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1. Introduction

If women have a comparative advantage over men in the household

sector when they make the same investments in human capital, an

efficient household with both sexes would allocate the time of women

mainly to the household sector and the time of men mainly to the

market sector.

Gary Becker, A Treatise on the Family, p. 38 (1991 [1981])

Standard analysis of economic inequality studies the distribution of income, wealth or consump-

tion at the household level. This level of analysis is often justified on the basis that the object

of study is the access of individuals to economic resources (Jenkins and Van Kerm 2009), which

may be better captured by focusing on households rather than on individuals themselves1.

However, when measuring inequality of opportunity (IOP henceforth) the appropriate level

of analysis remains unclear. If income is the outcome of interest, both household and individual

levels are commonly considered in the literature, but the choice is rarely justified and seldom

are robustness issues discussed.

In this article we first show that IOP estimates are highly sensitive to this choice, and

secondly argue that if one believes gender to be a potential source of IOP, then income at the

individual level must be considered. Specifically, it is so because assuming within-household

redistribution virtually nullifies the contribution of the circumstance gender to overall IOP.

Nonetheless, why are different levels of analysis common in the literature? One explanation

is that both levels have their own advantages and shortcomings, so different researchers might

be inclined to follow different approaches. Yet, the lack of a common and widely accepted

methodology compromises comparability, making IOP measurement inconsistent. In this article

we explore the implications of the level of analysis, and argue in favor of focusing on individuals.

On the one hand, the IOP approach is not utilitarian, i.e., the interest is not in the access

to economic resources. Instead, the object of study is how certain personal traits or decisions

condition certain outcomes, so a priori it could be argued that the focus ought to be on the

individual level—furthermore, it makes little sense to assume within-household redistribution of

opportunities. Indeed the original proposal of the IOP approach referred to individual outcomes

(Roemer 1993, 1998), and many empirical studies consider individual income as the outcome

1As long as we assume (perfect) within-household redistribution, even though it rarely holds. The problems
associated with this assumption are well known in inequality research—see for instance Haddad and Kanbur
(1990) for an early reference. Recent contributions include Lechene et al. (2019), who show that poor people
may live in non-poor households, Fremeaux and Leturcq (2020), who find stark differences between household
and personal wealth inequality, and Sauer et al. (2020), who offer a general perspective.
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of interest, examples of which include Andreoli and Fusco (2017), Björklund et al. (2012), and

Fleurbaey, Peragine, and Ramos (2017).

On the other hand, focusing on the individual level neglects household bargaining processes

that affect labor market participation. This refers to the fact that, for instance, an individual

with a comparative advantage over her spouse in the household sector might rationally decide

to stop working. In such situation it is obvious that not all income differences between this

inactive person and a full-time worker could be attributed to IOP. In fact, partly because of

this problem it is also common to estimate IOP focusing on the household level.2 Examples of

studies considering household income are Brunori, Palmisano, et al. (2019), Ferreira, Lakner,

et al. (2018), and Singh (2012).

Focusing on the household level effectively abstracts from the problem of labor market par-

ticipation, but that is not fully satisfactory either. To begin with, part of the effect of circum-

stances works precisely through participation in the labor market—specially that of gender—,

so ideally we would account for this issue rather than abstracting from it. In addition, relating

personal circumstances to income generated by groups of potentially heterogeneous individuals

(namely households) may bias the analysis. Hence, both the household and individual levels

can be problematic.

In response to these shortcomings other approaches have been proposed. A third solution

could be seen as something in between the first two. It consists of referring to household

income, but keeping only household heads in the sample. An argument in favor of this choice

is that it may alleviate the problems the two previous approaches have, while keeping their

benefits. Articles following this methodology include Ferreira and Gignoux (2011), Marrero

and Rodríguez (2013), and Palomino et al. (2019).3

A fourth solution builds onto the first one, and consists of explicitly modeling selection into

employment. This is done to account for the household bargaining processes affecting labor

market participation that were referred above.4 To the best of our knowledge, only Bourguignon

et al. (2003)5 and Checchi, Peragine, and Serlenga (2016) have followed this approach.

The third and fourth solutions are also at the household and individual level, respectively,

but their particular characteristics may alleviate the issues suffered by the first two. Through-

out this text we will refer to these four possible definitions of the outcome of interest as income

aggregates, and investigate to what extent choosing one or the other matters for the mea-

surement of IOP. This is, we will check if IOP estimates are sensitive to considering either a)

individual income, b) household income, c) household income but keeping only heads in the

2Other reasons may include that individual income is specially prone to suffer short-term shocks, inertia
from the economic inequality analysis, or taking an (inadequate) utilitarian perspective of IOP.

3In actuality Ferreira and Gignoux (2011) keep household heads and also spouses, and justify their choice
on the basis that in some countries of their sample family background information was only collected for these
individuals. Nonetheless we include their study in this list because its strategy resembles the one we are
featuring.

4Selection into the labor market and the Heckman correction are discussed in the appendix.
5The working paper version of Bourguignon et al. (2007). In the peer-reviewed article results using a selection

model are mentioned, but not reported.
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sample, or d) individual income using a selection model into employment.

We will find that estimates are indeed sensitive to this methodological choice, although

the relevant feature is not the aggregate itself, but the level of analysis they imply. This is,

only little differences arise when comparing results obtained with aggregates at the household

level (the second and third options), or with concepts focusing on the individual (the first and

fourth). Nevertheless, IOP estimates do vary substantially if we make comparisons across the

two levels of analysis.6 As a matter of fact, we observe that this feature can be a more mean-

ingful methodological choice than the selection of circumstances or the measurement approach,

although the last two have received much more attention. We also find that this variation

responds almost entirely to the contribution of the circumstance gender. In particular, consid-

ering an aggregate at the household level artificially nullifies the role of this characteristic. We

conclude that if gender is to be considered a source of IOP, income at the individual level must

be employed.

It is perhaps surprising that despite the multiple stances regarding the definition of income in

the IOP literature, little attention has been payed to this feature. As mentioned above, studies

generally state which income concept will consider and offer scant or no justification of it, while

normative or robustness issues are rarely discussed. In fact some articles review exhaustively the

many methods available to measure IOP (Ramos and Van de gaer 2016; Roemer and Trannoy

2016), discuss the robustness of IOP estimates to the measurement technique (Ramos and Van

de gaer 2020), or study how accounting for welfare in ways other than income (subjective life

satisfaction, access to leisure time and the sort) affects IOP results (Mahler and Ramos 2019),

that nonetheless largely overlook the role of the level of analysis.

To our knowledge, this issue has only been analyzed before by Suárez Álvarez and López

Menéndez (2020), who, using data of developing economies, conclude that the economic indi-

cator chosen is unimportant. Previously, Bourguignon et al. (2003) noted differences between

IOP estimates for individual earnings and household per capita incomes, which they attributed

to the effect of assortative mating, fertility decisions, and non-labor income sources. We add to

these contributions by analyzing the underlying mechanisms, and arrive at different conclusions.

The rest of the article is organized as follows. Section 2 presents the basics of IOP measure-

ment, section 3 explores the implications of four income aggregates from a conceptual view-

point, and in section 4 we discuss the methodology and results of an empirical demonstration.

Section 5 concludes.

2. The measurement of opportunity inequality

In the “canonical” model of IOP, as described by Ferreira and Peragine (2016, p. 755), an in-

dividual outcome y is determined by a vector of personal circumstances C = (c1, . . . , cK) and a

6Yet, we prefer to report results with the four aggregates—two for each level of analysis—instead of just one
per level for two reasons: first, comprehensiveness, and second, because all four aggregates have been used in
the IOP literature.
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scalar of effort e ∈ [0, 1]. The individual outcome is an economic good, i.e., it is universally de-

sired with no satiation. Circumstances are characteristics that cannot be chosen, and therefore

individuals should not be held responsible for them. These include gender, race, geographical

origin, family background and the sort. Effort refers to the intensity with which individuals

devote themselves to work or how responsibly they behave, and can, conversely, be decided.

We have described it as a scalar, what is common in the literature, but it can be thought of as

a vector.

Circumstances and effort belong to the finite sets Ω and θ, respectively. Then, y is a function

Φ : Ω × θ → R, such that:

y = Φ(C, e). (1)

This can be seen as a reduced-form model in which a given outcome depends on circum-

stances and effort only, according to which all individuals sharing the same circumstances and

exerting the same degree of effort would enjoy the same amount of outcome. Note that in

eq. (1) the effect of circumstances on effort is not explicitly addressed.7

In recent years there has been an explosion in the number of methods available to empirically

assess the extent of unfair inequality.8 In this article we will use a popular procedure, the

parametric approach proposed by Bourguignon et al. (2007) and Ferreira and Gignoux (2011).

This method is ex-ante, and no ex-post approaches will be considered in this text. Ex-ante

techniques measure IOP considering circumstances only, while ex-post methods account for

effort. Despite arguably being more normatively appealing, ex-post approaches are applied less

frequently because they require more data. For more on the differences (and clash) between

the ex-ante and ex-post perspectives see Fleurbaey and Peragine (2013).

In addition, this technique return IOP estimates that are generally interpreted as lower-

bounds. This means that estimates represent the minimum value we can expect from them. This

is so because the vector of circumstances C we are able to observe is a subset of the “true” vector

C∗, such that |C| 6 |C∗|.9 Nevertheless, recent research has questioned the interpretation as

lower-bounds, pointing out that, on the one hand, estimates may suffer from an upward bias

due to sampling variance (Brunori, Peragine, et al. 2019), and that, on the other hand, the

parametric approach proposed by Bourguignon et al. (2007) and Ferreira and Gignoux (2011)10

may produce IOP measurements transgressing the principle of transfers (Teyssier 2017), in

which the proof by Ferreira and Gignoux (2011) relies. We will return to this below.

We proceed now to briefly describe this measurement approach. Suppose we have a pop-

ulation of individuals denoted by i ∈ {1, . . . , I}, each of whom is fully characterized by the

elements (y, C, e). A way to partition this population is proposed. We group individuals into

7For the constrain of circumstances on effort, see Roemer (1998).
8For surveys of the existing approaches to measure IOP see Ramos and Van de gaer (2016), Roemer and

Trannoy (2016) or Ferreira and Peragine (2016).
9For the proof see Ferreira and Gignoux (2011), for a definition of upper-bound estimates go to Niehues and

Peichl (2014), and for further discussion see Hufe et al. (2017).
10Among other measurement techniques (Van de gaer and Ramos 2020). We name this one only because it

is the one employed in this text.
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types tn ∈ Tn, within which all members share the same combination of circumstances Cn.

This partition is such that t1 ∪ . . .∪ tN = {1, . . . , I}, tn ∩ tn′ = ∅, and Ci = Ci′ ∀i|i ∈ tn, i′ ∈ tn,

∀n.11 Based on the realizations rk of each circumstance ck, the number of types is given by

N =
∏K

k=1 rk.12

The parametric procedure proposed by Bourguignon et al. (2007) and Ferreira and Gignoux

(2011) consists of constructing a smoothed counterfactual of y by means of a (possibly log-

linearized13) OLS regression of y against a vector of circumstances C:

yi = βCi + εi. (2)

If estimates β̂ were reliable, a parametric estimation of µ̃ = {µ1, . . . , µN}, the smoothed

counterfactual of y, could be obtained by

µn = β̂Ci, ∀i ∈ n. (3)

The elements of µ̃, µn = {µn, . . . , µn}, are subvectors of length equal to the number of

individuals belonging to type tn, ∀n, and are given by (3) for each n. Of course, all individuals

sharing the same circumstances will have the same predicted outcome.

Notice that in µ̃ there is no inequality within types, remaining only inequality between

types, i.e., inequality due to circumstances.14 Then, an inequality index I(·) is applied to µ̃ in

order to obtain an absolute

IOPabs = I(µ̃), (4)

and a relative measure of IOP

IOPrel =
I(µ̃)

I(y)
. (5)

Therefore, the criterion to identify the existence of IOP are differences between mean out-

come levels across types. This is, ∃tn, tn′ ∈ Tn such that µn 6= µn′ .

Notice that the decomposition of overall inequality into a “between” and “within” group

inequality components precedes the measurement of IOP (see for example Foster and Shneyerov

2000; Shorrocks 1980). Since Checchi and Peragine (2010) introduced it in this field, the

procedure has become a common practice in the IOP literature.

Despite having many alternatives to choose from, we use this method because it allows to

break apart total IOP into the contribution of each circumstance by means of a Shapley-value

decomposition (Shorrocks 2013; see also Ferreira, Gignoux, and Aran 2011), which is an useful

11Superscripts of C denote specific combinations of circumstances, while subscripts refer to the circumstances
of particular individuals.

12In empirical applications of IOP it is common practice to consider only discrete variables as circumstances ck,
because continuous variables would dramatically increase the number of types, leading to very few observations,
if any, in each type.

13The log-linearized version is advised against, see Teyssier (2017) and Van de gaer and Ramos (2020).
14Assuming all inequality between types is IOP implies regarding as normatively irrelevant possible differences

in the amount of absolute effort exerted across types. See Roemer (1998).
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feature we will put to use.

We will now discuss which properties could be required from the inequality index I(·) to

be employed. We would like our measure to be Lorenz-consistent, for which it must satisfy

the principles of symmetry, Pigou-Dalton transfer, and population and scale15 invariance (e.g.

Foster and Lustig 2019). This limits the choice to the known as summary indexes, of which the

most commonly used are the Atkinson, Gini and generalized entropy measures. In addition we

need our index to be additively decomposable, given that we intend to split total inequality into

its fair and unfair shares. And, moreover, we would like it to be path-independent decomposable

(Foster and Shneyerov 2000). This last requirement conveniently narrows the possible choices

to just one, the Theil 0, also known as mean log deviation.16 This index is defined as follows:

MLD(X) =
1

N

N∑

i=1

ln
x̄

xi

, (6)

where N is the size of the sample, xi ∈ X is the outcome of observation i, and x̄ is the mean of

X. Notice that MLD is defined for positive xi only, and also that MLD = 0 iff ∀i, i′ ∈ I, xi = xi′ ,

and MLD > 0 otherwise.

Still, in spite of the foregoing, the Gini index is sometimes employed in the IOP literature,

and since we acknowledge that each inequality index implies a normative choice (Atkinson

1970) we will also employ the Gini index at some points, when testing for robustness.

3. Conceptual framework

In this section we study the implications from a conceptual perspective of choosing each one

of the four income aggregates referred above. This choice will affect estimates through three

channels: bias, sample composition, and its interplay with the inequality index employed. Bias

alludes to assuming within-household redistribution, sample composition to the fact that each

aggregate requires a specific data cleaning process, and the interplay with the inequality index

arises from transformations performed to the data in order to build the aggregates, such as

averaging income across household members to obtain per capita values.

Throughout this section we will study each of the channels separately, remaining agnostic

about all factors but the one at hand. Subsequently, all effects combined will be analyzed

empirically in section 4.

15It is standard to analyze IOP in relative terms, which is why we opt for scale invariance. However, the
assessment could be also conducted in absolute terms, in which case this property shall be substituted with
translation invariance.

16For further discussion on the axiomatic properties one might wish to require in the IOP setting see e.g.
Ferreira and Gignoux (2011).
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3.1. Bias

Let us start by analyzing the source of bias, abstracting by now from the other two channels.

To do so we revisit the “canonical” model of IOP discussed in section 2:

yi = Φ(Ci, ei), (7)

where yi is an individual outcome, Ci is a vector of personal circumstances and ei is an effort

scalar of individual i ∈ I. However, to simplify notation we will exclude effort from this

discussion. Note that this omission does not compromise our analysis, since we will use ex-ante

measures of IOP only, which do not take effort into account.17 Hence, we reformulate (7):

yi = Ψ(Ci). (8)

We will begin with the case of per capita household income. This aggregate consists of

adding the income received by all members of the household and then find the mean value,18

which is imputed to each household member. To wit, independently of the income sources each

particular member has, the analysis assumes they all receive the same amount. Then, crucially,

these equal amounts are put in relation with the potentially different personal circumstances

of every particular household member. In fact, according to eq. (8) estimates of IOP may be

biased as long as Cij 6= Ci′j for some i ∈ I, j ∈ J , where J denotes households—this is, as long

as at least two members of one household are heterogeneous with respect to some circumstance.

How large can the bias be, and which sign will it have? To see it begin by noticing that if

Cij 6= Ci′j, then i ∈ tn and i′ ∈ tn′ , so averaging income across household members with hetero-

geneous circumstances equates to a transfer between types. To the extent these transfers are

mostly progressive or regressive, and how large they are, will determine the sign and magnitude

of the bias.

Let us back up a moment and state some definitions. A progressive transfer is defined as

redistributing from the relatively rich to the relatively poor, without bringing the rich to a

poorer situation than the poor. A regressive transfer is defined inversely. Additionally, an

inequality index I(·) is said to satisfy the Pigou-Dalton transfer principle if its value diminishes

after a progressive transfer has taken place, and inversely with a regressive transfer. This is,

for all Y, Y ∗ ∈ R
n
+ such that there exists δ > 0 and i, k ∈ I so that y∗

i = yi + δ 6 y∗

k = yk − δ,

while for all l /∈ {i, k} it holds that y∗

l = yl, then I(Y ∗) < I(Y ).

17In addition, to assume homogeneity with respect to circumstances and effort is stronger than assuming it
only for the former. We will get to this below.

18Apart from per capita, equivalent household income is commonly employed in the literature as well. This
is obtained by applying equivalences of scale, which are used to account for non-linearities in the growth of
households’ needs with each additional member (e.g. Cowell 2000). Although the conceptual analysis we conduct
in this section does not apply to equivalent income, in practice it entails a negligible difference with respect
to per capita income. The same results of our empirical demonstration but employing equivalized household
income are shown in section 4.3.
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Now let us rewrite (8) as

yH
j = Υ(C1j, . . . , Cij, . . . , CIjj), (9)

where Ij denotes individuals living in household j, and also the set {1j, 2j, . . . , Ijj}. Outcome

yH
j , which refers to per capita household income, is a function of not only individual i’s circum-

stances, but of all other members of her household j too. This is, of course, a consequence of

assuming redistribution within the household.

If all household members are homogeneous with respect to C, or if household j has only one

member (this is, Ij = {1}), then eq. (9) reduces to (8). However, in households with more than

one member Cij 6= Ci′j will generally hold for two reasons: first, positive assortative mating19

is not fully prevalent, and second, most couples are heterosexual. Positive assortative mating

refers to homogeneity with respect to every circumstance except gender, while heterosexuality,

naturally, concerns gender only. Table 1 confirms that the vast majority of European house-

holds with more than one member are conformed by individuals who are heterogeneous with

respect to at least one circumstance, being gender the main driver behind it (only adults are

considered—go to section 4.1 for a full description of the data). For instance, about 97% of

these households are conformed by individuals who are heterogeneous with respect to gender

(cross-country average). This includes couples, family and any other kind of arrangement;

regarding relationships only, circa 99% of the declared couples in 2010 were heterosexual, cross-

country average (not reported in table 1). With respect to other circumstances, consider the

case of parental education: around 35% of households in our sample are constituted by adults

whose parents attained a different educational level. Moreover, if we consider several circum-

stances at once Cij 6= Ci′j holds in nearly all cases, as the column “Homogeneity in 4 out of 4

[circumstances]” illustrates (again, go to section 4.1 for a full description of the circumstances

and the rest of the data).

Returning to our previous question, the magnitude and sign of the bias will depend on

the amount and progressiveness/regressiveness of the transfers between types produced by

averaging income in the household. This in turn depends on the size of households on one side,

and on the degree and pattern of heterogeneity of their members on the other. Note that taking

yH
j = Ψ(Ci), i.e., assuming that per capita household income is a function of the circumstances

of each member separately, may give rise to a bias in each and every household, and hence each

family unit can slant estimates in its own way—be it positively or negatively.

The potentially different biases arising from each household will happen at once, and there-

fore might offset each other partially or completely in aggregate terms. If these effects cancel

each other out or on the contrary they align and add up will depend on the pattern of het-

erogeneity of households’ members. For instance, provided there is a consistent heterogeneity

pattern of household members across the population, such as mostly heterosexual couples of

19Also known as homogamy, this is a mating pattern according to which people of similar economic, cultural
and other societal characteristics tend to partner with one another.
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Table 1: Households homogeneity

Gender
Immigrant

status
Parental
education

Parental
occupation

Homo. in
4 out of 4

Homo. in
3 out of 4

Homo. in
2 out of 4

Austria 1.37 90.45 51.10 67.67 0.46 34.58 78.36

Belgium 2.21 87.09 59.00 57.74 1.17 35.51 72.20

Bulgaria 4.71 99.16 64.69 66.82 2.63 47.94 81.80

Croatia 6.25 88.88 62.53 52.71 3.09 35.37 72.78

Cyprus 2.31 83.66 68.43 59.64 1.21 41.51 75.57

Czech R. 2.76 94.86 57.94 59.79 1.74 40.22 73.87

Denmark - - - - - - -

Estonia 3.08 87.20 50.24 54.89 1.85 27.38 68.56

Finland - - - - - - -

France 2.08 89.44 70.97 52.16 1.24 36.41 79.23

Germany 1.54 93.61 57.52 54.71 0.58 35.27 73.43

Greece 6.01 93.99 73.54 70.95 3.95 57.44 84.35

Hungary 3.05 98.91 67.73 62.85 1.53 47.96 82.31

Iceland - - - - - - -

Ireland 5.23 83.42 55.14 54.95 2.60 30.47 69.98

Italy 4.58 92.79 74.26 58.40 3.09 44.98 82.85

Latvia 3.86 83.60 52.33 50.55 2.17 27.02 64.12

Lithuania 2.72 89.39 62.14 53.45 1.53 35.33 71.79

Luxembourg 1.58 82.22 64.12 63.38 0.41 38.33 76.53

Malta 3.72 89.81 76.13 52.99 2.50 40.79 81.79

Netherlands - - - - - - -

Norway - - - - - - -

Poland 2.91 99.72 64.79 70.90 1.67 49.79 85.95

Portugal 4.48 91.70 92.09 69.21 3.43 62.98 92.51

Romania 3.29 99.84 83.33 77.72 2.50 69.16 91.73

Slovakia 3.62 98.19 61.35 53.67 2.07 36.14 76.74

Slovenia - - - - - - -

Spain 4.15 94.57 79.81 59.30 2.73 49.80 86.27

Sweden - - - - - - -

Switzerland 1.80 79.83 54.09 55.54 0.52 26.66 69.51

United K. 2.18 91.33 52.90 50.65 0.65 27.01 71.60

Average 3.31 90.99 64.84 59.61 1.89 40.75 77.66

Note: This table shows the percentage of households of which members have homogeneous circumstances.
Only households with 2 or more members are considered, which is why some countries have missing information
(in these countries there is information on parental features about one member per household only—see sec-
tion 4.1). “Homo. in x out of 4” refers to homogeneity with respect to x circumstances out of the 4 considered.
Cross-sectional files of the EU-SILC database.



women who tend to earn less than their male partners, the overall bias produced by taking

yH
j = Ψ(Ci) instead of yi = Ψ(Ci) will be negative.

Let us analyze this issue more formally. Remember that if Cij 6= Ci′j then i ∈ tn and

i′ ∈ tn′ , and denote personal income of individual i living in household j by yij. Then, all

i ∈ I, j ∈ J such that yij < yi′j and µn < µn′ will produce a negative bias (where µn denotes

mean individual income of type n—see section 2). This is, each person living in a household

with another individual who enjoys higher personal income and belongs to a richer type than

herself will bias IOP estimates downwards. This is so because in this particular case taking

yH
j = Ψ(Ci) equates to a progressive transfer between types.

On the contrary, a positive bias will be produced for all i ∈ I, j ∈ J such that yij > yi′j

and µn < µn′ (or equivalently, yij < yi′j and µn > µn′); namely, for each individual who lives in

a household with another individual who has lower (higher) personal income and, nonetheless,

belongs to a richer (poorer) type. In this case taking yH
j = Ψ(Ci) equates to a regressive

transfer between types.

In addition, no bias will arise if yij = yi′j, even if µn 6= µn′ . In this case taking yH
j = Ψ(Ci)

will leave every type’s mean income µ unaltered.

Remark 1 Let yH be per capita household income, and µ̃H its smoothed counterfactual dis-

tribution. All i ∈ I, j ∈ J such that yij < yi′j and µn < µn′ will negatively bias I(µ̃H).

Proof By imputing yij = yi′j = yH
j it follows that µn < µH

n and µH
n′ < µn′ . Provided I(·) satisfies

the Pigou-Dalton transfer principle and as long as µH
n 6 µH

n′ , it follows that the imputation

reduces I(µ̃H). �

Corollary 1.1 All i ∈ I, j ∈ J such that yij > yi′j and µn < µn′ , or yij < yi′j and µn > µn′ ,

will positively bias I(µ̃H).

Corollary 1.2 All i ∈ I, j ∈ J such that yij = yi′j, even if µn 6= µn′ , will leave I(µ̃H) unbiased.

In conclusion, considering per capita household income may bias IOP estimates with respect

to the “canonical” model (7) in any direction. The bigger the size of households, and the more

heterogeneous their members are with respect to C and y, the larger the bias can be. However,

since effects take place within households, every household can bias results, all at once. It

is hence possible that, provided there is no consistent pattern of heterogeneity, the negative

and positive biases offset each other. Nonetheless, we will see that in practical applications

considering yH will generally bias IOP estimates downwards, specifically by virtually nullifying

the contribution of gender to overall IOP. This is a consequence of two facts: a) women tend to

earn less than their male partners20 (and hence mean incomes of women’s types are generally

lower than those of males’), and b) in most households live adults of both genders (see table 1).

20Our data is from European economies, but this pattern extends well beyond. For instance, Bertrand et al.
(2015) find that in the US most women have lower salaries than their husbands, and that when this is not the
case, marital satisfaction is lower and divorce more likely.
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In other words, it is consequence of a consistent pattern of heterogeneity with respect to gender

and personal incomes. Therefore, when empirically assessing the extent of IOP we will generally

find that I(µ̃H) < I(µ̃), being µ̃ the smoothed counterfactual of individual income yij. We will

explore this further in section 4.2.

The next aggregate we are going to discuss is household income but retaining only household

heads in the sample, which we denote by yHE. This aggregate is, obviously, also at the household

level. Furthermore, it also suffers from the biases described above because, again, the amount

of income we are imputing to each head is determined not only by her circumstances, but by

every other household members’ as well.

However, the magnitude of the bias per household will be smaller with yHE than with

yH , due to a sample effect—i.e., only the head from each household will be considered in the

analysis, instead of every member. Emphasis on per household is due because in aggregated

terms the total bias of taking yHE
j = Φ(Ci) can be larger or smaller than with yH

j = Φ(Ci). It

will depend on the extent to which the potentially different biases arising from each household

offset each other, or if on the contrary they add up.

Notice that by construction the sample size when considering yHE cannot be larger than

with yH . This is, let NH be the sample size of yH and NHE be that of yHE, then NHE ≤ NH .

In fact, N is the only potential difference between yH and yHE, and consequently yHE equates

to a reweighting of yH . When considering yHE the income of each household, independently

of their number of members, is related to one set of personal circumstances only—those of the

head. This is, the number of times we take yHE
j = Φ(Ci) is once per household only; however,

with yH we take yH
j = Φ(Ci) for each household member. Thus, just as with the sample size,

the magnitude of the bias per household when considering yHE cannot be larger than with yH

too. Recall that we stated that the magnitude of the bias with yH will in part depend on the

size of households—indeed, keeping only heads in the sample works through this mechanism.

Remark 2 Let yH be household income, yHE household income but keeping only heads in

the sample, and B̄H and B̄HE the magnitude of their biases per household, respectively. Since

NHE ≤ NH , then B̄HE ≤ B̄H .

Nevertheless, as we will see in section 4.2, in practice results change only slightly when

we consider yHE instead of yH , suggesting there is no meaningful difference between the two.

However, total bias with yHE may be larger or smaller than with yH , and will depend on the

sample composition—we will return to this in sections 3.2 and 4.2. In any case, it will be shown

that the contribution of the circumstance gender to total IOP is also nearly nullified with yHE.

Let us now consider personal income. Even though the “canonical” model of IOP assumes

y to be an individual outcome, individual measures of income can be problematic.21 As we

mentioned at the beginning of this article, focusing on the individual level neglects household

bargaining processes that affect labor market participation, which is one of the reasons why

21The situation is of course different when the outcome of choice is, say, health status or educational attain-
ment.
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considering income at the household level is standard in the analysis of income inequality

(e.g. Jenkins and Van Kerm 2009). These processes refer to situations in which, for instance,

an individual with a comparative advantage over her spouse in the household sector might

rationally decide to stop working. Failure to account for this issue will lead to an overestimation

of IOP, because observed differences between type’s mean income µ will not only respond to IOP.

For example, the educational level of each household member might influence the household

bargaining process, and personal effort plays a role in educational choices.

However, abstracting completely from the household bargaining process may produce un-

derestimates of IOP, since part of the effect of circumstances on personal achievement works

precisely through labor supply decisions. This is specially true for gender. For instance, Kleven,

Landais, Posch, et al. (2019) and Kleven, Landais, and Søgaard (2019), using data from Euro-

pean countries, find that having children strongly impacts labor market participation and hours

worked of women, but not of men. They do not find that public policies explain this difference,

but rather that it is rooted in gender identity norms. Furthermore, Goldin (2014) and Goldin

and Katz (2016) highlight that “family friendliness” of occupations is the main factor behind

the gender pay gap. In fact there is a large strand of literature suggesting that gender identity

norms condition females joining the labor force and their willingness to work long hours.22

Simultaneously, other personal circumstances can influence participation in the labor market

too. Family background may shape labor supply in many ways, including social connections

and genetic transmission of characteristics valued in the labor market (Corak 2013; Papageorge

and Thom 2019; Roemer 2004). Additionally, certain social groups such as immigrants may be

specially prone to suffer from unemployment and underemployment (Bisin et al. 2011; De La

Rica et al. 2015), what can impact their incentives to take part in the labor market.

In sum, when considering income at the personal level we are not estimating eq. (8), but

yW
ij = Γ(Cij, p(C1j, . . . , Cij, . . . , CIjj)), (10)

where yW
ij denotes individual income (in our application we will consider labor earnings, so

the W is for wage), and p(·) denotes the bargaining process in household j that conditions

labor market participation of individual i. Note that p(·) depends on the circumstances of all

members of the household, {1, . . . , i, . . . , Ij}, not only on Cij. Hence, as in eq. (9), household

composition affects results with yW
ij , although in (10) it does so indirectly.

The bargaining process p(·) affects IOP estimates in two ways: on the one hand, by pooling

non-comparable individuals (such as full-time workers and people willingly out of the labor

market), and on the other hand, through the effect of C on labor market participation. Let us

call the former effect u, which cannot be identified with IOP, and the latter effect v, which is

behind some part of overall IOP. Hence, the bargaining process in a given household is:

p(·) = τ(u, v(C1j, . . . , Cij, . . . , CIjj)), (11)

22See e.g. Bursztyn et al. (2017) and Teso (2019) for experimental evidence.
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where v(·) depends on the circumstances of all members of the household.

If p(·) is not taken into account when estimating IOP, all differences between the null income

of individuals out of the labor force and the positive income of people at work are assumed by

construction to be unfair, which is obviously problematic. Yet, removing p(·) completely will

“leave out” part of IOP. Therefore, we would ideally account for v(·), because it is related to

IOP, while abstracting from u, which is not. Then, instead of eq. (10) we would take

yW
ij = Θ(Cij, v(C1j, . . . , Cij, . . . , CIjj)). (12)

A possible way to get rid of u is to use a sample composed of individuals with a similar

level of labor market attachment. For example, Andreoli and Fusco (2017) study individuals

who spent most of the income reference period as full-time workers, while Bourguignon et al.

(2007) use a sample of males active in the labor market who report positive earnings.23

Nonetheless this approach is not free from problems. Specifically, when constructing a

sample of individuals with a similar level of labor market attachment the researcher faces a

trade-off: the more similar they are, the smaller the influence of u will be, but a larger part of

v(·) will be removed as well, and vice versa. Consider a few examples. In a sample of employed

individuals some will work full-time while others may willingly do it part-time, so u would not

be removed completely. This is so because these individuals would not be perfectly comparable,

i.e., their labor market attachment differs.24 Inversely, a sample composed of full-time workers

weakens the assumption that u has been removed, but parallelly it implies removing some part

of v(·) too—the reason being that part-time working is not randomly assigned and in some

degree depends on C. Moreover, by considering only people at work we are excluding the

unemployed (who by definition would prefer to be working), again removing part of the effect

of v(·), since unemployment is also not randomly distributed.

In sum, using yW we fail to properly account for the household bargaining process p(·).

We are forced to either pool non-comparable individuals—letting u affecting our estimates—or

miss out some IOP produced by the influence of C on labor market participation—removing

part of the effect of v(·). In light of this shortcoming we believe it is preferable to explicitly

model participation in the labor market, what we discuss in the rest of this section.

Now we are going to discuss our last income aggregate: personal income with a selection

model into employment, which we denote by ySW .25 The implications for IOP estimation

are that if the assumptions of the selection model are satisfied we could remove u completely.

However, contrary to what occurs with the previous three aggregates, v(·) would not be removed

23However, other studies considering individual income simply drop all observations with zero income (Fleur-
baey, Peragine, and Ramos 2017), or keep a sample of males with similar age (Björklund et al. 2012).

24This would not be the case if we could control for the willingness of part-time workers to work more hours,
and include in the sample only those who would prefer to be working full-time; that is, if we could account for
underemployment. Regrettably though, in the data source we will employ—the EU-SILC database—this is not
possible.

25A description of the selection bias, the Heckman correction method and the actual selection model we
employ can be found in the appendix.
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alongside it. The reason for this is that the selection model imputes expected incomes to

individuals who do not match a certain level of labor market attachment, based on the income

of similar individuals who do match it. Hence, provided that the model works as intended, a

sample of individuals with comparable income can be constructed while the effect of C on labor

market participation is retained. This is, u can be removed while preserving the effect of v(·).

Assumption 1 The data with which we employ our selection model is fit for it and hence

the model works as intended.

Remark 3 If Assumption 1 holds, with a sample such that uW = uSW = 0 we would have

vW (·) 6 vSW (·).

In the appendix we describe the Heckman selection model we use and discuss that no evi-

dence against Assumption 1 is found in our analysis, so ySW is our preferred income aggregate.

Nonetheless, as we will see in section 4.2, results with ySW and yW do not differ substantially

and hence the choice between them is not a major methodological feature.

3.2. Sample composition

The second channel through which the choice of an income aggregate will affect IOP estimates

are the differences between the samples employed. Depending on the aggregate a specific data

cleaning process is in order, and a fair comparison of IOP using different aggregates must factor

this in. For instance, if an estimation of IOP is being conducted with “labor earnings” as the

outcome of interest, observations with missing or non-positive values on the outcome variable

“labor earnings” might be dropped, while that would not be done if the outcome of interest

is “household income”. Likewise, we would not drop observations with missing or non-positive

labor earnings if we are going to employ a selection model into employment. For this reason

we keep four different samples throughout the analysis, one for each aggregate. These samples

are nonetheless identical in everything other than the requirements of the idiosyncratic data

processing of each aggregate. However, we will find that the sample composition plays only a

secondary role in shaping the differences across estimates.

Table 2 shows some descriptive statistics of each sample, by country. These consist of

the percentage of individuals with the referenced characteristics (namely gender, immigrant

status, parental education and parental occupation, which constitute the set of circumstances

we are going to employ), alongside sample size, the average value of the income aggregate, and

its standard deviation.26 This table spans 6 pages, the first 3 of which relate to samples of

aggregates at the household level (yH and yHE), relating the last 3 to samples of individual

outcomes (yW and ySW ). Also, each page contains statistics of two different samples for 10 or

11 countries.

Let us now review the differences across samples. Comparing samples with aggregates at

the household level (first three pages of table 2) we find that the sample size is always notably

26Note that the data are described extensively in section 4.1.
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larger with yH than with yHE’s, even up to more than two times larger. The only exception

is Sweden, where yHE sample is just a little smaller. In fact, samples with yHE can only be

as large or smaller than with yH , since we are using the same income aggregate but retaining

only individuals who are the head of their household (see Remark 2 in section 3.1). Regarding

the mean outcome level, there seems to be only small differences. If anything, yHE appears

to be slightly higher (with the exception of Sweden), but this differences are not meaningful.

Likewise, the standard deviation of the mean outcome is generally higher in the sample of yHE,

but just slightly (the only exception is Denmark). Moving on to circumstances, we see that in

yH ’s samples there tends to be gender-parity, with each sex representing about half of them.

However, women are less frequently household heads, in some cases by a substantial difference.

Consider for instance Cyprus, Greece or Romania, where only 17%, 19% and 18% of the heads

are female, respectively. On the other end we find Bulgaria, Latvia and Sweden, where the

proportion of women is actually somewhat higher in yHE’s samples. In addition, differences

with respect to gender are solely small in Denmark, Estonia, Finland, Lithuania and Slovenia.

Nonetheless, there appears to be a general trend and it is likely to respond to gender identity

norms, which incentivize women to allocate a larger portion of their time, compared to men,

to the household sector (see the discussion of personal income in section 3.1). Apropos of

immigration, no major differences seem to arise between the samples of the two aggregates

at the household level. This may be due to the fact that in most households where there is

one immigrant, all household members have the same status too (see table 1), so this social

group is well represented in yHE’s samples. Finally, regarding family background, we observe

similar distributions of parental education and occupation levels across the samples of these two

aggregates. At most, in yHE’s samples we find distributions tending to some extent towards

the higher levels, but in an almost negligible fashion. If anything, we could have expected

household heads to enjoy a more privileged background than the general population.

We will compare now samples with aggregates at the individual level, yW and ySW (last

three pages of table 2). When using a selection model into employment, ySW , the sample size is

of course larger, with no exception. The average income is about the same with both aggregates;

depending on the country it is larger in one or the other sample, but in no case the difference

is substantial. Nevertheless, we do find disparities when it comes to standard errors. SEs are

always larger with yW than with ySW , and the disparities are in some cases sizable, such as

in Spain, Ireland or the United Kingdom. With respect to gender, the proportion of women

is generally similar, although always higher in the ySW ’s samples (there are three exceptions:

Estonia, Lithuania and Latvia). These discrepancies, although small, go in line with what has

been discussed above about the allocation of female’s time between the household and market

sectors. A stark difference appears in Malta, where women move from representing 32% of the

yW sample to 49% with ySW . Regarding immigration we find a parallel situation to that of

gender: the relative presence of immigrants is broadly similar across the samples of the two

aggregates, but it tends to be higher in the ySW ’s ones (with the exception of Bulgaria, Finland,
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Hungary, Island, Luxembourg, Portugal, Romania, Slovakia and the United Kingdom). And

that is also the situation with family background, since in general we find a larger proportion

of individuals with the least privileged background (as measured by parental education and

occupation) in the sample of ySW compared to yW . Of course, it is those who face more

difficulties to enter the labor maker—such as women, immigrants, and people coming from less

privileged backgrounds—that we would expect to appear in larger numbers in the samples with

ySW , compared to yW ’s.

To end this comparison of samples we are going to contrast the two levels of analysis

discussed in the two paragraphs above. About the sample size, with yH it is in every case the

largest. On the other end, with yHE the sample size is almost always the smallest (with the

exceptions of Denmark, Finland and Sweden, in which the sample with yW is27). Hence, broadly

speaking, NH > NSW > NW > NHE, which represent respectively the sample size of yH , ySW ,

yW and yHE. Regarding mean outcome, with aggregates focusing on the individual (yW and

ySW ) we find levels about twice as high than with aggregates that look at households (yH and

yHE). Standard errors with yH are around half of what we find with yW , and in some cases less

than half. Therefore, recalling the discussion above, generally we have that SEW > SESW >

SEHE ≈ SEH , which refers to the standard errors of yW , ySW , yHE and yH , respectively. About

gender, the proportion of females is largest in the yH sample (with the exception of Estonia,

Lithuania and Latvia, where is highest in yW ), but not far from what we find with ySW .

The lowest proportion by far appears with yHE. With respect to immigration, the samples

of aggregates at the household level have in general a larger proportion of immigrants, but

the difference is small and even sometimes indiscernible, such as in Bulgaria, Czech Republic,

Hungary, Poland, Romania and Slovakia (countries of which immigrant population is very

small). Finally, regarding parental education and occupation we find no major differences

across the samples of the four aggregates. If anything, the yH ’s samples have in most cases

a bigger proportion of individuals coming from less privileged backgrounds (as measured by

parental education and occupation) with respect to yW ’s samples, which is in line with what

could have been expected, provided we only consider individuals with a minimum level of labor

market attachment yW ’s samples (see section 4.1 for a full description of the data).

Summing up, we find that the main differences across the samples of our four aggregates are

their size, the mean income and its standard error, and the presence of females. Divergences

27It might come as a surprise that there are more household heads (sample size with yHE) than people are in
the labor market (sample of yW ). There are two reasons for this: on the one hand, the data source we employ,
the EU-SILC database, collects information on family background from only one person in each household,
who is usually the head, in a small group of countries (namely Denmark, Finland, Iceland, the Netherlands,
Norway and Sweden—however, in all other countries this information is collected from various members of each
household). Hence, if researchers want to account for parental education and occupation in these few countries
they are forced to keep only one individual per household, who is usually the head, artificially lowering the
sample size with yW and evening it to the one with yHE . On the other hand, the kind of employment we
consider with yW is employees or self-employed who worked full- or part-time during at least 7 months in the
reference period, in order to study individuals with a minimum level of attachment to the labor market. This
is, many individuals who are in the labor market, but just intermittently, are not considered in the sample of
yW . This and all other details about the data we employ are discussed in extenso in section 4.1.
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relating to immigration and parental background do not seem substantial. Moreover, the

discrepancies in mean income respond principally to the level of the aggregate—household or

individual—rather than to the aggregate itself. In fact, as we will later verify, the sample

composition does not play a major role in shaping the differences between the IOP estimates

obtained with our four income aggregates, even though its influence is not negligible. We will

return to this in section 4.3, where we employ one artificially identical sample for all aggregates.

3.3. The inequality index

The third source of discrepancy between IOP estimates obtained with different income aggre-

gates is their interplay with the inequality index employed. Recall that the most commonly

employed measure of inequality in the IOP literature is the mean log deviation (see section 2),

which is defined as in eq. (6), or alternatively:

MLD(X) = ln x̄ − ln xi. (13)

Suppose X ∈ R
n
+ is a distribution of individual income, and xi ∈ X with i ∈ I representing

individuals. We can transform X to per capita household income by taking the average in each

residential unit, and represent it by XH , with xj ∈ XH , where j ∈ J are households. Then, to

calculate the MLD of XH we would substitute xi by xj in eq. (13). Note, however, that x̄ takes

the same value in both cases. Hence, MLD(XH) = ln x̄ − ln xj. Now, informed by the strict

concavity of the logarithmic function we know that ln xi < ln xj, and consequently MLD(XH)

< MLD(X).

Returning to our previous notation, the fact just described entails that, abstracting from the

other effects discussed, I(µ̃H) < I(µ̃), where µ̃H is the smoothed counterfactual of household

income, yH
j , and µ̃ is the smoothed counterfactual of individual income yi.

4. Empirical demonstration

With the aim of illustrating the importance of the income aggregate, in this section we estimate

IOP using four different income concepts: per capita disposable household income, which will

be denoted by yH , per capita disposable household income but keeping only household heads

in the sample (yHE), gross labor earnings (yW ), and gross labor earnings with a Heckman

selection model into employment (ySW ). We will first, in section 4.1, describe the data and

method employed, to subsequently discuss the results in section 4.2 and the robustness tests in

section 4.3.

4.1. Data and methodology

We make use of the cross-sectional files of the European Survey of Income and Living Condi-

tions, 2019 revision. This is a well-known and researched database for the study of inequality,
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poverty, and social exclusion that offers harmonized data on income and circumstances at the

individual and household level. It has been conducted yearly since 2003 for up to 31 European

countries in its most recent waves. However, the EU-SILC has information about parental

features in two waves only—2004 and 2010—and since some data to account for family back-

ground is generally required to estimate IOP, we are forced to use one these two waves.28 We

decide to use the wave referring to 2010, because it is more recent and covers more countries.29

We will employ four different samples, one for each income aggregate. The rationale is that

each aggregate requires its own data processing, and a valid comparison would take this into

account. For instance, we would drop all observations with missing values of “labor earnings”

if we are estimating IOP using precisely “labor earnings” as the outcome of interest, but would

not do so if we are considering “household income”. Likewise, we would not drop observations

with missing or non-positive income if we are going to employ a selection model into employ-

ment. For that reason we keep four different samples throughout the analysis, that nonetheless

are identical in everything other than the idiosyncratic data processing requirements of each

aggregate.

Common to the four samples is the following. We restrict them to people aged 30 to 59

to account for life-cycle effects, which is a common procedure in the literature (e.g. Marrero

and Rodríguez 2012). We choose 30 years as the lower limit because income at this age is a

good predictor of long-term earning potential (Chetty et al. 2014), and 59 as the upper limit

because the EU-SILC does not collect information on family background for older individuals.

We also remove from our sample all observations with missing values in any circumstance, and

in addition, we cap very high values in each income distribution, in particular by replacing all

values above the 99th percentile with the value at that percentile.

The construction of the four income aggregates will be detailed now. The per capita dis-

posable household income, yH , is calculated as “total disposable household income” (variable

HY020) divided by “household size” (variable HX040).30 In the specific sample of this aggregate

we drop non-positive or missing observations in variables HY020 or HX040.

Per capita disposable household income but keeping only household heads in the sample,

yHE, is defined in exactly the same way as yH , the only difference being that the sample

employed is limited to household heads only. The head of the household is identified by the

28The importance of socioeconomic origin in determining economic and social outcomes has been explored
extensively by the literature on intergenerational mobility (e.g. Corak 2013). In the context of IOP see Ferreira
and Peragine (2016), table 25.8, for a list of the circumstances employed by eight studies, all of which include
parental background.

29We include in our analysis all countries available, which in 2010 are Austria, Belgium, Bulgaria, Croatia,
Cyprus, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland,
Italy, Latvia, Lithuania, Luxembourg, Malta, the Netherlands, Norway, Poland, Portugal, Romania, Slovakia,
Slovenia, Spain, Sweden, Switzerland and the United Kingdom.

30Total disposable household income is defined as the sum of all household members’ gross personal income
components, plus gross income components at household level, minus regular taxes on wealth, regular inter-
household transfers paid and tax on income and social insurance contributions. Gross means that neither taxes
nor social contributions have been deducted at source. Household size corresponds to the number of members
in the household.
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variable “Person responsible for the accommodation” (HB080).31 As with yH , we also drop

non-positive or missing observations in variables HY020 or HX040.

Gross labor earnings, yW , is defined as “Employee gross cash or near cash income” (vari-

able PY010G), plus “Gross non-cash employee income” (PY020G), plus “Cash benefits or

losses from self-employment (Gross)” (PY050G). We exclude “Value of goods produced by

own-consumption (Gross)” (PY070G) because it is not available in all countries. Gross means

that neither taxes nor social contributions have been deducted at source, which we opt to

consider because it allows to have an account of how the market rewards each type, excluding

state intervention. The sample with this aggregate is limited to employees or self-employed who

worked full- or part-time during at least 7 months during the reference period,32 and observa-

tions with non-positive or missing values in all of the variables PY010G, PY020G or PY050G

are dropped. We would like to account for underemployment, by considering the willingness of

part-time workers to work more hours. Regrettably though, the variable of the EU-SILC that

could allow us to do so, “Reason for working less than 30 hours” (PL120), has only a small

number of observations that would remarkably reduce our sample size.

Finally, the aggregate gross labor earnings with a Heckman selection model into employ-

ment, ySW , is defined in exactly the same way as yW , but we impute expected incomes to people

out of employment. The kind of employment modeled is also employees or self-employed who

worked full- or part-time during at least 7 months during the reference period. The Heckman

correction method and the actual selection model employed are described in the appendix.

From the sample of this aggregate we only drop observations with missing values in the vari-

ables included in the selection model, while we naturally keep observations with non-positive

or missing values in the earnings variables (PY010G, PY020G or PY050G).

Regarding circumstances, we consider gender, immigrant status, parental education and

parental occupation, which are commonly used in the literature.33 As gender we consider

binary gender, since it is the information available in the database.

With respect to immigrant status, we differentiate between individuals born in the country

of residence and those born outside. In spite of being frequently used, immigrant status is not

considered a circumstance by some researchers. For that reason we would like to justify this

choice. Although migration clearly falls within the control of individuals (except in extreme

situations such as famines, wars, political prosecution or natural disasters), we believe it can

be considered a circumstance on the basis that the country where we live largely determines

our income (Milanovic 2015), and unless we emigrate, the country where we live is the country

where we were born, what is outside our control. Moving to a country with a more favorable

31Defined as the person owning or renting the accommodation. In case two persons share responsibility, the
oldest one is registered as the head.

32We use the variables “Number of months spent at full-time work as employee” (PL073), “Number of months
spent at part-time work as employee” (PL074), “Number of months spent at full-time work as self-employed
(including family worker)” (PL075), and “Number of months spent at part-time work as self-employed (including
family worker)” (PL076).

33See Ferreira and Peragine (2016), table 25.8, for a list of circumstances employed in eight studies.
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income distribution may return a gain, but at a cost in terms of effort that those already born in

such country do not have to assume. Furthermore, natives do not face possible discrimination

due to their national origin.

Regarding paternal education, we group individuals according to the highest educational

level attained by any of their parents: pre-primary, primary or lower secondary education

(levels 0, 1, and 2 of ISCED-97), upper secondary and post-secondary non-tertiary education

(levels 3 and 4 of ISCED-97), and first and second stage of tertiary education (levels 5 and 6

of ISCED-97). This is, we distinguish three levels of parental education.

Finally, regarding parental occupation, we also create three groups of individuals according

to the highest job category of their parents, which correspond to elementary occupations (group

9 of ISCO-88), plant and machine operators and assemblers, craft and related trades workers,

skilled agricultural and fishery workers, service workers and shop and market sales workers,

and clerks (groups 8, 7, 6, 5 and 4 of ISCO-88), and technicians and associate professionals,

professionals, and legislators, senior officials and managers (groups 3, 2 and 1 of ISCO-88).

However, in the case of Sweden we are forced to exclude the circumstance parental occupa-

tion due to the very small number of respondents, what would drive the number of observations

per type unacceptably low. In addition, in Denmark, Finland, Iceland, Netherlands, Norway,

Slovenia, and Sweden information on parental features is collected for one individual per house-

hold only, either the head or the spouse. This means that to account for these parental features

we can only analyze one individual per household in these countries, in all our four samples.

This is the reason why in table 1 these countries have missing information, as heterogeneity

within households cannot be tested if we have information of one member only. Notice that,

in the mentioned countries, this fact prevents us from truly estimating IOP using yH with the

EU-SILC database.

Therefore, we have up to 36 types, product of 2 genders × 2 geographical origins × 3 levels

of parental education × 3 levels of parental occupation. However, the number of types falls

shorter than 36 in some datasets, because some combinations of circumstances are infrequent

and do not appear in the data. To prevent the possible bias produced by types with very few

observations that may contain extreme values (see Brunori, Peragine, et al. 2019), we retain

only those types with at least a minimum number of observations, which we set to 10.

For our analyses it is advised to make use of the bootstrap (see e.g. Efron and Tibshirani

1993). When appropriate we will perform estimations with 1,000 replications, and following

Andreoli and Fusco (2017) we stratify by region34 (see also Goedemé 2013).

Finally, regarding the empirical methods to estimate IOP, we apply the parametric approach

proposed by Bourguignon et al. (2007) and Ferreira and Gignoux (2011). We employ this

method because, as detailed in section 2, we are interested in decomposing the contribution of

individual circumstances to total IOP by means of the Shapley-value. The inequality measure

34Variable DB040, which refers to the region of the residence of the household at the date of interview,
classified according to NUTS-08.
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employed, as was also detailed in section 2, is the mean log deviation.

4.2. Results

We will now test empirically the effects described in section 3 by comparing IOP estimates

obtained with our four income aggregates. First we study the levels of IOP, then look at

the resultant rankings, and lastly decompose total IOP into the contribution of each particular

circumstance. Grosso modo, we find that IOP tends to be lower when we focus on the household

level, almost entirely due to the fact that this level of analysis virtually nullifies the contribution

of the circumstances gender, in line with what was discussed in section 3.

Figure 1 displays the level of absolute IOP by country, with bootstrapped confidence inter-

vals in brackets. As we readily see, IOP differs remarkably depending on the income concept

considered. Estimates with yH and yHE tend to be lower than those with ySW , and specially

with yW , even though there are exceptions: in Poland and Bulgaria (countries ordered as in

fig. 1) estimates with yW are as low or lower than with yH or yHE; and in Croatia, Ireland,

Poland, Hungary, Spain, Greece and Bulgaria (which are about a fifth of the countries in the

analysis) estimates with ySW are also as low or lower than yH or yHE. This highlights that

while we can observe some regularity, it should not be assumed that using aggregates at the

individual level will necessarily return higher levels of IOP. Other tendencies to notice is that

estimates with yH and yHE are generally similar, and that with ySW IOP is always lower than

with yW . In conclusion, fig. 1 clearly shows that IOP estimates are sensitive to the income

aggregate, and that the channels described in section 3 can indeed move the results in any

direction.

Aside from comparisons relating to the income aggregate considered, a notable feature to

appreciate in fig. 1 is how low the level of IOP is in some countries, and how much higher

is in others—compare for instance Norway and Greece with aggregate yH , or Switzerland and

Croatia with ySW . As we discussed in section 2, the interpretation of estimates as lower-bounds

leads to values that might appear to be “too low”. Regrettably this is presently a shortcoming

of the literature, common to all applications of the measurement methods we employ.

Another way of assessing the extent to which the choice of the aggregate affects IOP esti-

mates is by looking at ranks. Figure 2 compares country rankings according to absolute IOP

calculated with our four income aggregates. It displays four scatter plots, of which axes rep-

resent the rank of the 31 countries in the analysis with respect to their level of absolute IOP,

from smaller to bigger. Panel (a) contains the first scatter plot, which compares the ranking

according to IOP with yH against that with yHE. Panel (b) contrasts the ranking of yH against

the one with ySW , (c) yHE against ySW , and (d) yW against ySW . Hence, panels (a) and (d)

compares rankings with aggregates at the same level of analysis, either the household or the

individual. On the contrary, panels (b) and (c) compare ranks with aggregates at both levels.

Unsurprisingly, panels (a) and (d) show similar rankings, with Spearman’s rank correlations

around 0.95 in both cases. However, important differences arise in panels (b) and (c). The
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Figure 2: Comparison of country rankings with respect to absolute IOP

Note: This graph contrasts country rankings according to absolute IOP estimates obtained using our four
income aggregates. Each panel contrasts two particular country ranks, and the Spearman’s rank correlation is
reported at the bottom of each panel. Estimates refer to the year 2010. Cross-sectional files of the EU-SILC
database.

rank correlation of IOP estimates obtained with an aggregate at the individual level, ySW ,

and estimates using aggregates at the household level, both yH (panel (b)) and yHE (panel

(c)), is below 0.3, with a significance level (not reported) indicating that we cannot reject the

hypothesis of independence.35 Indeed, it appears that when focusing on the household level

35Considering yW instead of ySW here does not alter the conclusions, nor it does comparing relative levels of
IOP instead of absolute ones.
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Table 3: Averaged Shapley-value decomposition of IOP

yH yHE yW ySW

Gender 0.0002 0.0003 0.0152 0.0098

Immigrant status 0.0017 0.0017 0.0019 0.0011

Parental education 0.0048 0.0050 0.0066 0.0057

Parental occupation 0.0040 0.0042 0.0054 0.0043

Total 0.0107 0.0113 0.0290 0.0209

Gender (%) 1.9 3.0 52.3 47.0

Immigrant status (%) 15.9 14.9 6.4 5.4

Parental education (%) 45.1 44.6 22.8 27.1

Parental occupation (%) 37.1 37.4 18.5 20.5

Total 100.0 100.0 100.0 100.0

Note: Contribution of each circumstance to total IOP, averaged across 30 countries (Sweden is excluded
because it lacks information on parental occupation), using our four income aggregates. The first five rows
show mean absolute contributions, the following five display mean relative contributions to total IOP. The
same information of this table can be found in fig. 3. Estimates refer to the year 2010. Cross-sectional files of
the EU-SILC database.

we are measuring a different phenomena than when looking at the individual, underlining the

importance of the income aggregate as a methodological feature.

We have seen that IOP estimates are sensitive to the level of analysis, but not so much to

the particular aggregate employed. Now, to understand what is driving the differences it is

useful to study how the role of each circumstance changes with each aggregate. To this end

we will perform Shapley-value decompositions, which allow to decompose total IOP into the

contribution of each particular circumstance (Shorrocks 2013; see also Ferreira, Gignoux, and

Aran 2011). A convenient property of this technique is that the individual contributions of

all circumstances add up to exactly the total amount of IOP. However, it shall be noted that

these decompositions must be taken as approximations only. Table 3 shows the contribution

to total IOP of each circumstance, averaged across 30 countries (Sweden is excluded because

it lacks information on one circumstance, namely parental occupation, so its decomposition

is not comparable), both in absolute and relative terms. Additionally, fig. 3 shows the same

information in a more graphical way.

The Shapley-value decomposition of IOP suggests that the difference between the household

and individual levels of analysis is largely explained by the contribution of the circumstance

gender. Its contribution is almost negligible when choosing an income aggregate at the house-

hold level, but it becomes by far the most important circumstance when we focus on individuals.

Interestingly enough, the absolute contributions of all other circumstances—immigrant status,

parental education, and parental occupation—are broadly similar across all income aggregates

(see the first five rows of table 3), stressing that the sensitivity of results to different levels of
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Figure 3: Averaged Shapley-value decomposition of IOP

Note: Contribution of each circumstance to total IOP, averaged across 30 countries (Sweden is excluded
because it lacks information on parental occupation), using our four income aggregates. Panel (a) refers to
mean absolute contributions, panel (b) shows mean relative ones. The same information of this graph can be
found in table 3. Estimates refer to the year 2010. Cross-sectional files of the EU-SILC database.

analysis responds to the role of gender. Indeed, the decomposition procedure suggests that the

effect of gender is virtually nullified when choosing an income aggregate at the household level,

product of the bias described in section 3. The decomposition of estimates with yH and yHE

returns remarkably similar results, and while the contributions of the circumstances do differ

between estimates with yW and ySW , they do so to a small extent only (recall fig. 2, which

shows very similar country rankings with yW and ySW ).

However, averaging across countries as in table 3 and fig. 3 may conceal variability worth

considering. Analyzing the role of circumstances in a case by case fashion leads to figs. 4 and 5,

where countries have been grouped by geographical location. The first thing to notice is that

grouping by region appears to be convenient because there is some consistency of the role of

circumstances within these “natural” groups. A second takeaway is that, again, there are no

major differences between aggregates at the same level of analysis, i.e., between yH and yHE or

between yW and ySW . This seems to be a persistent finding in both the averaged and the case

by case perspectives, and of course goes in line with what the study of rankings suggested (see

fig. 2).

Let us consider fig. 4 now, where IOP estimated with aggregates at the household level

is decomposed. This graph displays the contribution of each circumstance to total IOP by
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Figure 4: Shapley-value decomposition of IOP at the household level (yH and yHE)

Note: Contribution of each circumstance to total IOP by country, using our two income aggregates at the
household level. Panels (a) and (b) refer to the aggregate yH , while panels (c) and (d) relate to yHE . Addition-
ally, panels (a) and (c) show absolute contributions, while panels (b) and (d) display relative ones. In Sweden
the circumstance parental occupation is not available. Estimates refer to the year 2010. Cross-sectional files
of the EU-SILC database.



Figure 5: Shapley-value decomposition of IOP at the individual level (yW and ySW )

Note: Contribution of each circumstance to total IOP by country, using our two income aggregates at the
individual level. Panels (a) and (b) refer to the aggregate yW , while panels (c) and (d) relate to ySW .
Additionally, panels (a) and (c) show absolute contributions, while panels (b) and (d) display relative ones. In
Sweden the circumstance parental occupation is not available. Estimates refer to the year 2010. Cross-sectional
files of the EU-SILC database.



country. Panels (a) and (b) refer to the aggregate yH , while panels (c) and (d) relate to yHE.

Additionally, panels (a) and (c) show absolute contributions, while panels (b) and (d) display

relative ones. In Eastern countries IOP is high, and family background appears to be the

most important feature, while immigrant status and gender are nearly irrelevant in most cases.

Nordic countries have by large the lowest level of IOP, and family background relinquishes its

relevance to immigrant status and gender—see panels (b) and (d). In this group of countries

gender appears to play a much bigger role than in the rest, although it does so only in relative

terms. Considered as the amount of inequality due to gender, i.e. absolute contribution—

panels (a) and (c)—, in the Nordic countries IOP due to gender is not particularly large. The

importance of this circumstance in relative terms—panels (b) and (d)—is due to the small

amount of total absolute IOP in these countries.36 In Southern economies family background

accounts for most of IOP too, although immigration is important as well (with the exception

of Malta and Portugal). Again, gender plays little to no role. Finally, in Western European

economies both family background and immigrant status are important and add up to most of

IOP, although gender plays some role too37.

If we look at fig. 5 we find a contrasting picture—one in which gender is the most impor-

tant circumstance. In Eastern countries gender now contributes a relevant share of total IOP

(with the remarkable exception of Lithuania and Slovenia), but family background remains an

important source of inequality too. Nordic economies have again the lowest level of IOP, but

immigrant status is not as important anymore, and instead gender (specially in Norway and

Sweden) accounts for most of total IOP. In the south of Europe gender becomes a very im-

portant circumstance, even though immigrant status retains its relevance (with the exception

of Malta and Portugal). Finally, it is in Western countries where we find the highest levels

of IOP—panels (a) and (c)—. In all of these societies gender is the single most important

circumstance, accounting in all but Ireland and Luxembourg for more than 50% of total IOP.

Summing up, the main conclusion we can extract from studying the role of circumstances

in a case by case fashion concurs with what we had concluded from the study of averages in

table 3 and fig. 3. This is, that using an aggregate at the household level almost nullifies the

role of gender, and that there are no major differences between estimates with aggregates at

the same level of analysis, i.e., between yH and yHE nor between yW and ySW .

4.3. Robustness

In this section we test if our previous results are robust to some methodological variations.

These alternative approaches are three, to wit a) using the same sample across income aggre-

36Nevertheless there is an important caveat to remember here: with yH as the outcome of interest—panels
(a) and (b)—we must be careful interpreting the data from the Nordic countries and the Netherlands. For these
countries the EU-SILC database contains information on family background from one member per household
only, and hence it is not possible to truly estimate IOP using yH , provided we want to account for socioeconomic
background (we discussed this issue in section 4.1 and table 1). However, this caveat does not apply with yHE—
panels (c) and (d).

37Again, we must interpret results with yH in the Netherlands with caution; see the previous footnote.
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Table 4: Spearman’s rank correlations with alternative methodologies

yH with yHE yH with ySW yHE with ySW yW with ySW

Equal samples - 0.2613 - -

Gini 0.9762 0.1919 0.2165 0.9323

Equivalent income 0.9722 0.2520 0.2754 0.9351

Note: This table shows Spearman’s rank correlations between IOP estimates obtained using our four income
aggregates. Each column corresponds to the correlation between two particular aggregates, and each row shows
the statistic with a particular methodological variation. Estimates refer to the year 2010. Cross-sectional files
of the EU-SILC database.

gates, b) using the Gini index instead of the mean log deviation, and c) considering equivalized

household income instead of per capita. We will conclude that our previous findings hold, but

we also obtain further evidence suggesting that the bias related to the circumstance gender

described in section 3.1 is the main source of discrepancy across levels of analysis.

Consider table 4, which shows the rank correlations of IOP estimates obtained with our

four income aggregates. This table is similar to fig. 2, but showing only Spearman correlations.

Each column corresponds to correlations between results with two particular aggregates, and

each row displays the results with one of the three methodological variations included in the

robustness test. The first row, referring to using the same sample across all income aggregates,

responds to the fact that each aggregate requires its own data processing, what naturally gives

rise to different samples (see section 3.2). Therefore this test is aimed at checking to what

extent this factor explains the differences in estimates. This row displays information in one

column only—that referring to the correlation of yH with ySW —, because the only difference

between yH and yHE, and also between yW and ySW , is precisely the sample composition, and

hence artificially using a unique sample returns equal results with yHE and yH , and with ySW

and yW , so we avoid reporting them. In conclusion, we see that the rankings do not change

much, since the rank correlation remains below 0.3.

The second row of table 4 relates to the use of Gini as the inequality index, instead of the

mean log deviation. Recall from section 3.3 that the particular characteristics of each index

may affect the results, and also from section 2 that, more generally, every inequality index

implies a normative choice (Atkinson 1970). This test returns rank correlations that offer a

similar picture to the one obtained before, suggesting that the inequality index is not a major

factor behind the differences across levels of analysis.

The third and final row of table 4 shows results with a different definition of household

income. We use equivalized income instead of per capita income, because as discussed in

section 3 this is a common approach too. Also, the conceptual analysis we have conducted in

section 3.1 does not apply to it. Nevertheless we once again conclude that this test does not

seem to entail a substantial difference with respect to our main methodology.

In sum, the rank correlations of table 4 suggest that none of the considered methodological
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Table 5: Averaged Shapley-value decomposition of IOP with alternative methodologies

yH yHE yW ySW

Equal samples

Gender 0.0002 - - 0.0099
Immigrant status 0.0015 - - 0.0011

Parental education 0.0047 - - 0.0057
Parental occupation 0.0038 - - 0.0043

Total 0.0102 - - 0.0210

Gini

Gender 0.0048 0.0060 0.0568 0.0438
Immigrant status 0.0089 0.0086 0.0067 0.0053

Parental education 0.0306 0.0313 0.0347 0.0327
Parental occupation 0.0282 0.0287 0.0294 0.0273

Total 0.0725 0.0746 0.1277 0.1091

Equivalent income

Gender 0.0001 0.0010 0.0152 0.0098
Immigrant status 0.0015 0.0015 0.0019 0.0011

Parental education 0.0051 0.0052 0.0066 0.0057
Parental occupation 0.0040 0.0042 0.0054 0.0043

Total 0.0107 0.0118 0.0290 0.0209

Note: Contribution of each circumstance to total IOP, averaged across 30 countries (Sweden is excluded
because it lacks information on parental occupation), with our four income aggregates and three methodological
variations. Each alternative methodology is indicated in italics. The five rows of each specification show mean
absolute contributions. Estimates refer to the year 2010. Cross-sectional files of the EU-SILC database.

features is responsible for much of the differences produced by the choice of the income aggre-

gate. This provides further support to the hypothesis that the contribution of the circumstance

gender is the main factor. To collect more evidence on this question we will analyze now the

contribution of each individual circumstance to total IOP.

The second part of this robustness test revisits the decomposition of IOP. Just as we have

done in the last part of section 4.2 we will now decompose IOP by means of the Shapley-value,

but do so with estimates obtained following the alternative methodologies discussed above. The

results are shown in table 5. This table presents the absolute contribution of each circumstance

to overall IOP in each one of the three alternative settings we have chosen for the robustness

test. The first five rows relate to using the same sample across all income aggregates, and

as we explained when discussing table 4, with this test we report results from two aggregates

only. A feature to notice is that the decomposition of IOP using ySW has barely changed with

respect to table 3, and that is because the procedure to employ equal samples with yH and

ySW mostly consists og dropping observations from yH ’s sample, since it is the biggest of the
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two (see section 3.2). Nonetheless, changes in the decomposition of IOP with yH are almost

negligible, what again belittles the importance of the samples’ differences in explaining the role

of the income aggregate.

The next five rows display results using the Gini index instead of the mean log deviation.

Values are larger by construction, and obviously they are not directly comparable to the ones

obtained using the mean log deviation. It is interesting to see that differences between total

IOP with the four income aggregates are smaller now (for instance, total IOP with yH is around

65% of total IOP with ySW , while it was 50% using the mean log deviation). However we still

find that the main difference across estimates is the contribution of gender, which remains much

larger with aggregates at the individual level.

The last five rows of table 5 show results with household equivalent income, instead of per

capita. Therefore, with respect to table 3 we only see changes in estimates with aggregates at

the household level, yH and yHE—this robustness check does not affect results with yW and

ySW . What we find is that choosing per capita or equivalent household income does not entail

a meaningful difference, just as we advanced in section 3.

Summing up, all of the robustness tests performed point in the same direction: the con-

tribution of the circumstance gender explains the lion’s share of the differences between IOP

estimates obtained with our four income aggregates, while the sample composition and the

inequality index are of secondary importance.

5. Concluding remarks

We have seen that IOP estimates are highly sensitive to the choice of the income aggregate,

and hence attention is due to this methodological aspect. Specifically, beyond the particular

aggregate, the key feature is the level of analysis, either households or individuals. Considering

a distribution of income at the household level returns IOP estimates that are generally lower

than those obtained when we analyze individual incomes, and this difference is due almost

entirely to the contribution of the circumstance gender. Indeed, gender is by far the most

important source of discrepancy between IOP estimates at the household and individual level.

We have identified the mechanisms that operate behind this process, and tested their work-

ings empirically. The results of the data analysis in section 4 match the mechanisms laid out in

section 3, and also go in line with the previous literature regarding within-household redistribu-

tion and gender identity norms at play in the labor market. We conclude that, when measuring

IOP, the income aggregate implies a normative choice regarding gender. In particular, if gender

is considered a source of IOP an aggregate at the individual level must be employed.

This has relevant consequences. Let us discuss how this issue has affected IOP research.

Brunori, Hufe, et al. (2020) propose the use of machine learning methods to reduce the risk

of arbitrary selection of circumstances. In their illustration gender is considered a potential

circumstance, but it is only shown as relevant—i.e., the algorithm deems it significant—in 1 of
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the 31 European countries for which they measure IOP. Hence, their analysis depicts gender as

marginally important in the determination of IOP, even though this result is surely due to the

fact that they consider household income as the outcome of interest. This is, the method they

propose to avoid ad-hoc selection of circumstances is conditioned by the (arbitrary) choice of

the income aggregate.

Suárez Álvarez and López Menéndez (2017) decompose total IOP in Spain and find that

gender is nearly irrelevant, and no reference to the importance of the income aggregate is made.

Again, from these results it could be concluded that gender is unimportant, although of course

they are a product of choosing an aggregate at the household level.38

Another example is Equal Chances, the so-called world database on equality of opportunity

and social mobility. As specified in its technical note (EqualChances 2018), even though gender

is often included in the set of circumstances, in this project it is not because the outcome is

defined at the household level (EqualChances 2018, p. 6). This is, the largest IOP database in

the world presents gender as a dispensable dimension of IOP.

It is important to keep in mind that every income aggregate suffers from its own shortcom-

ings and biases, and therefore they should be chosen according to the research question at hand

and justified on that basis. Nonetheless, if income is the outcome of interest and gender is to

be considered as a source of IOP, then an aggregate at the individual level must be considered.

Indeed, focusing on households leads to downplaying the importance of gender as a source of

IOP. If this field claims to embody the ideal of fairness that modern societies embrace, it better

reassess this stance.
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Appendix

The process determining participation in the labor market is not random. This causes samples

used to estimate labor earnings to be censored, leading to biased results. James Heckman

(1976, 1979) famously argued that this bias arises because of a missing data problem, and

proposed a method to estimate the variables which when omitted in a regression give rise to

the specification error.

Known as Heckman correction, the two-step or the limited information maximum likelihood

(LIML), this method starts by modeling the sampling probability of each observation with a

probit-type selection equation. The aim of this first step is to estimate the so-called inverse

Mills ratio—also known as hazard ratio—, which will be included as a regressor in a subsequent

equation to estimate the conditional expectation of the dependent variable in the second step.

In our case, the sampling probability refers to the odds of participating in the labor market,

and the dependent variable is the amount of individual income, conditional on certain personal

characteristics. Actually, testing the null that the coefficient on the inverse Mills ratio is 0

equates to testing for the presence of a selection bias.

Estimating IOP using an outcome at the individual level is likely to suffer from this bias,

which is why we explicitly model selection into employment. The selection equation is a probit

regression with the following specification:

Di = β0 + β1femalei + β2couplei + β3couplei × femalei + β4childreni + β5childreni × femalei

+ β6immigranti + εi, (14)

where Di is a dummy indicating whether individual i participates in the labor market, female

refers to binary gender, couple to mating, children references the presence of underage indi-

viduals in the household, and immigrant refers to having being born outside the country of

residence.

The kind of employment modeled, i.e., the labor market participation condition Di, is full-

and part-time employees and self-employed who spent in that situation at least 7 months of

the reference period.39 That allows us to study a relatively stable position in the labor market.

Some variables have been defined before, specifically female and immigrant (in section 4.1).

Couple (variable RB240) is defined as couples living in the same household, either with legal

or informal bindings. Age (RX020) is considered at the end of the reference period. The only

variable that has not been described before is children, which takes the value 1 in the presence

39We used the variables “Number of months spent at full-time work” (PL070) and “Number of months spent
at part-time work” (PL072) in waves prior to 2008. In waves from 2008 on these variables were updated in the
survey design to “Number of months spent at full-time work as employee” (PL073), “Number of months spent at
part-time work as employee” (PL074), “Number of months spent at full-time work as self-employed (including
family worker)” (PL075), and “Number of months spent at part-time work as self-employed (including family
worker)” (PL076).
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Table 6: Selection model into employment

ln Wagei Di

Age 0.0478*

(0.0045)

Age × Age -0.0005*

(0.0001)

Personal education

Secondary -0.0703*

(0.0092)

Tertiary or more 0.3474*

(0.0111)

Personal occupation

Skilled worker 0.2793*

(0.0119)

Professional 0.7635*

(0.0129)

Female 0.0468*

(0.0135)

Couple 0.2873*

(0.0126)

Female × Couple -0.3969*

(0.0164)

Children 0.3612*

(0.0116)

Female × Children -0.3466*

(0.0147)

Immigrant status -0.0957*

(0.0113)

Inverse Mills ratio -1.5244*

(0.0330)

Constant 8.5951* 0.5331*

(0.1006) (0.0098)

Observations 169,111

Censored values 42,534

Note: This table shows the results of the selection model regressions on the pooled data of our sample in
2010. Di is the censoring condition. The reference values of personal education and occupation are their lowest
categories, “Primary or less” and “Elementary occupations”. Robust standard errors clustered by country in
parenthesis. * p < 0.01. Cross-sectional files of the EU-SILC database.



of underage household members and 0 otherwise.

The outcome equation, for estimating labor earnings, is as follows:

ln wagei = β0 + β1agei + β2age2

i + β3educationi + β4occupationi + εi, (15)

where education and occupation are the highest educational level and the occupational cate-

gory of individual i, respectively. Age is self-explanatory. Personal education (variable PE040)

and occupation (PL050) are defined in exactly the same way as the variables parental edu-

cation and occupation (coded in three levels following ISCED-97 and ISCO-88 classifications,

respectively—see section 4.1).

Equation (15) does not include any variable already present in eq. (14) in order ot avoid

possible collinearity problems, which can be a severe issue with this technique (Lee 2003; Puhani

2000). Indeed, with this specification we find no evidence of correlation between regressors of

eq. (15) and the inverse Mills ratio. We test this by calculating the R2 of a regression of the

inverse Mills ratio on the regressors of eq. (15), which is 0.0186 (Puhani 2000). However, we do

find evidence of a selection bias, as indicated by the significance of the inverse Mills ratio—see

table 6.

Since our sample is composed by 31 countries space restrictions prevent us from reporting

results of the selection model for each case. Nevertheless, following Checchi, Peragine, and

Serlenga (2016) we do report results on the pooled data of all countries in table 6, in order to

provide with a general idea of the results. The inverse Mills ratio is significant (as it is in all

countries individually—not reported), bringing evidence of a selection bias. Also, as indicated

above, we find no evidence of collinearity.
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