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This presentation

Should machine learning replace traditional econometric

methods when estimating inequality of opportunity?

Based on material co-authored with:

Paul Hufe, Daniel Mahler, and Guido Neidöfer.



Motivation

- formal definitions by political philosophers: Rawls (1971),

Dworkin (1981), Arneson (1989), Cohen (1989)

- economics: Roemer (1998), Fleurbaey (2008)

- Roemer’s model triggered a still developing literature on

the measurement of inequality of opportunity (IOP)

- can supervised machine learning (tree-based algorithms)

contribute?



Roemer’s Model

yi = f(Ci, ei) + ui

- yi: individual’s i outcome;

- Ci: circumstances beyond individual control;

- ei: effort;

- ui: random component.



Romer’s society



Romer’s society



Ex-post EOP (Roemer, 1998)

- ignoring the random component:

ei = ej ∩ Ci = Cj → yi = yj , ∀i, j ∈ 1, ..., n

- equality of opportunity is satisfied if:

ei = ej → yi = yj , ∀i, j ∈ 1, ..., n

⇒ IOP = within-tranche inequality (ex-post)



Ex-ante EOP (Van de gaer, 1993)

- EOP = equality of opportunity sets’ value;

- opportunity set = type-specific outcome distribution;

- utilitarian value = types’ outcome mean;

⇒ IOP = between-type inequality (ex-ante).



Implementation

- ex-ante:

- identify types;

- estimate between-type inequality.

- ex-post:

- identify types;

- identify tranches;

- estimate within-tranche inequality.



Empirical approaches (ex-ante)

- two empirical approaches:

� non-parametric (Checchi and Peragine, 2010);

� parametric (Ferreira and Gignoux, 2011).



Non-parametric approach

- exactly implement the idea of Romerian types;

- data-hungry: sex, race, parents’ ISCO 1 digit = 400 types;

- sparsely populated types → large measurement error;

- measurement error → upward biased inequality

(Chakravarty and Eichhron, 1994);

- ad hoc solutions → downward bias.



Parametric approach

- reduced form model: ln yi = βCi + ui;

- IOP = I(ŷ);

- additive and log linear functional form → downward bias.



Problems with existing methods

- arbitrary use of information: Checchi et al. (2016) 92

types, Suárez and Menéndez (2017) 360 types;

- arbitrary assumptions on f();

- C partial observability → downward bias:

� rich dataset (Biörklund et al., 2012; Hufe et al., 2017);

� interactions (Hufe and Peichl, 2015).

- back to risk of upward biased IOP.



IOP as a prediction problem

- how predictive of y are observable C?

- unknown data generating process;

- a meaningless exercize “in sample”;

- a prediction problem “out-of-sample”.



ML - IOP analogy

- ˆIOP = IOP+ ↓ (unobserved C/restrictions)+ ↑ (variance);

- E[(ŷ − y)]2 = bias2 + variance + ε2;

- ML: choose the model that minimizes out-of-sample error;

- IOP: choose the model that maximizes out-of-sample IOP.



Tree-based algorithms

- algorithms to predict a dependent variable based on

observable predictors (Morgan and Sonquist,1963; Breiman

et al.,1984);

- the population is divided into non-overlapping subgroups;

- prediction of each observation is the the mean value of the

dependent variable in the group.



What is a tree? cnt.
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What is a tree? cnt.

Source: Varian, 2014



What is a tree? cnt.

- deep trees fit well “in-sample”;

- but perform poorly out-of-sample;

- different solutions lead to different type of trees;

- we use conditional inference trees (Hothorn et al., 2006).



Conditional inference trees

- test the null hypothesis of independence,

HCp = D(Y |Cp) = D(Y ), ∀Cp ∈ C;

- no (adjusted) p-value < α → exit the algorithm;

- select the variable, C?, with the lowest p−value;

- test the discrepancy between the subsamples for each

possible binary partition based on C?;

- split the sample by selecting the splitting point that yields

the lowest p-value;

- repeat the algorithm for each of the resulting subsamples.



Opportunity trees: pros

- the selection of C is no longer arbitrary;

- f̂() becomes endogenous to data;

- provide a test for the null hypothesis of EOP ;

- tell a story about the opportunity structure.



Opportunity trees: cons

- misleading when two or more controls are highly

correlated;

- perform poorly if the data generating process is linear;

- sensitive to the specific sample observed.



DGP linearity

source: James et al. (2013)



Random forests

- random forests improve tree’s predictive performance;

- a forest is made of hundreds of conditional inference trees;

- each tree uses a subsample of observations and each split a

subsample of regressors.



Trees and forests

source: Schlosser et al. (2018)



Method validation



Relative performance

- conditional inference regression trees and forests

- compared with traditional approaches:

� non-parametric approach 40 types (Checchi et al., 2016);

� parametric approach 20 regressors (Palomino et al., 2016);

- 31 countries (EU-SILC, 2011).



Random forest vs. non-parametric
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Random forest vs. parametric
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Random forest vs. conditional inference trees
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Ex-post IOP



Ex-post IOP

- Trees identify types;

- a precondition to estimate IOP á la Roemer (ex-post);

- main challenge: effort identification.



Effort

- Roemer’s identification strategy, two assumptions:

1 orthogonality: e ⊥⊥ C

2 monotonicity: ∂f
∂e ≥ 0



Degree of effort

- with observable effort = quantile of the type-specific effort

distribution;

- with unobservable effort = quantile of the type-specific

outcome distribution;

- our approach: (Bernstein) polynomial approximation of the

type-specific outcome distribution.



Data

- SOEP (v33) including all subsamples apart from the

refugee samples;

- 25 waves 1992-2016;

- adult individuals (30-60);

- circumstances considered: migration background, location

in 1989, mother’s education, father’s education, father’s

occupation, father’s training, month of birth, disability,

siblings;

- outcome: ‘age-adjusted’ household equivalized income.



Opportunity tree in 1992
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Opportunity tree in 2016
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IOP in 1992
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IOP in 2016

0 1 2 3 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Outcome

E
C

D
F

● ● ●●●●●●●●
●●●●●●●●

●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●
●●●●●●●
●●●●●●●●
●●●●●●●●

●●●●●●●●
●●●●●●●●
●●●●●●●●

●●●●●●●●
●●●●●●●●
●●●●●●●●

●●●●●●●●
●●●●●●●

●●●●●●●●
●●●●●●●●

●●●●●●●●
●●●●●●●●●

●●●●●●● ●●●●●●●●
●●●● ●●●●● ● ● ●● ●● ● ● ● ●●●

●●●
● ●●

●●
●● ●●●

●●
●●

●●●
●●
●●
●●
●●
●●

●●
●●
●●
●●
●●
●●
●●

●●
●●
●●
●●
●●
●
●●
●●

●●
●●
●●
●●
●●
●
●●
●●●

●●
●●
●●

●●
●●
●●
●●
●●
●●
●●

●●●
●
●●
●●
●●
●●
●●
●●
●●
●●

●●
● ●● ●●

● ●●
●●

●●
●●

● ● ● ● ●

●
●
●
●
●

●
●
●
●
●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●
●
●
●
●
●
●

●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●
●

●
●
●
●
●

●
●
●
●
●
●
●
●
●
●

●
●
●
●

●
●
●
●

●
●
●

●
●

●
●

●
●

●

● ●●●●●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●●●●●●

●●●●●●●
●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ● ●●●●● ● ●● ●●● ●●● ● ● ● ● ●● ● ● ●

●

●

●
●

●

●
●

●
●

●

●
●

●

●
●

●
●

●

●
●

●

●
●

●

●
●

●
●

●

●
●

●

●
●

●
●

●

●
●

●

●
●

●
●

●

●
●

●

●
●

●

●
●

● ●●● ● ●●●●●●●●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●● ●●●● ●● ●● ●●● ● ●●● ● ●●● ●● ● ● ●

●●
●●

● ●●
●●●●

●●
●●
●●
●●
● ●●

●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●

●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●●

●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●
●●●
●●

●●
● ●●

●●●
●●
●●

●●●
●●
●●

●●●●
●●

●●
●●●

●●
●● ●●

● ● ● ● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●● ●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●
●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●

●●●●●●●●●
●●●●●●●●●●●●●●●

●●●●●●●●●●●● ●●● ●●●● ●●●●●● ●●● ● ● ● ●● ● ● ● ● ●

● ● ●● ●●●●●●●●
●●●●
●●●●●●●

●●●●
●●●●
●●●●
●●●●●●

●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●●

●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●

●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●

●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●
●●●●

●●●●
●●●●●●

●●●●
●● ●● ●●●●

●●●●
●● ●● ●●●●●●

●●●●
●●●●●

●●●●●●●
●●●●

●● ●●● ●● ●● ● ●● ● ●● ● ●● ● ● ● ●

●● ● ●●●●
●●●●

●●●
●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●●●

●●●
●●●●

●●●
●●●●

●●●
●●●
●●●●●●●●●

●●● ● ●● ●● ●●● ● ● ●

●●● ●●●●
●●●●●

●●●●●●●
●●●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●

●●●
●●●
●●●
●●●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●

●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●
●●●●●

●●●●
●●●
●●●
●●●●●● ●●●●

●●●
●●●
●●●●

●●●●
●●●

●● ● ●●●●● ●● ● ● ● ● ●

● ●● ●● ●●●●●●●
●●●●●●●●●

●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●
●●●●●●●●●●●●●

●●●●●●●
●●●●●●

●●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●
●●●●●●●

●●●●●●
●●●●●●●

●●●●●●●
●●●●●●●

●●●●●●●
●● ● ●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●

●●●●● ●●●●●●●●●●●●●●●● ● ●● ●●●● ● ● ● ●

● ●●●● ●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ● ●●●●●●●●●●●●●●●●●●●●●●● ●●● ● ● ●●● ●● ● ● ● ● ●

●● ●●●●●●● ●●●●●●●●● ●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●

●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●● ●●●●●●● ● ●● ●●● ●●●● ● ●● ● ●● ●● ●● ●● ● ●

●
●

●
●

●
●
●
●
●

●
●

●
●
●
●
●
●

●
●
●

●
●

●
●
●
●
●
●
●
●

●
●

●
●
●
●

●
●

●
●
●
●

●
●

●
●
●
●
●

●
●
●
●
●
●
●

●
●
●

●
●
●
●

●
●
●
●

●
●

●
●

●
●

●



IOP trend 1992-2016
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Mean IOP trend 1992-2016 (same sample size)



Circumstances’ relative importance
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Conclusions

- many other ML approaches can be used:

� unsupervised learning such as Li Donni et al. (2015) and

Carrieri and Jones (2020)

� best subset regression (EqualChances.org)

� LASSO (or other regularization methods) as for example

Hufe et al. (2019)

- but there exists a second key trade off in ML: complexity

Vs. interpretability.



Additional material

trees EU-SILC



Norway

birth_area
p < 0.001

{Native, EU} Outside EU

occ_father
p < 0.001

≤ 3 > 3

n = 979
y = 46413

3
n = 3784
y = 43735

4
n = 263

y = 34340

5



Luxembourg

occ_father
p < 0.001

≤ 4 > 4

father_edu
p < 0.001

{Medium, High}{Unknown, None, Low}

birth_area
p < 0.001

{Native, EU}Outside EU

father_edu
p < 0.001

HighMedium

supervisory_mother
p = 0.002

Yes{Not working, No}

n = 64
y = 63707

6
n = 536

y = 51355

7
n = 830

y = 46410

8

father_edu
p = 0.006

HighMedium

n = 110
y = 43487

10
n = 88

y = 32342

11

birth_area
p < 0.001

Native{EU, Outside EU}

n = 272
y = 42232

13
n = 255

y = 33772

14

birth_area
p < 0.001

Native {EU, Outside EU}

father_edu
p < 0.001

{Medium, High}{Unknown, None, Low}

n = 808
y = 41166

17

n_children
p = 0.004

≤ 2 > 2

n = 761
y = 38071

19

occ_father
p = 0.005

≤ 9 > 9

n = 548
y = 35023

21
n = 53

y = 27542

22

father_edu
p < 0.001

{Medium, High} {Unknown, None, Low}

birth_area
p < 0.001

EUOutside EU

n = 318
y = 41099

25
n = 83

y = 29030

26

birth_area
p < 0.001

EU Outside EU

mother_edu
p < 0.001

{Medium, High}{Unknown, None, Low}

n = 85
y = 39308

29

mother_edu
p < 0.001

Low{Unknown, None}

tenancy
p < 0.001

OwnedNot owned

n = 723
y = 29689

32
n = 491

y = 26334

33
n = 385

y = 23974

34
n = 355

y = 23052

35

{Yes,}



Additional material

variables importance EU-SILC



Variables importance
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Variables importance, cnt

Birth Area Father's Education Father's Occupation Mother's Education Mother's Occupation



Additional material: training/education

definition SOEP



Mother/father raining



Mother/father education


