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I provide lower and upper bound estimates of inequality of opportunity (IOp) for 32 European coun-
tries, between 2005 and 2019. Lower bound estimates use machine learning methods to address sampling
variability. Upper bound estimates use longitudinal data to capture all-time invariant factors. Across all
years and countries, lower bound estimates of IOp account from 6 percent to 60 percent of total income
inequality, while upper bound estimates account from 20 percent to almost all income inequality. On
average, upper bound IOp saw a slight decrease in the aftermath of the Great Recession, recovering and
stabilizing at around 80 percent of total inequality in the second half of the 2010s. Lower bound estimates
for 2005, 2011, and 2019 show a similar pattern. My findings suggest that lower and upper bound esti-
mates complement each other, corroborating information and compensating each other’s weaknesses,
highlighting the relevance of a bounded estimate of IOp.
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1. INTRODUCTION

Promoting equal opportunities lies at the core of several national and
cross-national policy agendas. Many governments and international institutions
have incorporated the challenge of achieving equal opportunities in their long-term
strategies. Indeed, the first of the three European Pillars of Social Rights of 2017 is
to promote equal opportunities (European Comission, 2021). The same holds for
other institutions as well as many national governments. To be able to pursue the
goal of equal opportunity, we first need to know the potential extent of inequality of
opportunity (IOp), both across countries and over time. With that in mind and using
the EU-SILC, I provide “upper bound” estimates of IOp for 32 European countries
between 2005 and 2019 and “lower bound” estimates for 2005, 2011, and 2019.
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The key precept behind IOp is that the source of inequality matters from an
ethical point of view. In particular, what matters is the distinction between morally
legitimate sources, commonly called “effort,” “preferences,” or “responsibility,”
and morally illegitimate sources, called “circumstances” (Roemer, 1998), with IOp
quantifying the importance of the latter. The growing interest in measuring IOp
can be seen in varied theoretical developments, applications for several countries,
and multiple review articles on the subject (Bourguignon, 2018; Ferreira and
Peragine, 2016; Ramos and Van de gaer, 2016; Roemer and Trannoy, 2015).

Most approaches to measuring IOp follow what is typically called the “lower
bound” approach to estimating IOp (Ferreira and Gignoux, 2011; Luongo, 2011).
This approach relies on a vector of circumstances, typically obtained from retro-
spective modules in socioeconomic surveys and aims to quantify the extent to which
these variables can explain total income inequality. Many methods are available to
do so, such as cell-based or regression-based analysis, or focusing on before or after
effort has been exerted (referred to as “ex-ante” and “ex-post” approaches, respec-
tively) as well as using different measures of inequality (see Ramos and Van de
gaer, 2021, for an overview of the different methods). Among the multiple methods,
a common characteristic of this approach is that the set of available circumstances
is never exhaustive, and thus these methods are grouped under the general term
“lower bound” approach.

Recent literature has pointed out that these estimates also suffer from upwards
bias, due to sampling variance (Brunori et al., 2019b). This is especially true when
the sample size is small and there are a large number of potential circumstances. To
avoid such an issue, a number of articles have suggested the use of machine learning
methods when estimating IOp (Brunori et al., 2021). These methods treat the esti-
mation of IOp as a prediction problem and are aimed at improving both in-sample
and out-of-sample predictions, thus providing a good benchmark to choose an “op-
timal” set of circumstances. In this article I use conditional inference random forests
to estimate the lower bounds of IOp. While I acknowledge and address this upwards
bias, for consistency with the existing literature I still refer to this approach as the
“lower bound” approach.

Niehues and Peichl (2014) proposed an alternative to the lower bound
approach, providing upper bound estimates of IOp through the use of longitudinal
data. The intuition behind this approach is that most circumstances are already
given when one reaches adulthood and are therefore fixed at the point of obser-
vation. Using longitudinal data, they predict a fixed effect for each individual in
a given sample, which they then use as their measure of circumstances. This is a
“black box” approach as it does not tell us what those circumstances are, only
that they are accounted for. Because the fixed effect is assumed to capture all (or
at least, most) circumstances but also time invariant efforts, this approach results
in “upper bound” estimates of IOp. While not as widespread as the lower bound
approach, a few articles have provided upper bound estimates for the UK and some
middle-income countries (Flatscher, 2020; Hufe et al., 2022).

Because lower and upper bound estimates differ from the “real” level of IOp,
reporting them on their own can create some issues. First, from a measurement
point of view, we do not know how far these estimates depart from the actual level of
IOp, a point discussed in Ferreira and Peragine (2016) for the lower bound estimate.
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Second, from a policy point of view, these estimates can be misinterpreted as the
real level of IOp, muddling redistributive efforts for policy makers, a concern raised
by Kanbur and Wagstaff (2016). Third, from a normative point of view, misinter-
preting estimates of IOp can shift the perceived importance of structural causes of
inequality, which shape concerns about inequality, as Mijs (2019) shows. Together,
on the contrary, lower and upper bound estimates of IOp provide a range rather
than a single point estimate, better informing comparisons both across countries
and over time.

Furthermore, the two approaches can complement each other. They can cor-
roborate information, for example cross-country rankings or the evolution of IOp
over time. Similarly, departures between them can help us understand some of the
driving forces behind the changes in IOp. They can also compensate for the prob-
lems of the other approach: concretely, the fact that lower bound estimates omit
certain circumstances, while the upper bound approach has nothing to say on the
relative importance of each circumstance. Together, they can help us understand
patterns that neither approach could on its own.

Lower bound estimates of IOp account for anywhere between 6 percent and 60
percent of total income inequality, measured using the mean log deviation (MLD)
index, while upper bound estimates, based on fixed effect regressions, account for
from around 20 percent to just below 100 percent of income inequality. IOp is
higher in the Baltic countries, followed by Southern Europe, and is lowest among
the Nordics. Over time and on average, I find that IOp—estimated using the upper
bound approach—decreased in the aftermath of the Great Recession and increased
until 2014, stabilizing at around 80 percent of income inequality. This trend is par-
ticularly clear in Western Europe, to a lesser extent in Southern Europe and the
Baltic countries, and even less so in East and Central Europe, where IOp levels were
already high before 2012.

The upper and lower bound estimates of IOp are strongly correlated (0.58), but
the gap between the two is quite heterogeneous. Across the five regions studied here,
the smallest gaps represent around half of the lower bound, while the largest ones go
up to three times the lower bound. Overall, the gap has decreased over time due to an
increase in the lower bound, particularly between 2005 and 2011, possibly explained
by the larger set of circumstances that has become available. Across regions, the gap
is larger for countries in Eastern and Central Europe as well as Southern Europe.
The gap is smaller in Baltic countries and in Western Europe. A smaller gap between
the upper and lower bound estimates of IOp can be interpreted as an improvement
in the precision of our knowledge about the “real” level of IOp, reinforcing the idea
that these estimates complement each other.

The rest of this article is organized as follows. Section 2 introduces a model
to explain what is being captured by the lower and upper bound estimates of IOp,
as well as the estimation approaches in both cases. Section 3 describes the data.
Section 4 reports the estimates and main findings. Section 5 concludes.

2. ESTIMATING LOWER AND UPPER BOUNDS OF IOP

IOp quantifies the extent to which inequality in income (or other out-
come) depends on factors over which we have no control, called circumstances

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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(Roemer, 1998). Faced with the need for a set of circumstances on which to
measure IOp, we can run into two main problems. On one hand, we can have a
partial set of circumstances. These missing circumstances will result in an under-
estimated measure of IOp (Ferreira and Gignoux, 2011). On the other hand,
too many circumstances can be problematic when our sample size is limited,
resulting in overfitting and potential overestimation of the extent of IOp (Brunori
et al., 2019b). Using a parametric, ex-ante, and direct measure of income IOp (as
shown in Bourguignon et al., 2007, among others) I present two approaches to
constructing the circumstance set, each of which addresses one of the previously
mentioned issues.

The first approach, proposed by Niehues and Peichl (2014), addresses the
“missing circumstance” problem. Common examples of missing circumstances
include IQ or measures of innate talent, as well as measures of parental time invest-
ments. Using longitudinal data, they predict individual fixed effects that capture
circumstances but also time-invariant efforts, personal traits that individuals have
chosen to adopt such as being punctual or hard-working. The resulting measure of
circumstances cannot be disentangled, so we cannot know the relative importance
of time-invariant efforts, nor the basis on which circumstances are included and
their relative importance. The upper bound approach thus gives a measure of the
maximum possible level of IOp, if we were to treat all time-invariant characteristics
as circumstances. This approach seeks to capture all circumstances, in the process
capturing additional factors and thus obtaining an “upper bound” estimate of IOp.

The second approach addresses the overfitting problem that arises from the use
of too many circumstances when the sample size is limited. Brunori et al. (2019b)
discuss the existence of an upward bias due to sample variance. Given a small sam-
ple and our goal of including as many circumstances as possible, IOp estimates
can suffer from overfitting. If interpreted as a prediction problem, this means that
our estimate can only predict outcomes in the sample in which it has estimated,
upwardly biasing their predictive capacitive in other samples. To address this issue,
Brunori et al. (2021) propose the use of machine learning methods where the model
specification considers both the downward bias due to omitted circumstances and
the upward bias from overfitting the data. Even when acknowledging this upward
bias, and because this approach relies on a set of observable circumstances, I still call
it the “lower bound” approach to contrast it with the previously discussed “upper
bound” approach.

2.1. Decomposing Total Inequality: The Role of Circumstances

I describe the canonical model of equal opportunity as presented in Ferreira
and Peragine (2016) and include a time dimension as shown in Niehues and
Peichl (2014).1 I use this model as a benchmark to represent what is being captured
by each of the two approaches.

1While several papers have looked at IOp over time, few articles have looked into time as a factor
through the use of a dynamic model. Aaberge et al. (2011) look at long-term IOp using permanent
income, Roemer and Ünveren (2017) study the long-term effect of equal opportunities policies, Bussolo
et al. (2019) include time-varying circumstances, and Moramarco et al. (2020) measure intertemporal
IOp.
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Take the level of income Y for individual i in year t as a linear function of
circumstances Ci, time-varying efforts Eit, and time-invariant efforts Ei.

2

(1) Yit = 𝛼0 + 𝛽0Ci + 𝛾0Eit + 𝜂0Ei + 𝜇t + 𝜀it,

where 𝜇t represents year fixed-effects and 𝜀it is the error term. In this model, the year
fixed effect 𝜇t is treated as neither effort nor circumstance, but simply a “shifter”
of the level of income. Circumstances typically reflect childhood or early adult-
hood characteristics such as the socioeconomic level of one’s parents or household
composition when growing up. While time does not fit that definition, it can be
interpreted as a measure of what Lefranc et al. (2009) call “residual luck,” a factor
that is neither a circumstance nor an effort.

Circumstances affect income directly and also indirectly through their influ-
ence on efforts. Efforts are determined by circumstances and an “autonomous”
component (vit and ui) that represents a source of legitimate inequality. Efforts are
modeled as a linear combination of circumstances and the autonomous component.

Eit = 𝛼1 + 𝛽1Ci + vit.(2)

Ei = 𝛼2 + 𝛽2Ci + ui.(3)

Treating the influence of circumstance on efforts as a circumstance itself is a com-
mon assumption in the IOp literature, but not the only one. Barry (2005) considers
the effect of circumstances on efforts to be within the space of personal responsi-
bility. He states that differences due to individual choice should result in legitimate
inequality, irrespective of what drives these choices (see Jusot et al., 2013 for an
empirical application on this issue). This indirect path can still be an important
source of inequalities later in life through shaping educational or labor market
choices. As such, I consider the indirect influence of circumstances to be a circum-
stance too.

By substituting Equations (2) and (3) into Equation (1), we get for a given
year t:

Yit = (

𝛼̃t
⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞

𝛼0 + 𝛾0𝛼1 + 𝜂0𝛼2 + 𝜇t) +

ũi
⏞⏞⏞

𝜂0ui(4)

+ (𝛽0 + 𝛾0𝛽1 + 𝜂0𝛽2
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟

𝛽

)Ci + (𝜀it + 𝜁0vit
⏟⏞⏞⏟⏞⏞⏟

𝜀̃it

).

Reorganizing it we get Equation (5), where 𝛽 reflects all of the paths through which
circumstances can influence income.

(5) Yit = 𝛼̃t + 𝛽Ci + ũi + 𝜀̃it.

2I use the level of income rather than the logarithm of income in all my specifications—both for the
lower and upper bound estimates. This to satisfy properties than one could theoretically expect from a
measure of IOp (Van de gaer and Ramos, 2020). Such a choice does not affect the IOp estimates in a
substantial way, as discussed in Section C of the Appendix.
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In the context of IOp, income is determined by a (time-specific) constant, 𝛼̃t (that
includes the time fixed effect for that year), time-invariant circumstances (Ci), an
individual time-invariant effect that stems from efforts (ũi), and an error term (𝜀̃it).

One could estimate the reduced form model (Equation 5) or the complete struc-
tural model (Equations 1–3). Such an estimation would provide information on the
indirect paths through which circumstances shape efforts. It would also allow for the
inclusion of market conditions, or for the influence of circumstances to vary accord-
ing to demographics that can be interpreted as “preference shifters” (i.e. efforts) or
circumstances (Roemer and Trannoy, 2015). My focus is on determining the com-
plete influence of circumstances, whether direct or indirect, and I therefore focus
on the estimation of the reduced form equation, which I discuss in the following
section.

2.2. Measuring IOp: Estimation and Prediction of a Counterfactual Distribution

Typically, Equation (5) would be estimated using a parametric or “regression-
based” approach, that is, to estimate the association between circumstances and the
outcome using a linear regression model that allows for the inclusion of multiple
circumstances without the need to split the data into subgroups as is the case with
most nonparametric approaches.

If we had access to the full set of circumstances Ci, we could estimate IOp for
a given cross-section straightforwardly using:

(6) Yi = 𝛼 + 𝛽Ci + ui.

Absolute IOp would be, for a given inequality measure I(⋅), say, the Gini or the
MLD index, given by I(𝛼̂ + 𝛽Ci). A relative measure of IOp would be the level of
IOp as a share of total income inequality, or I(𝛼̂ + 𝛽Ci)∕I(Yi). Throughout the
article, I use the MLD index to measure inequality, a choice I further discuss in
Section A of the Appendix.

From there we can show where the lower and upper bound approaches depart.
The lower bound approach uses a subset of all circumstances (Ci ⊂ Ci), while the
upper bound approach captures all circumstances and the time-invariant measure

of effort (C = Ci + ũi). For each of these approaches we estimate Equation (6) using

Ci or C, respectively, following the same approach discussed before to obtain a
measure of absolute and relative IOp.

The Lower and Upper Bound Approaches: Machine Learning and Fixed Effect
Models

For the lower bound estimate of IOp, I predict income using conditional infer-
ence random forests, as proposed by Brunori et al. (2021). This is a supervised
learning method aimed at making out-of-sample predictions for a dependent vari-
able based on a series of predictors. This algorithm relies on multiple conditional
inference regression trees. These trees divide the population into groups that share
the same circumstances, what Roemer (1998) called “types.”

The conditional inference tree algorithm is relatively straightforward. It first
uses a binary split to divide the full sample into two groups based on a specific

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
International Association for Research in Income and Wealth.
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binary split of a given predictor, say, dividing the sample between men and women.
These groups are then further divided into two groups, each of which is based on
another cutoff, for example, men with high and low education. As the goal is to
create the best possible prediction, the choice of the variable and binary split is
determined by the lowest p-value available. The algorithm continues to split the
sample until it is not possible to reject the null hypothesis of independence between
the dependent variable and any of the predictors, for a given statistical significance
level.

Random forests estimate several conditional inference trees, averaging them
when making predictions. This is to address the fact that conditional inference trees
are fairly sensitive to changes in the data, particularly when predictors are strongly
correlated, as is the case with circumstance variables. This sensitivity means that the
sample could be split in many different ways, particularly for the first binary split.
Conditional inference trees could also have very long “roots” (sometimes called
“unpruned” trees), splitting the sample into too many and small groups, creating
issues of overfitting. Random forests consist of a large number of uncorrelated
conditional inference trees, thus avoiding the problems with any one individual
tree.3

Beyond its benefits in addressing the upward bias due to overfitting, there are
two additional advantages of relying on random forests. First, trees—and therefore,
forests—have a simple visual interpretation. The predictors and their splits can be
presented through a series of splitting points and terminal nodes that resemble the
roots of a tree. In the case of random forests, where there are multiple trees, one can
show a surrogate tree built to approximate the prediction of a conditional inference
random forest (Molnar, 2022). The second benefit of random forest models is that
they deal with missing values not by eliminating observations but by surrogate splits,
which create predicted values based on other variables. This is particularly helpful
as it allows for including circumstances that might prove relevant but where few
respondents provided answers.

The upper bound approach, on the contrary, uses longitudinal data to create its
measure of circumstances. For each individual we predict a fixed effect, which is then
used as our measure. This approach was proposed by Niehues and Peichl (2014) and
has been used for the UK (Flatscher, 2020) as well as for a number of middle-income
countries (Hufe et al., 2022). The main benefit of this approach is that it does not
require data on circumstances, only repeated waves for each individual. The prob-
lem is that this approach cannot help if our interest lies in determining the main
circumstances that are at play and their relative importance. As such, this approach
is a good complement to the lower bound approach, particularly when we sus-
pect the existence of important but unobserved circumstances. While the former
is potentially able to capture all circumstances, the latter is able to give us plenty
of information about which circumstances matter the most (i.e. that make the best
predictors) and their interactions.4

3I estimated a random forest model using the fastcforest command in R with 500 random
forests. For further details on the method, see Breiman (2001) and Brunori et al. (2021).

4For a detailed overview of the upper bound approach, as well as the empirical implications of using
short panels, see Appendix B.
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3. EUROPEAN DATA: THE CROSS-SECTIONAL AND LONGITUDINAL EU-SILC

This article uses data from the European Union Statistics on Income and
Living Conditions (EU-SILC). The EU-SILC collects cross-sectional and longi-
tudinal data on poverty and income dynamics for Europe, with some countries
conducting surveys and others using a combination of surveys and adminis-
trative registries (see Carranza et al., 2022 for an updated list of the use of
register data and its implications). The cross-sectional sample gathers information
for respondents each year, while the longitudinal sample follows each respon-
dent for four consecutive years, before renewing the sample in a rotating panel
structure.

In total, I include estimates for 32 countries over the 2005–2019 period. When
studying trends, I group these countries into the five European regions as defined
by EuroVoc. With this data set I provide lower bound estimates of IOp 2005, 2011,
and 2019 and estimates of upper bound IOp for the full period. Countries include
from 4 to 15 years of data, 13.4 years on average, with 20 countries reporting data
for the full period. Table 1 includes the list of countries by region and the number
of years per country. In addition, to address the fact that inequality estimates might
be influenced by outliers (Cowell and Flachaire, 2007), I winsorize the income dis-
tribution, scaling back all incomes below the 1st percentile and above the 99.5th
percentile for every year-country pair.

My outcome of interest is an individual’s yearly household equivalized dis-
posable income. That is, the total income of a household that is available to spend
or save in a year, divided by the number of “equivalized” adults, using the modi-
fied OECD equivalence scale. Equivalized income provides a measure of disposable
income, and therefore of overall welfare. It is also the most common outcome when
measuring IOp, as shown, for example, in Ferreira and Gignoux (2011); Ramos and
Van de gaer (2016). Contrary to earnings, it avoids issues with cross-country differ-
ences in labor market participation, particularly among women. The final sample
includes all individuals aged 25–55 with positive income.

I use the cross-sectional sample to obtain the lower bound estimates of IOp
and the longitudinal sample for the upper bound estimates. Unfortunately, it is not
possible to use a common sample for both approaches, nor to merge them to use the

TABLE 1
EUROPEAN REGIONS AND NUMBER OF YEARS OF DATA

Baltic East and Central Nordic South West

Estonia (15) Bulgaria (13) Denmark (15) Cyprus (15) Austria (15)
Latvia (15) Croatia (8) Finland (15) Greece (15) Belgium (15)
Lithuania (15) Czechia (15) Iceland (14) Italy (15) France (15)

Hungary (15) Norway (15) Malta (12) Germany (4)
Poland (15) Sweden (15) Portugal (14) Ireland (13)
Romania (11) Spain (15) Luxembourg (15)
Serbia (4) The Netherlands (15)
Slovakia (14) Switzerland (7)
Slovenia (15) UK (14)

Notes: EuroVoc classification of European regions. Number of years of available data in parenthesis.

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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same group of respondents. The longitudinal sample does not include retrospective
information on the respondents, and the cross-sectional sample does not allow for
the estimation of fixed effect regressions. All data are weighted by the longitudinal
weight or by each year’s personal cross-sectional weight for the upper and lower
bound approach, respectively.

I estimate the lower bound estimates of IOp using the cross-sectional sam-
ple. Estimates are available for 2005, 2011, and 2019, as these waves include
ad-hoc modules with retrospective information on their parents. The choice
of circumstance variables is detailed in Table 3. The final set of circumstances
differs between 2005, on one hand, and 2011 and 2019 on the other hand, as
the questionnaire was extended between 2005 and 2011. These circumstances
capture individual characteristics such as gender, but also socioeconomic infor-
mation regarding the parents as well as information on household composition at
age 15.

The original approach detailed in Niehues and Peichl (2014) uses the preceding
years to estimate the fixed effects, but this is not always possible for the EU-SILC.
As the EU-SILC panel began in 2005, the first three IOp estimates (2005, 2006,
and 2007) use the following years rather than the preceding ones to estimate the
fixed effects. This is done by using the 2008, 2009, and 2010 samples, respectively.
For example, the upper bound estimate of IOp for 2005 uses the 2008 wave, esti-
mating the fixed effects for the years 2006–2008, and measuring IOp in the year
2005. Table 2 describes the range used to estimate the fixed effects for every year,
and Section B in the Appendix provides further details.

I include all available circumstances for each specific year, limiting the number
of categories by grouping them as shown in Table 3, irrespective of their response

TABLE 2
FIXED EFFECT (FE) ESTIMATION WINDOW

IOp Year Estimation of FE Sample

2005 2006 to 2008 2008
2006 2007 to 2009 2009
2007 2008 to 2010 2010
2008 2005 to 2007 2008
2009 2006 to 2008 2009
2010 2007 to 2009 2010
2011 2008 to 2010 2011
2012 2009 to 2011 2012
2013 2010 to 2012 2013
2014 2011 to 2013 2014
2015 2012 to 2014 2015
2016 2013 to 2015 2016
2017 2014 to 2016 2017
2018 2015 to 2017 2018
2019 2016 to 2018 2019

Notes: Table shows the 3-year range used to estimate the FE, for all upper bound estimates of
IOp. Because the EU-SILC panel started in 2005, the first 3 years use the following rather than the
previous years. For the first 3 years, I used the next 3 years. Starting on 2008, I use the previous 3 years.
The reference year is excluded from all estimations of the FE to avoid artificially augmenting the upper
bound estimate of IOp. The last column specifies the sample year used to measure that specific estimate.
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TABLE 3
CIRCUMSTANCE VARIABLES

2005

Gender of Respondent Education (Both Parents) Family Composition

a. Woman a. Lower secondary or less a. Both parents
b. Man b. Upper/postsecondary b. Single mother

Activity (both parents) c. Tertiary c. Other

a. Employee Occupation (both parents) Number of siblings

b. Self-employed a. High-grade services a. None
c. Unemployed b. Lower-grade services b. 1 or 2
d. Retired c. Small-business owners c. 3 or 4
e. Housework d. Skilled workers d. 5 to 9
f. Other e. Unskilled workers e. 10 or more

2011 and 2019

Activity (both parents) Family composition Gender of respondent

a. Employee a. Both parents a. Woman
b. Self-employed b. Single mother b. Man
c. Unemployed c. Other Education (both parents)

d. Retired Number of adults in household a. Illiterate

e. Housework a. None b. Lower secondary or less
f. Other b. One c. Upper/postsecondary

Occupation (both parents) c. Two d. Tertiary

a. High-grade services d. 3 or 4 Country of birth (both parents)

b. Lower-grade services e. 5 or more a. Present country

c. Small-business owners Number of children in household b. Other EU27

d. Skilled workers a. None c. Other Europe
e. Unskilled workers b. One d. Outside Europe

Number of working people c. Two Citizenship (both parents)

a. None d. 3 or 4 a. Present country
b. One e. 5 or more b. Other EU27

c. Two Tenancy status of parents c. Other Europe

d. 3 or more a. Owner d. Outside Europe

Managerial status (both parents) b. Tenant

a. Supervisor c. Rent-free living
b. Non-supervisor

Notes: List of all circumstance variables and their categories, by year. The years 2011 and 2019
include the same set of circumstances. Questions on family composition (e.g. number of siblings, adults,
or working people) all refer to household composition at age 15. ISCO codes from occupations were
grouped using the categorization from Oesch (2006).

rate.5 The set of circumstances described in Table 3 is similar to previous studies
that used the same data set, although not directly comparable. For example,

5I only exclude circumstances based on perceptions. These circumstances include the financial sit-
uation of the household and whether families were able to make ends meet. I omit these circumstances
because how we interpret these perceptions might change across countries and over time, capturing dif-
ferent indirect factors. Brunori et al. (2021) also exclude these two circumstances from their analysis.

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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Ramos and Van de gaer (2021) include place of birth and mother’s occupation.
While not exhaustive, these variables ensure comparability across countries and
provide an overall characterization of childhood circumstances. While I include a
priori all circumstances, each country-year pair will use a different set based on its
out-of-sample prediction.

Table 4 shows the unweighted number of observations for the cross-sectional
and longitudinal sample. Sample sizes vary greatly across countries, going from just
over 3,600 to almost 25,000 observations for the lower bound sample and from 306
to over 5,000 observations for the upper bound sample. The latter is much smaller
because it only includes individuals who have four waves of data. In other words, the
upper bound sample is restricted to the first rotational group in every given year.6

From Table 4, we can see that a few countries have information in the
cross-sectional sample but not in the longitudinal sample. For example, Croatia,
Germany, and Ireland had cross-sectional surveys in 2011 but no longitudinal sur-
vey in 2011. The same thing happened for Malta, Switzerland, and Slovakia in 2019.
This was due to multiple reasons. For example, Germany started including longi-
tudinal data in 2018, while Ireland did not report information for 2010 and 2011
due to errors being found in the data (O’Donoghue et al., 2013). For that reason,
those years will have lower bound estimates of IOp but not upper bound estimates.

4. UPPER AND LOWER BOUND IOP ESTIMATES

My main findings are reported as two sets of figures. First, I report lower and
upper bound estimates of IOp together with total inequality for the 3 years for which
all estimates are available, 2005, 2011, and 2019 (Figures 1–3). The second set of
figures shows the evolution of IOp over time, grouping countries into regions as
defined by the geographical classification in EuroVoc (Figures 4 and 5). Tables I.E.1
and I.E.2 in Appendix E include the full set of IOp estimates.

I also explore the relationship between the lower and upper bound estimates
of IOp. First, I report the association between them using absolute and relative
measures in Figure 6. Second, I look into the gap between them and how it has
evolved over time, which I interpret as a measure of precision in the estimation of
IOp, in Figure 7. The final subsection discusses some of the assumptions behind the
upper bound estimate of IOp.

4.1. IOp by Country: 2005, 2011, and 2019

Figures 1–3 show the lower and upper bounds of IOp together with the level
of total inequality for all countries in 2005, 2011, and 2019, respectively. All the
inequality estimates are based on the MLD index and countries are ranked based
on their upper bound estimate of IOp, except for those without an upper bound
estimate, which are reported at the top of the list.

6Lower bound estimates do not vary substantially when using the first rotational group. Preliminary
analysis based on a limited set of circumstances and an OLS regression for 2011 (not reported) shows a
median difference of 0.002 points of the MLD.
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Figure 1. Inequality of Opportunity by Country (2005).
Notes: Lower and upper bound estimates of IOp, together with total income inequality. Countries

are sorted by their upper bound estimate of inequality of opportunity. Countries with no upper bound
estimate are shown on top. All inequality estimates use the MLD index

Figure 1 shows that the lower bound estimate of IOp in 2005 ranges from 0.005
points of the MLD index for Sweden to 0.08 for Belgium. Among the countries
with low levels of lower bound IOp, I find the Nordics as well as the Netherlands
and Slovenia. Countries on the other side of the ranking include Latvia, Lithuania,
Poland, and Portugal. The upper bound estimates range from 0.05 for Denmark
up to 0.22 for Poland. The lower and upper bound estimates show similar coun-
try rankings with three exceptions: Cyprus and Belgium with high lower bound
estimates relative to their upper bound estimates, and Denmark, with a relatively
high upper bound estimate. In relative terms, the lower bound estimates account
for between 6 percent and 47 percent of total inequality, while the upper bound
estimates account for between 42 percent and 82 percent.

The country rankings are fairly similar when we look at 2011, but the lower
bound estimates of IOp are now higher. The lower bound IOp goes from 0.01 to
0.08 (12–58 percent of total inequality), while the upper bound estimates go from
0.03 to 0.14 (38–80 percent of total inequality). The low IOp countries include the
Nordics, Czechia, Belgium, and Slovakia. The high IOp countries include Portugal,
Romania, and Latvia and Spain. We find a similar country ranking when looking
at 2019, with roughly the same countries among those with low and high IOp.

The lower bound estimate of IOp accounts for the largest share of total inequal-
ity in countries like Belgium and Luxembourg, where it explains around half of
all income inequality for 2011 and 2019. At the other extreme, lower bound IOp

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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Figure 2. Inequality of Opportunity by Country (2011).
Note: See Note in Figure 1

accounts for the smallest share of total inequality in Slovenia, Slovakia, the Nether-
lands, and the Nordics, accounting for less than one-fifth of total inequality on
average across all three available years.

The upper bound estimates of IOp follow the total level of inequality more
closely than the lower bound estimates, as one would expect given the way they
are estimated. The correlation between total inequality and the upper bound esti-
mate is 0.88, compared to 0.69 for the lower bound. In relative terms, the upper
bound estimate of IOp accounts for the largest share of total inequality in Finland,
Switzerland, Slovenia, Cyprus, and the Netherlands (around 75 percent on average
across all years), while in Hungary, Bulgaria, Serbia, and Slovakia it accounts for
the lowest share (around half).

Through this analysis we begin to see some of the differences between the two
approaches. Finland, Slovenia, and the Netherlands are among the lowest countries
when looking at the relative lower bound of IOp, but among the highest for the
upper bound. The opposite is true for Austria, Serbia, and Bulgaria. These large
discrepancies can be explained in part by the role played by time-invariant factors
that the upper bound manages to capture and the vector of circumstances from the
lower bound misses. These could be either missing circumstances or time-invariant
efforts. We explore the gap between the bounds in detail in Section 4.3.

4.2. IOp Trends Over Time

Figures 4 and 5 show the evolution of IOp over time. Figure 4 includes the
level of income inequality and the upper bound estimate of IOp for the 2005–2019

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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Figure 3. Inequality of Opportunity by Country (2019).
Notes: See Note in Figure 1. Bulgaria is excluded as it significantly distorts the x-axis, with upper

bound IOp and total inequality estimates of almost 0.3 (lower bound estimate of 0.118)

together with lower bound estimates of IOp for 2005, 2011, and 2019. Figure 5
shows the relative IOp, the share of total income inequality accounted for by the
lower and upper bound estimates of IOp. To simplify the analysis, the countries
are grouped into five European regions as defined by EuroVoc (see Table 1 for the
list of countries) as well as a sixth category that includes all countries. Both figures
show the population-weighted average for each region. The upper bound estimate of
IOp and the total level of income inequality report a bootstrapped 95% confidence
interval with 1,000 repetitions.

The upper bound estimate of IOp shows the trend for the whole period. If
we look at the population-weighted average among all of the available countries
(top-left panel in Figure 4), we can see that the upper bound estimate of IOp and
income inequality—relative to 2005—saw a decline in 2008, in the immediate after-
math of the Great Recession. This decline was followed by an increase in inequal-
ity, peaking around 2014 and stabilizing around that level. By 2019, total income
inequality had reached its 2005 level while upper bound IOp was still 10 percent
above it. The lower bound estimates of IOp show a similar trend, capturing the
pre–Great Recession level of IOp, the increase in 2011, and the stable trend that
followed.7 Following the peak in inequality in the first half of the 2010s, income

7Note that the lower bound trend is partly influenced by the increase in available circumstances,
particularly from 2005 to 2011, increasing their predictive power—this is partly mediated by the random
forest algorithm, as it limits the number of circumstances based on sample size.
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Figure 4. Inequality of Opportunity Level (IOL) by Region (Population-Weighted).
Notes: Population-weighted lower and upper bound estimates of IOp, together with total income

inequality for the five regions based on the EuroVoc categories, and a sixth category including all coun-
tries. All inequality estimates use the MLD index. Upper bound estimates report their 95% confidence
interval from a 1,000 iteration bootstrap of the whole estimation process, with replacement [Colour figure
can be viewed at wileyonlinelibrary.com].
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Figure 6. Association Between Lower and Upper Bound Estimates of IOp.
Notes: Correlation between lower and upper bound estimates of IOp. IOp level (left panel) and IOp

ratio (right panel), together with the linear fit and the 45∘ line. All inequality estimates use the MLD
index [Colour figure can be viewed at wileyonlinelibrary.com].

inequality dropped faster than IOp on average, resulting in a steady increase in the
share of total inequality accounted for by circumstances, as shown in Figure 5.

The post–Great Recession fall in upper bound IOp followed by the subse-
quent increase is particularly noticeable in Southern and Western Europe, which
closely follow the average trend. In both cases inequality decreased faster than IOp,
assigning a larger relative importance to the role of circumstances in determining
differences in income (see Figure 5). The Nordic countries suffered no decrease
in IOp but rather a steady (yet not statistically significant) rise in IOp. The Baltic
countries show an erratic trend, with higher overall levels of upper bound IOp than
other regions. Finally, Eastern and Central Europe also saw a decrease in inequal-
ity in 2008, which stabilized at lower levels of IOp after that. Across all regions but
Eastern and Central Europe, we can see that IOp rose faster and decreased slower
than income inequality. These findings suggest that IOp can rapidly increase when
income inequality goes up, but IOp decreases at a much slower rate than income
inequality.

Regions can be ranked based on their lower and upper bound estimates of IOp.
On average, Baltic countries have the highest levels of inequality, upper bound IOp
and lower bound IOp, followed by Southern Europe. Eastern and Central Europe
show much higher levels of income inequality and upper bound IOp than West-
ern Europe but somewhat similar levels of lower bound IOp. Finally, the Nordic
countries have the lowest levels of all three indicators.

This is not the case when looking at relative measures of IOp. Because the
upper bound estimate of IOp moves very closely to total inequality, we can see a
relatively homogenous picture across all regions, showing, on average, that upper
bound IOp accounts for 60–67 percent of total inequality. Relative upper bound
IOp is higher among the Nordics—due to them having a particularly low level of
income inequality—followed by Western Europe, where upper bound IOp is higher.
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Figure 7. Difference Between Bounds Relative to the Lower Bound.
Notes: Difference between the upper and lower bound estimates of IOp divided by the lower bound

estimate, for the 3 years for which there are data. Population-weighted average for the European five
regions based on the EuroVoc categories, and a sixth category including all countries. All inequality
estimates use the MLD index [Colour figure can be viewed at wileyonlinelibrary.com].

Under the lower bound estimate Western Europe and the Baltic countries have
higher relative IOp, with lower bound IOp accounting for around 30 percent of total
inequality while Southern Europe and Eastern and Central Europe have somewhat
lower levels, around 25 percent, with lower bound IOp accounting for 23 percent of
total inequality among Nordic countries.

4.3. The Correlation and Gap Between Bounds

Figure 6 shows the association between the lower and upper bound estimates
of IOp. The panel on the left shows the levels of IOp, while the panel on the right
shows the relative measure of IOp, both using the MLD index. All country-year
pairs for which there are data on both estimates are reported. Figure 7 includes the
change in the gap between the upper and lower bound estimates of IOp, measured
as a share of the lower bound estimate, grouped into population-weighted regions.

Almost all the estimates in Figure 6 are above the 45∘ diagonal line, meaning
that the upper bound estimate is higher than the lower bound. There are two cases
for which this is not the case, 2005 Belgium and 2019 Luxembourg, where the lower
bound estimate is slightly higher than the upper bound estimate. The two estimates
are strongly correlated when measured in levels, but much less so when measured
in relative terms with correlations of 0.58 and 0.15, respectively. The lower corre-
lation under relative IOp is explained by the fact that the upper bound is closely
correlated with total income inequality, resulting in limited variability for the rela-
tive upper bound estimate. Contrary to the relative lower bound estimate of IOp,
the relative upper bound estimate is not very informative in terms of cross-country
comparisons.
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We can also discuss the gap between bounds, measured as the difference
between the level of IOp under the upper bound and lower bound estimates,
presented as a share of the lower bound estimate. From Figure 7 we can see that
the gap between bounds can be large. Even in the region with the lowest gap, it
still accounts for half of the lower bound estimate of IOp. Throughout the 3 years
of data, the gap is consistently larger for Eastern and Central Europe and, to a
lesser extent, for Southern Europe. Across all regions, the Nordic countries saw the
largest reduction of the gap, going from three times the lower bound in 2005 to half
of it in 2019.

The gap between the two estimates saw an important decrease between
2005 and 2011 across all regions. Given that most of the upper bound esti-
mates did not change or increased between 2005 and 2011, this is due to the
additional circumstance variables that became available in the 2011 survey, as
noted in Table 3.8 Contrasting the 2005 estimates with those in 2011 we can see
the importance of including new circumstances, as long as these new variables
contribute additional information and do not correlate with already available
circumstances.

5. DISCUSSION

IOp has gained national and global recognition as an issue that needs to be
addressed, and a big challenge is to provide appropriate estimates. Most articles
that measure IOp rely on a single point estimate to quantify it. Depending on the
approach, these point estimates can suffer from downward or upward bias. Down-
ward bias can happen under partial observability of circumstances, while upward
bias can happen due to overfitting or because our measure of circumstances cap-
tures additional factors. On their own, these estimates of IOp provide a partial view
of IOp, its evolution over time, as well as cross-country comparisons. In this article
I report two estimates of IOp, one that addresses the partial observability of circum-
stances and another that addresses overfitting and provides further information on
the relative importance of each circumstance.

These estimates complement each other in understanding the extent of IOp
and its evolution over time. The first approach has typically been called a “lower
bound” approach, and its most common application relies on linear regressions
and a set of circumstance variables, where IOp is determined by the relative
importance of these circumstances. Combined with machine learning methods,
this approach addresses the issue of overfitting in the presence of a large num-
ber of circumstances. The second approach addresses the partial observability
of circumstances using longitudinal data to predict an individual fixed effect.
That predicted fixed effect captures all circumstances (to the extent that they are
time-invariant, at least) together with other time-invariant factors, thus resulting

8Another potential explanation could be larger sample sizes, which would allow the random forest
algorithm to make better use of the available predictors. However, we can see in Table 4 that this is not
necessarily the case. The regions with the largest drops, the Nordics and Southern Europe, saw decreases
in sample size for over 75 percent of their countries.
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in an “upper bound.” The upper bound approach can go beyond observable
circumstances, but it cannot tell us anything about their relative importance,
something that the machine learning-adjusted lower bound estimate is very good
at. Together, these estimates offer a more detailed overview of the level and changes
in IOp.

I find that upper bound IOp fell in the immediate aftermath of the Great
Recession, just like income inequality fell. Following the Great Recession, most
European regions experienced a U-shaped pattern of inequality. Both IOp and
income inequality saw an increase in all regions except for Eastern and Central
Europe, with IOp increasing faster than income inequality. The rise in inequality
slowed down around the first half of the 2010s; this was followed by a decrease
in both metrics where income inequality decreased faster than IOp. As a result,
the share of income inequality accounted for by IOp increased throughout the
2005–2019 period, particularly in Western Europe, settling at around 80 percent.
The lower bound estimates of IOp, available for 2005, 2011, and 2019, show the
same picture, one where IOp increased between 2005 and 2011, followed by a slight
decrease in 2019. The two estimates complement each other by reinforcing these
findings.

There are large benefits of reporting both bounds together. The upper bound
estimates, as they do not require data on circumstances, allowed us to observe the
complete 2005–2019 period, including the fall in inequality immediately after the
Great Recession and the large increase in the following years. The lower bound esti-
mates of IOp confirmed that trend, but also provided some insight into how regions
differ in terms of the relative importance of IOp, something the upper bound esti-
mate cannot do due to the strong correlation between it and total income inequal-
ity. Each estimate provides useful and different information, and the two together
give a detailed picture of the importance of circumstances in shaping economic
inequality.

One of the main challenges ahead is to acquire better data to estimate both
bounds over time. Reporting both estimates is extremely demanding in terms of
data. We need information on circumstance variables and longitudinal data for the
same (or at least similar) years. As it stands, this article relies on a fairly limited set of
circumstances for the lower bound estimate and a short panel for the upper bound
estimate. This means that the lower bound estimates are lower than they could be,
while the upper bound estimates are higher than if we were to use a longer panel.
This becomes even more of a challenge if our goal is to provide comparisons both
across countries and over time.

One way to address the strong data requirements would be to rely on admin-
istrative data, for example, data on standardized tests—which usually include
socioeconomic questionnaires—income and earnings data from tax returns or
social registries, health records, together with intergenerational identification sys-
tems to link parents and their children. Administrative data sets can provide a set
of circumstances and are likely to be measured yearly, thus providing a great input
for the estimation of joint lower and upper bound estimates of IOp over time. The
use of administrative data has great potential for the study of associations across
generations, as has been shown by Chetty and Hendren (2018a, 2018b) for the US
and Adermon et al. (2021) for Sweden.

© 2022 The Authors. Review of Income and Wealth published by John Wiley & Sons Ltd on behalf of
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