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ABSTRACT
This paper provides new estimates for inequality of opportunity (IOp) in Europe between 2005 and 
2019, using data from EU-SILC and elastic net algorithms. We document three different trends: 
some countries showed significant improvement over time; others saw a notable increase in IOp; 
and yet others reversed the rise in inequality post-Great Recession. Importantly, our new machine- 
learning estimates show consistency with more established approaches.
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I. Introduction

The economic literature on inequality of opportu
nity (IOp) differentiates between ‘circumstances’ – 
factors beyond one’s control, like race or parental 
education – and ‘efforts’, such as career choice or 
education, over which an individual has (greater) 
control (Roemer 1998). Inequality of opportunity is 
measured solely by the impact of circumstances.

Early studies, following Bourguignon, Ferreira, 
and Menéndez (2007), estimated income IOp using 
ordinary least squares (OLS) regression, predicting 
income from observed circumstances. However, 
this method, constrained as it is by unobserved 
factors, often underestimates IOp, providing only 
lower bound estimates (Balcázar 2015). Moreover, 
reliance on OLS has been criticized for upward bias 
due to overfitting, as too many circumstances are 
often included (Brunori, Peragine, and Serlenga  
2019).

To address upward bias, recent advances have 
employed machine-learning (ML) techniques to 
estimate IOp. Some studies have implemented the 
latent class approach, where groups of individuals 
exposed to the same circumstances (‘types’) are 
obtained by estimating an optimal number of latent 
types that is a function of the set of observed 
circumstances (Carrieri, Davillas, and Jones 2020; 
Brunori, Trannoy, and Guidi 2021; Li Donni, 
Rodríguez, and Rosa Dias 2015). This approach is, 

however, prone to underfitting the data, leading to 
downward-biased estimates of IOp (Brunori, Hufe, 
and Mahler 2023). Another strand of literature has 
relied on tree-based methods, which partition the 
data into non-overlapping regions on the basis of 
circumstance variables and make predictions based 
on these groupings, effectively dealing with upward 
bias (Brunori, Hufe, and Mahler 2018, 2023; 
Brunori and Neidhöfer 2021; Carranza 2023).

Despite progress, Brunori, Hufe, and Mahler 
(2023) recently pointed out that ML-derived IOp 
estimates lack internal consistency and correlate 
only moderately with traditional social-mobility 
measures, like intergenerational income elasticity 
(IGE). We contribute to the literature by proposing 
the use of a novel algorithm – the elastic net – 
which belongs to the promising (though less 
explored) approach of regularization techniques 
(see Hufe, Peichl, and Weishaar 2022, for an excep
tion). Our elastic net IOp estimates address the 
methodological discrepancies in the measurement 
of the lower bound in IOp, providing remarkable 
internal consistency with more established 
approaches and the IGE literature.

II. Method

Following standard procedures, we adopt an ex- 
ante definition of IOp. According to this approach, 
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a population of individuals i within the set 
1; . . . ;Nf g with income levels y1; . . . ; ynf g is clas

sified into distinct types T1; . . . ;Tkf g that share the 
same circumstances. The presence of IOp is deter
mined by the differences observed in average 
income across the different types. In particular, 
a counterfactual distribution is estimated by repla
cing individual incomes with the mean income of 
the corresponding type: ~μ1; . . . ; ~μn

� �
. 

Consequently, IOp can be evaluated as the inequal
ity of ~μi, IOp ¼ I ~μ1; . . . ; ~μn

� �
, through an inequal

ity index I �ð Þ. Along with much of the recent 
literature, we employ the Gini coefficient as the 
chosen inequality index (e.g. Brunori, Hufe, and 
Mahler 2023; Carranza 2023).

Various machine-learning approaches have been 
advanced in the literature to partition the popula
tion into the types required for computation of the 
counterfactual distribution ~μ1; . . . ; ~μn

� �
while 

avoiding the upward-bias problem. In this paper, 
we propose to use the elastic net to calculate lower 
bound estimates for IOp. Elastic net estimations, 
developed by Zou and Hastie (2005), incorporate 
a mixture of lasso and ridge penalties. This flex
ibility ensures that the model benefits from both 
regularization techniques, adapting to different 
data structures and correlation patterns. As 
a result, generalization is improved and out-of- 
sample predictions are more accurate, ultimately 
enhancing estimation of the lower bound. We first 
run the following model: 

where β̂ is the vector of estimated coefficients that 
minimizes the objective function, y represents the 
outcome variable, X is the set of circumstances that 
explain the outcome, and jjy � Xβjj2 is the OLS 
loss function that measures the sum of squared 
errors between the observed and predicted out
comes. λ2jjβjj2 and λ1jjβjj1introduce penalties: the 
former penalizes the magnitude of the coefficients 
(ridge penalty), while the latter penalizes the abso
lute values of the coefficients (lasso penalty), 

driving some coefficients to zero. λ1 and λ2 control 
the trade-off between the two regularization tech
niques, and they are chosen through 5-fold cross- 
validation. We then use the resulting vector 
βelasticnet

j to construct the counterfactual distribu
tion ~μ1; . . . ; ~μn

� �
from which the measure of IOp 

will be derived1 

where the counterfactual distribution is obtained 
from combining the predicted values from the 

elastic net model ( dαelastic net;
dβelastic netÞ with the set 

of individual circumstances, Ci. This construction 
reflects the income distribution that would exist if 
all individuals shared the same circumstances.

III. Data

To measure the effect of circumstances on income, 
we use data from the European Union – Statistics 
on Income and Living Conditions (EU-SILC). Our 
outcome of interest is household equivalized dis
posable income, using the modified OECD equiva
lence scale. This is the preferred outcome in most 
literature on the measurement of IOp. Our sample 
consists of individuals aged 25–55 with positive 
income.

Lower bound estimates can be derived from the 
cross-sectional component of the database for 
2005, 2011 and 2019, as these waves include ad- 
hoc modules with retrospective information on the 
respondent’s parental background and the house
hold in which she grew up. To make the results 
comparable across waves, we use the same set of 
circumstances – detailed in Table S1 in the online 
Appendix.

IV. Results

Figure 1 presents the lower bound IOp estimates in 
various European countries for the years 2005, 
2011 and 2019, calculated using the elastic net 
method.2 Consistent with other research, we find 

1We estimate a second lower bound implementing a post-OLS elastic net, retaining the subset of circumstances whose coefficients did not shrink to zero in the 
elastic net estimation. The results are similar to those below and are available upon request.:

2The figure includes bootstrapped standard errors based on 200 re-samples of the data.
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that Northern and Central European countries – 
such as Denmark, Finland, the Netherlands, 
Germany and Austria – exhibit lower levels of 
IOp. By contrast, higher levels are evident in 
a group comprising Mediterranean and Eastern 
European countries – including Spain, Italy, 
Lithuania, Greece, Portugal and Poland.3 It is 
immediately clear that a large number of countries 
show a persistent level of IOp over the period 

examined, as indicated by the minimal spread of 
their estimates over time. There are, however, few 
exceptions with Portugal and Latvia signalling 
a considerable improvement. The trajectories of 
Luxembourg and Spain are particularly negative 
over the period: they moved from a mid-tier posi
tion in 2005 to top of the IOp rankings by 2019. 
Other countries saw their IOp rise during the Great 
Recession, but then improve by decade’s end: the 

Figure 1. Lower bound IOp estimates using elastic net, Europe, 2005, 2011 and 2019.  
Note: Vertical lines represent confidence intervals at 95%. Countries are sorted based on their mean value of IOp. Source: Authors' 
computation, using data from the EU-SILC.

Table 1. Rank correlations (Spearman’s r) of ML-based approaches.
Existing studies This paper

CV_b FOR_c FOR_b EN

A-Equality of opportunity in 2011 (MLD)
EN – 1.000
CV_b 1.00 – 0.88
FOR_c 0.58 1.00 – 0.47

B-Equality of opportunity in 2011 (Gini)
FOR_b – – 1.00 0.86

C-Equality of opportunity in 2019 (MLD)
FOR_c – 1.00 – 0.63

D-Intergenerational income elasticity (9 countries)
IGE – – 0.72 0.88

Panels (A) to (C) are based on the intersection of countries included in this paper across 
studies that provide MLD-based IOp estimates (panels (A) and (C)) or Gini-based IOp 
estimates (panel (B)). Ranks in Stuhler (2018) and Carmichael et al. (2020) are calculated 
from consensus estimates of IGE. 

EN = Elastic net, CV_b = Cross-validation in Brunori, Peragine, and Serlenga (2019), FOR_c 
= Forest in Carranza (2023) and FOR_b = Forest in Brunori, Hufe, and Mahler (2023).

3We conducted a robustness test to evaluate whether missing values across variables could influence the estimates. We recalibrated the IOp levels across 
countries, imposing a maximum threshold of 20% for missing values per variable. The findings are reassuringly consistent, indicating that this phenomenon 
does not compromise our results. Details are available upon request.

APPLIED ECONOMICS LETTERS 3



trend for Hungary is especially pronounced. 
Overall, the analysis reveals a diverse range of 
trends in the IOp progression across different 
countries.

Furthermore, Brunori, Hufe, and Mahler (2023) 
show, through rank correlations, that the existing 
literature on IOp in Europe is not internally con
sistent and is only moderately consistent with IGE 
rankings (their random forest approach being 
a notable exception). We update this exercise to 
test how reliable the novel elastic net method is. 
Table 1 shows that our elastic net estimates corre
late closely with the forest estimates of Brunori, 
Hufe, and Mahler (2023), the cross-validation 
(CV) approach (Brunori, Peragine, and Serlenga  
2019) and IGE rankings (Carmichael et al. 2020; 
Stuhler 2018). Conversely, the random forest esti
mates of Carranza (2023) appear to be more incon
sistent with both elastic net and CV. The proposed 
new algorithm for measuring IOp demonstrates 
a remarkable improvement in the consistency of 
employing ML to estimate unfair inequality.

Source: Authors’ computation and estimates 
from the studies included.4

V. Conclusions

This paper provides new estimates for IOp in 
Europe between 2005 and 2019. We employ 
a machine-learning technique – elastic net – which 
offers a greater degree of flexibility than methods 
used previously, leading to improved generalization. 
We document three divergent evolutionary paths, 
with countries like Portugal showing significant 
improvement over time; others, like Luxembourg 
or Spain, experiencing a notable increase in IOp; 
and a third group, including Hungary, reversing 
the rise in inequality post-Great Recession.
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