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Abstract: I discuss a new approach which decomposes inequality into the contributions of 
population groups by income sources. I estimate a matrix with rows and columns which indicate 
different population groups and income sources respectively, with each element indicating the 
marginal change in the inequality contribution of a group (as measured by the recentered influence 
function) when an income source is added and with all contributions adding up to overall 
inequality. The approach can be used to analyse the contributions of groups and sources to the 
trend in inequality over time (or between distributions), disentangling the effect of changes in the 
composition of the population by groups and changes in their income distribution by sources. An 
empirical application characterizes the distributional change in Spain following the Great 
Recession, defining population groups based on household labour market attachment, with 
disposable income sources including gross primary income, social benefits, and direct taxes. The 
results show that the increase in inequality can, to a large extent, be attributed to a compositional 
effect, with rising market income inequality driven by the massive increase in unemployment, 
which is only partially compensated for by the higher equalizing effect of social protection through 
different population groups. This trend partially reversed after 2014. The analysis also identifies 
important distributional changes. 

Key words: decomposition, Great Recession, inequality, income sources, population groups, 
Spain 
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1 Introduction 

The analysis of inequality requires the combination of measures which quantify the phenomenon 
and analytical tools that identify the type of distributional changes which drive inequality trends. 
Among these tools, the analysis of inequality by population groups and by income sources has 
played an important role in understanding which characteristics of households or individuals (e.g. 
place of residence, ethnicity, education, labour market attachment, etc.) and which income sources 
(e.g. earnings, capital income, social benefits, taxes, etc.) most contribute to explaining inequality 
at a given moment in time and, more importantly, its changes over time and the differences across 
countries or regions. These simple decompositions have produced a prolific literature investigating 
the properties of the different approaches (for a review, see Chakravarty 2009).  

The literature has identified the different ways in which overall inequality indices can be aggregated 
as a function of inequalities between groups and within groups, with additively decomposable 
measures (characterized by Shorrocks 1984) becoming the most popular in empirical analyses. 
More recently, this approach has been extended by attributing to each group its contribution to 
overall inequality or to each between-group or within-group component (Gradín 2018). However, 
the literature has also investigated how different income sources contribute to total inequality 
depending on how they change inequality after adding that source (i.e. marginal approaches, 
following Musgrave and Thin 1948) or based on their association with total income, i.e. natural 
decomposition of indices that can be written as the weighted sum of incomes (e.g. Shorrocks 1982; 
Morduch and Sicular 2002). These analyses have been recently complemented with the use of 
regression-based techniques that identify the contribution to inequality of several household 
characteristics at a time, by directly regressing the log of income and then using decomposition 
properties of the variance of logs (Fields 2003; Yun 2006), by reweighting (DiNardo et al. 1996), 
or by linearizing inequality indices using their ‘recentered influence function’ (RIF) (Firpo et al. 
2007, 2009). These methods have become quite popular in distributional analysis, producing a 
decomposition of distributional changes into compositional and structural effects as an extension 
of the Blinder–Oaxaca method applied to average differentials in income between two 
distributions. However, there is little integration of these different tools that have been developed 
in different branches of the literature. 

This paper, therefore, proposes a simple approach to analyse inequality that integrates the joint 
analysis of population groups and income sources, in a way that is consistent with the use of RIF 
regression-based decompositions. In doing so, it extends the approach in Gradín (2018) and 
estimates the contribution of a group to inequality through a specific income source based on the 
marginal change in the RIF contribution of the group when the source is added. This provides a 
consistent decomposition with several attractive properties. Given that each group contribution 
can be expressed as the product of the group population share and the average contribution of the 
group (based on its distribution), this enables the implementation of a Blinder–Oaxaca-type 
decomposition of the differential in inequality between two distributions into a compositional 
effect (changes in population sizes) and a structural effect (changes in the distribution of groups 
by income source). That is, this is an application of the extended Blinder–Oaxaca decomposition 
proposed by Firpo et al. (2007, 2009). This decomposition can also be implemented in two stages, 
by computing the aggregate decomposition using reweighting and the detailed decomposition 
using RIF, making sure that distributional contributions are independent of group sizes. Given 
that the approach is integrated into the RIF-regression framework (with or without reweighting), 
the decomposition can be estimated conditional on other covariates too. It can also refer to overall 
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inequality and to the between-group or within-groups terms separately (which in the case of 
additively decomposable indices will add up to the overall level). 

The approach is illustrated using an empirical analysis of the changes in income inequality in Spain 
after the Great Recession. This is a particularly interesting case to study because of the magnitude 
of changes in overall inequality, employment, and incomes. Indeed, Spain witnessed a large 
increase in inequality after being severely hit by the Great Recession when the housing bubble 
burst, triggering a dramatic financial crisis that affected households, businesses, and the public 
sector. Real per capita gross domestic product (GDP) fell by 10 per cent between 2007 and 2014 
only reaching the pre-crisis level in 2017, while the fiscal balance fell from a surplus of 1.9 per cent 
of GDP before the recession to a deficit of 11 per cent in 2009 (2.5 per cent in 2018).1 This crisis 
resulted in massive unemployment (the annual rate rose from 8 per cent to 26 per cent in 2013), 
particularly affecting the most vulnerable groups, with a limited response from the government 
which was constrained by Spain being a member of the eurozone. Despite that, expenditure in 
social protection benefits (excluding old-age and survivor benefits) accounted for 11.3 per cent of 
GDP in 2007. It rose to its highest level of 14.2 per cent in 2011, largely pushed by unemployment 
benefits, before declining again to 11.9 per cent in 2016. The increase in inequality only started to 
be gradually reversed after 2014, in line with the improvement in employment levels (15 per cent 
unemployment in 2018), even though much of the employment was of low quality due to the 
proliferation of part-time, temporary, and low-paying jobs.  

In this scenario, an analysis that combines population groups and income sources can help us to 
better understand the channels of the distributional changes triggered by the recession and the 
subsequent recovery. Given that inequality is more commonly measured by pooling disposable 
income within households, our analysis is be done by type of household. Households are classified 
based on the intensity of employment of their working-age members (from inactive to fully 
employed households). The analysis considers the various sources of household income, including 
gross market income, and the redistributive effect of different social benefits (pensions, 
unemployment, and other) and direct taxes. Information on income makes extensive use of 
administrative records, which is expected to improve the accuracy of self-reported income data 
which can be subject to the well-known problem of underestimation of some income sources in 
survey data.  

The paper proceeds as follows. Section 2 explains the methodology, Section 3 describes the data 
and main definitions, Section 4 presents the results of the contributions by groups and income 
sources, and Section 5 provides the results of the Blinder–Oaxaca decomposition. Section 6 
concludes. 

2 Methodology 

In this approach, I consider the analysis of inequality jointly by population groups and by income 

sources. Let us consider a population represented by a 𝑁𝑁 × 𝐽𝐽 matrix 𝒚𝒚 with rows indicating 
individuals and columns indicating income sources: 

 

1 Data from Eurostat database (Eurostat n.d.). 
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𝒚𝒚 = �𝑦𝑦11 … 𝑦𝑦1𝐽𝐽
… … …𝑦𝑦𝑁𝑁1 … 𝑦𝑦𝑁𝑁𝐽𝐽�. 

Such that 𝑦𝑦𝑖𝑖𝑗𝑗 (𝑖𝑖 = 1, … ,𝑁𝑁; 𝑗𝑗 = 1, … , 𝐽𝐽) is the value of (disposable) income source 𝑗𝑗 accrued by 

individual 𝑖𝑖, after attributing each individual their household income taking into account household 

size, with 𝑦𝑦𝑗𝑗 = ∑ 𝑦𝑦𝑖𝑖𝑗𝑗𝑖𝑖  representing the total income of source 𝑗𝑗 held by the entire population, and 𝑦𝑦𝑖𝑖 = ∑ 𝑦𝑦𝑖𝑖𝑗𝑗𝑗𝑗  total income (from all sources) possessed by individual 𝑖𝑖. Overall total income in the 

population is 𝑦𝑦 = ∑ 𝑦𝑦𝑖𝑖𝑖𝑖 = ∑ 𝑦𝑦𝑗𝑗𝑗𝑗 = ∑ ∑ 𝑦𝑦𝑖𝑖𝑗𝑗𝑗𝑗𝑖𝑖 . I also consider an exhaustive partition of the 

population made up of 1 ≤ 𝐾𝐾 ≤ 𝑁𝑁 groups. Let {𝑘𝑘} be the population subset of 1 ≤ 𝑁𝑁𝑘𝑘 ≤ 𝑁𝑁 

individuals in group 𝑘𝑘. 

The 𝐾𝐾 × 𝐽𝐽 inequality contribution matrix 𝑺𝑺 is given by: 

𝑺𝑺 = �𝑆𝑆11 … 𝑆𝑆1𝐽𝐽
… … …𝑆𝑆𝐾𝐾1 … 𝑆𝑆𝐾𝐾𝐽𝐽�, 

where 𝑆𝑆𝑘𝑘𝑗𝑗 is the absolute contribution of group 𝑘𝑘 to overall inequality 𝐼𝐼(𝒚𝒚) through source 𝑗𝑗. The 

corresponding row sum 𝑆𝑆𝑘𝑘 = ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑗𝑗  is the total inequality contribution of group 𝑘𝑘, while the 

column sum 𝑆𝑆𝑗𝑗 = ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑘𝑘  is the total inequality contribution of source 𝑗𝑗.  
The decomposition is fully consistent if total group and total source sums add up to overall 
inequality: 𝐼𝐼(𝒚𝒚) = ∑ 𝑆𝑆𝑘𝑘𝑘𝑘 = ∑ 𝑆𝑆𝑗𝑗𝑗𝑗 = ∑ ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑗𝑗𝑘𝑘 . 

Then 𝑠𝑠𝑘𝑘, 𝑠𝑠𝑗𝑗 and 𝑠𝑠𝑘𝑘𝑗𝑗 indicate the corresponding relative group, source, and group by source 

contributions after dividing the absolute values by 𝐼𝐼(𝒚𝒚). 

Ideally, the method to obtain 𝑆𝑆𝑘𝑘𝑗𝑗 should be consistent with how the literature has so far obtained 𝑆𝑆𝑘𝑘 and 𝑆𝑆𝑗𝑗 separately, in order to provide an integrated approach that is furthermore in line with 
partial analyses of sources and groups. 

2.1 Population groups 

Following Gradín (2018), I estimate 𝑆𝑆𝑘𝑘 as the change in inequality of marginally increasing the 

relative size of group 𝑘𝑘. That is, 𝑆𝑆𝑘𝑘 will be the sum of the per capita value of the RIF for all its 
members: 𝑆𝑆𝑘𝑘�𝐼𝐼(𝒚𝒚)� =

1𝑁𝑁∑ 𝑅𝑅𝐼𝐼𝑅𝑅(𝑦𝑦𝑖𝑖, 𝐼𝐼(𝒚𝒚))𝑖𝑖∈{𝑘𝑘} . 

The influence function of an inequality index 𝐼𝐼𝑅𝑅(𝑥𝑥, 𝐼𝐼(𝒚𝒚)) measures the impact on inequality of 

marginally increasing the population mass at income 𝑥𝑥 (i.e. like a small contamination) and has an 

expected value of zero. More formally, if 𝒚𝒚𝜺𝜺 is a mixture distribution assigning a probability 1 − 𝜀𝜀 
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to the original distribution 𝒚𝒚 and 𝜀𝜀 to the degenerated distribution with mass 1 at a point 𝑥𝑥 
(Hampel 1974): 𝐼𝐼𝑅𝑅(𝑥𝑥, 𝐼𝐼(𝒚𝒚)) =

𝜕𝜕𝜕𝜕𝜀𝜀 𝐼𝐼(𝒚𝒚𝜺𝜺)|𝜀𝜀=0 ; with 𝐸𝐸(𝐼𝐼𝑅𝑅�𝑥𝑥, 𝐼𝐼(𝒚𝒚)� = 0 

The RIF is thus obtained after recentering the IF (and thus its expected value) at the value of the 

target statistic (Firpo et al. 2007): 𝑅𝑅𝐼𝐼𝑅𝑅(𝑥𝑥; 𝐼𝐼(𝒚𝒚)) = 𝐼𝐼(𝒚𝒚) + 𝐼𝐼𝑅𝑅(𝑥𝑥; 𝐼𝐼(𝒚𝒚)); with 𝐸𝐸(𝑅𝑅𝐼𝐼𝑅𝑅(𝑥𝑥; 𝐼𝐼(𝒚𝒚)) = 𝐼𝐼(𝒚𝒚) . 𝑆𝑆𝑘𝑘 can be obtained from the RIF regressions that have become popular in the analysis of 

distributional changes, by just regressing the individual RIF values 𝑅𝑅𝐼𝐼𝑅𝑅(𝑦𝑦𝑖𝑖; 𝐼𝐼(𝒚𝒚)) on group 

membership dummies (𝜆𝜆𝑖𝑖𝑘𝑘 = 1 if an individual 𝑖𝑖 belongs to group 𝑘𝑘; 0 otherwise). The group 
contribution is the conditional expectation of individual RIF values, if the regression includes no 
intercept this is given by: 𝐸𝐸(𝑅𝑅𝐼𝐼𝑅𝑅(𝑦𝑦𝑖𝑖;  𝐼𝐼(𝒚𝒚))|𝜆𝜆𝑖𝑖𝑘𝑘 = 1) =

𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘 = 𝑆𝑆𝑘𝑘�𝐼𝐼(𝒚𝒚)�;  
where 𝛽𝛽𝑘𝑘 =

1𝑁𝑁𝑘𝑘∑ 𝑅𝑅𝐼𝐼𝑅𝑅(𝑦𝑦𝑖𝑖;  𝐼𝐼(𝒚𝒚))𝑖𝑖∈{𝑘𝑘} ; 

with 𝐼𝐼(𝒚𝒚) = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘𝑘𝑘 . 

That is, 𝛽𝛽𝑘𝑘 indicates the average RIF contribution of members of group 𝑘𝑘, and overall inequality 
is just the weighted average of the coefficients.  

The decomposition by groups is consistent (i.e. the contributions of all groups add up to total 
inequality), is independent of the path in which groups are considered and is insensitive to the level 
of aggregation at which groups have been defined. The contribution of a group is the product 
between its population size and the per capita impact of income on inequality (reflecting how its 
members are distributed along income levels). The RIF of several inequality indices is already 
known and easy to compute (e.g. Monti 1991; Essama-Nssah and Lambert 2012; Gradín 2018) 
and shares attractive properties (Gradín 2018). It is U-shaped, assigning higher contributions to 
extreme incomes, reflecting the normative properties of the target inequality index. That is, a group 
with its members at the extreme of the distribution will tend to have larger contributions, the 
extent of which will depend on the specific inequality index used because each index has specific 
sensitivity to different parts of the distribution. For a given distribution, the contribution of a 
group increases linearly with its size.2 The magnitude of the contribution of a group might be large 
if the group makes up a substantial part of the population and/or the group is highly concentrated 
at any or both extremes of the income distribution. The contributions to inequality can be 
estimated separately for between-group and within-group components and, in the case of 

 

2 Gradín (2018) shows that in the case of additively decomposable indices, an alternative to RIF group contributions 
would be to estimate marginal or Shapley group contributions based on the change in inequality after replacing 
individual incomes in the group by the population average (removing between-group and within-group inequality), 
thus relaxing the linearity assumption. This does not make much difference in the case of the log mean deviation; 
both methods (RIF and marginal/Shapley) are empirically equivalent except for relatively very rich groups, but it might 
have a larger impact on other members of the generalized entropy family. In the case of indices that are not additively 
decomposable, like Gini, this alternative approach might be less appealing. 
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additively decomposable indices (i.e. the family of generalized entropy measures), the total 
contribution of a group is the sum of the contribution of both components. This attractive 
property allows us to integrate the new approach with the conventional decomposition of 
inequality by subpopulations. 

2.2 Income sources 

The inequality contribution of an income source 𝑆𝑆𝑗𝑗 will be obtained as the marginal change in 

inequality after sequentially adding the income source 𝑗𝑗, when sources 1, … , 𝑗𝑗 − 1 are already 
present: 𝑆𝑆1(𝐼𝐼(𝒚𝒚)) = 𝐼𝐼(𝒚𝒚𝟏𝟏);  𝑆𝑆𝑗𝑗(𝐼𝐼(𝒚𝒚)) = 𝐼𝐼(𝒚𝒚𝒋𝒋)− 𝐼𝐼(𝒚𝒚𝒋𝒋−𝟏𝟏 ), 𝑗𝑗 = 2, … , 𝐽𝐽; 

where 𝒚𝒚𝒕𝒕 = �𝑦𝑦11 … 𝑦𝑦1𝑡𝑡
… … …𝑦𝑦𝑁𝑁1 … 𝑦𝑦𝑁𝑁𝑡𝑡 � 

is a 𝑁𝑁 × 𝑡𝑡 submatrix of 𝒚𝒚 containing the first 1 ≤ 𝑡𝑡 ≤ 𝐽𝐽 sources (columns). 

Note that 𝑆𝑆1 will then be the level of inequality in the distribution of the first source of income 
across the entire population (the impact on inequality of adding this primary source of income 

when there is no income). Then, 𝑆𝑆𝑗𝑗 will indicate how inequality subsequently changes after adding 
each additional source. It will be zero if relative incomes do not change after adding the source 
(scale invariance principle of relative inequality indices), and, due to the Pigou–Dalton principle of 
transfers, it will be positive (negative) if adding the source implies a regressive (progressive) 
redistribution of relative incomes. In general, the sign and magnitude of the contribution of adding 
a source depend on the incidence of the new source, whether the source is pro-poor or pro-rich 
with respect to the previous sources, although, as is well known, one needs to account for 
potentially large re-rankings (such as when a high pension benefit is added to a household with no 
market income). This decomposition by sources is consistent (the contributions of all sources add 
up to total inequality).  

Alternatively, we can consider the special case in which source 𝑗𝑗 is the last source. This simple 
marginal approach is the most popular method in the empirical literature proposed by Musgrave 
and Thin (1948) and studied in the subsequent literature (e.g. Kakwani 1977), although it does not 
provide a consistent decomposition of inequality by income sources (unless some renormalization 
is applied).3 

The marginal approach provides an appealing and easy interpretation for policy analysis. However, 
it is well known that the marginal decomposition by income sources does not verify other attractive 
decomposition properties. In particular, the decomposition is sensitive to the degree of aggregation 
of sources. Furthermore, any sequence in which the sources are added is ad hoc. For these reasons, 
the literature has explored several extensions based on the Shapley decomposition (Chantreuil and 

 

3 Alternatively, one can consider removing within-source inequality instead of removing the source, that is, 𝑦𝑦𝑖𝑖𝑗𝑗 are 

replaced by the corresponding source average 𝑦𝑦�𝑗𝑗 =
1𝑁𝑁 𝑦𝑦𝑗𝑗 , for all 𝑖𝑖 (instead of by 0). 
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Trannoy 2013; Shorrocks 2013), that is, the expected marginal contribution when all possible 

sequences are considered 𝐸𝐸(𝑆𝑆𝑗𝑗) in its simplest version. Given its sensitivity to the level of 
aggregation of sources, one can also introduce some hierarchy among income sources with more 
elaborated versions of the Shapley decomposition (such as the Owen or the Nested-Shapley 
decompositions, e.g. Sastre and Trannoy 2002; Charpentier and Mussard 2011; Chantreuil and 
Trannoy 2013).  

There is no consensus on what approach does the best job and the results of the Shapley 
decomposition in some cases might be hard to interpret. For example, to obtain disposable 
income, any sequence that starts subtracting taxes when there is no income is meaningless, and so 
is starting with social benefits (which typically are contingent on market income) to then add 
primary income sources. As a consequence, some Shapley decompositions might produce results 
that are counterintuitive in terms of the degree of progressivity of an income source. Therefore, 
for simplicity, the analysis here will focus on the sequential marginal approach described above, 
adding sources in a sequence that makes economic sense: starting with gross primary income, 
adding gross social benefits, and finally subtracting taxes. This guarantees an easy interpretation 
while producing a consistent decomposition, although the method can be easily adapted to the 
other versions of the marginal approach, which have their own advantages and inconveniences. 

A different approach to estimate the contribution of an income source, but which I am not 
following here, is based on the natural decomposition of inequality indices such as variance-type 
indices and Gini (e.g. Shorrocks 1982; Morduch and Sicular 2002). This approach applies to indices 
that can be written as a weighted sum of individual incomes. The contribution of each source is 
the weighted sum of the source (with the weights estimated with all sources), thus reflecting the 
degree of association between each income source and total income. Therefore, the method is less 
general (does not apply to all indices), does not take account of how the income source affects 
weights, and is generally based on an absolute interpretation of the redistributive effect of income 
sources (i.e. a uniformly distributed income source has no impact on inequality). 

2.3 Population groups and income sources 

Combining the procedures used to obtain group and source contributions 𝑆𝑆𝑘𝑘 and 𝑆𝑆𝑗𝑗 , one can 

obtain the marginal RIF contribution of group 𝑘𝑘 to inequality when source 𝑗𝑗 is added to household 

income, 𝑆𝑆𝑘𝑘𝑗𝑗 : 𝑆𝑆𝑘𝑘1(𝐼𝐼(𝒚𝒚)) = 𝑆𝑆𝑘𝑘 �𝐼𝐼(𝒚𝒚𝟏𝟏)�, 

𝑆𝑆𝑘𝑘𝑗𝑗(𝐼𝐼(𝒚𝒚)) = 𝑆𝑆𝑘𝑘 �𝐼𝐼(𝒚𝒚𝒋𝒋)� − 𝑆𝑆𝑘𝑘 �𝐼𝐼(𝒚𝒚𝒋𝒋−𝟏𝟏)�, 𝑗𝑗 = 2, … , 𝐽𝐽. 
The contribution is the product between the population size of the group and its per capita 
contribution: 𝑆𝑆𝑘𝑘𝑗𝑗 =

𝑁𝑁𝑘𝑘𝑁𝑁 �̂�𝛽𝑘𝑘𝑗𝑗 , 
where �̂�𝛽𝑘𝑘𝑗𝑗 is the average marginal per capita contribution of members in group 𝑘𝑘 to inequality 

when source 𝑗𝑗 is added: �̂�𝛽𝑘𝑘1 = 𝛽𝛽𝑘𝑘1; 
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�̂�𝛽𝑘𝑘𝑗𝑗 =
1𝑁𝑁𝑘𝑘∑ �𝑅𝑅𝐼𝐼𝑅𝑅 �∑ 𝑦𝑦𝑖𝑖𝑡𝑡𝑗𝑗𝑡𝑡=1 , 𝐼𝐼(𝒚𝒚𝒋𝒋)� − 𝑅𝑅𝐼𝐼𝑅𝑅 �∑ 𝑦𝑦𝑖𝑖𝑡𝑡𝑗𝑗−1𝑡𝑡=1 , 𝐼𝐼(𝒚𝒚𝒋𝒋−𝟏𝟏)��𝑖𝑖∈𝒌𝒌 , 𝑗𝑗 = 2, … , 𝐽𝐽; 

These per capita contributions can be obtained as the difference between the corresponding 
coefficients estimated in two RIF regressions on group membership dummies, before and after 

adding source 𝑗𝑗.  
The decomposition is fully consistent with the partial contributions adding up to total inequality, 

whether they are expressed by sources, by groups, or by the combination of both, given that 𝛽𝛽𝑘𝑘 =∑ �̂�𝛽𝑘𝑘𝑗𝑗𝑗𝑗 : 𝐼𝐼(𝒚𝒚) = ∑ 𝑆𝑆𝑘𝑘(𝐼𝐼(𝒚𝒚))𝑘𝑘 = ∑ 𝑆𝑆𝑗𝑗(𝐼𝐼(𝒚𝒚))𝑗𝑗 = ∑ ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑗𝑗 (𝐼𝐼(𝒚𝒚))𝑘𝑘 , with 𝑆𝑆𝑗𝑗 = ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑘𝑘  and 𝑆𝑆𝑘𝑘 =  ∑ 𝑆𝑆𝑘𝑘𝑗𝑗𝑗𝑗 . 

2.4 Extended Blinder–Oaxaca decomposition 

A change in inequality between two distributions 𝒚𝒚 and 𝒚𝒚′ (for example, initial and final 
distribution) can be written in terms of per capita group contributions and group population shares 
as: ∆𝐼𝐼 ≡ 𝐼𝐼(𝒚𝒚′)− 𝐼𝐼(𝒚𝒚) = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ 𝛽𝛽𝑘𝑘′ − 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘�𝑘𝑘 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ ∑ �̂�𝛽′𝑘𝑘𝑗𝑗𝑗𝑗 − 𝑁𝑁𝑘𝑘𝑁𝑁 ∑ �̂�𝛽𝑘𝑘𝑗𝑗𝑗𝑗 �𝑘𝑘 . 

This expression can be used to decompose the inequality differential into aggregate and detailed 
compositional and structural (distributional) effects, à la Blinder–Oaxaca (Blinder 1973; Oaxaca 
1973). This corresponds to the simplest version of the RIF decomposition described in Firpo et 
al. (2007, 2009) applied to this context. One can add and subtract the level of inequality in a 

counterfactual distribution 𝒚𝒚+ that combines group population shares 
𝑁𝑁𝑘𝑘𝑁𝑁  associated with 𝒚𝒚 with 

the per capita group contributions 𝛽𝛽𝑘𝑘′  estimated from 𝒚𝒚′: 𝐼𝐼(𝒚𝒚+) = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘′𝑘𝑘 . 

After rearranging terms, the aggregate decomposition is given by:4 ∆𝐼𝐼 = 𝐶𝐶𝐸𝐸 + 𝐷𝐷𝐸𝐸 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 �𝑘𝑘 𝛽𝛽𝑘𝑘′ + ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘)𝑘𝑘 . 

The first term on the right-hand side indicates the aggregate compositional effect 𝐶𝐶𝐸𝐸 driven by 
changes in population shares while keeping the final average group inequality contributions. The 

second term 𝐷𝐷𝐸𝐸 is usually known as the aggregate structural effect and measures the impact on 
inequality of changing the per capita group contributions, evaluated with the initial group 
population shares. In our context, the latter just reflects the impact of changes in group income 
distributions (keeping group sizes constant), and thus will be called here the distributional effect. 

From the previous expression, we can easily obtain the detailed decomposition as: 

 

4 Note that another counterfactual 𝐼𝐼(𝒚𝒚++) = ∑ 𝑁𝑁𝑘𝑘′𝑁𝑁′ 𝛽𝛽𝑘𝑘𝑘𝑘  can also be considered: ∆𝐼𝐼 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 �𝑘𝑘 𝛽𝛽𝑘𝑘 +∑ 𝑁𝑁𝑘𝑘′𝑁𝑁′ (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘)𝑘𝑘 . The difference to the previous decomposition is that the compositional and distributional effects 

are now evaluated with, respectively, the per capita group contribution 𝛽𝛽𝑘𝑘 and the population share 
𝑁𝑁𝑘𝑘′𝑁𝑁′ . Alternatively, 

the decomposition could be based on the pool distribution of 𝒚𝒚 and 𝒚𝒚′.  
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∆𝑆𝑆𝑘𝑘𝑗𝑗 = 𝑆𝑆′𝑘𝑘𝑗𝑗 − 𝑆𝑆𝑘𝑘𝑗𝑗 = 𝐶𝐶𝐸𝐸𝑘𝑘𝑗𝑗 + 𝐷𝐷𝐸𝐸𝑘𝑘𝑗𝑗;  

with 𝐶𝐶𝐸𝐸𝑘𝑘𝑗𝑗 = �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 � �̂�𝛽𝑘𝑘′𝑗𝑗 and 𝐷𝐷𝐸𝐸𝑘𝑘𝑗𝑗 =
𝑁𝑁𝑘𝑘𝑁𝑁 ��̂�𝛽′𝑘𝑘𝑗𝑗 − �̂�𝛽𝑘𝑘𝑗𝑗�. 

This enables us to produce the corresponding matrices for detailed total effects and their 
compositional and distributional components: ∆𝑺𝑺 ≡ 𝑺𝑺′ − 𝑺𝑺 = 𝑪𝑪𝑪𝑪+ 𝑫𝑫𝑪𝑪. 

These matrices can also be aggregated either by groups (row sum) or by sources (column sum): ∆𝑆𝑆𝑘𝑘 = 𝑆𝑆′𝑘𝑘 − 𝑆𝑆𝑘𝑘 = ∑ �𝑆𝑆′𝑘𝑘𝑗𝑗 − 𝑆𝑆𝑘𝑘𝑗𝑗�𝑗𝑗 = 𝐶𝐶𝐸𝐸𝑘𝑘 + 𝐷𝐷𝐸𝐸𝑘𝑘 = �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 �𝛽𝛽𝑘𝑘′ +
𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘), 

∆𝑆𝑆𝑗𝑗 = 𝑆𝑆′𝑗𝑗 − 𝑆𝑆𝑗𝑗 = ∑ �𝑆𝑆′𝑘𝑘𝑗𝑗 − 𝑆𝑆𝑘𝑘𝑗𝑗�𝑘𝑘 = 𝐶𝐶𝐸𝐸𝑗𝑗 + 𝐷𝐷𝐸𝐸𝑗𝑗 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 � �̂�𝛽𝑘𝑘′𝑗𝑗𝑘𝑘 + ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 ��̂�𝛽′𝑘𝑘𝑗𝑗 − �̂�𝛽𝑘𝑘𝑗𝑗�𝑘𝑘 . 

The RIF linear approach described above assumes that the per capita group contributions do not 
depend on group population sizes, that is, the counterfactual can keep per capita contributions 
when group sizes are changed. Relaxing this assumption might affect the decomposition because 

above the per capita contributions of both distributions, 𝛽𝛽𝑘𝑘 and 𝛽𝛽𝑘𝑘′  are computed with a different 
composition of groups in each case. If part of the difference in per capita contributions is due to 
the change in population sizes, this should be imputed to the compositional effect, not to the 
distributional effect. By using reweighting to construct the counterfactual distribution, adapting to 
our context the procedure in Firpo et al. (2007), we can produce a new aggregate decomposition 

into compositional and distributional effects, 𝐶𝐶𝐸𝐸𝑅𝑅 and 𝐷𝐷𝐸𝐸𝑅𝑅, which does not rely on the linear 
assumption.  

For example, we obtain the distribution 𝒚𝒚∗, by reweighting the population in 𝒚𝒚′ by the factor 𝑁𝑁𝑘𝑘𝑁𝑁 /
𝑁𝑁𝑘𝑘′𝑁𝑁′, 𝑘𝑘 = 1, … ,𝐾𝐾, so that group shares are now the initial ones, 

𝑁𝑁𝑘𝑘𝑁𝑁 . Following the RIF 

decomposition of inequality by groups, inequality in this counterfactual distribution is given by 𝐼𝐼(𝒚𝒚∗) = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘∗𝑘𝑘 . A different Blinder–Oaxaca decomposition can be obtained using this new 

counterfactual by just adding and subtracting inequality in the reweighted sample. After 
rearranging terms: ∆𝐼𝐼 ≡ 𝐶𝐶𝐸𝐸𝑅𝑅 + 𝐷𝐷𝐸𝐸𝑅𝑅 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ 𝛽𝛽𝑘𝑘′ − 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘∗�𝑘𝑘 + ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘∗ − 𝛽𝛽𝑘𝑘)𝑘𝑘 . 

we can easily obtain the relationship between the effects with and without reweighting using two 

Blinder–Oaxaca decompositions (between 𝐼𝐼(𝒚𝒚′) and 𝐼𝐼(𝒚𝒚∗), and between 𝐼𝐼(𝒚𝒚∗) and 𝐼𝐼(𝒚𝒚)), by 

adding and subtracting 𝐼𝐼(𝒚𝒚+) = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘′𝑘𝑘  in each case: 

𝐶𝐶𝐸𝐸𝑅𝑅 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ 𝛽𝛽𝑘𝑘′ − 𝑁𝑁𝑘𝑘𝑁𝑁 𝛽𝛽𝑘𝑘∗�𝑘𝑘 = ∑ �𝑁𝑁𝑘𝑘′𝑁𝑁′ − 𝑁𝑁𝑘𝑘𝑁𝑁 � 𝛽𝛽𝑘𝑘′𝑘𝑘 + ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘∗)𝑘𝑘 = 𝐶𝐶𝐸𝐸 + 𝑒𝑒. 𝐷𝐷𝐸𝐸𝑅𝑅 = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘∗ − 𝛽𝛽𝑘𝑘)𝑘𝑘 = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘)𝑘𝑘 − ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 (𝛽𝛽𝑘𝑘′ − 𝛽𝛽𝑘𝑘∗)𝑘𝑘 = 𝑆𝑆𝐸𝐸 − 𝑒𝑒. 

That is, the reweighted compositional effect now accounts for the potential impact of changes in 
population sizes on per capita contributions if the linear assumption does not hold. The size of 
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this specification error 𝑒𝑒 = ∑ 𝑁𝑁𝑘𝑘𝑁𝑁 �𝛽𝛽′𝑘𝑘 − 𝛽𝛽𝑘𝑘∗�𝑘𝑘  must be determined empirically. Only when 𝑒𝑒 = 0, 

i.e. 𝛽𝛽𝑘𝑘∗ = 𝛽𝛽𝑘𝑘′ , will the reweighted and RIF compositional and distributional effects be identical.5 

The Blinder–Oaxaca detailed decomposition of the distributional effect is known to suffer from 
an identification problem associated with the need to omit one category in any set of dummies as 
well as with the scale used in continuous variables. This is because the intercept will capture the 
effect associated with all omitted categories as well as with zero values for the continuous 
covariates (Oaxaca and Ransom 1999). This is usually dealt with by either normalizing the 
estimated coefficients or not applying any correction, making sure that the omitted categories 
(along the scale of continuous variables) make economic sense (the choice preferred by Fortin et 
al. 2011). This problem does not apply in this case given that only one set of dummies (group 
membership) is considered as an explanatory variable. Therefore, if we use regressions to estimate 
the effects, no category needs to be omitted. If we omit one category, the intercept will capture its 
associated distributional effect (the others can be estimated as the sum of the intercept and the 
corresponding coefficient).  

Note that the approach presented here can be adapted to include other covariates in the RIF 
regressions, as in standard analysis, to estimate a ‘conditional’ decomposition. In this case, the 
aforementioned identification problem does apply and if RIF is combined with reweighting, a 

reweighting error 𝑟𝑟 emerges in the computation of the detailed compositional effect 𝑺𝑺𝑪𝑪𝑹𝑹 if the 
reweighted group sizes do not perfectly match the target ones (while if no other covariates are 

included, then 𝑟𝑟 = 0). 

3 Data and definitions 

For the empirical analysis I use microdata from the Spanish Living Conditions Survey (Encuesta de 
Condiciones de Vida (ECV)), conducted by the national statistical office (Instituto Nacional de Estadística 
(INE), described in INE 2019) as part of the harmonized European Union Statistics on Income 
and Living Conditions (EU-SILC, Eurostat). I use surveys conducted between 2008 and 2018 in 
which the data on income are comparable, making extensive use of administrative records (Social 
Security and Tax Agency).6 The sample includes about 13,000 households (35,000 individuals) per 
year.  

I measure inequality of household disposable income per equivalent adult, and the unit of analysis 
is the individual.7 Household disposable income is obtained as gross income from various sources 
minus direct taxes and social contributions. First, gross income is obtained by subsequently adding: 
i) market income (i.e. wages, self-employed income, private pensions, other capital income, 
children’s income, private transfers received net of those paid); ii) old-age and survivor pensions; 

 

5 If the analysis is conditional on other covariates, as in the standard RIF analysis, 𝐷𝐷𝐸𝐸𝑅𝑅 = 𝐷𝐷𝐸𝐸 + 𝑟𝑟, where 𝑟𝑟 would be 

the reweighting error if the reweighted group size 
𝑁𝑁𝑘𝑘∗𝑁𝑁  is not equal to the target 

𝑁𝑁𝑘𝑘𝑁𝑁 . In our case, 𝑟𝑟 = 0. 

6 The use of administrative records to produce more accurate income variables started in 2013, but the methodology 
has been applied retrospectively since 2008, the earliest year in which matching both data sources using individual 
identity numbers was possible. 

7 Everyone is assigned the total income of their household divided by the number of equivalent adults, with the first 
person aged 14 or over counting as 1, the other adults as 0.5, and those below that age as 0.3. 
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iii) unemployment benefits; and iv) other social benefits (sickness, disability, education grants, child 
grants, housing grants, other social exclusion). Finally, disposable income is obtained from gross 
income after subtracting income and wealth taxes and social contributions. Monetary amounts are 
expressed in December 2008 constant euros (using the Consumer Price Index  for December of 
the reference year). Standard errors are estimated by clustering individuals by household. 

I classify the population into five groups according to how households performed in the labour 
market during the calendar year preceding interview (which is also the income reference period), 
using the information about the type of activity reported every month by all working-age members 
(aged 16 and over) and not just the household head. The first group refers to households reporting 
no months of being active in the labour market during the year of reference (‘inactive households’), 
as opposed to those reporting being active for at least one month (‘active households’). Then 
‘active households’ are further disaggregated, according to the employment intensity reported by 
their members, into: ‘low intensity’ (employed for only half or fewer of active months); ‘middle 
intensity’ (employed for more than a half of active months, but only employed full time for a half 
or less); ‘high intensity’ (employed full time for more than a half of the months, with at least one 
active month not in full-time employment); and ‘fully employed’ (all active months in full-time 
employment).8  

4 Results: inequality decomposition by income sources and population groups: total 

effects 

The impact of the recession on inequality in Spain, especially during the initial years, has already 
been analysed in relation to different outcomes such as employment (Gradín et al. 2015,  2017), 
earnings (Bonhomme and Hospido 2013, 2017), wealth (Amuedo-Dorantes and Borra 2018), or 
income (e.g. Gradín 2016).9 Already one of the most unequal countries in the European Union 
(8th out of 27 member states), Spain’s disposable income Gini was 0.324 in 2008 following a period 
of stability with sustained economic growth.10 The outbreak of the recession, however, raised its 
level of inequality to a peak of 0.347 in 2014 (0.023 increase), falling back to 0.332 in 2018 (0.015 
decline), which was still above the initial level (Figure 1, right-hand axis). The contributions of 
income sources and groups to inequality are reported in Table 1 for the initial (2008), peak (2014), 
and latest (2018) years. Table 2 reports the corresponding contributions to inequality changes over 
time.11 The results are discussed by sub-period. 

4.1 2008–14 

When the change in inequality is analysed by decomposing the contribution of various population 
groups (left-hand axis of Figure 1 and last column of Tables 1 and 2), it is clear that the increase 

 

8 The status in each month is self-determined based on rules described in EU-SILC methodology (Eurostat 2017). 
Information about monthly activities is missing for about 1 per cent of observations of individuals aged 16 or over. 

9 For a review of earlier studies on income inequality in Spain, see Cantó et al. (2000) and Ferrer-i-Carbonell et al., 
(2014). 

10 Distribution of income at Eurostat database (Eurostat n.d.). Inequality in Spain had remained stable at around 0.32 
between 2005 and 2008 (INE database n.d.). 

11 Table A1 provides average income values by source over the entire period. Details for the inequality contributions 
for all years can be found in Table A2 in the Appendix.  
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in inequality during the recession was strongly associated with a larger contribution of the group 
of households with low-intensity employment (0.081 increase), which was only partially 
compensated by a smaller contribution from the group of fully employed households or those 
with high-intensity employment (0.041 and 0.014 reduction, respectively). Indeed, while in 2008 
the group of fully employed households was the group that made the largest contribution to 
inequality (0.153 out of 0.324, i.e. 47 per cent), with the other groups contributing 15 per cent or 
less each, the largest contribution in 2014 came from households with low-intensity employment 
(0.120 or 25 per cent, as opposed to 12 per cent in 2008), with the contribution of the fully 
employed households reduced to 32 per cent.  

Table 1 (last row of each year panel) and Figure 2 show, by income source, that inequality in 
disposable income in each year was the result of a high level of inequality in market income, which 
was only partially compensated for by the redistributive impact of social benefits and taxes. The 
largest redistributive effect is obtained after adding old-age and survivor pensions, followed by the 
impact of subtracting taxes. When the trend in inequality is analysed by decomposing the 
contribution of these income sources (Table 2), it is also clear that the inequality increase during 
the recession was unambiguously associated with a much larger contribution of market income, 
with a total effect of a 0.076 increase in inequality. This was only partially compensated for by a 
larger equalizing contribution of pensions and unemployment benefits over the same period, 
reducing inequality by 0.025 and 0.020). It is interesting to note that despite the large increase in 
unemployment benefits (which tripled their equalizing effect), the total cushion effect of pensions 
on the increase in inequality during the recession was larger. 

The approach introduced in Section 2 allows us to integrate both narratives by analysing in detail 
the contribution of population groups through the different income sources in a consistent way 
(Figure 3 and Tables 1 and 2). It becomes clear that inequality increased during the recession due 
to a much larger contribution of the low-intensity employed group of households to market 
income inequality (0.126). This large total effect was partially compensated for by different forces 
going in the opposite direction: i) the reduction in the contributions of highly and fully employed 
households to market income inequality (0.052 and 0.017 reductions respectively); ii) the larger 
equalizing contribution of households with low-intensity employment after unemployment 
benefits were accounted for (0.020 inequality reduction); and iii) the larger equalizing effect 
associated with inactive households and those with low-intensity employment through their old-
age and survivor pensions (0.018 and 0.012 reductions).  

The extent to which these inequality-enhancing or equalizing forces were the result of the radical 
change in the composition of the population by household type due to massive unemployment, 
or rather the effect of changes in group income distributions, is analysed in Section 5. 

4.2 2014–18 

The decline in inequality between 2014 and 2018 was mostly the result of the reversion of the 
previous trends. On the group side, the fall in inequality was driven by the smaller contribution of 
the low-intensity employment group of households (0.045 reduction), partially compensated for 
by the increase in the contribution of fully employed households and, to a lesser extent, inactive 
households (0.026 and 0.008 respectively). On the income source side, the fall in inequality can be 
attributed to the declining inequality in market income (0.019 reduction) and, to a lesser extent, 
the larger equalizing impact of pensions (0.007). The reduction in inequality occurred despite the 
less equalizing role of unemployment benefits (which explains an increase in inequality of 0.015). 
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If we again combine the analysis of groups and sources, it becomes clear that households with 
low-intensity employment account for a reduction in inequality of 0.069 through their lower 
contribution to market income inequality (reversing 55 per cent of the previous increase), partially 
compensated for by an increase in the corresponding contributions of fully employed and inactive 
households (0.036 and 0.017). The disequalizing effect of adding unemployment benefits occurs 
entirely through the low-intensity employment group (0.015), while the equalizing effect when 
pensions are added is channelled through the contribution of inactive households and through the 
fully employed group (with a disequalizing effect by the low-intensity group).  

Figure 1: Gini for disposable income (all people, right-hand axis) and decomposition by population group (left-
hand axis) 

 

Source: Author’s construction based on microdata from the ECV. 
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Figure 2: Marginal inequality contributions by income source (market income on the right-hand axis, other 
sources on the left-hand axis) 

 

Source: Author’s construction based on microdata from the ECV. 
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Figure 3: Gini contribution by income source (all people, right-hand axis) and contribution by group (left-hand 
axis) 
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Source: Author’s construction based on microdata from the ECV. 
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Table 1: Inequality contribution matrix 𝑆𝑆 in 2008, 2014, and 2017: population groups (rows) and income sources 
(columns) 

2008 
Market  
income  

Old & survivor 
pensions 

Unemployment 
benefits 

Other  
benefits 

Direct 
taxes 

All 
(𝑆𝑆𝑘𝑘) 

Inactive 0.117 -0.056 0.000 -0.005 -0.006 0.049 

 0.003 0.002 0.000 0.001 0.000 0.002 

Low intensity 0.056 -0.007 -0.005 -0.003 -0.003 0.039 

 0.003 0.001 0.000 0.000 0.000 0.002 

Middle intensity 0.043 -0.003 -0.001 -0.001 -0.003 0.035 

 0.002 0.000 0.001 0.000 0.000 0.002 

High intensity 0.057 -0.002 -0.002 -0.002 -0.004 0.047 

 0.002 0.000 0.001 0.000 0.000 0.002 

Fully employed 0.183 -0.009 -0.003 -0.004 -0.015 0.153 

 0.003 0.001 0.000 0.000 0.000 0.003 

All (𝑆𝑆𝑗𝑗) 0.456 -0.076 -0.010 -0.015 -0.031 0.324 

 0.004 0.002 0.001 0.001 0.001 0.004 

2014       

Inactive 0.129 -0.074 0.000 -0.006 -0.006 0.043 

 0.003 0.002 0.000 0.001 0.000 0.001 

Low intensity 0.182 -0.019 -0.025 -0.009 -0.010 0.120 

 0.004 0.001 0.001 0.001 0.000 0.003 

Middle intensity 0.049 -0.003 -0.003 -0.001 -0.004 0.038 

 0.002 0.000 0.000 0.000 0.000 0.002 

High intensity 0.040 -0.001 -0.001 -0.001 -0.003 0.034 

 0.002 0.000 0.001 0.000 0.000 0.002 

Fully employed 0.132 -0.005 -0.001 -0.002 -0.011 0.112 

 0.003 0.001 0.000 0.000 0.000 0.003 

All (𝑆𝑆𝑗𝑗) 0.532 -0.101 -0.030 -0.019 -0.035 0.347 

 0.004 0.002 0.001 0.001 0.001 0.003 

2018       

Inactive 0.146 -0.081 0.000 -0.007 -0.007 0.051 

 0.003 0.002 0.000 0.001 0.000 0.001 

Low intensity 0.114 -0.015 -0.010 -0.008 -0.006 0.075 

 0.004 0.001 0.001 0.001 0.000 0.003 

Middle intensity 0.049 -0.003 -0.002 -0.002 -0.004 0.038 

 0.002 0.000 0.000 0.000 0.000 0.002 

High intensity 0.037 -0.001 -0.002 -0.001 -0.003 0.030 

 0.002 0.000 0.000 0.000 0.000 0.002 

Fully employed 0.168 -0.009 -0.002 -0.003 -0.016 0.138 

 0.004 0.001 0.000 0.000 0.001 0.003 

All (𝑆𝑆𝑗𝑗) 0.513 -0.109 -0.015 -0.020 -0.037 0.332 

 0.004 0.002 0.001 0.001 0.001 0.004 

Note: Bootstraps standard errors below (1,000 replications).  

Source: Author’s construction based on microdata from the ECV. 
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Table 2: Changes over time in the contribution matrix (𝑆𝑆′ − 𝑆𝑆), total effects: population groups (rows) and income 
sources (columns) 

2008–14 
Market  
income  

Old & survivor 
pensions 

Unemployment 
benefits 

Other  
benefits 

Direct 
taxes 

All 
(𝑆𝑆′𝑘𝑘 − 𝑆𝑆𝑘𝑘) 

Inactive 0.012 -0.018 0.000 0.000 0.000 -0.007 
 0.004 0.002 0.000 0.001 0.000 0.002 

Low intensity 0.126 -0.012 -0.020 -0.006 -0.007 0.081 
 0.005 0.001 0.001 0.001 0.000 0.004 

Middle intensity 0.007 0.000 -0.002 0.000 -0.001 0.003 
 0.003 0.001 0.001 0.000 0.000 0.003 

High intensity -0.017 0.001 0.001 0.001 0.001 -0.014 
 0.003 0.000 0.001 0.000 0.000 0.003 

Fully employed -0.052 0.004 0.001 0.002 0.003 -0.041 
 0.004 0.001 0.001 0.001 0.001 0.004 

All (𝑆𝑆′𝑗𝑗-𝑆𝑆𝑗𝑗) 0.076 -0.025 -0.020 -0.004 -0.004 0.023 
 0.006 0.003 0.002 0.001 0.001 0.005 

2014–18       

Inactive 0.017 -0.007 0.000 -0.001 -0.001 0.008 
 0.005 0.003 0.000 0.001 0.000 0.002 

Low intensity -0.069 0.004 0.015 0.001 0.003 -0.045 
 0.006 0.002 0.001 0.001 0.001 0.004 

Middle intensity -0.001 -0.001 0.001 0.000 0.000 0.000 
 0.003 0.001 0.000 0.000 0.000 0.002 

High intensity -0.003 0.000 -0.001 0.000 0.000 -0.003 
 0.003 0.000 0.001 0.000 0.000 0.002 

Fully employed 0.036 -0.004 -0.001 -0.001 -0.005 0.026 
 0.004 0.001 0.001 0.000 0.001 0.004 

All (𝑆𝑆′𝑗𝑗-𝑆𝑆𝑗𝑗) -0.019 -0.007 0.015 -0.001 -0.002 -0.015 
 0.006 0.003 0.002 0.001 0.001 0.005 

Note: Bootstraps standard errors below (1,000 replications).  

Source: Author’s construction based on microdata from the ECV. 

5 Results: disentangling the compositional and distributional effects on inequality 

trends 

In this section, I try to disentangle whether the inequality trend over the two sub-periods (2008–
14 and 2014–18) was the result only of important changes in the composition of the population 
according to the performance of their households in the labour market, or was also the result of 
changes in how these groups were distributed along the income distribution. That is, the total 
effect associated with groups and income sources described in the previous section will be 
decomposed into their characteristics and structural (distributional) effects. 

5.1 Changes in group size and income distribution 

There is no doubt that Spain witnessed substantial changes in the composition of households, 
classified by their involvement in the labour market, after the beginning of the recession, mostly 
as the result of skyrocketing unemployment rates. These changes may also have been shaped by 
the recession affecting the demographics of households due to an increase in economic hardship, 
like reversing the migration flows (from net immigration to net out migration), reducing the 
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emancipation rate of young people, or giving incentives to the reunification of different 
generations under the same roof.12  

Figure 4 shows the remarkable increase between 2008 and 2014 in the share of the population in 
households with low-intensity employment (rising from 9 to 28 per cent of the population), 
alongside the decline in the share of the population in fully employed households and, to a lesser 
extent, in households with high-intensity employment (respectively from 49 to 34 per cent, and 
from 17 to 11 per cent).13 The trend was partially reversed after 2014. Over the entire period, there 
was a smoother increase in the share of the population in inactive households, from 14 per cent 
in 2008 to 16 per cent in 2018, which is probably the result of an ageing population, aggravated by 
the reversion of migration flows. 

As well as the changes in group sizes, there were also relevant changes in the per capita group 
contributions to inequality. The per capita contribution of a group reflects how its members 
(regardless of the number) are distributed along income levels. For example, Figure 6 displays the 
densities of the different groups in 2018. It is not surprising that the per capita contribution of 
households is largest among those with low-intensity employment, as these tend to be 
disproportionally located at the bottom of the disposable income distribution. Inactive households 
are also disproportionally represented at the bottom, while fully employed households or those 
with high-intensity employment tend to be over-represented at the top. Thus, changes over time 
in per capita contributions reflect changes in these distributional patterns. In general, a decline 
over time in the per capita contribution of a group can be interpreted as the group getting closer 
to the population mean, while an increase implies that they are moving away from the mean (either 
to the bottom in the case of relatively poor groups, or to the top in the case of richer groups). 
These changes could be the result of changes in the incomes of those initially in the group or of 
the different income levels of those entering or exiting the group. 

There were, indeed, important distributional changes in the periods analysed (detailed densities for 
population groups by income source are displayed in the Appendix, Figures A1 and A2). Figure 5 
shows an increase in the per capita contribution of households with low-intensity employment 
between 2011 and 2018 (0.022), along with an initial increase for the fully employed between 2011 
and 2014 (0.024), followed by a reduction between 2014 and 2018 (0.019). However, the largest 
change is the decline in the average contribution of inactive households between 2008 and 2014 
(0.076). 

The role of income sources for the contributions of the different groups is illustrated in Figure 7, 
which displays the densities before and after taxes and social security contributions for the two 
extreme groups in 2018: households with low-intensity employment and fully employed 
households. It is clear why the contribution of this source is higher among fully employed 
households as their incomes move closer to the middle of the distribution to a larger extent. That 

 

12 However, the net effect was that the average number of members and equivalent adults actually declined, especially 
during the initial period, from 3.37 and 2.07 respectively in 2008, to 3.15 and 1.96 in 2014, and 3.12 and 1.95 in 2018. 

13 Gradín (2016) covered part of the period of increasing inequality, 2009–12, and identified an important 
compositional effect in driving the trend of increasing inequality among active households (while there was little 
change among inactive households), using a standard RIF regression-based decomposition controlling for a number 
of households characteristics. The analysis presented here extends the period of reference and enables a more 
integrated analysis of income sources and population groups for the whole population while remaining in the RIF 
framework. 



22 

 

is, the contribution of the income source of a group just reflects its incidence in terms of how 
adding that source changes previous relative incomes and therefore its impact on inequality.  

The decomposition of the total change into compositional and distributional effects requires 
estimating the corresponding contribution matrices for the counterfactual distributions in which 
either the initial or the final population shares in each sub-period are kept constant. Tables 3 and 
4 summarize the results of the decomposition by income source and by population group in each 
sub-period, while Tables A3 and A4 in the Appendix provide the more detailed decomposition by 
each pair of group and source. For robustness, the decomposition was undertaken with and 
without reweighting. The specification errors (due to nonlinearity in the relationship between 
inequality and group size) were found to be small and statistically insignificant in both sub-periods. 
For simplicity, we discuss here the case without reweighting. 

5.2 2008–14 

Most of the increase in inequality between 2008 and 2014 can be attributed to a compositional 
effect: 0.019–0.022 out of a 0.023 Gini increase, i.e. 84 and 97 per cent, depending on the 
counterfactual used as a reference. It is interesting to look at this decomposition in more detail, by 
income source and population group, as a small aggregate distributional effect can conceal large 
effects that offset each other, and that is indeed the case. 

This large compositional effect reflects the net impact of the decline in the population share living 
in fully and highly employed households and the corresponding increase in the share of those with 
low-intensity employment, as the detailed decomposition confirms. For example, the 
compositional effect explains 0.076–0.079 out of 0.081 (i.e. 94–98 per cent) of the increase in the 
contribution of households with low-intensity employment, as well as the entire decline in the 
contributions of highly and fully employed households (compositional effect is larger than 100 per 
cent). However, the equalizing contribution of inactive households over the period is not related 
to a change in the size of the group (that would explain a small increase in inequality) but with its 
smaller per capita contribution, i.e. the group moved closer to the (shrinking) population mean. 

Table 3 shows, by income source, that the large increase in market income inequality is also, to a 
large extent (0.051–0.058, i.e. 67–76 per cent), a compositional effect. But this leaves a substantial 
distributional effect: between a quarter and a third of the higher disequalizing effect of market 
income is driven by changes in the market income distribution of groups and not in their size. 
Earnings inequality has been shown to run parallel to the evolution of the unemployment rate 
using tax files (2004–10) and social security records (1988–2010) according to Bonhomme and 
Hospido (2013, 2017). 

Table 3 also shows large compositional components explaining the more equalizing effect of 
adding other social benefits (more than 100 per cent), pensions (60–65 per cent) and 
unemployment benefits (40–80 per cent). In contrast, only one-fifth of the larger equalizing effect 
of taxes during this period is the result of a compositional effect, the rest likely being the result of 
changes in the relative incomes of the employed households and of policy changes in the personal 
income tax to meet the fiscal balance challenges (with initial tax rises, reversed after 2015). 

Among the distributional effects that can be identified during this period, the higher per capita 
contributions of fully employed households and market income stand out (their relative market 
incomes moved away from the population mean), in contrast to the smaller disequalizing effect of 
inactive households and the higher equalizing effect of pensions, unemployment benefits, and 
taxes (Table 3).  
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The more detailed decomposition by groups and sources (Table A3) reveals that the higher per 
capita contribution to the disposable income inequality of households either fully employed or 
with low-intensity employment was in fact, and not surprisingly, a contribution to higher market 
income inequality. The detailed analysis also identifies the income source of the smaller 
(i.e. negative sign) contributions of inactive households (pensions), households with low-intensity 
employment (unemployment benefits), and active households in general (taxes). 

5.3 2014–18 

A large share of the decline in inequality after 2014 (0.010–0.012 out of 0.015, 70–78 per cent) was 
also driven by the compositional changes among active households during the recovery period, in 
which employment rates significantly improved, partially reversing the changes during the 
recession (Tables 4 and A4). The reduction in inequality during this period was indeed mostly 
driven by lower market income inequality, and this was entirely the result of a compositional effect. 
The decline in inequality was also associated with distributional changes, particularly a higher 
equalizing effect of pensions and other social benefits. At the most detailed level, there was a 
smaller per capita contribution of fully employed households (channelled through market income, 
pensions, and taxes), although with low statistical significance. 

Some changes went in the opposite direction (increasing inequality) though, thus mitigating the 
reduction finally observed. About 36–61 per cent of the contribution of unemployment benefits 
to higher inequality (0.005–0.009 out of 0.015) was also due to changes in the composition by 
groups in a context of declining unemployment rates. But there were also substantial changes in 
the distribution of the benefits received by households for other reasons because contributory 
unemployment benefits are in general subject to a limited duration (maximum two years), while 
non-contributory unemployment benefits that might replace them are less generous and subject 
to additional age and family requirements. Another small contribution towards higher inequality 
came from inactive households (through market income). With recovery, this group moved away 
again from the population mean. 

It is interesting to note that the nearly zero distributional effect of households with low-intensity 
employment during this period (Table 4) is actually the result of two opposite forces that cancel 
each other out: a smaller equalizing effect of unemployment benefits and a higher equalizing effect 
of pensions and other benefits (Table A4). 
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Figure 4: Population shares by group (
𝑁𝑁𝑘𝑘𝑁𝑁 ) 

 

Source: Author’s construction based on microdata from the ECV. 

 

Figure 5: Per capita Gini group contributions to inequality in disposable income (𝛽𝛽𝑘𝑘) 

 

Source: Author’s construction based on microdata from the ECV.  
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Figure 6: Densities for disposable income distribution (relative to the population mean) by population  
group in 2018. 

 

Source: Author’s construction based on microdata from the ECV.  
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Figure 7: Densities for extreme groups (low-intensity employed and fully employed) in 2018, before and after 
taxes and social contributions. 

 

Note: Current euros.  

Source: Author’s construction based on microdata from the ECV. 
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Table 3: Blinder–Oaxaca RIF decomposition of changes in Gini (and contributions by groups and by sources): total, 
compositional (CE), and distributional (DE) effects, 2008–14 

 Counterfactual distribution 

 
Initial group shares, ∑ 𝑛𝑛𝑘𝑘𝑛𝑛 𝛽𝛽′𝑘𝑘𝑘𝑘   Final group shares, ∑ 𝑛𝑛′𝑘𝑘𝑛𝑛′ 𝛽𝛽𝑘𝑘𝑘𝑘  

 CE DE Total %CE/Total CE DE Total %CE/Total 

Aggregate (𝐼𝐼(𝑦𝑦′) − 𝐼𝐼(𝑦𝑦)) 0.019 0.004 0.023 84% 0.022 0.001 0.023 97% 
 0.002 0.005 0.005  0.003 0.005 0.005  

By group (𝑆𝑆′𝑘𝑘 − 𝑆𝑆𝑘𝑘))         

Inactive 0.004 -0.010 -0.007 -58% 0.005 -0.011 -0.007 -73% 
 0.001 0.001 0.002 

 
 0.002 0.001 0.002 

 
 

Low intensity 0.079 0.002 0.081 98% 0.076 0.005 0.081 94% 
 0.003 0.001 0.004 

 
 0.004 0.004 0.004 

 
 

Middle intensity 0.005 -0.002 0.003 190% 0.005 -0.003 0.003 204% 
 0.002 0.002 0.003 

 
 0.002 0.002 0.003 

 
 

High intensity -0.017 0.003 -0.014 122% -0.016 0.002 -0.014 115% 
 0.002 0.002 0.003 

 
 0.002 0.002 0.003 

 
 

Fully employed -0.053 0.012 -0.041 129% -0.049 0.008 -0.041 120% 
 0.003 0.004 0.004 

 
 0.003 0.002 0.004 

 
 

By source (𝑆𝑆′𝑗𝑗 − 𝑆𝑆𝑗𝑗)         

Market income 0.058 0.018 0.076 76% 0.051 0.025 0.076 67% 
 0.003 0.005 0.006 

 
 0.004 0.006 0.006 

 
 

Pensions -0.016 -0.009 -0.025 65% -0.015 -0.010 -0.025 60% 
 0.002 0.002 0.003 

 
 0.002 0.003 0.003 

 
 

Unemployment -0.016 -0.004 -0.020 80% -0.008 -0.012 -0.020 41% 
 0.001 0.001 0.002 

 
 0.001 0.002 0.002 

 
 

Other social benefits -0.006 0.001 -0.004 135% -0.005 0.001 -0.004 115% 
 0.001 0.001 0.001 

 
 0.001 0.002 0.001 

 
 

Taxes -0.001 -0.003 -0.004 19% -0.001 -0.003 -0.004 21% 
 0.000 0.001 0.001 

 
 0.000 0.001 0.001 

 
 

Note: Detailed decomposition by each group and source, reported in Table A3 in the Appendix. The left and right 

panels correspond to the two decompositions in Section 3 using as counterfactual inequality ∑ 𝑛𝑛𝑘𝑘𝑛𝑛 𝛽𝛽′𝑘𝑘𝑘𝑘  and ∑ 𝑛𝑛′𝑘𝑘𝑛𝑛′ 𝛽𝛽𝑘𝑘𝑘𝑘  

respectively. Bootstraps standard errors below (1,000 replications). 

Source: Author’s construction based on microdata from the ECV. 
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Table 4: Blinder–Oaxaca RIF decomposition of changes in Gini (and contributions by groups and by sources): total, 
compositional (CE), and distributional (SE) effects, 2014-18 

 Counterfactual distribution 

 Initial group shares, ∑ 𝑛𝑛𝑘𝑘𝑛𝑛 𝛽𝛽′𝑘𝑘𝑘𝑘   Final group shares, ∑ 𝑛𝑛′𝑘𝑘𝑛𝑛′ 𝛽𝛽𝑘𝑘𝑘𝑘  

 CE DE Total %CE/Total CE DE Total %CE/Total 

Aggregate (𝐼𝐼(𝑦𝑦′) − 𝐼𝐼(𝑦𝑦)) -0.012 -0.003 -0.015 78% -0.010 -0.004 -0.015 70% 
 0.001 0.005 0.005  0.001 0.005 0.005  

By group (𝑆𝑆′𝑘𝑘 − 𝑆𝑆𝑘𝑘))         

Inactive 0.004 0.004 0.008 47% 0.003 0.005 0.008 43% 
 0.002 0.001 0.002 

 
 0.001 0.001 0.002 

 
 

Low intensity -0.044 -0.001 -0.045 98% -0.044 -0.001 -0.045 99% 
 0.004 0.003 0.004 

 
 0.004 0.002 0.004 

 
 

Middle intensity 0.000 0.000 0.000 111% 0.000 0.000 0.000 111% 
 0.002 0.001 0.002 

 
 0.002 0.001 0.002 

 
 

High intensity -0.003 0.000 -0.003 92% -0.003 0.000 -0.003 93% 
 0.002 0.002 0.002 

 
 0.002 0.002 0.002 

 
 

Fully employed 0.032 -0.006 0.026 125% 0.034 -0.008 0.026 133% 
 0.003 0.003 0.004 

 
 0.003 0.003 0.004 

 
 

By source (𝑆𝑆′𝑗𝑗 − 𝑆𝑆𝑗𝑗)         

Market income -0.021 0.003 -0.019 114% -0.021 0.003 -0.019 114% 
 0.003 0.005 0.006 

 
 0.003 0.005 0.006 

 
 

Pensions 0.001 -0.008 -0.007 -14% 0.000 -0.007 -0.007 5% 
 0.002 0.003 0.003 

 
 0.002 0.002 0.003 

 
 

Unemployment 0.005 0.009 0.015 36% 0.009 0.006 0.015 61% 
 0.001 0.002 0.002 

 
 0.001 0.001 0.002 

 
 

Other social benefits 0.004 -0.005 -0.001 -338% 0.002 -0.004 -0.001 -232% 
 0.001 0.002 0.001 

 
 0.000 0.001 0.001 

 
 

Taxes 0.000 -0.002 -0.002 7% 0.000 -0.002 -0.002 -2% 
 0.000 0.001 0.001 

 
 0.000 0.001 0.001 

 
 

Note: Detailed decomposition by each group and source, reported in Table A4 in the Appendix. The left and right 

panels correspond to the two decomposition in Section 3 using as counterfactual inequality ∑ 𝑛𝑛𝑘𝑘𝑛𝑛 𝛽𝛽′𝑘𝑘𝑘𝑘  and ∑ 𝑛𝑛′𝑘𝑘𝑛𝑛′ 𝛽𝛽𝑘𝑘𝑘𝑘  

respectively. Bootstraps standard errors below (1,000 replications). 

Source: Author’s construction based on microdata from the ECV. 

6 Concluding remarks 

I have introduced a new approach for the simultaneous analysis of inequality by population groups 
and by income sources. In so doing, I have adopted the RIF approach to measure the contribution 
of a group to overall inequality and a sequential marginal approach to measure the corresponding 
contribution of an income source. Both approaches can be combined so that the contribution of 
a group through an income source is defined to be the change in the group contribution when that 
source is added. This approach thus provides a detailed decomposition of overall inequality into 
the contribution of each group and source and can be used to explain changes in inequality over 
time. The contribution of a group and income source will basically depend on the incidence of the 
income source among population groups, that is, how relative incomes change after adding the 
source. Instead of showing incidence curves, the method enables us to directly measure the impact 
on any inequality index and is thus a good complement to incidence analysis. The method is 
consistent with partial analysis of groups and/or sources, as well as with the use of RIF regressions 
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to extend the Blinder–Oaxaca decomposition to a change in inequality into its compositional and 
structural components. While the former accounts for changes in inequality driven by changes in 
the composition of households by specific characteristics, the latter provides the impact of the 
change in their conditional income distribution. 

The approach has been used to explain the trend in inequality in Spain after the outbreak of the 
Great Recession, identifying a large compositional effect at the aggregate level, although the 
detailed decomposition also enabled the unravelling of important distributional effects going in 
opposite directions, as well as factors that contributed to smooth the inequality trend. 

Indeed, the increase in inequality during the recession (2008–14) can be strongly associated with 
the shift in population from highly/fully employed households towards households with low-
intensity employment, triggering an increase in market income inequality that was only partially 
mitigated by a higher equalizing effect of the other sources, especially old-age and survivor 
pensions and unemployment benefits. The higher market income inequality, as well as the higher 
equalizing effect of social benefits and taxes, was not only the result of the compositional effect, 
but also of distributional changes taking effect (in general, reinforcing the impact of the 
compositional effects). Inequality was later reduced (2014–18) due to the reversed process, with a 
shift in the population at that time from low-employed to fully employed households, triggering a 
decline in market income inequality, mitigated by lower equalizing effects of unemployment and 
other social benefits. The contribution of unemployment benefits to mitigate the decline in 
inequality was not just a compositional effect but also the result of changes in distribution due to 
generally lower benefits.  

It is interesting to note that while market income and unemployment benefits followed opposite 
trends along the economic cycle, the equalizing effect of pensions was more structural and tended 
to continuously increase over time, both during the recession and the recovery periods. Also, 
although the largest impact on inequality of adding pensions to household income was through 
inactive households, the effect of this source was partially channelled through group with the low-
intensity employment during the recession and the fully employed group during the recovery, 
something which is less obvious. Other social benefits contributed to curb inequality in the 
recession, but the effect did not reverse during the recovery period, unlike what is reported for 
unemployment benefits. Taxes, however, contributed to reduce inequality in both periods, first 
through the low-intensity group and later through fully employed households.  
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Appendix 

Table A1a: Mean equivalized disposable income, total and by sources 

 Disposable 
Income (dpi) 

Market 
income 

Old & survivors 
pensions 

Unemployment 
benefits 

Other social  
benefits 

Direct  
taxes 

 euro % dpi euro % dpi euro % dpi euro % dpi euro % dpi euro % dpi 

2008 16,190 100% 15,786 97% 2,262 14% 541 3% 609 4% -3,007 -19% 

  134    169    46    32    25    46   

2009 16,908 100% 16,102 95% 2,490 15% 709 4% 616 4% -3,009 -18% 

  135    180    50    29    23    54   

2010 16,302 100% 15,053 92% 2,556 16% 984 6% 591 4% -2,883 -18% 

  131    173    49    34    20    50   131  

2011 15,319 100% 14,102 92% 2,570 17% 942 6% 612 4% -2,908 -19% 

  161    221    50    27    22    63   

2012 14,745 100% 13,398 91% 2,647 18% 891 6% 571 4% -2,763 -19% 

  140    206    51    29    22    69   

2013 14,266 100% 12,527 88% 2,774 19% 1,026 7% 636 4% -2,697 -19% 

  117    154    55    35    23    48   

2014 14,204 100% 12,404 87% 2,948 21% 992 7% 611 4% -2,752 -19% 

  116    155    58    32    28    46   

2015 14,204 100% 12,679 89% 3,011 21% 778 5% 595 4% -2,859 -20% 

  117    161    57    25    24    52   

2016 14,379 100% 12,825 89% 3,034 21% 635 4% 641 4% -2,756 -19% 

  118    164    57    23    28    48   

2017 14,713 100% 13,268 90% 3,062 21% 547 4% 617 4% -2,781 -19% 

  125    174    58    21    22    51   

2018 15,025 100% 13,750 92% 3,127 21% 517 3% 605 4% -2,974 -20% 

  127    179    62    19    23    53   

Note: 2008 constant euros. Robust standard errors below. 

Source: Author’s construction based on microdata from the ECV.  
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Table A1b: Mean equivalized disposable income, total and by sources and population groups 

2008 
Disposable  
income 

Market  
income 

Old-age & 
survivors 
pensions 

Unemployment 
benefits 

Other social 
benefits 

Direct 
taxes 

 Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE 

Inactive 12,732 220 3,561 232 9,251 158 133 20 996 86 -1,209 80 

Low intensity 10,742 369 7,623 355 1,640 115 1,798 151 893 111 -1,213 93 

Middle intensity 14,637 427 14,889 464 1,108 116 626 184 508 57 -2,495 124 

High intensity 15,590 330 16,087 386 632 53 1,059 104 476 49 -2,665 98 

Fully employed 18,735 193 20,828 254 1,251 52 220 20 515 32 -4,079 74 

All 16,190 134 15,786 169 2,262 46 541 32 609 25 -3,007 46 

2014             

Inactive 13,786 163 2,486 127 11,695 175 89 21 933 122 -1,418 55 

Low intensity 8,870 159 5,668 175 1,581 82 2,002 70 705 44 -1,086 48 

Middle intensity 13,271 261 13,262 348 1,207 125 817 63 456 55 -2,471 116 

High intensity 16,031 381 16,225 449 795 83 1,901 147 384 47 -3,273 144 

Fully employed 18,502 224 20,764 300 1,533 75 328 42 525 43 -4,648 97 

All 14,204 116 12,404 155 2,948 58 992 32 611 28 -2,752 46 

2018             

Inactive 13,737 174 2,145 123 11,938 182 111 35 1,006 77 -1,463 59 

Low intensity 8,782 178 5,851 194 1,834 120 1,219 61 896 63 -1,017 47 

Middle intensity 13,531 294 14,093 396 1,022 95 520 56 441 48 -2,545 117 

High intensity 15,002 387 15,541 493 812 92 1,032 91 498 63 -2,881 150 

Fully employed 18,404 219 20,668 311 1,508 66 268 21 414 28 -4,453 100 

All 15,025 127 13,750 179 3,127 62 517 19 605 23 -2,974 53 

Note: 2008 constant euros. SE= Robust standard errors. 

Source: Author’s construction based on microdata from the ECV.  
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Table A2: Gini contributions by group and income source (𝑆𝑆𝑘𝑘𝑗𝑗) 

Source and group 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 

Market income            

Inactive 0.117 0.119 0.120 0.131 0.127 0.126 0.129 0.131 0.138 0.132 0.146 

Low intensity 0.056 0.076 0.116 0.137 0.155 0.171 0.182 0.170 0.153 0.145 0.114 

Middle intensity 0.043 0.047 0.047 0.042 0.044 0.048 0.049 0.054 0.054 0.053 0.049 

High intensity 0.057 0.057 0.050 0.043 0.039 0.040 0.040 0.042 0.039 0.032 0.037 

Fully employed 0.183 0.172 0.161 0.160 0.146 0.134 0.132 0.137 0.147 0.161 0.168 

All 0.456 0.472 0.494 0.513 0.512 0.519 0.532 0.533 0.532 0.523 0.513 

Pensions            

Inactive -0.056 -0.058 -0.062 -0.068 -0.067 -0.071 -0.074 -0.074 -0.077 -0.073 -0.081 

Low intensity -0.007 -0.007 -0.011 -0.015 -0.016 -0.017 -0.019 -0.020 -0.018 -0.022 -0.015 

Middle intensity -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.004 -0.003 -0.003 

High intensity -0.002 -0.003 -0.002 -0.001 -0.001 -0.002 -0.001 -0.002 -0.001 -0.001 -0.001 

Fully employed -0.009 -0.007 -0.007 -0.005 -0.006 -0.005 -0.005 -0.006 -0.007 -0.008 -0.009 

All -0.076 -0.079 -0.086 -0.092 -0.093 -0.098 -0.101 -0.104 -0.107 -0.107 -0.109 

Unemployment            

Inactive 0.000 0.000 0.000 -0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Low intensity -0.005 -0.009 -0.018 -0.020 -0.019 -0.025 -0.025 -0.020 -0.015 -0.011 -0.010 

Middle intensity -0.001 -0.002 -0.002 -0.002 -0.002 -0.002 -0.003 -0.002 -0.002 -0.002 -0.002 

High intensity -0.002 -0.003 -0.002 -0.002 -0.002 -0.001 -0.001 -0.001 -0.002 -0.002 -0.002 

Fully employed -0.003 -0.002 -0.003 -0.003 -0.002 -0.002 -0.001 -0.001 -0.001 -0.002 -0.002 

All -0.010 -0.015 -0.025 -0.028 -0.025 -0.029 -0.030 -0.025 -0.021 -0.017 -0.015 

Other social benefits            

Inactive -0.005 -0.005 -0.005 -0.005 -0.005 -0.005 -0.006 -0.005 -0.007 -0.006 -0.007 

Low intensity -0.003 -0.004 -0.005 -0.007 -0.007 -0.009 -0.009 -0.010 -0.010 -0.010 -0.008 

Middle intensity -0.001 -0.001 -0.002 -0.001 -0.001 -0.002 -0.001 -0.002 -0.002 -0.002 -0.002 

High-intensity -0.002 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 

Fully employed -0.004 -0.004 -0.004 -0.004 -0.003 -0.002 -0.002 -0.003 -0.002 -0.003 -0.003 

All -0.015 -0.015 -0.015 -0.017 -0.017 -0.019 -0.019 -0.020 -0.022 -0.021 -0.020 

Taxes            

Inactive -0.006 -0.007 -0.006 -0.007 -0.007 -0.006 -0.006 -0.006 -0.007 -0.007 -0.007 

Low intensity -0.003 -0.004 -0.006 -0.008 -0.008 -0.009 -0.010 -0.010 -0.008 -0.008 -0.006 

Middle intensity -0.003 -0.004 -0.003 -0.003 -0.004 -0.004 -0.004 -0.005 -0.005 -0.005 -0.004 

High intensity -0.004 -0.004 -0.004 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 -0.003 

Fully employed -0.015 -0.015 -0.014 -0.014 -0.013 -0.013 -0.011 -0.014 -0.014 -0.015 -0.016 

All -0.031 -0.034 -0.034 -0.035 -0.035 -0.036 -0.035 -0.038 -0.037 -0.037 -0.037 

Disposable Income            

Inactive 0.049 0.049 0.047 0.051 0.048 0.045 0.043 0.046 0.047 0.046 0.051 

Low intensity 0.039 0.052 0.076 0.087 0.105 0.111 0.120 0.111 0.101 0.094 0.075 

Middle intensity 0.035 0.037 0.038 0.032 0.035 0.037 0.038 0.042 0.041 0.042 0.038 

High intensity 0.047 0.047 0.041 0.035 0.032 0.033 0.034 0.034 0.033 0.026 0.030 

Fully employed 0.153 0.144 0.133 0.135 0.122 0.111 0.112 0.113 0.123 0.133 0.138 

All 0.324 0.329 0.335 0.340 0.342 0.337 0.347 0.346 0.345 0.341 0.332 

Source: Author’s construction based on microdata from the ECV. 



35 

 

Table A3: Detailed Blinder–Oaxaca decomposition of inequality change (𝑆𝑆′𝑘𝑘𝑗𝑗 − 𝑆𝑆𝑘𝑘𝑗𝑗), 2008–14 

 Counterfactual 

 Initial population shares Final population shares 

Compositional Effect 
Market  
income 

Pensions Unemployment 
Other social  
benefits 

Taxes All 
Market  
income 

Pensions Unemployment 
Other social  
benefits 

Taxes All 

Inactive 0.012 -0.007 0.000 -0.001 -0.001 0.004 0.011 -0.005 0.000 -0.001 -0.001 0.005 

 0.004 0.002 0.000 0.000 0.000 0.001 0.004 0.002 0.000 0.000 0.000 0.002 

Low intensity 0.120 -0.012 -0.016 -0.006 -0.006 0.079 0.110 -0.013 -0.009 -0.006 -0.006 0.076 

 0.005 0.001 0.001 0.001 0.000 0.003 0.005 0.001 0.001 0.001 0.000 0.004 

Middle intensity 0.007 0.000 0.000 0.000 -0.001 0.005 0.007 0.000 0.000 0.000 0.000 0.005 

 0.002 0.000 0.000 0.000 0.000 0.002 0.002 0.000 0.000 0.000 0.000 0.002 

High intensity -0.020 0.001 0.000 0.000 0.002 -0.017 -0.019 0.001 0.001 0.000 0.001 -0.016 

 0.002 0.000 0.000 0.000 0.000 0.002 0.002 0.000 0.000 0.000 0.000 0.002 

Fully employed -0.061 0.002 0.001 0.001 0.005 -0.053 -0.058 0.003 0.001 0.001 0.005 -0.049 

 0.004 0.000 0.000 0.000 0.000 0.003 0.003 0.000 0.000 0.000 0.000 0.003 

All 0.058 -0.016 -0.016 -0.006 -0.001 0.019 0.051 -0.015 -0.008 -0.005 -0.001 0.022 

 0.003 0.002 0.001 0.001 0.000 0.002 0.004 0.002 0.001 0.001 0.000 0.003 

Distributional Effect           

Inactive 0.001 -0.011 0.000 0.000 0.000 -0.010 0.001 -0.012 0.000 0.000 0.000 -0.011 

 0.001 0.001 0.000 0.001 0.000 0.001 0.001 0.002 0.000 0.001 0.000 0.001 

Low intensity 0.005 0.000 -0.004 0.000 0.000 0.002 0.016 0.001 -0.011 0.000 -0.001 0.005 

 0.001 0.001 0.001 0.001 0.000 0.001 0.004 0.002 0.002 0.002 0.001 0.004 

Middle intensity 0.000 0.000 -0.002 0.000 -0.001 -0.002 0.000 0.000 -0.002 0.000 -0.001 -0.003 

 0.002 0.001 0.001 0.000 0.000 0.002 0.002 0.001 0.001 0.000 0.000 0.002 

High intensity 0.002 0.000 0.001 0.000 -0.001 0.003 0.002 0.000 0.000 0.000 0.000 0.002 

 0.002 0.001 0.001 0.000 0.000 0.002 0.001 0.000 0.001 0.000 0.000 0.002 

Fully employed 0.010 0.002 0.001 0.001 -0.002 0.012 0.007 0.001 0.000 0.001 -0.001 0.008 

 0.004 0.001 0.001 0.001 0.001 0.004 0.002 0.001 0.001 0.000 0.001 0.002 

All 0.018 -0.009 -0.004 0.001 -0.003 0.004 0.025 -0.010 -0.012 0.001 -0.003 0.001 

 0.005 0.002 0.001 0.001 0.001 0.005 0.006 0.003 0.002 0.002 0.001 0.006 

Note: Bootstraps standard errors below (1,000 replications).  

Source: Author’s construction based on microdata from the ECV. 
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Table A4: Detailed Blinder–Oaxaca decomposition of inequality change (𝑆𝑆′𝑘𝑘𝑗𝑗 − 𝑆𝑆𝑘𝑘𝑗𝑗), 2014–18 

 Counterfactual 

 Initial population shares Final population shares 

Compositional Effect 
Market  
income 

Pensions Unemployment 
Other social  
benefits 

Taxes All 
Market  
income 

Pensions Unemployment 
Other social  
benefits 

Taxes All 

Inactive 0.011 -0.006 0.000 -0.001 -0.001 0.004 0.011 -0.006 0.000 0.000 -0.001 0.003 

 0.004 0.002 0.000 0.000 0.000 0.002 0.004 0.002 0.000 0.000 0.000 0.001 

Low intensity -0.067 0.009 0.006 0.005 0.004 -0.044 -0.068 0.007 0.009 0.003 0.004 -0.044 

 0.005 0.001 0.001 0.001 0.000 0.004 0.005 0.001 0.001 0.000 0.000 0.004 

Middle intensity -0.001 0.000 0.000 0.000 0.000 0.000 -0.001 0.000 0.000 0.000 0.000 0.000 

 0.003 0.000 0.000 0.000 0.000 0.002 0.003 0.000 0.000 0.000 0.000 0.002 

High intensity -0.004 0.000 0.000 0.000 0.000 -0.003 -0.004 0.000 0.000 0.000 0.000 -0.003 

 0.002 0.000 0.000 0.000 0.000 0.002 0.002 0.000 0.000 0.000 0.000 0.002 

Fully employed 0.039 -0.002 -0.001 -0.001 -0.004 0.032 0.040 -0.001 0.000 -0.001 -0.003 0.034 

 0.003 0.000 0.000 0.000 0.000 0.003 0.004 0.000 0.000 0.000 0.000 0.003 

All -0.021 0.001 0.005 0.004 0.000 -0.012 -0.021 0.000 0.009 0.002 0.000 -0.010 

 0.003 0.002 0.001 0.001 0.000 0.001 0.003 0.002 0.001 0.000 0.000 0.001 

Distributional Effect           

Inactive 0.006 -0.001 0.000 -0.001 0.000 0.004 0.006 -0.001 0.000 -0.001 -0.001 0.005 

 0.001 0.002 0.000 0.001 0.000 0.001 0.001 0.002 0.000 0.001 0.000 0.001 

Low intensity -0.001 -0.005 0.010 -0.003 0.000 -0.001 -0.001 -0.003 0.006 -0.002 0.000 -0.001 

 0.003 0.002 0.001 0.001 0.001 0.003 0.002 0.001 0.001 0.001 0.000 0.002 

Middle intensity 0.000 -0.001 0.001 0.000 0.000 0.000 0.000 -0.001 0.001 0.000 0.000 0.000 

 0.002 0.001 0.000 0.000 0.000 0.001 0.002 0.001 0.000 0.000 0.000 0.001 

High intensity 0.001 0.000 -0.001 0.000 0.000 0.000 0.001 0.000 -0.001 0.000 0.000 0.000 

 0.002 0.000 0.001 0.000 0.000 0.002 0.002 0.000 0.001 0.000 0.000 0.002 

Fully employed -0.003 -0.002 0.000 0.000 -0.001 -0.006 -0.004 -0.003 0.000 0.000 -0.001 -0.008 

 0.003 0.001 0.001 0.000 0.001 0.003 0.004 0.001 0.001 0.001 0.001 0.003 

All 0.003 -0.008 0.009 -0.005 -0.002 -0.003 0.003 -0.007 0.006 -0.004 -0.002 -0.004 

 0.005 0.003 0.002 0.002 0.001 0.005 0.005 0.002 0.001 0.001 0.001 0.005 

Note: Bootstraps standard errors below (1,000 replications).  

Source: Author’s construction based on microdata from the ECV. 

 



 

37 

Figure A1: Densities of relative disposable income (mean = 1) over time: by population group 
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Middle intensity 
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Fully employed 

 

Source: Author’s construction based on microdata from the ECV. 
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Figure A2: Population group densities of relative disposable income (mean = 1): different years 
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2018 

 

Source: Author’s construction based on microdata from the ECV. 

 

0
.2

5
.5

.7
5

1
1
.2

5
d
e
n
s
id

a
d
e

0 1 2 3 4
relative equivalized disposable income

inactive low-intensity middle-intensity

high-intensity fully-employed




