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Abstract

Educational attainment generates labor market returns, societal gains and has intrinsic
value for individuals. We study Inequality of Opportunity (IOp) and intergenerational
mobility in the distribution of educational attainment. We propose to use debiased 10p
estimators based on the Gini coefficient and the Mean Logarithmic Deviation (MLD) which
are robust to machine learning biases. We also measure the effect of each circumstance on
10p, we provide tests to compare IOp in two populations and to test joint significance of a
group of circumstances. We find that circumstances explain between 38% and 74% of total
educational inequality in European countries. Mother’s education is the most important
circumstance in most countries. There is high intergenerational persistence and there is
evidence of an educational Great Gatsby curve. We also construct IOp aware educational
Great Gatsby curves and find that high income IOp countries are also high educational

IOp and less mobile countries.
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1 Introduction

The acquisition of education provides labor market returns, intrinsic benefits to individuals
and is valuable for society. Moreover, the distribution of educational attainment has important
consequences for the distribution of economic variables. If human capital is distributed unevenly,
the returns to education will feedback this inequality into economic disparities. Moreover, if the
accumulation of human capital depends on characteristics out of the control of the individual,
henceforth circumstances, then large parts of society are excluded from the benefits of education
leading to a misallocation of human talents. Another consequence is that of inequalities in
the benefits stemming from education such as health advantages (Lleras-Muney (2005)) or life
satisfaction (Powdthavee et al. (2015)) and that of reduced social gains such as less crime
(Lochner (2020)) and more civic participation (Lochner (2011)).

In this paper we study the share of inequality in educational attainment which can be ex-
plained by circumstances, i.e. Inequality of Opportunity (IOp)'. We care about this component
of inequality not only because it is usually considered an unfair component of inequality, but
also because of its connection with intergenerational mobility and the distribution of economic
variables such as income. The literature has emphasized the importance of circumstances such
as parental economic resources or education, for instance Coleman (1968), Chetty et al. (2017),
Héllsten and Thaning (2018) or Erikson (2019). We make use of a rich set of circumstances
about parental endowments and households characteristics when the individual was 14 years
old. Applying a battery of machine learning (ML) methods to these circumstances we are able
to explain a large share of educational attainment inequality with circumstances.

The most popular measure of IOp is the inequality in the distribution of fitted values or
predictions of an outcome (e.g. education, income or health) given some circumstances. If
we can get perfect predictions given circumstances, then 1Op is equal to the inequality in the
outcome. Hence, measuring IOp involves a two-step procedure. First, the prediction step where
the outcome is forecasted and second; the fitted values inequality measurement step.

In the prediction step, ML techniques which can handle high dimensional problems, have been
recently employed to make use of a rich set of circumstances without imposing any parametric
assumptions. Brunori et al. (2019), Brunori et al. (2021), Brunori and Neidhofer (2021), Salas-
Rojo and Rodriguez (2022) or Carranza (2022) use conditional inference forests in the prediction
step and Hufe et al. (2022) use Lasso.

The aforementioned literature is based on an ad-hoc use of ML for the prediction stage which

lacks any inferential theory for the resulting IOp measure. Escanciano and Terschuur (2022)

IFor the origins of this concept in political philosophy see Rawls (1971), Dworkin (1981a), Arneson (1989)
and Cohen (1989). For a formalization of the IOp concept in economics see de Gaer (1993), Roemer (1993),
Fleurbaey (1995) or Roemer (1998). For reviews of the empirical literature quantifying IOp, see Roemer and
Trannoy (2016), Ramos and Van de Gaer (2016), Ferreira and Peragine (2016) or Palmisano and Peragine (2022).



show that the use of ML techniques in the prediction stage can cause sizeable biases in the
measurement, of IOp. The reason is that ML trades off bias and variance, meaning that bias
in the first step will be allowed if it improves the prediction. This bias in the first step might
creep in the estimation of IOp in the second step. Escanciano and Terschuur (2022) propose a
simple debiased estimator for the Gini of the fitted values together with its inferential theory.
Their results hold for general non-parametric and ML estimators which satisfy mild mean square
consistency conditions.

In the fitted values inequality measurement step, the researcher needs to choose an inequal-
ity measure. Part of the literature followed Checchi and Peragine (2010) in using the Mean
Logarithmic Deviation (MLD). This inequality index has the advantage of being additively
decomposable (see Shorrocks (1980)) into a within/between group inequality; where between
inequality is precisely IOp. Other researchers prefer to use the Gini which is not additively
decomposable but is more sensitive to changes in the middle of the distribution which has ad-
vantages when measuring inequality in fitted values distributions compared to the MLD which
focuses on the tails of the distribution (see Brunori et al. (2019)). For completion we provide
the form of the debiased IOp estimator based on the MLD using the theory in Chernozhukov
et al. (2022).

The main methodological contributions of this paper are (i) to propose a measure of partial
effects for individual circumstances for debiased IOp estimators, (ii) a comparison test and a
group test to check whether IOp significantly differs between two independent populations and
to check significance of a group of circumstances and (iii) to allow for the use of the MLD in the
debiased IOp estimator. We also provide the R package ineqopp which allows to estimate 1Op
using both the Gini and the MLD and a variety of machine learners. It also computes partial
effects and tests. We give examples of its usage throughout the paper.

Quantification of educational IOp can be found for educational achievement (i.e. grades)
in Gamboa and Waltenberg (2012) who study IOp in 2006-2009 PISA scores in Latin America
or in Lasso De La Vega et al. (2020) who measure IOp in PISA 2012 scores in 20 European
countries. IOp in access to higher education can be found in Krafft and Alawode (2018) for the
Middle East and North Africa or in Palmisano and Peragine (2022) who study IOp in access
to tertiary education in Europe using the EU-SILC waves of 2005 and 2011. In this paper we
focus in years of education and do not consider other qualitative differences such as the quality
of the educational institutions attended or the field of study. We do not study these qualitative
differences because of lack of data and not because they are not important (see Blanden et al.
(2023)).

We use the 2019 cross-sectional European Union Statistics on Income and Living Conditions
(EU-SILC) survey to study IOp in years of education in European countries. We employ regu-

larized linear regression techniques such as Lasso and Ridge and tree-based ensemble methods



such as Random Forests (RF), Conditional Inference Forest (CIF), Extreme Gradient Boosting
(XGB) and Catboosting (CB)? to exploit a rich set of circumstances. We find that the share of
educational inequality explained by circumstances ranges from 38% in Finland to 74% in Bul-
garia and that plug in estimates (ad-hoc use of machine learners) are about 3 to 10 times more
sensitive to first step machine learners compared to the debiased counterparts. These estimates
are large compared to similar estimates in the literature. Erikson (2019) explains no more than
25% of the variation in educational attainment with social origin. When we divide the sample
into a young and an old cohort we do not see much change in the range of the estimates although
we see that IOp has increased significantly in the young cohort in 10 countries out of the 30
countries.

When we look at the impact of different circumstances the main result that we get is that
mother’s education plays a vital role in predicting educational attainment. In 17 out of the 30
countries mother’s education has the highest effect. For instance, in Sweden, excluding mother’s
education decreases IOp a 13%. The next most important circumstance seems to be sex which
is the most important circumstance in Nordic and Baltic countries. This seems to be driven by
the superior educational attainment of females compared to males in these countries.

Motivated by the importance of mother’s education, we turn to study intergenerational mo-
bility. We analyse how maternal educational attainment persists in the educational attainment
of the individual. We find evidence for low educational mobility with similar patterns as those
for educational IOp. Following Blanden (2013), Corak (2013), OECD (2018) and Blanden et al.
(2023), we look at the association between mobility and income inequality. As in these stud-
ies we find evidence for an educational Great Gatsby curve, i.e. countries with high income
inequality tend to have less educational mobility. Next, we substitute income inequality in the
Great Gatsby curve by income IOp and we see that the relationship becomes tighter and the
slope becomes more positive. This indicates that circumstances matter in the relationship be-
tween educational mobility and income inequality. We would expect this to happen if highly
educated mothers do not only affect child’s education through monetary investments and their
own education but also pass on some latent status as studied in Stuhler (2023). If this latent
status is correlated with the circumstances we observe then we would expect this relationship
between mobility and income IOp.

We also look at the correlation between educational IOp and income IOp and find a strong,
positive association, i.e. we see no countries with high income IOp and low educational IOp or

vice versa. Instead, high income IOp countries tend to have high educational IOp. This means

2Lasso, Ridge and RF are well-known MLs in econometrics. CIF were developed as an alternative to RF in
Hothorn et al. (2006) and they are used by the IOp literature. XGB and CB are boosting algorithms which
have become popular in machine learning competitions (see Chen and Guestrin (2016) and Prokhorenkova et al.
(2018)).



that reducing educational IOp without reducing income IOp can be particularly challenging.

Next, we look at IOp differences between the population of males and females. We argue this
is a good characterization of an IOp gender gap since biological sex is randomly assigned and
circumstances are predetermined. This means that the distribution of circumstances is the same
for females and males so the difference in IOp cannot be attributed to composition effects but
to differences in returns to circumstances. This could happen for instance if parental education
and occupation have different impacts on girls and boys due to gendered role models. While
females are obtaining more educational attainment than males on average, we do not find any
clear patterns when we compare educational IOp among females and males. This is in line with
previous findings in Erikson (2019).

Finally, we explore some further associations with other variables such as average years of
education, average income, educational inequality and education expenditure as a percentage of
GDP. We find that educational IOp decreases with per capita educational attainment, average
income and education expenditure and increases with educational inequality. However, the
last correlation is weak and we still find countries with high educational inequality and low
educational IOp and vice versa relative to other countries.

Section 2 introduces the Gini and MLD debiased estimators, Section 3 defines and provides
the partial effects and their estimators, Section 4 provides the comparison and group test,
Section 5 shows the empirical application to the EUSILC survey, Section 6 discusses limitations

and Section 7 concludes.

2 Debiased I0p

Let W; = (Y}, X;) be i.i.d. data distributed as Fy. Y; is a positive scalar-valued outcome such
as years of education and X; is a vector of circumstances. Let Er be the expectation under
distribution F', E = Ep, and denote vo(X;) = Eg, [Y;| X;] as the true fitted values under F,. We
are interested in the inequality of the distribution of the random variable v4(X;). Two available
measures to quantify this inequality are the Gini and the MLD.

2.1 Debiased Gini 10p

The Gini of the fitted values is
El70(X3) — 70(X;)]]

0 = . 2.1
200 = BBy + 205, ) =y

Estimation of #y can be framed as a method of moments problem. From (2.1) we get
E[0(70(X:) +70(X;)) = [70(X:) = 70(X;)[] = 0, iff 6 = 6o(0)- (2:2)



The standard estimation method is the so called plug in estimator where we plug in an estimator
4 of 79 in a sample version of (2.2) and solve for §. For example, using Conditional Inference

forests, the plug in estimate can be computed in R as

model <- cforest(Y ~ ., data)
fitted_values <- predict(model, X)
I0p <- Gini(fitted_values)

where data is a data frame containing outcome Y and all circumstances X. Using the package

ineqopp, which we provide, this can be done as

I0p <- I0p(Y, X, est_method = "Plugin", ineq = "Gini",
plugin_method = "ML", ML = "CIF")

As indicated by the notation 0y(7o), IOp depends on the fitted values . The problem with
the plug in estimator is that it is not locally robust in the sense that

90y (70)
oy

£ 0.

Whenever the above derivative is different from zero, regularization and model selection biases
from the first step will translate into biases and invalid inference of the IOp estimator. The
solution to the lack of local robustness is to find an orthogonal moment condition. This is an
alternative moment condition which still identifies 6y but has zero derivative with respect to

first steps. Escanciano and Terschuur (2022) find the following orthogonal moment condition
E[O(Yi +Yj) = sgn(70(Xs) —70(X;))(Yi = ¥;)] = 0, iff 0 = Oo(70)-

Based on this moment condition, 96y(y0)/0y = 0, meaning that we achieve local robustness,
reduce regularization and model selection biases and we are able to find a limiting asymptotic

distribution on which to base inference. The sample version is
>0+ Y)) = sgn((Xs) = 3(X))(¥; = V) = 0. (2:3)
to g

Solving the above for 0 gives

_ i 20y s9n((Xy) — (X)) (Yi — 1))
2.2 (Yi+Y5) '

(2.4) is simple to implement: it is like the standard Gini coefficient but with the sign of outcome

0 (2.4)

differences replaced by the sign of fitted values differences.® This means that whenever two

*The standard Gini coefficient is 3, 3°, [Yi ~ ;|/ 35, 35, (Vi 4+ )) = X5, 33, sgn(¥ — ) (i~ ¥))/ 32, 5, (¥t
;).



individuals have the same fitted values, their difference in outcomes cannot be attributed to IOp.
When individual i’s fitted values are strictly greater than those of individual j, the difference
in outcomes Y; — Y; enters positively. On the contrary, if 4(X;) < 4(Xj), then the difference in
outcomes Y; — Y; enters negatively. Hence, the two driving forces of IOp are (i) the differences
in outcomes and (ii) whether these differences coincide in sign with the differences in predicted
outcomes.

In (2.4) we are summing across pairs (i, 7) and we are using the same observations to estimate
the fitted values. This can lead to upward biases due to overfitting (whenever the fitted values
capture sampling noise) and complicates the theoretical inference results when using ML, see
Chernozhukov et al. (2018). Cross-fitting uses different observations to compute the sum in (2.4)
and the fitted values. To perform cross-fitting in the case of the Gini we divide the pairs (i, j)
in blocks I, ..., I, and let 4; be the fitted values estimated with observations not in [;, then the

debiased estimator is
ZzL:1 Z(i,j)e[l sgn((Xi) — 1(X;))(Yi = Y)
> (Yi+Y)) '

For an example on how to create blocks I, ..., [}, see the supplementary material. Escanciano
and Terschuur (2022) show that

é:

V(0 = 0y) =4 N(0,V),

where

V=EMT%OW%M+E%ﬂWWM&%~M&DM—%MKJ%)

and a consistent estimator is

e S (S B0+ Y)) = s X) = 300 - )

V= 72

Note that there is no need to use cross-fitting to estimate the variance. The standard errors
can be estimated as se = \/7/71 and 95% confidence intervals can be constructed as usual:
Clys = [é — Zp.0255€, 0 + 2p.9755€], where z, is the a quantile of a standard normal distribution.
With the package ineqopp the debiased IOp estimator with its standard errors using Random

Forests to estimate the fitted values can be computed as

I0p <- I0p(Y, X, est_method = "Debiased",
ineq = "Gini", ML = "RF")



2.2 Debiased MLD IOp

Let 0p1 = E[v0(X;)] and p2 = E[Inv9(X;)], then the MLD of the fitted values is
0o = In b1 — Ooz,

i.e. the MLD is the difference between the log of the expectation and the expectation of the log.
The identifying moment conditions for (61, fp2) are E[vo(X;) —001] = 0 and E[ln o (X;) —0p2] = 0
respectively. From Newey (1994) and Chernozhukov et al. (2022), the orthogonal moment
conditions for (6o, fp2) are

E[Y; — 601] = 0, E{ln%( i) = bo2 + ———~(¥Yi = 70(X3))| =0.

1
W@(J(J

All mathematical derivations are in the Supplementary Material. Hence, the debiased estimators

are

b=V, sz )+ = (= ).

l 1 ZEIZ

where now I, ..., I}, is a partition of {1,...,n} and the debiased MLD IOp estimator is

~

0= hlél —ég.

The asymptotic properties of 6 follow easily from those of (él,éQ) and Chernozhukov et al.

(2022). The asymptotic variance can be estimated as

. Varlyy]  — o 2C00[Y, (Wi, Ay, 0
V= é2[ L Vart (Wi, 30, 2)) - [ wg( . 02)]
' 1

where ¥(W;, 41,02) = In4(X;) — 6 + (1/%(X:))(Y; — %(X;)). As before, the standard errors

can be estimated as se = 1/ V/n and 95% confidence intervals can be constructed as usual:

Clys = [é — 20,0253%,@ + 2zp.9755€|. With the package ineqopp the debiased 10p estimator with
its standard errors using Lasso to estimate the fitted values can be computed as

I0p <- I0p(Y, X, est_method = "Debiased",
ineq = "MLD", ML = "Lasso")

2.3 Relative I10p

For the sake of comparability between estimates of different countries, regions or groups; we
also report the following relative measure of I0p: 0 = 6,/I, where I stands for some inequality
index of the distribution of Y;, in our case either the Gini or the MLD. 6, refers to the 1O0p

8



parameter. Whether we are employing the Gini or the MLD will be clear from the context. A
consistent estimator is % = 4 / I, where I is the estimator of the inequality index of ¥;. The
inference for this relative measure follows easily from the asymptotic properties of 6 and the
estimator of unconditional inequality (i.e. Gini or MLD). For brevity we omit the expression of
the estimators of the asymptotic variances but they can be found in equations (3.1) and (3.2)
in the Supplementary Material. Relative IOp and its standard errors can be computed with the
package ineqopp by setting the option I0p_rel to TRUE in the I0p function. For instance, for

the Gini and using Extreme Gradient Boosting

I0p <- I0p(Y, X, est_method = "Debiased",
ineq = "Gini", ML = "XGB", IOp_rel = TRUE)

3 Partial effects

While MLs allow to use many circumstances in the estimation of IOp, it is not entirely clear how
to measure the impact that each circumstance has on IOp. Brunori et al. (2021) uses variable
importance in the CIF of the first step. This is a measure of how the CIF fit worsens whenever
we exclude a variable from the set circumstances. This approach does not take into account the
effect that dropping a variable has on 1Op, only on the prediction of the outcome. To overcome
this issue we propose to look at the difference between IOp estimates whenever we exclude a
given circumstance.

Suppose that we have M circumstances, i.e. X; € RM. Let 0y _,, for m = 1,..., M, be the
true 10p whenever we do not include circumstance m and 6_., be the debiased IOp estimator

without including circumstance m. Then we define the partial effect of circumstance m to be
Kom = o — o, —m-

It is known in the literature that kg ,, > 0. That is, including more circumstances will increase
IOp unless the added circumstances do not help to predict the outcome, in which case 10p
will not change. This leads to the interpretation of the inequality of the fitted values being a
lower bound of IOp when we do not observe all relevant circumstances. However, this lower
bound property might not be true in the sample, since we also capture inequality stemming

from sample noise. The partial effect for m = 1, ..., R can be estimated by
Fm =0 —0_,,.

The computation and estimation of standard errors and confidence intervals for the partial effects

follow easily from the asymptotic properties of (é , é_m). The expressions for the estimators of the



asymptotic variances can be found in equations (4.1) and (4.3) in the Supplementary material.
This partial effects can be computed with the ineqopp package. For example, for the Gini and
Catboosting, the partial effects from maternal and paternal education can be computed as

circs <- c("educM","educF")
iop <- I0Op(Y, X, est_method="Debiased",
ineq = "Gini", ML="CB", fitted_values = TRUE)

FVs <- 1iop$FVs

iop_gini <- iop$I0p["I0p"]

pe <- peffect(X, Y, circs, FVs = FVs, ineq = "Gini",
ML = "CB", iop_gini = iop_gini)

3.1 Relative Partial Effects

Again, in order to better compare the magnitude of partial effects among different countries we
also report the following relative measure of the impact of circumstance m = 1,..., M,

HJR o 80 - 90,—m
0,m — )
to

which can be consistently estimated by
0—0_,,
i

/@{fm measures the decrease in IOp if we exclude circumstance m. For example, if /s&m = 0.1,
it means that if we exclude circumstance m, then IOp decreases a 10%. Expressions for the
estimators of the asymptotic variances are in equations (4.2) and (4.4) in the Supplementary
material. To compute relative partial effects with the ineqopp package set the option pe_rel

to TRUE in the peffect function.

~R
Ry =

4 Tests

A crucial advantage of being able to perform inference is the possibility to do statistical tests.
Suppose that we have independent populations A and B, e.g. two countries, and debiased 1O0p
estimates 6,4 and 05 of true I0p 04 and Op with estimated standard errors <§?3(éA) and sAe(HAA).

Then, we can estimate the standard error of the difference in 10p 04— Op as

5e(6a — B5) = /522(0) + 7°(0).

Hence, we can test whether debiased IOp in population A is significantly different from that in

population B. The function IOptest in the ineqopp package performs this test.
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Another possibility is to test for significance of a group of circumstances. In fact, checking
whether 0 is included in the confidence interval for &, already constitutes a significance test for
circumstance m. To do a group test we simply compare the debiased IOp estimate 0 with an I0p
estimate é_[U} where U C {1, ..., M} indicates which circumstances we want to test and é_[U] is
the debiased IOp estimate excluding those circumstances. In the case in which U = {1, ..., M}
we are just checking whether the debiased IOp estimate is significant. The group test can be

done with ineqopp package by using the function I0pgrouptest.

5 Educational Inequality of Opportunity in Europe

We use the 2019 cross-sectional European Union Statistics on Income and Living Conditions
(EU-SILC) survey to study IOp in years of education. In the years 2005, 2011 and 2019, EU-
SILC includes a module on intergenerational transmission of disadvantages with information on
circumstances. We restrict our attention to the year 2019 since it is the most recent one and
contains the richest set of circumstances. We also show all of our results for the Gini index,
using the MLD gives lower estimates but the correlation with the Gini estimates is close to one
(see Figure 14). All the results we show here can be found for the MLD in the Supplementary
material.

We restrict the sample to those aged between 25 and 59 years old. The circumstances include
questions on characteristics of the parents and questions related to the individual’s life/household
when he/she was around 14 years old. We use the following circumstances: sex, country of birth,
whether he/she was living with the mother/father, the number of adults/working adults/kids
in the household, population of the municipality, tenancy of the house, country of birth of
the parents, nationality of the parents, education of the parents, occupational status of the
parents, father’s managerial position, father’s occupation, basic school needs (whether he/she
had access to books, materials, etc.), financial situation, food needs (whether he/she could
eat meat/chicken/fish/vegetarian equivalent once a week and holidays outside of home once a
year). Remember that it refers to when the individual was around 14 years old, so, for instance,
financial situation refers to the financial situation of the household where the individual resided
when he/she was around 14 years old.

EU-SILC does not directly ask for years of education but it asks for the highest ISCED
educational level achieved. Following Checchi and Van de Werfhorst (2014), we compute years
of education by setting ISCED levels 0 and 1 to 7 years of education, level 2 to 10 years, level
3 to 13 years, level 4 to 15 years and levels 5 or higher to 18 years of education.

All circumstances are categorical and there are many different combinations of the categories.
This makes the problem hard to deal with without machine learning procedures. In this applica-
tion we use Lasso, Ridge, RF, CIF, XGB and CB. For Lasso and Ridge we use dummy encoding

11



I0p in Europe as a fraction of the Gini
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Figure 1: Educational IOp in Europe

and employ a dictionary including up to 10-wise interactions (2,666 regressors) depending on
each country. For cross-fitting we need to choose how many splits K we do to the sample. We
set K = 5. We use the appropriate individual cross-sectional weights.

In Figure 1 we see the first main empirical result: IOp in years of education as a share of total
inequality in years of education. We estimated IOp with the 5 mentioned MLs but we report
only the estimates from the MLs which achieved the lowest first stage RMSE in each country
(henceforth the best ML). Hence, each country’s IOp is estimated using different MLs. Relative
IOp ranges from around 40% in northern countries such as Denmark or Finland to around 70%
in countries like Romania, Portugal, Luxembourg and Bulgaria. Southern countries (with the
exception of Portugal) tend to align in the middle of the ranking with almost 60% of inequality
explained by circumstances. Germany, Netherlands and France all have between 40% and 50%
of educational IOp. Baltic countries have around 50% of their years of education inequality
explained by circumstances. Central and Eastern countries are more spread out. In the middle
of the ranking we find Czechia or Poland with around 55% of educational IOp. Countries
like Slovakia or Hungary have almost 60% of total inequality explained by circumstances while

Romania and Bulgaria have around 70%. In Table 1 we report detailed results.
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As expected from the robustness of debiased estimators, plug in estimators are much more
sensible to the choice of the machine learner. The standard deviation of plug in estimates across
MLs is from 2.8 times to 10.6 times the standard deviation of debiased estimates across MLs,
i.e. the standard deviation is taken across the estimates resulting from different MLs. Finally,
CIF was the best ML in 15 countries followed by XGB which was the best in 10 countries. Lasso
was the best in two countries and Ridge and CB were best in one country.

The sample includes individuals born from 1959 up to 1994. To compare more similar
cohorts we divide the sample in two and estimate IOp in each cohort. The old cohort is formed
by individuals born from 1959-1979 and the young cohort is born from 1976-1994. In both
cohorts relative I0p still ranges from 30% to 70%. As we can see in Figure 2, relative IOp has
not significantly varied from one cohort to the other for many countries. However, we see it has
decreased for Croatia and Portugal and it has significantly increased for 10 countries; specially
in Sweden where relative IOp in the young cohort is almost 20 percentage points higher.

Changes in IOp across cohorts can be due to several factors. First, there can be a composition
effect. Increasing educational levels across cohorts means that the composition of circumstances
change. Also, the returns to the same circumstances can change, for instance, the premium
for having educated parents might increase or decrease across cohorts. Finally, unobserved
circumstances which correlate with the observed ones can also change both in composition and
returns. For instance, we do not observe parental income. If the correlation of our circumstances
with income changes, the predictive power of our circumstances might also change to the extent

we get predictive power from this correlation.
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Figure 2: Difference between 1959-1975 and 1976-1994
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5.1 Partial effects

Table 2 shows the largest relative partial effects for each country. Mother’s education has the
largest relative partial effect in 17 out of the 30 countries. This means that in a majority of
countries, IOp decreases the most when we exclude mother’s education. For instance, in Sweden
excluding mother’s education decreases IOp a 13%. The next most common circumstance which
attains largest IOp relative partial effect is sex. Sex obtains largest partial effects in 7 of the
30 countries. It seems to be the most important circumstance in all Baltic countries (Estonia,
Latvia and Lithuania) and in several of the Nordic countries (Denmark, Finland and Norway).
In Finland for instance, IOp decreases almost by a 19% if we exclude sex. This seems to be
driven by the superior academic attainment of females compared to males in these countries.
Father’s education has the biggest impact in Italy and father’s occupation has the largest effect
in Netherlands and Romania. Finally, tenancy has the largest partial effect in Germany and
Malta and the number of adults working in the household when the individual was 14 has the
largest partial effect in Portugal.

In sum, in almost two thirds of the countries, parental education seems to be the most
important predictor for education in terms of IOp. Hence, it seems that mobility plays a very
important role. The interested reader can see partial and relative partial effects for all countries

and circumstances in the Supplementary material.

5.2 Mobility: the role of mother’s education

In line with the results from the partial effects we turn now to study intergenerational mobility
and its relationship with IOp. To study mobility we will look into the relationship between
mother’s education and individual’s educational attainment. Mother’s education comes only
in three levels in EUSILC: low (less than primary, primary education or lower secondary edu-
cation), medium (upper secondary education and post-secondary non-tertiary education) and
high (short-cycle tertiary education, bachelor’s or equivalent level, master’s or equivalent level,
doctoral or equivalent level). As a measure of intergenerational persistence we regress years of
education on this three level variable and take the slope coefficient.

In Figure 3 we plot this measure of intergenerational persistence for all countries. A high
value means there is low intergenerational mobility. We see that there is substantive inter-
generational transmission of educational attainment. An extra level of mother’s education is
associated with almost a year more of educational attainment in Finland or more than 2.5 years
more of education in Portugal. Once more, we have Nordic countries with less persistent inter-
generational educational attainment and we see southern countries, among others, having the

greatest intergenerational dependence.
In line with Blanden (2013), Corak (2013), OECD (2018) or Blanden et al. (2023), we look
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Country Max. PE Max. Circumstance Country Max. PE Max. Circumstance
Austria 0.044 Mother’s education Ireland 0.084 Mother’s education
(0.043, 0.045) (0.083, 0.086)
Belgium 0.027 Mother’s education Ttaly 0.029 Father’s education
(0.026, 0.028) (0.028, 0.029)
Bulgaria 0.018 Sex Lithuania 0.072 Sex
(0.017, 0.019) (0.07, 0.073)
Switzerland 0.072 Mother’s education Luxembourg 0.024 Mother’s education
(0.07, 0.073) (0.023, 0.025)
Cyprus 0.028 Mother’s education Latvia 0.169 Sex
(0.027, 0.029) (0.167, 0.171)
Czechia 0.097 Mother’s education Malta 0.052 Tenancy
(0.096, 0.098) (0.05, 0.053)
Germany 0.061 Tenancy Netherlands 0.036 Father’s occupation
(0.06, 0.062) (0.035, 0.037)
Denmark 0.118 Sex Norway 0.048 Sex
(0.116, 0.12) (0.046, 0.051)
Estonia 0.157 Sex Poland 0.05 Mother’s education
(0.156, 0.159) (0.05, 0.051)
Greece 0.018 Mother’s education Portugal 0.037 Number of adults working
(0.018, 0.019) (0.036, 0.038)
Spain 0.033 Mother’s education Romania 0.028 Father’s occupation
(0.032, 0.033) (0.027, 0.028)
Finland 0.186 Sex Serbia 0.043 Mother’s education
(0.184, 0.188) (0.042, 0.043)
France 0.032 Mother’s education Sweden 0.133 Mother’s education
(0.031, 0.033) (0.131, 0.136)
Croatia 0.056 Mother’s education Slovenia 0.089 Mother’s education
(0.056, 0.057) (0.088, 0.091)
Hungary 0.072 Mother’s education Slovakia 0.065 Mother’s education

(0.071, 0.073)

(0.064, 0.066)

Table 2: Largest Gini IOp relative partial effects.

into the interrelationship between economic inequality and educational mobility. Economic
inequality might cause parents with more resources to spend more on their childrens education
compared to other parents. In turn, lower intergenerational mobility follows and we get an
educational Great Gatsby curve. We take the income inequality results in Escanciano and
Terschuur (2022) to construct such educational Great Gatsby curves.

In Figure 4 we see that there is a positive association between economic inequality and
intergenerational transmission of educational attainment as reported in previous studies (see

Blanden et al. (2023)). This relationship is clearly endogenous. On the one hand, higher levels
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Figure 3: Slope coefficient of regressing years of education on mother’s education

of economic inequality cause a greater disparity in financial constraints and parental educational
investment capabilities. Hence, to the extent that the more educated parents are at the top
of the income distribution, economic inequality will lead to less educational mobility. These
mechanisms have been highlighted in economic models as in Becker and Tomes (1979) (see
Blanden et al. (2023) for more insights on modelling economic inequality and mobility). On the
other hand, less educationally mobile societies will transmit the inequalities in the educational
system to the labor markets.

Interestingly, the mechanism connecting educational immobility to economic inequality can
only work through income IOp. In the absence of income IOp, individuals with highly educated
parents should not have different income distributions. However, since we do know that there
are returns to education, educational immobility means some individuals will earn more thanks
to their parental education. This increase in economic inequality will be fully accounted by an
increase in IOp. Conversely, IOp captures income inequalities which are explained by circum-
stances. If people with advantageous circumstances generally fare better, not only in income
but also generally; we would expect countries with high income IOp to be less mobile. For
instance, if the observed circumstances form a proxy for some latent status, then high income
IOp would mean that high status families have more resources to devote to their offspring edu-

cation. Hence, children in such families would have a double advantage, that of a higher status
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Figure 4: Education Great Gatsby Curve

and that of higher monetary investments in their education. For an account of latent status
and mobility see Stuhler (2023). Hence, an association between income IOp and educational
intergenerational mobility can also be established both ways. This motivates the construction
of an IOp aware educational Great Gatsby curve.

In Figure 5 we see such curve. To make the units comparable with the previous figure we
have absolute income IOp in the z axis, i.e. the Gini of the income predictions and not the
share of income inequality explained by circumstances. We see that an increase of 0.01 (a Gini
point) in absolute income IOp is associated with an increase in the immobility coefficient of
almost 0.08 years (almost a month) while an increase of one Gini point in income inequality
was associated to an increase in the immobility coefficient of almost 0.06 years (three quarters
of a month). Also, the R? doubles. Some correlation is expected to occur mechanically since
IOp depends on own and mother’s education as well as on many other circumstances which are
correlated with educational variables. However, this mechanical correlation can only happen to
the extent that IOp changes with the distribution of mother’s education.

Finally, we consider the relationship between educational IOp and income IOp. Again, both
measures are determined by the same variables and hence correlation is expected. However, this
is so to the extent that both measures are monotonic in the same circumstances. If there are

countries where certain circumstances are related to high income IOp and high education IOp,
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Figure 5: I0p aware Education Great Gatsby Curve

then we will see this relation. One case in which one could expect there to be no correlation is if
there were countries with educational institutions which manage to provide the same quality of
education to all regardless of their background, where there are no financial barriers to higher
education and where aspirations do not change across family backgrounds. These countries
could have low educational IOp but still have high income IOp if with the same educational
attainment, workers from more advantageous families get better results in the labor market.

In Figure 6 we see that countries where income IOp is high also have high levels of educa-
tional IOp. Asserting causality is extremely complicated, however, the correlation suggests that
the observed circumstances do form part of a status that permeates income and educational
inequalities making both income and educational attainment predictable by the same circum-
stances. Also, there are no countries who manage to have low levels of educational IOp despite
high levels of income IOp. This might be indicative that financial barriers matter and that
educational quality might also change with family income and across family backgrounds. This
would mean that educational institutions could have a hard time decreasing educational 10p

without policies which also reduce income IOp.
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Figure 6: Educational IOp vs income IOp

5.3 Gender educational IOp

Now we analyse with more detail the gender aspect of educational IOp. Let us first take a look
at mean differences in educational achievement for the young and the old cohort across sexes
in Figure 7. We see that generally the difference between female average years of education
and male average years of education is smaller for old cohorts. In fact, for almost half of the
countries this difference is negative or not statistically different from zero for the old cohort.
For the rest of the countries females acquired more years of education on average even in the
old cohort. For the young cohort we see that in most countries females studied more years.
This is specially so in the countries where sex had the largest relative IOp partial effect. In
Estonia, Latvia, Lithuania, Denmark, Finland and Norway; females averaged one year or more
of education.

Now we turn to differences in IOp. We want to see whether inequality among males can
be explained by circumstances to a greater extent that that of females, i.e. we focus on how
circumstances explain inequality differently depending on sex. A good approach to do this would
be to use counterfactuals. That is, to see what would be the IOp if all were female/male (ruling
out general equilibrium effects), or what would be IOp among males if they were female. Adding
and subtracting these counterfactuals one could construct the famous Kitagawa-Oaxaca-Blinder
(KOB) decomposition (Kitagawa (1955), Blinder (1973) and Oaxaca (1973)).
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Figure 7: Average years of education by gender

We argue that looking at the differences between the share of inequality explained by cir-
cumstances in the sample of females and in the sample of males (henceforth the IOp gender gap)
is enough. The IOp gender gap is determined by differences in the distribution of circumstances
in each group (composition term) and differences in the conditional expectation functions of
each group (structural term). In our case the composition term is necessarily zero since gender
is random and the circumstances are predetermined. For example, parental education has the
same distribution for males and females. This is corroborated by the data, where the balance
of the circumstances is nearly perfect (see Supplementary material).

Hence, the IOp gender gap must be driven by differences in the conditional expectation
functions and not by different circumstance distributions. Such differences in the conditional
expectation function could be caused by different returns to circumstances and different depen-
dence of observed circumstances with unobserved ones. For instance, if the maternal/paternal
role models impact differently girls than boys, then the returns to parental education, occupa-
tion, etc. can be markedly different for females and males in an adult age. Another example
would be if, due to social rules, most males would generally pursue long STEM careers while
females with parents related to STEM careers were much more likely to pursue a long STEM
career than other females. This would create a heterogeneity in the career paths of females

which would not be present in that of males; hence leading to a higher IOp among females.
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In Figures 8 and 9 we see the IOp gender gap for the old and the young cohort. For most
countries we get that the gap is not significantly different from zero. This means that in most
countries inequality within a sex is not explained by circumstances more than in the other sex.
For the old cohort, we have that Estonia and Poland have a significantly negative IOp gap,
meaning that IOp is higher among males than females. In Estonia, the males from the old
cohort are more unequal than females, hence males have both higher inequality and higher 1Op.
In Poland males have greater IOp but lower inequality. In the old cohort, Netherlands and
Switzerland have significantly positive IOp gaps meaning that IOp is higher among females. In
the old cohort, inequality in the Netherlands is not significantly different but females have more
[Op. In Switzerland females from the old cohort have both more inequality and higher 1Op.
In the younger cohort we see that only Finland has a negative IOp gap, males relative 10p is
around 15 percentage points higher compared to female relative IOp. Young Finns have both
higher inequality and higher IOp. For the young cohort the IOp gap is significantly positive
for Norway (where inequality is higher among males) and for France (where inequality is not

statistically different across sexes).

Difference between female and male |Op (1959-1976) Difference between female and male |Op (1976-1994)

0.2

0.2

-0.1

Figure 8: I0p Gender gap 1959-1976 Figure 9: I0p Gender gap 1976-1994

In general we see that there does not seem to be much of an IOp gap of any sign. In the
countries where we do find one (Estonia, Poland, Netherlands and Switzerland in the old cohort
and Finland, Norway and France in the young cohort) there does not seem to be any systematic
correlation with the degree of inequality among each sex and the IOp gap.

Exploring the reasons why some countries have a negative, positive or zero IOp gap is an
interesting question for further research which, unfortunately, is out of the scope of this paper.
Also, it has to be kept in mind that the returns to circumstances might still differ even if the
difference in IOp is zero. This is because some circumstances might predict more inequality for

males and other circumstances for females and these might compensate each other. Further, we
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focus on years of education, still, the choice of educational field can differ markedly by gender.
These qualitative differences in the field of study matter since different fields might have different
returns. Finally, it is important to stress that we do not claim any kind of causality. It might
be that our circumstances only predict well years of education because they are correlated
with omitted variables which are the true causes. However, we claim this is not a problem for

quantification of IOp since any such omitted variable will also be a circumstance.

5.4 Further associations

As a last exercise we see the correlations of our estimates with other interesting variables. Here
we do not seek to find any causal relationships, we just want to highlight interesting associations
in the data.

In Figure 10, we see that countries where average years of education is high tend to have
lower levels of IOp. This could be driven by the fact that we are top coding years of education
in 18 years. However, to the extent that we can consider a reasonable maximum level of years
of education, compressing the distribution towards this maximum can have the effect of making
education less sensible to circumstances. In Figure 11 we see that a 1% increase in average income
is associated with almost 0.07 percentage points decrease in relative IOp. Hence, richer societies
tend to have lower levels of educational IOp. In Figure 12 we look at the correlation between
IOp and the Gini in years of education. We see a positive slope although the relationship is not
as strong as in Figure 10. Generally, the more unequal the distribution of years of education
the more IOp there seems to be. Still, some countries such as Romania or Bulgaria have lower
inequality which is explained to a great extent by circumstances or countries like Spain have
high inequality but lower IOp than many other countries. In Figure 13 we see a strong negative
correlation between education expenditure as a percentage of GDP and 1Op.

Finally, we see the correlation between relative IOp measured by the Gini and relative IOp
measured by MLD in Figure 14. It is reassuring to see that the correlation is almost 1 and
the R? is 0.92. As expected, MLD estimates lower levels of relative IOp due to the fact that
extreme predicted values are uncommon and the MLD cares mostly about inequalities in the
tails. Nevertheless, up to a difference in levels, both measures seem to be capturing [Op in a
similar manner. All the results in this paper can be found in the Supplementary Appendix for
the MLD.

6 Discussion

It is important not to attribute a causal interpretation to these findings. For instance, the

circumstance attaining the highest relative partial effect in Portugal is the number of adults
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working in the household when the individual was 14 years old. If there is any unobserved
circumstance which is correlated with this circumstance and actually causes the disparity in
incomes, it could be that the number of adults is just reflecting the predictive power of that
unobserved circumstance.

Also, we focus on educational attainment (years of education) but this leaves out many
important dimensions. If we look at educational achievement (i.e. grades) the results could
change considerably. For instance, Blanden et al. (2023) do not find any clear relationship
between economic inequality and educational achievement while they do find it for educational
attainment. This happens for instance if two students perform equally well in high school but
the most advantaged student goes on to university and the most disadvantaged does not, for
example due to financial barriers.

Another dimension of education which this study does not take into account is the hetero-
geneity in quality of the educational institutions and the differential choice of fields of study.
Chetty et al. (2017) find out that those in the top of the income distribution are much more
likely to attend higher quality education institutions such as an Ivy League college. Hallsten and
Thaning (2018) find that a quarter of the variation in the choice of field study can be explained
by parental background conditional on the same previous achievement. Kim et al. (2015) finds

that the choice of educational field later matters in terms of returns. For a more comprehensive
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review see Blanden et al. (2023). Hence, in this study we are treating individuals with the same
years of education the same when they are in many occasions qualitatively different. Some of
them might have attended the same amount of years to a top quality educational institution
or studied a field which generates much higher returns. The inequalities stemming from these
qualitative differences will be in turn shaped by the circumstances we observe.

Furthermore, for computational reasons we have only tuned the penalization parameters in
Lasso and Ridge. The tuning parameters of the other MLs are very close to the default ones.
The parameters are tuned in the same way for all countries. Exploration into better parameter
tuning could increase the precision of predictions in the first step. Nevertheless, local robustness
makes debiased IOp measures less sensitive to tuning parameters.

Finally, one could have considered ensemble methods where all MLs are combined into one
giving weights to each ML in a cross-validated optimal way. This can be done with the R
package SuperLearner. The R package provided in this paper provides this option but it is

computationally expensive so we did not make use of it for this empirical application.

7 Conclusion

We find that circumstances can explain a large share of educational attainment inequality in
European countries. In most countries, mother’s education is the most important variable to
explain educational inequality. Motivated by this fact, we study the intergenerational mobility
in educational attainment and we confirm that there is substantive intergenerational immobility
in educational attainment. Further, countries with high income inequality display less inter-
generational mobility. This association is strengthened when we replace income inequality by
income IOp. When we relate educational attainment IOp and income IOp we also find a strong
relationship. It is hard to find countries who have managed to have a low educational IOp and a

high income IOp. This points to the fact that these two problems need to be addressed jointly.
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