröder’s 2018 study considered only six countries).  But if we do not 

need individual-level controls, we can treat repeated cross-sectional data as country-level panel 

data, taking country-level averages of the life satisfaction measure (Ravazzini and Chavez-Juarez 

2018).  We can then draw Gini data for the relevant years and construct a ‘within’ analysis that is 

not as vulnerable to omitted variable bias in the way the cross-sectional analyses discussed above 

are likely to be.  This approach will help us move beyond ‘associational’ findings, and in 
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particular to explore whether inequality leads to higher life satisfaction in countries beyond the 

wealthy/western context (the prevailing view suggested by the studies reviewed above).   

 
Is there a danger of ‘ecological fallacy’ here?  The risks associated with aggregation of 

individual-level data have been known for a very long time (e.g. Robinson 1950); suicide rates 

might be higher in countries with a higher proportion of Protestants, but this does not mean that 

Protestants are more likely to commit suicide.  But if we pay close attention to the nature of the 

question (inequality→life-satisfaction), we see that it asks about the impact of a societal-level 

variable, not about the impact of an individual characteristic.  Inequality is again a societal-level 

characteristic: different societies have different levels of inequality. To believe that individual-

level controls are needed in this context to address a potential ecological fallacy, we would again 

have to believe that individual-level variables can have an impact on inequality.  

 

Data and methods 

For the dependent variable, life satisfaction, I combine data from the World Values Survey and 

the European Values Study, covering a period from 1981 to 2020 (Inglehart et al. 2014; EVS 

2020), with seven rounds for the WVS and five rounds of the EVS.  Both datasets include the 

same life satisfaction question (A170), asked in the same format (‘All things considered, how 

satisfied are you with your life as a whole these days?’, with answers given on a scale from 1 for 

‘dissatisfied’ to 10 for ‘satisfied’).   

 
For a Gini measure, I draw on the Solt World Income Inequality Database (SWIID: Solt 2019; 

Solt 2020), offering standardized Gini coefficients covering a wide range of countries.  This 

dataset offers a useful time-range as well: 1960 to 2019 in the aggregate, though not all countries 

have values for all years.  I use the figure corresponding to inequality of ‘disposable’ income (as 
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against ‘market’ income): disposable income is more relevant to people’s lived experience and is 

therefore more relevant to their life satisfaction.  The figures come on a scale that ranges (in 

theory) from 0 to 100.  (If the scale went from 0 to 1, we would struggle to interpret regression 

coefficients that pertained to a 1-unit increase in the independent variable.)  

 
A country can be included in a longitudinal analysis for our purposes only if there are repeated 

measures of life satisfaction and if there are Gini data for corresponding years.  These restrictions 

mean that the analysis presented here necessarily draws on a smaller set of countries, relative to 

what would be available for cross-sectional analysis (where data from a single year would 

facilitate inclusion).  An appendix contains a list of the 78 countries included here.   

 
A key question is whether the impact of inequality on life satisfaction is different for different 

sets of countries.  Kelley and Evans (2017) explore that question by constructing sets of 

‘advanced’ and ‘developing’ countries, using a cut-off of 30 per cent of per-capita GDP in the 

USA in 2005.  I use their lists (drawing on their Table 3) – except that as noted just above some 

countries in both categories cannot be included because there are insufficient data points.  In an 

appendix I present the lists, indicating as well which countries are omitted on this basis.2  (Note 

that Kelley and Evans exclude post-communist countries from their analysis altogether, on 

grounds of their ‘distinctive history’.)   

 
Apart from the post-communist countries, the Kelley/Evans groups omit a number of additional 

countries for which data are now available.  I therefore supplement the ‘advanced vs. developed’ 

analysis with a different grouping, using OECD membership as a criterion.  (Colombia, a new 

member in 2020, is included as a non-OECD member.)  This analysis draws on all 78 countries.   
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I now turn to the question of which country-level controls are needed.  The only variable for 

which there is any sort of consensus is per-capita GDP.  That consensus is apparent in the various 

MLM investigations (cited above), almost all of which include p/c GDP as a control.  In the 

terms of the discussion of control variables above, this selection makes sense if we are confident 

that growth is a determinant of inequality (W→X) – e.g. the view that economic development 

leads first to an increase in inequality and then at a later stage to a decrease (Kuznets 1955).  

Values for per-capita GDP (in constant US dollars, adjusted for purchasing-power parity) are 

taken from the Penn World Tables (available via gapminder.org, see the documentation for V26).  

The variable as used in the model is logged, in line with the idea (first expressed in terms of the 

‘Easterlin paradox’, Easterlin 1974) that if economic growth has any benefit for SWB those 

benefits diminish with further growth for already wealthy countries.   

 
It would be reasonable to ask whether other types of control variables (beyond p/c GDP) might 

be relevant as confounders.  Variables pertaining to political factors might be important: in 

particular, Radcliff (2013) demonstrates that a comprehensive welfare state contributes to 

happiness (while also having an obvious impact on economic inequality).  If the analysis here 

covered only the wealthy democracies, it would be straightforward to incorporate data on 

welfare-state typologies and/or expenditures.  That task is made much more challenging by the 

fact that the analysis below extends well beyond countries of that type.  The analysis addresses 

this angle by using an inequality measure rooted in ‘disposable’ income (as noted above).  This 

version pertains to ‘post-tax, post-transfer’ income (Solt 2020); the data thus already reflect the 

consequences of a key welfare state function.  
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The findings presented below are drawn from ‘within’ analyses of these country-level panel data.  

The coefficients derive from change over time in departures from each country’s mean values on 

the dependent and independent variables.  The coefficients tell us whether life satisfaction 

increases or decreases (or neither) as inequality increases (or decreases).  That question is 

answered in a way that controls for any time-constant differences between countries.  The 

possibility of omitted variable bias is thus mitigated in respect of country characteristics that do 

not change.  Any countries for which the Gini coefficient does not change would be included as a 

‘control group’ by adding a (dummy) year variable to the model; that specification helps us see 

whether the dependent variable changes even when the independent variable does not (and sets 

any ‘treatment group’ change against that underlying trend; see Brüderl and Ludwig 2015).   

 
The analysis below uses two types of weighting.  There are two related risks from unweighted 

analyses.  Ignoring sample design weights can lead to biased estimation of the aggregated life 

satisfaction measures; design weights are offered in general for the purpose of facilitating 

analytical results that more closely reflect the population the sample was constructed to represent.  

The WVS and the EVS datasets include design weights, and I use them below in constructing 

country-level averages of life satisfaction (which become the ‘input’ for the dependent variables 

in the regression analyses).   

 
I also construct and use population weights for the regression models reported below.  If 

population weights are not used, we conduct an analysis that gives equal weight to the experience 

of each country included, regardless of population size; as Deaton (2021) notes, this approach 

yields findings that are potentially sensitive to the inclusion vs. exclusion of small countries.  Use 

of population weights offers us results that give more weight to the experiences of more populous 

countries – an approach better suited to the analysis of people’s subjective experiences.  I 
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calculate average population figures for each country over the period 1981 to 2020; I then 

construct ratios of these country-level figures to the overall average across this period.  In the first 

instance these calculations are performed for all countries analysed here; I also create separate 

sets of weights for each of the groupings identified above, using the same procedure.  

 
Departing from conventional practice, I will not draw conclusions by using ‘p<0.05’ as a decision 

rule.  For analysis of individual-level data, use of statistical significance is perhaps easier to 

justify: that practice might help us learn whether, having calculated a result from analysis of 

sample data, something similar can be anticipated in the relevant population (Cox 1958) .  But 

this step requires having a sample that is in fact representative of the relevant population.3  

Statistical significance cannot tell us about the ‘significance’ of results in other senses, e.g. 

whether results are important, perhaps because the effects are large (Bernardi et al. 2017).  

(Findings are sometimes presented as ‘significant’ even when effects are small; significance in 

that circumstance is typically rooted in a large sample size, which leads to smaller standard 

errors, all else equal.)   

 
The important consideration for our purposes arises from the fact that we are using country-level 

measures.  The countries included in the analysis below cannot be considered a representative 

sample of a broader population of countries.  On the contrary: there are good reasons to think that 

the countries for which we do not have data are likely quite different from the countries for which 

we do have data.  That idea seems especially pertinent to the analysis of poorer/non-western 

countries: the conditions for conducting surveys might be absent especially in very poor and/or 

unstable countries.  The values for life satisfaction and inequality alike could well be different in 

such countries.  We cannot reasonably extrapolate from the sample to a broader population here, 

and so ‘p<0.05’ is not a relevant quantity.  It would not tell us anything meaningful about the 
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countries for which we do have data.  (Dividing a coefficient by its standard error is not a proper 

calculation of effect size.)  That point is pertinent also to wealthier/western countries, most of 

which are represented in the data/analysis: here as well there is no role for extrapolation and 

therefore no need for ‘p<0.05’.  (This discussion applies also to the interpretation of ‘Level-2’ 

coefficients in MLM models unless the Level-2 units have been selected as a representative 

sample of a Level 2 population – see Lucas 2014.)   So, instead of ‘p’ I focus the discussion on 

effect size.  I do however report standard errors to enable readers to form their own views about 

statistical significance.   

 
Table 1 offers descriptive values for the key variables, iterated over the groupings of countries 

identified above. 

[Table 1 here] 

 

Results 

Table 2 presents coefficients from ‘within’ models of average (country-level) life satisfaction – 

first for the entire set of countries, and then in two pairs corresponding to different notions of 

how they might be categorised.  The first column (‘All’) tells us that in general an increase in 

inequality leads to a decrease in average life satisfaction.  More precisely, a one-unit increase in 

the Gini index leads to a decline in life satisfaction of 0.033 points on the ten-point life 

satisfaction scale.   

 
The question is then what to make of this amount.  As noted above, it cannot sensibly be 

evaluated with reference to statistical significance; we are not in a position to consider whether 

the ‘sample’ result (i.e., drawing on these 78 countries) can be generalized to a larger population 

of countries.  The fact that the coefficient is more than twice the size of its standard error does not 
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help us know whether this is a ‘significant’ result.  Instead we must work a bit harder to evaluate 

the size of the effect.    

 
[Table 2 here] 

 
Several quantities become potentially useful for that purpose.  Table 1 contains minima and 

maxima for each variable; for the Gini, it also contains values at quartile boundaries.  These 

values enable us to address the following question: if a country moved from a Gini value at the 

75th percentile to the 25th percentile (or vice-versa), what change would we anticipate in average 

life satisfaction (via multiplication of the model coefficient by that difference)?  For the entire set 

of countries, the answer (from 0.033 * [39.9 – 27.8]) to that question is: an increase in life 

satisfaction of 0.40.   

 
A reduction in inequality of that magnitude would be ambitious.  It likely needs describing as too 

ambitious, unlikely to have genuine practical/real-world relevance.  The first model includes a 

very broad range of countries.  One reason to consider poorer vs. wealthier countries separately is 

that countries in these groupings tend to have different levels of inequality (higher in poorer 

countries, lower in wealthier countries).  A change in inequality means something qualitatively 

different depending on what the starting point is, in part because poorer and wealthier countries 

would generally have different starting points.  Comparing the width of the spans also helps us 

see the point: for ‘all’ countries the 25th– 75th percentile span is 12 points wide (27.8 to 39.9).  

For sub-groups of countries the spans are much smaller, e.g. 7.7 for Advanced countries and 7.6 

for Developing countries.  Those smaller ranges give us something that corresponds to changes 

within a more reasonable realm of possibility (even if the current prospects for substantial 

reductions in inequality seem remote).   
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The rest of the columns therefore consider these issues in a finer grain, addressing the question of 

whether inequality has different effects for differently situated sets of countries.  A ‘within’ 

analysis that draws on Kelley and Evans’ (2017) distinction of Advanced vs. Developing 

countries leads to conclusions that depart from their own.  Kelley and Evans found that inequality 

was unrelated to SWB for Advanced countries and positively related to SWB for Developing 

countries.  The second and third columns of Table 2 tell us instead that increases in inequality 

lead to decreases in life satisfaction for both groups.  The impact for Developing countries is 

somewhat smaller (relative to the impact for Advanced countries) – but for both groups the 

impact is indeed negative.  For Advanced countries, the potential life-satisfaction cost of moving 

across the 25th– 75th percentile range in that group is 0.37 – more than a third of a point on the 

10-point scale.  For Developing countries the corresponding figure is 0.27.   

 
Another way of exploring whether different patterns are evident in different groupings of 

countries uses OECD membership; this grouping makes better use of the information available 

(i.e., analysing all countries for which the required data are available).  The fourth column tells us 

that in OECD countries inequality has a negative impact on life satisfaction: a one-point increase 

in Gini leads to a 0.045 decline in average life satisfaction.  An OECD country that achieved a 

substantial reduction in inequality, moving from the 75th to the 25th percentile (for that grouping), 

could perhaps achieve an increase in average life satisfaction of 0.33.  In non-OECD countries, 

on the other hand, an increase in inequality leads to an increase in life satisfaction (b=0.020).  A 

non-OECD country moving from the 25th to the 75th percentile could perhaps achieve an increase 

in average life satisfaction of 0.20.  An outcome of that sort would hardly be negligible, though it 

is a smaller gain than the amount pertaining to a similar decrease in inequality among the OECD 

countries.   
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Recall that Kelley and Evans (2017) excluded post-communist countries from their analysis 

entirely.  We might then ask whether a distinct effect (perhaps a positive one) is likely to be 

found among post-communist countries.  The final column of Table 2 indicates that inequality in 

post-communist countries in fact has a negative impact on average life satisfaction (b=–0.019).  

This is a smaller impact than what is found among Advanced and Developing countries – but in 

line with most other results the impact is negative, not positive.   

 
An evaluation of effect size constructed against movement from the 25th to the 75th percentile of 

the Gini measure (or vice-versa), even within groupings of more similar countries, might still 

seem to give us a sense of merely ‘hypothetical’ gains/losses.  Most countries did not experience 

a change in Gini of a magnitude that corresponds to that span.  For some, however, the change 

was very substantial.   The Gini coefficient for India increased from 41.1 in 1989 to 49.5 in 2011 

(i.e., more than the 25th–75th percentile ranges for Developing/non-OECD countries).  Average 

life satisfaction in India declined from 6.7 in 1990 to 5.8 in 2006, then rising to 6.5 in 2012.  The 

later rebound is heartening (though life satisfaction in India in 2012 was still lower than in 1990).  

But the other pertinent fact is that per-capita GDP in India increased by more than 150 per cent 

during this period.  The patterns evident here suggest that life satisfaction for India as a whole 

might have increased (rather than decreasing) if the gains of this substantial economic growth had 

been distributed more evenly (Oishi and Kesebir 2015).   

 
To explore a country at the other end of the scale, consider Sweden.  Average life satisfaction in 

Sweden in 1982 was slightly more than 8.  It declined continuously through 2011, reaching a low 

of 7.5, and then rebounded to 7.8.  In Sweden as well, per-capita GDP increased during this 

period, by almost 81 per cent.  Here as well the substantial increase in inequality in Sweden 
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(from 20.3 to 26.2) appears to have undermined life satisfaction gains that might otherwise have 

been available.  That point becomes more general when we remember that inequality increased in 

most wealthy countries in recent decades (among OECD countries, only Chile, Greece, Mexico, 

Iceland and Turkey experienced a decrease of more than one Gini point), and in a substantial 

number of non-wealthy countries as well.   

 
There are of course countries where inequality and life satisfaction increased together.  In 

Bulgaria, average life satisfaction in 1991 was 5.0; by 2017 it had risen to 6.5  The increase in 

Bulgaria’s Gini coefficient was likewise substantial: from 29.0 to 37.1.  Rising inequality does 

not appear to have impeded an increase in average life satisfaction in that country (an outcome in 

line with the model result suggesting that any impact of inequality in the post-communist 

countries is small).  On the other hand, inequality did decline substantially in some countries: 

Mexico experienced a decline (48.5 in 1980, falling to 43.1 in 2017) – and during the same 

period average life satisfaction rose from 8.0 to 8.5 in 2012 before falling back to 8.2 in 2018.   

 
From most angles, then, rising inequality has a negative impact on life satisfaction at country 

level. Using the Kelley/Evans (2017) groupings (Advanced vs. Developing), the effect is 

negative in both categories, even if smaller in the Developing countries.  Only for the grouping of 

non-OECD countries do we see any indication of a positive impact – and that impact is smaller 

than the negative impact seen for other categories of countries.  For those who might want a more 

conventional evaluation of that result (dividing it by its standard error), the conclusion would be 

‘failure to reject the null hypothesis’.   
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Conclusion 

A key question in recent research on this topic is: does inequality have a different relationship 

with life satisfaction for differently situated countries (especially: poorer vs. wealthier, or 

developing vs. advanced)?  The results presented here support the conclusion that there are 

indeed different patterns.  But there is little support for the notion that inequality has positive 

impacts on life satisfaction among poorer countries.   

 
Previous research has generally produced results that are reasonably described as upwardly 

biased, relative to the results from the ‘within’ models presented above.  (Compare Kragten and 

Rözer 2018, for a similar pattern of cross-sectional vs. longitudinal results regarding inequality 

and health.)  There are good reasons to prefer the results presented in this article.  The ‘within’ 

models are less likely to suffer from omitted variable bias; for any time-invariant confounders the 

‘within’ specification renders such variables irrelevant.  Analysis in this mode helps dispense 

with any tendency to perceive that inequality, at a global level, has a positive impact on 

subjective well-being (as in Katic and Ingram 2018; Rözer and Kraaykamp 2013).  For the broad 

range of countries investigated here (the analysis of ‘all’ countries), the average/overall effect is 

unambiguously negative.   

 
Drawing conclusions from models that do not include long lists of control variables might 

generate discomfort.  But the tendency to assume that ‘more is better’ leads to an approach that 

Pearl and MacKenzie usefully describe as ‘wasteful and ridden with errors’ (2018, 139).  To 

minimize bias in our estimations, we should seek to control for the right variables – resisting any 

tendency simply to control for more variables.  As argued above, adding control variables can 

sometimes (i.e., when X→W) exacerbate bias instead of remedying it.  Above all we should have 
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clarity on the logic of including any particular control.  The key benefit of clarity in this context 

is that we can reasonably choose to ignore individual-level variables as controls and thereby 

construct a longitudinal analysis using country-level measures.  Of course, the findings offered 

here give only an ‘average’ effect at the level of countries; if we wanted to know about effect 

heterogeneity at the level of individuals (e.g. for poorer vs. wealthy people) we would need to use 

individual-level data.  The research here is aligned to previous research that was likewise 

intended to consider ‘average’ effects of inequality – a description that applies to most of the 

studies reviewed above. 

 

If inequality does not enhance subjective well-being (even in poorer countries), we would want to 

reconsider certain policy implications derived in previous research.  For example: ‘current efforts 

by the World Bank directed towards reducing income inequality are potentially harmful to the 

well-being of the citizens of poor countries’ (Kelley and Evans 2017, 21, emphasis in original).  

That assertion follows from their summary of findings: ‘in developing nations inequality is 

certainly not harmful but probably beneficial’ (2017, 1).  That latter statement uses causal 

language – but the research that underpins it uses a cross-sectional design.  The analysis in this 

article again gives us reason to believe that previously published results (i.e., the ones that use a 

cross-sectional design) are upwardly biased – a conclusion that puts in doubt the idea that 

inequality should be tolerated because it might enhance people’s well-being.   
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Appendix  

Methodological summary of the World Values Survey and the European Social Study:   

The World Values Survey and the European Values Study share a common history and have 

developed in tandem, with a high degree of harmonization between them and among the 

participating countries.  The mode of data collection is face-to-face.  Mode of sample selection is 

via probabilistic representative sample, universally since 2008 (in earlier rounds use of a quota 

method was permitted).  In earlier rounds the minimum target sample size was 1000; the 

minimum was increased to 1500 in 2008 and then reduced to 1200 in 2017.  The mean sample 

size per round for the countries analysed here was 1506.  In 21 instances the achieved sample fell 

below 1000 participants; the mean across those instances was 864, with a low of 466 for Slovakia 

in 1990.   

 

Country groupings: 

 

‘All’:	Albania,	Argentina,	Armenia,	Australia,	Austria,	Bangladesh,	Belarus,	Belgium,	Brazil,	
Bulgaria,	Canada,	Chile,	China,	Colombia,	Croatia,	Czech	Republic,	Denmark,	Ecuador,	Egypt,	
Estonia,	Finland,	France,	Georgia,	Germany,	Ghana,	Greece,	Hong	Kong,	Hungary,	Iceland,	
India,	Indonesia,	Iran,	Ireland,	Italy,	Japan,	Jordan,	Kenya,	Kyrgyzstan,	Latvia,	Lithuania,	
Luxembourg,	Macedonia,	Malaysia,	Mexico,	Moldova,	Morocco,	Netherlands,	New	Zealand,	
Nigeria,	Norway,	Pakistan,	Panama,	Peru,	Philippines,	Poland,	Portugal,	Romania,	Russia,	
Rwanda,	Serbia,	Singapore,	Slovakia,	Slovenia,	South	Africa,	South	Korea,	Spain,	Sweden,	
Switzerland,	Taiwan,	Thailand,	Turkey,	Ukraine,	United	Kingdom,	United	States,	Uruguay,	
Venezuela,	Vietnam,	Zimbabwe	
	

‘Advanced’	(per	Kelley/Evans	2017):	Australia,	Austria,	Belgium,	Canada,	Cyprus,	Denmark,	
Estonia,	Finland,	France,	Germany,	Greece,	Iceland,	Ireland,	Italy,	Japan,	Korea	(South),	
Luxembourg,	Mexico,	Netherlands,	New	Zealand,	Norway,	Portugal,	Singapore,	South	Africa,	
Spain,	Sweden,	Switzerland,	Taiwan,	United	Kingdom,	United	States.		(The	following	
countries	were	included	in	Kelley/Evans’	‘advanced’	group,	but	data	is	not	available	for	
them	for	the	analysis	here:	Israel,	Malta,	Puerto	Rico,	Saudi	Arabia,	Trinidad/Tobago,	
Northern	Ireland.)	
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‘Developing’	(per	Kelley/Evans	2017):	Argentina,	Bangladesh,	Brazil,	Chile,	Colombia,	
Egypt,	Ghana,	India,	Indonesia,	Iran,	Iraq,	Jordan,	Korea	(South),	Malaysia,	Mexico,	Morocco,	
Nigeria,	Pakistan,	Peru,	Philippines,	Rwanda,	South	Africa,	Thailand,	Turkey,	Uruguay,	
Venezuela.		(The	following	countries	were	included	in	Kelley/Evans’	‘developing’	group,	but	
data	is	not	available	for	them	for	the	analysis	here:	Algeria,	Burkina	Faso,	Dominican	
Republic,	El	Salvador,	Ethiopia,	Guatemala,	Iraq,	Mali,	Malta,	Tanzania,	Uganda,	Zambia.)	
	
Post-communist:	Croatia,	Czech	Republic,	Estonia,	Hungary,	Kazakhstan,	Kyrgyzstan,	
Latvia,	Lithuania,	Macedonia,	Poland,	Russia,	Slovakia,	Slovenia,	Ukraine	
 

 

Notes 

                                                
1 The article by Mikucka et al. (2017) might be considered ‘longitudinal’, in part for the way it 

uses data over an extended time-period (1981-2012).  But their models are cross-sectional multi-

level regressions that discern the effect of changing inequality levels by incorporating change 

scores for inequality (as well as change for p/c GDP).  These models are not ‘longitudinal’ in the 

sense that they control for fixed effects.   

 
2 Mexico and South Korea are included by Kelley and Evans in both groups; I follow their lead 

here as well.   

 
3 There are however some potential logical fallacies that merit consideration, e.g. via Engman 

2013 or Carver 1978.   
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Table 1: Descriptive/univariate quantities 

  	Variable	
Mean	

(weighted)	
St.	dev.	
(overall)	

St.	dev.	
(within)	 Min	 Max	 p25	 p75	

All 
Life	satisfaction	 6.79	 0.95	 0.48	 3.73	 8.51	 	 	

Gini	 38.7	 8.6	 1.86	 17.5	 63.1	 27.8	 39.9	

p/c	GDP,	$US	2011	 14,505	 15,077	 5928	 1,135	 97,864	 		 		

‘Advanced’ 
Life	satisfaction	 7.32	 0.54	 0.22	 5.33	 8.51	 	 	

Gini	 33.2	 5.5	 1.5	 20.3	 49.3	 25.9	 32.6	

p/c	GDP,	$US	2011	 34,122	 12,653	 7030	 5,805	 97,864	 		 		

‘Developing’ 
Life	satisfaction	 6.59	 0.84	 0.47	 4.85	 8.51	 	 	

Gini	 44.3	 7.1	 1.84	 29.6	 63.1	 40.8	 48.4	

p/c	GDP,	$US	2011	 7,200	 6,541	 3327	 1,135	 35,938	 		 		

OECD 
Life	satisfaction	 7.24	 0.73	 0.34	 4.90	 8.51	 	 	

Gini	 33.5	 6.6	 1.8	 17.5	 50.6	 25.4	 32.7	

p/c	GDP,	$US	2011	 31,911	 13,223	 6550	 5,805	 97,864	 		 		

Non-OECD 
Life	satisfaction	 6.60	 1.01	 0.60	 3.73	 8.42	 	 	

Gini	 40.9	 8.4	 2.0	 22.6	 63.1	 33.0	 42.8	

p/c	GDP,	$US	2011	 7,275	 10,774	 3321	 1,135	 76,034	 		 		

Post-
communist 

Life	satisfaction	 5.97	 0.87	 0.63	 3.95	 8.40	 	 	
Gini	 31.3	 4.6	 2.3	 17.5	 37.0	 24.5	 32.3	
p/c	GDP,	$US	2011	 17,304	 7,465	 4332	 2,144	 31,295	 		 		
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 Table 2: ‘Within’ models of life satisfaction 

 All Advanced Developing OECD non-OECD 
Post-

communist 

Gini -0.033 -0.055 -0.036 -0.045 0.020 -0.019 

 (0.013) (0.015) (0.031) (0.015) (0.024) (0.035) 

Logged GDP p/c 0.204 0.396 -0.080 0.567 0.133 0.325 

 (0.099) (0.192) (0.471) (0.180) (0.171) (0.372) 

Year dummies? yes yes yes yes yes yes 

       

N 364 148 100 199 165 73 

R2 0.375 0.269 0.392 0.349 0.479 0.863 

Standard errors are given in parentheses.  The analysis covers the time period 1981 – 2020.  

 

 


