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Recent literature has suggested many ways of measuring equality of opportunity. We analyze in a sys-
tematic manner the various approaches put forth in the literature to show whether and to what extent
different choices matter empirically. Drawing on data for most European countries for 2005 and 2011,
we find that the choice between ex-ante and ex-post approaches is crucial and has a substantial influ-
ence on inequality of opportunity country orderings. Growth regressions also illustrate the potential
relevance of conceptual choices.
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1. INTRODUCTION

Responsibility-sensitive egalitarianism shifts the focus from outcomes to their
determinants, when assessing economic inequalities, and advocates offsetting the
effect of circumstances, for which individuals are not deemed responsible, while
respecting the effects of effort. Since the first contributions by Dworkin (1981),
Arneson (1989), and Cohen (1990), the economics literature has laid out the basic
principles that ought to guide measurement, following seminal contributions by
Roemer (1993, 1998), Fleurbaey (1995) and Bossert (1995) on allocation rules and
policy. In a recent paper (Ramos and Van de Gaer, 2016), we bring together the
theoretical and the empirical literature and draw attention to the conceptual differ-
ences of the empirical measures. This paper takes those lessons as starting point
with the intention to investigate whether those important conceptual differences
have any bearing in ordering distributions when taken to the data, and bring about
systematic differences in orderings. To this end, we estimate a wide range of
inequality of opportunity measures to the same set of data, the European
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Union-Statistics on Income and Living Conditions (EU-SILC), an empirical exer-
cise which has not been done so far.!

Conceptually, the most frequently used measures of inequality of opportu-
nity can be classified on the basis of three criteria. The first criterion distinguishes
between ex-ante and ex-post measures. Ex-ante measures compute the inequality
in the values of individuals’ opportunity sets while ex-post measures compute the
inequality in the incomes of those that have the same efforts. Initially, the theoreti-
cal literature treated ex-ante and ex-post approaches as being very similar (Roemer,
2002; Roemer et al., 2003). Recent theoretical contributions stress they are differ-
ent and often conflict (Ooghe et al., 2007; Roemer, 2012; Fleurbaey and Peragine,
2013). Most of the empirical literature continues to treat them as interchangeable,
by motivating their concern with inequality of opportunity from ex-post intuitions
and using ex-ante measures of inequality of opportunity. We find that the distinc-
tion between ex-ante versus ex-post matters a lot for country orderings. The second
criterion, due to Pistolesi (2009), distinguishes between direct and indirect mea-
sures. Direct measures calculate the inequality in a counterfactual income distribu-
tion where all income inequalities are exclusively due to individuals’ circumstances.
Indirect measures calculate the difference between the inequality in the actual
income distribution and the inequality in a counterfactual income distribution in
which there is no inequality of opportunity. Our results suggest that the distinction
between direct and indirect measures is of secondary importance. The third crite-
rion focuses on whether a parametric or non-parametric method is used to con-
struct the counterfactual. This choice is relevant when the often-used parsimonious
linear specification does not yield a reasonable fit, and it is thus data-dependent.

In the next Section we provide a more detailed description of these criteria,
present and formally define the most frequently used measures of inequality of
opportunity and classify them. Section 3 describes the EU-SILC data and the cir-
cumstances and effort variables used in the empirical analysis, Section 4 presents
our empirical strategy, while Section 5 reports our main results. We first exam-
ine the incidence of choices on country orderings, and then show estimates from
growth regressions to illustrate further their empirical relevance. The concluding
section wraps up.

2. MEASUREMENT APPROACHES

As responsibility-sensitive egalitarianism distinguishes between efforts and
circumstances, the empirical model assumes that for each individual k in the pop-
ulation N = {1, ---, n}, his income, y,, depends on his circumstances, given by a d°
-dimensional vector alf, his efforts, given by a d®-dimensional vector af, and a
random term e;, such that?

Previous papers provide partial (not systematic) comparisons, which do not allow drawing robust
conclusions about the importance of conceptual choices. For instance, drawing on the same EU-SILC
data, Checchi et al. (2016) compare non-parametric ex-ante ¢! and ex-post /¢ measures, defined in Table
1, using the same two inequality indices we employ, the Gini coefficient and the Mean Log Deviation.

2We discussed the consequences of unobserved random variation in Ramos and Van de Gaer
(2016), and abstract from that complication here.
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V=g (akc,af,ek) where g:RY" xR XxR->R,,.

Following Roemer (1993) and Peragine (2004) a type (tranche) is a set of peo-
ple having the same circumstances (efforts). Measures of inequality of opportu-
nity can be classified on the basis of three criteria: whether they take an ex-ante
or ex-post perspective, whether they are direct or indirect measures of inequal-
ity of opportunity, and whether the estimation is based on a parametric or non-
parametric method.

A first distinction is between ex-ante and ex-post approaches. The ex-ante
approach measures the inequality between individuals’ opportunity sets, and
assumes that these opportunity sets are determined by individuals’ circumstances.
It attaches the same value to the opportunity set of those that belong to the same
type, and measures the inequality in the values of individuals’ opportunity sets.
The ex-post approach measures the inequality in the incomes of individuals that
have the same effort. All inequalities between such individuals must be due to their
circumstances, and is, for that reason a measure of inequality of opportunity.?

A second distinction is between direct and indirect measures. Direct measures
of inequality of opportunity compute the inequality in a n-dimensional counter-
factual income distribution y¢ in which all inequalities due to differences in effort
have been eliminated such that only the inequality that is due to differences in
circumstances is left:

(1 1),

where I: R} - R is a measure of inequality. Indirect measures of inequality of
opportunity compare the inequality in the actual distribution of income, /(y), to
the inequality in a counterfactual income distribution where there is no inequality
of opportunity 7 (y£°). This results in the measure

(2) 0, (». ) =1 -1 (y*).

where O, ( ¥, yEO) R, X R}, —R. Based on a decomposition argument, the idea
behind the approach is that the difference between the inequality in the actual distri-
bution and the inequality in the counterfactual income distribution without inequal-
ity of opportunity gives the inequality that is due to inequality of opportunity.

A third distinction is based on the estimation method. This method can be
parametric or non-parametric. The parametric approach imposes a functional
form to estimate individuals’ incomes as a function of efforts or circumstances,
resulting in specifications with 3 possible domains:

g (af.al,e,) where ZRY xR™xR-R,,,

3In parametric ex-post approaches the random term is typically set equal to zero in the construc-
tion of the counterfactual, such that variation in the counterfactual is due to differences in efforts. A
notable exception is Bjorklund ez al. (2012) who use the error term to parametrically identify non-
observable effort and decompose the parametric error term into two terms: a first one that captures the
indirect effect of circumstances (through effort) and a second one that captures effort, net of circum-
stances. In non-parametric approaches random terms are not usually taken into account, but the aver-
aging procedures make them disappear, at least asymptotically.
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g (ag,e;) where ¢RI xR >R

++9

2R (af,e,) where FRRXR-R,,.

These equations can be used to estimate y, by setting ¢, equal to zero.

Table 1 uses the three distinctions to classify standard measures used in the
literature.

Panel A describes direct and indirect measures based on conterfactuals.
Consider the direct measures first. Four ways to measure the value of an indi-
vidual’s opportunity set are proposed. Counterfactual y¢!, proposed by Van de
Gaer (1993), measures the value of an individual’s opportunity set by the average
income of his type; y2, proposed by Lefranc et al. (2008) measures it by the nor-
malized surface under the generalised Lorenz curve of his type; y3, proposed by
Ferreira and Gignoux (2011) takes the parametric estimate of his income, given
his 01rcumstances Counterfactual y¢4, proposed by Pistolesi (2009), relies on the
choice of a* , a reference value for the vector of responsibility characteristics and
takes the parametrlc estimate of an individual’s income, given his circumstances
and with efforts equal to the reference values. Fleurbaey and Schokkaert (2009)

TABLE 1
MEASURES OF INEQUALITY OF OPPORTUNITY
Non-parametric Parametric
Panel A: Counterfactuals in measures based on counterfactuals
(a) Direct 1 (y¢)
_anted 3 _ 5C (,C
Ex-ante y;\ |N I Z:eNk Yi y,i =g (ak ,0)
2 —R ~ —R
V= e Zew Tt (@) =2 (afa%0)
Ex-post* =t
(b) Indirect ©, (y, y£9) = I(y)-1 (¥£°)
. a EO5 _ HQ)
Ex-ante VA
_ b 1 EO3 _
Ex-post yEo! = o Tien, Vi yEO3 = gR (ak0)

EO2 _ 2 ~ ro4 (=C ~(=C R
yk - |N.k||N.k+l| ZieN_k 1y yk a =gla ’ak’O

Panel B: Alternative inequality of opportunity measures
Ex-post, direct, non parametric® P = Ly ZL I'0Y)
m -

Norm based, direct, parametricd IV =I(y—y")

Note: N, = {z €N|af _aC} y; 1s the i—th largest level of income in the set N’ a" is a reference
value for the vector of respon51b111ty variables. k.

4u(y) is mean 1nc0me of vector y.

oNy={ieN|af=a} }, ¥, is the i—th largest level of income in the set N ;, a° is a reference value
for the vector of circumstance variables.

‘There are 7T tranches; tranche ¢ € {1,2,...,T}, n' is the number of individuals in tranche 7 and y' is
the n'- dimensional vector with the incomes of all individuals that belong to tranche 7. I(y") measures
the inequality in this vector.

dY" is the n-dimensional vector of norm incomes. An individual’s claim is the average income he
would receive if everyone had his responsibility vector. His norm income is total income multiplied by
his claim divided by the sum of everyone’s claims (the “generalized proportionality principle").
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call this measure “direct unfairness”. The counterfactual for ex-post measure y>,
proposed by Checchi and Peragine (2010), scales everybody’s income up or down
by the ratio of the average income in the population and the average income of
his tranche. That way, since we use a relative inequality measure, the inequalities
between those that belong to the same tranche are preserved, while the differences
in average incomes of different tranches are eliminated.

The counterfactuals used in the indirect approach are obtained by switching the
role of circumstance and effort variables of the direct approach. This dual relation-
ship is reflected in the number used to label the counterfactuals: foralli=1, ..., 5,
yE% is the dual counterfactual of y“. Checchi and Peragine (2010) proposed coun-
terfactual y£9!, which assigns to every individual the average income of his tranche;
yEO? assigns the value of the normalized surface under the generalised Lorenz
curve of the income distribution of his tranche; y£93 the parametric estimate of
his income, given his efforts; y£%* the parametric estimate of his income, given his
efforts and circumstances equal to the reference values. In all these counterfactuals,
those with the same efforts have the same income, such that the corresponding indi-
rect measure becomes a measure of the income inequality that is due to their differ-
ent circumstance; they are ex-post measures of inequality of opportunity. The only
ex-ante measure is 93, proposed by Checchi and Peragine (2010), where incomes
are scaled up or down by the ratio of the average income in the population and the
value of the opportunity set measured by yzl, such that in this counterfactual, the
average income of every type equals average income in the population and every-
one’s opportunity set has the same value. Observe that the duals of direct ex-ante
measures are indirect ex-post measures, while the dual of the direct ex-post mea-
sure is an indirect ex-ante measure. In the sequel I* denotes the inequality measure
based on counterfactual y¥ with X € {cl, ..., ¢5, EO1, ..., EO5}.

Panel B presents alternative measures. The ex-post measure ¥, due to
Rodriguez (2008), is a weighted average of the inequalities within each tranche.
The norm based measure, proposed by Almaés et al. (2011), measures the inequal-
ities in the deviations between individuals’ actual incomes and their norm income
(or fair income). In the norm income distribution all inequalities due to circum-
stances are eliminated. This is similar to the “unfairness gap” measure proposed by
Fleurbaey and Schokkaert (2009).

3. DATA

We draw on data from the European Union—Statistics on Income and Living
Conditions, which collects comparable information on socioeconomic and demo-
graphic characteristics of individuals across European countries. In particular we
use the 2005 and 2011 waves, which collected information on family background
and circumstances when the respondent was young in separate questionnaire
modules. EU-SILC data have been commonly used to study equality of opportu-
nity across European countries, see inter alia Marrero and Rodriguez (2012) and
Checchi et al. (2016).

The EU-SILC provides data for a large number of countries, which allows us
to compare country orderings by inequality of opportunity when different measures
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are used. The main limitation of EU-SILC is the reduced sample sizes for some coun-
tries, which obliges us to work with a reduced number of circumstances and efforts.

As in previous studies, e.g. Marrero and Rodriguez (2012), we select individ-
uals aged 25 to 59 to avoid the noise associated to the school-job transition for the
younger population and to retirement decisions for the older individuals.

Our outcome of interest is individual disposable equivalent income.* To check
the reliability of our income variable, we compare our Gini coefficient estimates
with other estimates coming from different sources, such as the OECD, and obtain
correlation coefficients above 0.9, indicating that our estimates are in line with
those from the OECD.

Working with a limited amount of circumstances and effort variables, and thus
types and tranches, results in partitions that are too coarse and that end up driving the
estimates of the various direct and indirect measures. Because of this, we use a set of
five circumstance and four effort variables, which translate into 48 types and 24
tranches, thus achieving finer partitions than the majority of recent empirical studies
on equality of opportunity.®> Our circumstances include parental education and occu-
pation, gender, birthplace, and whether the respondent lived with both parents when
young, while the set of efforts includes own educational attainment, own occupation,
work status, and marital status. All variables have two categories, except the two occu-
pation variables, which have 3 categories each. Description and summary statistics of
circumstance and effort variables can be found in Appendix Tables 12 to 15.

Many papers identify effort by means of Roemer’s Identification Assumption
(RIA), that is, by using the relative position of the individual — often aggregated into
deciles—in the type conditional distribution of the outcome variable.® As Ramos and
Van de Gaer (2016) argue, this strategy is based on two strong assumptions and it is
also likely to misidentify effort if relevant circumstances are omitted. However, we do
not follow this strategy to identify effort because we include in our analysis inequality
of opportunity measures that are based on parametric counterfactuals, such as y**
and yF94 which require observable effort variables. Furthermore, in our analysis we
examine the empirical relevance of including effort variables in the econometric spec-
ification to estimate the counterfactual distribution of parametric ex-antes

“Disposable equivalent individual income is computed by deflating disposable equivalent house-
hold income (variable HY 020, including the sum for all household members of gross personal income
components plus gross income components at household level, minus taxes paid), with the modified
OECD equivalent scale, (variable HX050, which assigns a weight of 1 to the first adult, of 0.5 to re-
maining adults of the family, and of 0.3 to children younger than 14).

SThe downside of using such a large number of partitions is that our estimates may be vulnerable
to upward biases of a size that (negatively) depends on the sample size and on the particular measure
estimated (Brunori et al., 2018). However, the following exercise suggests that the concerns about such
bias may be limited. For each country and year, y> and y** are estimated on the same sample but using
different specifications—a similar argument applies to y£93 and y£94. In particular, y° relies on g€, i.e.
a specification that considers only circumstance variables, while y** relies on (g), which adds effort vari-
ables to the previous specification, and thus has lower degrees of freedom. Since y** does not include
additional circumstance variables in the specification, but only incorporates additional effort variables,
we expect the possible downward bias due to omitted (or too coarsely defined) circumstances to change
very little between y<3 and y*. In contrast, the decrease in degrees of freedom that results from adding
new variables in the specification should increase the upward bias of y©4, especially for countries and
years with small sample sizes. Therefore, we expect a negative correlation between sample size and the
difference between y** and y<3. Instead we find correlations that are not statistically significant.

%Some relevant and influential papers however use observable effort variables instead, e.g.
Bourguignon et al. (2007), Pistolesi (2009) and Almas et al. (2011).
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measures—i.e. we examine whether the predictions from specifications g€ and (g)
lead to ordering changes between /¢ and 7¢4. This of course implies that we are
working with effort levels instead of degree of effort, which results from using RIA.

The circumstance variable indicating the presence of both parents at home
when the respondent was young is not typically used, and thus deserves some jus-
tification.” Growing up in non-intact families is found to condition several later-life
outcomes, and earnings during adulthood is one of them (Mohanty and Ullah,
2012; Lopoo and DeLeire, 2014; Lerman et al., 2017).

Own education has been previously used as effort variable (e.g. Almas et al.,
2011), but we believe deserves some discussion. Undoubtedly own effort affects
educational attainment (De Fraja et al., 2010), which in turn determines wages and
thus incomes. What may be a bit more controversial is the choice of own education
as an effort variable, as some may argue that children cannot be deemed respon-
sible for their own effort before the age of consent, and such effort levels are also
determining later educational attainment after the age of consent. As discussed
above, however, since there are only few variables in the EU-SILC that can be used
as effort variables and most of them provide only very small cell sizes, we decided
to use own educational attainment as an effort variable.

Marital status is typically omitted from the analysis. Thus, depending on how
error terms are treated, marital status is considered either a circumstance or an
effort variable by previous empirical studies.® We believe that marital status is
largely a choice, and thus include it in the effort set. Notice that our choice is only
weakly related to deciding how to treat the spouse’s circumstances and effort vari-
ables—see Peichl and Ungerer (2016) for an interesting discussion about the vari-
ous ways spouse’s characteristics can be handled.

The other variables included in the set of circumstances or effort are not new
and rather uncontroversial, and do not deserve further discussion.’

4. EMPIRICAL STRATEGY

To test whether the main conceptual issues discussed in Section 2 matter in
practice, we first estimate all twelve inequality of opportunity measures, and then
compute Spearman’s rank correlations between all pair of measures to gain a first
insight about what measures seem closer to each other in the sense of delivering
similar inequality of opportunity orderings across countries.

When using the parametric method we fit the same functional form for all
countries and years. In particular, we use a product separable specification that
includes the same circumstance and effort variables, defined the same way, for all
countries and years. Arguably, since the true data generating process may differ
across countries and years, imposing the same product separable functional form,

7A notable exception is Bjorklund ez al. (2012).

8In parametric ex-post approaches, for instance, if the random term is set equal to a constant in the
construction of the counterfactual, marital status will be considered as a circumstance. However, in a
parametric ex-ante measure setting the random term to a constant entails regarding marital status as an
effOrg.See Table 25.8 in Ferreira and Peragine (2016) for a list of circumstance variables used in eight

papers that cover 41 countries. Roemer and Trannoy (2015) discuss important issues in the use of effort
variables often included in empirical analyses.
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where circumstances and efforts do not interact to determine the outcome variable,
with exactly the same circumstance and effort variables, may bias the estimated
counterfactual distributions in ways that depend on the country and year, and also
on the inequality of opportunity measure. This bias is the net effect of two sources
of bias: a possible upward bias, which results from small sample sizes, and a possi-
ble downward bias stemming from the poor explanatory power of models with few
circumstances, efforts or interaction terms (Brunori et al., 2018). Because of this,
Brunori ez al. (2018) suggest using specifications that minimize the Mean Squared
Error. However, using a different model specification for each country and year
would introduce a source of variability across countries and years, that would com-
plicate the interpretation of our results. By fitting the same regression model to all
countries and years we hold this constant.!® Non-parametric procedures typically
do not impose a functional form and rely on averaging procedures.

Following the common practice in empirical studies, we employ two inequal-
ity indices to estimate the inequality in the twelve counterfactual distributions: the
Mean Log Deviation (MLD) and the Gini coefficient. Because of its path indepen-
dence property, many empirical studies employ the MLD. However, the MLD is
more sensitive to extreme values than the Gini coefficient and is not bounded from
above (Brunori et al., 2019). Thus, the MLD may underestimate inequality of
opportunity when the counterfactual is based on a smoothed distribution, as in y°!
and yFO!. Furthermore and importantly, the MLD cannot deal with negative val-
ues, which may be present in the gap distribution (y —»") used in the norm-based
measure, IV. Therefore, we employ the Gini coefficient in our baseline estimates
reported below, and present the robustness of our findings to using the MLD in
Section 5.1.11

The inspection of rank correlations in Table 2 suggest that inequality of
opportunity measures could be grouped into three sets. A first set would include
only ex-ante measures, (I¢!, 1%, I3, [£93), a second set would include only ex-post
measures (150!, JEO2 [EO3 [EO%) while a third set would include the norm-based
measure, 7"V, and the ex-post measure I that show very weak correlations with the
measures included in the previous two sets. Compared to the strong correlations
between the measures included in the first two sets, the ex-ante measure 7¢* displays
weaker correlations with all other measures. However, since it correlates more
strongly with the other ex-ante measures than with the ex-post measures, this mea-
sure could also be included in the first set with the other ex-ante measures. Finally,
the ex-post measure 7 also correlates mildly with the ex-ante measures and shows
slightly higher correlations with the ex-post measures included in the second set.
The above pattern of rank correlations also holds for 2011 and when the MLD is
used—see Appendix Tables 5-7.12

10A systematic and formal analysis about how different empirical functional forms bias the differ-
ent measures of inequality of opportunity when the true data generating process differs, would require
Monte-Carlo simulations with a purposely-made dataset. This exercise is beyond the scope of this
paper, and we leave it for further research.

"'The norm-based measure is of course excluded from the analysis when using the MLD. Inequality
of opportunity estimates are available from the authors upon request.

12Gection 5.1 discusses in detail the few changes in rank correlations that emerge when the MLD is
used instead of the Gini coefficient.
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TABLE 3
THREE SETS OF MEASURES THAT MINIMIZE THE AVERAGE SPEARMAN DISTANCE. GINI COEFFICIENT, 2005

AND 2011

%o Set 1 Set 2 Set 3

2005

97 Ic] IL'Z’ Ic3 IL’4 IEOS IEOI, IE02 1EO3 1EO4 11'5 IP, IN

3 Icl7 Iz‘2 163’ Iz‘4, IEOI IEOZ, 1E03, IE04 IL‘5 IEéS’ el

2011

98 1 [(‘2’ I3 [z‘4’ JEOS IEOI, ]EOZ’ ]EOS’ JEO4 1(:5’ IP, N

2 101: 1(?2, 163: ] IEOl, 1E027 1E037 1E04, & IEOS, IP, el

In the light of this suggestive evidence, we devise and implement an algorithm
to find out the way of grouping the 12 inequality of opportunity measures in three
sets that minimizes a weighted average distance between all pairs of orderings that
belong to a given set. The algorithm follows the following steps:

1. Bootstrap each one of the 12 measures for all countries and compute
the ensuing orderings. We run 100 iterations.

2. Since the Spearman’s rank correlation matrix suggests 3 groups, find all the
different ways of grouping the 12 measures into 3 sets, when the order of
the sets does not matter. There are 12 such partitions.

3. For each and every one of the 12 different partitions, e.g. the partition
where the first set contains 10 measures, while the second and third sets
contain one measure each, define all possible compositions, i.e. ways of al-
locating our 12 measures into these 3 sets, when the order of the measures
within each set does not matter.

4. For each and every composition and for all possible partitions compute the
weighted average distance between all orderings, as follows:

« first, calculate the Spearman distance between all pairs of orderings that be-
long to a given set, and then

» compute the weighted average of Spearman distances across the 3 sets using
“population shares” as weights, (i.e. relative frequency of distances in each set).

5. Finally, choose the composition that minimizes the weighted average
distance.

6. Do steps 4 and 5 for each one of the 100 iterations.

We draw our conclusions from the frequencies of compositions that minimize
the weighted average distance, displayed in Table 3.

5. RESuULTS

Table 3 shows the composition of the three sets that minimizes the weighted
average of Spearman distances for the 100 replications when we use the Gini coef-
ficient to measure inequality in the twelve counterfactual distributions described in
Section 2, for the two years of EU-SILC data available. The results are consistent
with the rank correlations estimates reported in Table 2, and show that some con-
ceptual and theoretical differences outlined in Section 2 matter in practice. In
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particular, one of the main lessons to be drawn is that the difference between
ex-ante and ex-post measures comes out as an important empirical divide.'?
Looking at the composition that gathers the largest frequency, the first set includes
all ex-ante measures, while the second set includes only ex-post measures. The two
measures that showed the lowest rank correlations—i.e. the norm-based measure,
IV, and the ex-post measure I” are included in the third set. Surprisingly, the
ex-post measure 1 is also included in the third set. This shows that the composi-
tion of each of the three sets that minimizes the weighted average of Spearman
distances cannot be inferred in a trivial way from the estimated rank correlations.
This conclusion is statistically robust, as the composition of the three sets that
minimizes the weighted average of Spearman distances is the same in nearly all 100
replications.'*

The direct and indirect approaches do not seem to shape the estimated rank
correlations as much as the ex-ante/ex-post divide. The rank correlations of Table 2
provide preliminary evidence of this. While rank correlations amongst direct mea-
sures based on counterfactuals are reasonably high (>.66), direct ex-ante measures
I¢', I, and I3 show higher correlations with the indirect ex-ante measure 793
than with the direct ex-post measure 7¢°.!° Indirect measures show a similar pat-
tern, as the indirect ex-ante measure 79> shows a higher correlation with direct
ex-ante measures than with indirect ex-post measures [£0l [EO2 [EO3  [EO4
Likewise, indirect ex-post measures show higher correlations with direct ex-post
measures than with the indirect ex-ante measure 7£95. That is, conditional on the
ex-ante or ex-post approach, measures yield closer rankings within direct and
within indirect methods than across them. This insight is corroborated by the
“optimal” composition of the three sets shown in Table 3, as all ex-ante measures
are grouped together in the same set regardless of them being direct or indirect,
while neither all direct nor all indirect measures are.

We turn next to the third distinction between measures based on parametric
and non-parametric counterfactuals. Non-parametric counterfactuals are equiva-
lent to those obtained from fully saturated parametric models that include all pos-
sible interaction effects, when all variables in the model are categorical
variables—which is the standard practice in the literature. Most of the literature,
however, uses linear specifications for the parametric approach. In the light of this,
the relevant question is: To what extent does the importance of interaction effects
differ enough across countries as to change the country orderings? Our findings
suggest that interaction effects are not so relevant in determining country order-
ings, as non-parametric and analogous or similar linear parametric approaches
yield similar orderings. To start with, the composition that minimizes the weighted
average of Spearman distances between country orderings groups ex-ante direct

BResults presented in this section are robust to dropping Cyprus from the analysis, as it showed an
unreasonable increase in income inequality, according both to the Gini (>20% increase from 2005 to

201 1} and to the MLD (>45% increase). ) o ) .
“Another way of showing this robustness, is noticing that the difference between the weighted
average of Spearman distances of this composition and that of the composition that yields the second
lowest weighted average of Spearman distances is statistically significant.
13Given the distinct behaviour of the direct ex-post measure 7, we do not include it in our analysis
here.
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non-parametric /¢! and linear parametric /<3 in the same set—see Table 3. Likewise,
indirect ex-post non-parametric 729! and its parametric counterpart 793 are also
included in the same set. Rank correlations from Table 2 convey the same message:
the rank correlation between 7! and 7¢3is 0.87, while the rank correlation between
TEOV and I1£93 is also large (0.94). These high correlations are also found for 2011
and for the MLD. Our findings are in line with Brunori et al., 2018. They use the
same EU-SILC dataset for 2011 and the MLD to compare a parsimonious linear
specification with another specification that includes all possible interaction terms
and where categorical variables are partitioned more finely, and also obtain a
strong rank correlation of 0.80 between direct measures /¢! and 7¢3.10

As we explained above, parametric approaches estimate counterfactuals in
two ways: either by using g€ (2%) in the direct (indirect) approach—i.e. including in
the regression only the set of circumstances (efforts)—, or by using the functional
form (), i.e. including both circumstances and efforts in the specification. The
latter allows for a more flexible treatment of the correlation between circumstances
and efforts and is thus likely to yield different parameter estimates and counterfac-
tual distributions. To see whether and to what extent including both circumstances
and efforts matters empirically we compare the orderings stemming from the indi-
rect ex-post measures 793 and 7294, on the one hand, and the orderings stemming
from the direct ex-ante measures 73 and 74, on the other hand. Both the evidence
coming from the more ‘global’ empirical strategy of finding the composition of the
three sets that minimizes the weighted average of Spearman distances and from the
more ‘local’ empirical strategy based on rank correlations consistently suggest that
conditioning on circumstances in the indirect ex-post approach or on effort in the
direct ex-ante approach is not that relevant. As Table 3 shows, the indirect ex-post
measures 1593 and 1594 are grouped in the same set, and the direct ex-ante mea-
sures 73 and 7 are also included in the same set. Furthermore, the rank correla-
tion between the relevant measures is also strong: 0.97 between the two indirect
ex-post measures and 0.73 between the two direct ex-ante measures.!’

Dual counterfactuals provide a somewhat natural way of making conceptual
analogies between views and approaches. The data reveal that they lead to coun-
try orderings that are quite different—rank correlation coefficients amongst dual
counterfactuals range from 0.24 to 0.49. Moreover, in our grouping of measures
on the basis of the weighted average of Spearman distances, it never happens that
dual counterfactuals belong to the same group.

Finally we examine whether it matters allowing for inequality aversion with
respect to income differences due to differences in effort. We compare the non-para-
metric measures, /¢! and 7% for the direct approach, and 7£°! and I£92 for the
indirect approach. Our results suggest that allowing for inequality aversion does
not matter neither for the direct nor for the indirect measures. Table 3 shows that

16The rank correlation is our own computation based on the results they present in Table 2.

17Some of the evidence differs when we use the MLD to estimate the direct ex-ante measures 73
and I¢*. As shown in Appendix Table 8, now 73 and 74 do not belong to the same set, as 74 is included
in the third set together with 7”. This is consistent with the somewhat lower rank correlation (0.70)
displayed for year 2005, but not so much for the stronger rank correlation (0.82) displayed for year
2011—see Appendix Tables 6 and 7.
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I°" and I¢% belong to the same set, and that 729" and T£92 are also included in the
same set. Furthermore, Table 2 shows that rank correlations are larger than 0.92.

5.1. Robustness to using the MLD instead of the Gini

The main conclusions obtained when using the Gini coefficient, reported in
the previous section, are quite robust when we employ the MLD. Now, we cannot
include the norm-based index IV in the analysis, as the distribution of (y—y")
has negative values. Appendix Table 8 shows that the composition of the three
sets is very similar to the composition obtained with the Gini coefficient, as only
two indices change sets—see Table 3. One of the differences is induced by the use
of the MLD. Due to its path independence property (Foster and Sneyerov, 2000),
TEO% and I, as well as I¢! and 1793, yield exactly the same ordering when using the
MLD. As a result, now /< is included in the same group as I£°1. The second differ-
ence is that now, 1 goes to the third group together with 7¢%. It is worth noting that
once again, the obtained composition is statistically robust, as the composition of
the three sets that minimizes the weighted average of Spearman distances is the
same in all 100 replications.

The high cross-index correlations of Appendix Table 9 provide further evi-
dence about the robustness of our findings to using MLD instead of the Gini
coefficient. The correlations between direct ex-ante measures (I, I¢2, 143, I*4), on
the one hand, and indirect ex-post measures (/£01, JEO2 JEO3 [EO4) on the other,
are substantially higher for the MLD than for the Gini. This may suggest that a
decomposition argument saying that the difference in inequality in the actual dis-
tribution and the inequality that is due to efforts—which is what indirect measures
capture—equals the inequality that is due to circumstances—which is what direct
measures capture—makes more sense for the MLD than for the Gini coefficient—
recall that unlike the MLD, the Gini coefficient does not perfectly decompose addi-
tively into a within and a between components, but there is a third component that
depends on the degree of overlap of subgroup distributions.

5.2. Inequality of opportunity and economic growth

To illustrate further the empirical relevance of the different conceptual choices,
this section explores the relationship between inequality of opportunity and eco-
nomic growth, which has captured the attention of the recent literature.!® It is
important to note that given the many limitations that the EU-SILC imposes, this
empirical exercise is solely illustrative. As outlined in Section 3, the EU-SILC col-
lects data on family background and circumstances when the respondent was
young at two points in time, 2005 and 2011. This means that we can only estimate
inequality of opportunity for these two years. This data structure imposes two
major limitations on our empirical exercise: First, our time series is very short, as
we can only exploit variability at two points in time, and second, we can only study

8Exploring the correlation between the various measures of inequality of opportunity and other
important socioeconomic or institutional indicators, as in Marrero and Rodriguez (2012) and Checchi
et al. (2016), would be another way of illustrating the relevance of the different conceptual choices.
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growth over a time period which is much shorter than the 5 or 10 year period,
which is customary.

Recent literature has explored the idea that inequality due to efforts and
inequality due to circumstances (inequality of opportunity) have opposite effects
on economic growth, which in turn may help explain the inconclusive evidence of
the effects of overall inequality on economic growth (see among others Marrero
and Rodriguez, 2013; Ferreira et al., 2018). While inequality of opportunity
is argued to have a deleterious impact on economic growth, effort inequality is
deemed to have an enhancing impact on growth. The empirical papers that test
this hypothesis usually use only one of the many options outlined in Section 2
to estimate inequality of opportunity. However, as we have reported above, dif-
ferent opportunity inequality measures give rise to different country orderings.
Do the findings reported in the literature crucially hinge on the specific inequality
of opportunity measure used? To answer this question, this section runs growth
regressions and checks whether results are robust to the way inequality of oppor-
tunity and inequality of effort are measured.

Following Forbes (2000), we estimate the following panel regression

gc,(t,t—s) = ﬁl IOc,t—s + ﬂZIEc,t—s + ﬁ3 GDPCJ—S + ﬁ4Edc,t—s + ﬂ5[nvc,t—s + a. + T + €cts

where g, is the average annual growth rate of per capita real GDP between 7 and

t=s, 10, ,_, is one of the inequality of opportunity measures outlined in Section
2, IE, ,_, is residual inequality, often assumed to be inequality of effort, and com-

puted as the difference between outcome and opportunity inequality, GDP, ,_; is
the per capita real Gross Domestic Product, Ed, ,_; is the population share with
upper secondary education or above, Inv, ,_ is the business investment to GDP
ratio, and a, and 7, capture country and time specific fixed effects. Control vari-
ables, namely GDP, education shares, and investment, come from Eurostat, and
all regressors refer to the initial period over which growth is estimated to avoid
simultaneity issues.

We estimate the model by fixed effects, which control for time-invariant omit-
ted variables. It is a demanding estimation strategy, as we are identifying effects
using within-country variation with only two time points, but nonetheless still suf-
fers from endogeneity problems (Bond, 2002). Given the difficulty to find external
instruments, system-GMM methods are usually employed to address such endog-
eneity issues (Bond et al., 2001). These models, however, require three time points,
while we only have two, which precludes us from taking due account of the possible
endogeneity bias. If we however assume that the possible bias does not change
across different measures of inequality of opportunity, it should not invalidate our
comparative results, which is what we are mainly concerned with in this empirical
exercise.

Table 4 reports the fixed effects estimates of outcome inequality and of the two
variables of interest, /10, ,_;and IE, ,_  for one to three year average annual growth
rates and the twelve measures of inequality of opportunity, measured with the
Gini coefficient. Outcome inequality regressions simply replace the two inequal-
ity of opportunity and effort measures in the specification above with a measure
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of outcome inequality. We find non-significant effects of outcome inequality on
growth, regardless of whether the latter is measured over one, two or three years.

Inequality of Opportunity is never significant at standard significance levels,
and inequality of effort is significant at 5 percent with the expected positive sign
only once, for I and two-year growth rates. Appendix Table 11 shows that when
the MLD is used to measure inequality in the counterfactual distributions, inequal-
ity of opportunity shows no significant effect on growth for any of the twelve
measures. '

Given the difficulty in identifying precise effects using within-country vari-
ation with only two time points, we next abstract from the precision of the point
estimates, and examine how the conceptual divides relate to the following two
hypotheses about the effects of opportunity and effort inequality.

Strong hypothesis (SH) The effect of inequality of opportunity is negative while the
effect of effort inequality is positive (i.e. f; < Oand ff, > 0).

Weak hypothesis (WH) The effect of inequality of opportunity is more negative than
the effect of effort inequality (i.e. 0 > f; < p,).

The estimates reported in Table 4 show that, ignoring issues of statistical sig-
nificance, SH occurs very few times, and only for ex-post measures /¢ and 159! it
occurs for all three time periods over which growth is measured. In addition to the
two ex-post measures that satisfy SH, another two ex-post measures also satisfy the
weak hypothesis: 7¥ and 179420 Finally, it is interesting to note that the growth
regression estimates do not follow the taxonomy obtained from the “optimal”
grouping of measures, in the sense that the inequality of opportunity coefficient
estimates from ex-ante measures do not systematically differ from those coming
from ex-post measures. This might be due to the different correlation between the
measures and the other covariates.

In sum, this empirical exercise illustrates that the effect of inequality of oppor-
tunity (and effort) on growth is not robust to the measure of inequality of opportu-
nity employed. These findings cast doubt on existing evidence, which is exclusively
based on the ex-ante parametric measure /<, and highlights the importance of
different measurement choices. We hope we provide grounds for the still incipient
empirical literature that explores the effects of equality of opportunity on growth
to check the sensitivity of its findings to different choices.

19As it happens with the correlation between different measures, our growth results are also robust
to dropping Cyprus from the analysis.

20When we use the MLD as inequality index, our findings are reasonably consistent. Now in addi-
tion to 7 and I£91, also 1594 systematically satisfies SH—note that when using the Gini, 7594 is very
close to systematically satisfying SH. Now, in addition to the measures satisfying SH, only 1592 satisfies
WH—Table 11 in the Appendix shows the coefficient estimates.
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6. CONCLUSION

Several choices guide the measurement of equality of opportunity. We use
EU-SILC data for many European countries to examine whether those choices
matter empirically. To this end, we perform two empirical exercises: First we check
whether measures that share the same conceptual choices yield similar inequality
of opportunity country orderings, and then we analyse whether they yield similar
estimates in growth regressions.

Our findings on country orderings identify one crucially important divide,
between ex-ante and ex-post views, as it leads to different country orderings. The
distinction between direct and indirect approaches matters only conditional on
choosing an ex-ante or an ex-post view. Recent theoretical contributions have
shown that ex-ante and ex-post approaches to inequality of opportunity are incom-
patible. Our paper shows that this distinction also matters empirically, and that the
norm based measure produces a country ranking that is very different from the
rankings produced by the other measures. Hence we have to recognize that inequal-
ity of opportunity is a multifaceted concept. As the evaluation of inequality of
opportunity is in essence a normative exercise, scholars should provide arguments
to support the conceptual choices embedded in the measures they use. Particular
attention should be paid to taking an ex-ante or an ex-post view.
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SUPPORTING INFORMATION
Additional supporting information may be found in the online version of this
article at the publisher’s web site:
Appendix

Table 5 Rank correlations between inequality of opportunity measures. Gini
coeffcient, 2011
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Table 6 Rank correlations between inequality of opportunity measures. Mean
Log Deviation, 2005

Table 7 Rank correlations between inequality of opportunity measures. Mean
LogDeviation, 2011

Table 8 Three Sets of Measures that Minimize the Average Spearman Distance.
MLD, 2005 and 2011

Table 9 Rank correlations between Gini- and MLD-based inequality of
opportunity measures, 2005

Table 10 Rank correlations between Gini- and MLD-based inequality of
opportunity measures, 2011

Table 11 Growth regressions. Fixed effect estimates of Outcome, Opportunity
and Effort Inequality. Inequality measured with the Mean Log Deviation

Table 12 Summary Statistics of Circumstance Variables, 2005

Table 13 Summary Statistics of Circumstance Variables, 2011

Table 14 Summary Statistics of Effort Variables, 2005

Table 15 Summary Statistics of Effort Variables, 2011
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