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1a.

Motivation: normative arguments

In pursuing social justice, what inequalities should you seek to eliminate?
• Is information on the distribution of outcomes enough?
– John Rawls (1971): A Theory of Justice (Harvard University Press)
– Amartya Sen (1980): “Equality of what?” in McMurrin (ed.), The Tanner Lectures
on Human Values
– Ronald Dworkin (1981): “What is Equality? Part 1: Equality of Welfare; Part 2:
Equality of Resources”, Philos. Public Affairs, 10, pp.185-246; 283-345.
– Richard Arneson (1989): “Equality of Opportunity for Welfare”, Philosophical
Studies, 56, pp.77-93.
– Gerald Cohen (1989): “On the Currency of Egalitarian Justice”, Ethics, 99, pp.906944.

1b.
1.

It is now well-established that individuals value ‘fairness’, in the sense that many
are prepared to give up private monetary gains to achieve what they perceive as a
just allocation.
–
–

2.

Motivation: evidence on preferences

Offers made and rejected in ultimatum and dictator games.
Fehr and Gachter (2000); Fehr and Fischbacher (2003); Henrich et al. (2004)

There is also evidence that what is deemed to be a just allocation depends on how
it is arrived at!
–

E.g. Cappelen, Sorensen and Tungodden (2010) asked Norwegian business students and
alumni to propose a fair distribution of earnings from a typing exercise where “wages”
(p) were randomly allocated, work duration (q) was chosen; and “productivity” (a) was
measured. Respondents were grouped as follows:

Preference groups

Responsibility sets

Frequency in sample

Strict egalitarians

ℛ 𝑆𝐸 = ∅

0.18

ℛ 𝐶𝐸 = 𝑞

0.05

Meritocrats

ℛ 𝑀 = 𝑞, 𝑎

0.47

Libertarians

ℛ 𝐿 = 𝑞, 𝑎, 𝑝

0.30

Choice egalitarians

1c.

Motivation: political salience

“We know that equality of individual ability has never existed and
never will, but we do insist that equality of opportunity still
must be sought”
(Franklin D. Roosevelt, second inaugural address, 20 January 1937)

“The rise in inequality in the United States over the last three
decades has reached the point that inequality in incomes is
causing an unhealthy division in opportunities, and is a threat
to our economic growth”
(Alan Krueger, Center for American Progress, 12 January 2012)

If these concepts matter for policymakers, can they be rigorously
defined and measured?

2.

What is equality of opportunity?
An “economic definition”

• Often expressed in terms of adherence to two central principles:
Principle of compensation: outcome differences due to factors beyond an individual’s
responsibility (“circumstances”) are unfair, and are compensated.
Principle of reward: outcome differences reflecting differential reward to individual
responsibility and effort are ethically legitimate, and are preserved.

• Pioneering economists who adopted and built on these ideas include:
John Roemer (1993, 1998)
Dirk van de Gaer (1993)
Marc Fleurbaey (1994, 2008)

•

Building primarily on the Arneson / Cohen “control view” of equality of opportunity.

•

Formally, equality of opportunity can be defined as a situation in which the outcome of
interest (x) is distributed independently of (predetermined) circumstances (C) for
which the individual ought not to be held responsible:
𝐹 𝑥 ȁ𝐶 = 𝐹 𝑥

2.

What is equality of opportunity?
An “economic definition”

This approach “… performs for egalitarianism the considerable
service of incorporating within it the most powerful idea in the
arsenal of the anti-egalitarian right: the idea of choice and
responsibility” (Cohen, 1989, p.993)

2.

What is equality of opportunity?
An “economic definition”

This approach “… performs for egalitarianism the considerable
service of incorporating within it the most powerful idea in the
arsenal of the anti-egalitarian right: the idea of choice and
responsibility” (Cohen, 1989, p.993)
But it also expands the scope for normative judgement inherent in inequality
analysis. Recall Atkinson (1970): “…this direct approach […] serves to
emphasize that any measure of inequality involves judgements about social
welfare” (p.257, emphasis in the original)
Beside normative views on how transfers in different parts of the distribution
should be weighted against one another, I.Op. requires normative judgment
also on what factors should be considered “circumstances”.

2.

What is (in)equality of opportunity?
Illustrations

Brain scan for a
3 year-old with
median
cognitive skills

Brain scan of a 3
year-old with
acute
developmental
gaps (language,
tact, and social
interactions)

Source: Perry (2002): “Childhood Experience and Expression of Genetic Potential”, Brain and Mind
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What is (in)equality of opportunity?
Illustrations

Source: Paxson and Schady, JHR, 2007

2.

What is (in)equality of opportunity?
Illustrations

Distribution of p.c.h. consumption conditional on mother’s education, in five LAC countries
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Source: Ferreira and Gignoux, 2011

3.

Can inequality of opportunity be measured?

A simple “canonical” model
• Let each and every individual be fully characterized by the triple (x, C, e).
• Let all elements of the vector C, as well as e, be discrete.
• Let 𝑥𝑖𝑗 = 𝑔(𝐶𝑖 , 𝑒𝑗 )
• Let a type consist of all individuals with identical circumstances
• Let a tranch consist of all individuals with identical effort levels
• Let there be n types and m tranches
• Then the population can be represented by the n x m matrix [Xij] below.
• To [Xij], let there be associated another n x m matrix [Pij] , whose elements
pij denote the proportion of the total population with circumstances Ci and
effort level ej.
Discussion draws on Ferreira and Peragine (2016)

3a.

C1
C2
C3
…
Cn

A ‘canonical model’
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…
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…
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…
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Discussion draws on Ferreira and Peragine (2016)

3a.

A type
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A ‘canonical model’

e1
x11
x21
x31
…
xn1

Table 1
e2
e3
x12 x13
x22 x23
x32 x33
… …
xn2 xn3

A tranch

…
…
…
…
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em
x1m
x2m
x3m
…
xnm

Discussion draws on Ferreira and Peragine (2016)

3b.

Scalar measurement

In essence, the measurement of inequality of opportunity can be
thought of as a two-step procedure:
• first, the actual distribution [Xij] is transformed into a counterfactual
෩ ij] that reflects only and fully the unfair inequality in
distribution [𝑿
[Xij], while all the fair inequality is removed.
• In the second step, a measure of inequality – satisfying the usual
෩ ij].
axioms - is applied to [𝑿
•

The first step can be taken in many different ways, depending on the specific form
of the compensation (e.g. ex-ante vs. ex-post) and reward principles one chooses
to adopt.
– In what follows I focus on a single example, an ex-ante approach known as betweentypes inequality.
Discussion draws on Ferreira and Peragine (2016)

3b.

Scalar measurement

The between-types approach
Between types ( X~BT ): For all j ∈ {1,...,m} and for all i ∈ {1,...,n}, ~
xij  i .

Table 2: Between-types inequality (n=m=3)
e1
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e3
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1

1

1

C2

2

2

2

C3

3

3

3

Draws on the min of means approach.
Discussion draws on Ferreira and Peragine (2016)

3b.

Scalar measurement

The between-types approach
• This approach - I 𝑥𝐵𝑇 - has been applied sufficiently widely so as to
permit international comparisons.
• There are two versions of this index, both of which are subject to a
downward bias due to the partial observability of circumstances. Using a
slightly different notation:
•

IOL:

 a  I ~xBT 

•

IOR:

I ~
xBT  I i 
r 

I x 
I xij 

•

These indices can be computed non-parametrically (Checchi and Peragine, 2010),
but precision weakens and biases arise when n is large relative to the sample size.
Common parametric approximation:
I ~i 
~

•

y  C  

i  Ciˆ

IO p 

I y
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Source: Ferreira and Gignoux, 2011

3c.

An application to Latin America

Source: Ferreira and Gignoux, 2011

3c.

An application to Latin America

3c.
1.

An application to Latin America

In Latin America, inequality of economic opportunity:
•
•

ranges from 23% to 35% for income per capita.
ranges from 24% to 50% for consumption per capita.
Per capita household consumption
Total inequality and levels of inequality of opportunity
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Source: Ferreira and Gignoux, 2011

3c.

A broader international comparison

Drawing on 8 “first-generation” studies covering 51 countries; x = income

IOR: 3% Norway - 40% Malawi

Source: Brunori, Ferreira, Peragine (2013) – with updates

3c.

Recent evolution of I.Op. in the US

An example from the Equalchances database

3d.
1.

“Second generation” studies

‘Second-generation’ between-types approach: looking for upper-bound
estimates (Niehues and Peichl, SCW 2014)

• Two-stage estimator using panel data:
ln 𝑤𝑖𝑡 = 𝛽𝐸𝑖𝑡 + 𝑐𝑖 + 𝑢𝑡 + 𝜀𝑖𝑡

i.

Estimate

ii.

Back in cross-section, estimate
Construct

ln 𝑤𝑖𝑠 = 𝜑𝑐𝑖Ƹ + 𝜐𝑖𝑡

𝜇 𝑈𝐵 = exp 𝜑ො 𝑐ෝ𝑖 + 𝜎 2 Τ2

– Application to Germany (SOEP) and the US (PSID), for both current and permanent
incomes

3d.
1.

“Second generation” studies

‘Second-generation’ between-types approach: looking for upper-bound
estimates (Niehues and Peichl, SCW 2014)

3d.
2.

“Second generation” studies

‘Second-generation’ between-types approach: enlarging the
circumstance set through admitting an “age of consent” (Hufe, Peichl,
Roemer and Ungerer; SCW 2017)
– Use National Longitudinal Survey of Youth (NLSY -79) for the US and British Cohort Study
(BCS – 70) for the UK

3d.
2.

“Second generation” studies

Hufe, Peichl, Roemer and Ungerer (2017) find that the lower-bound IOR
can be as high as 45% in the US and 31% in the UK when using this
extended circumstance set.

3d.
3.

“Second generation” studies

An alternative approach to “let the data choose the model specification”
is proposed by Brunori, Hufe and Mahler (2018), using conditional
inference trees and forests.
– A conditional inference tree consists of a set of terminal nodes (leaves) obtained by
recursive binary splitting, as follows.

–

Given a set of circumstance variables and categories, the algorithm splits the sample in
all possible partitions [C], and computes the p-value for the null hypothesis that the
statistic of interest (e.g. the mean) in the two sub-samples is identical.
𝐶

– [C]* is chosen as 𝐶 ∗ = { 𝐶 : 𝑎𝑟𝑔𝑚𝑖𝑛 𝑝𝑎𝑑𝑗 , where the adjustment is a Bonferroni
correction (for multiple hypothesis testing).
𝐶 ∗

– A critical significance level 𝛼 can be chosen so that if 𝑝𝑎𝑑𝑗 > 𝛼, one exit the algorithms,
and otherwise [C]* is chosen as splitting variable.

– Repeat the algorithm for each node (sub-sample), until one has exited everywhere.
– A conditional inference forest is basically a set of trees estimated on random subsamples
of the original data, in each case using a different subset of circumstance variables. The
size of the subsets of circumstances is chosen by minimizing the “out-of-the-bag” MSE.

3d.
3.

“Second generation” studies

Although forests outperform trees in terms of out-of-sample prediction,
trees can be visually informative of the ‘structure’ of inequality of
opportunity in different countries.
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“Second generation” studies

Although forests outperform trees in terms of out-of-sample prediction,
trees can be visually informative of the ‘structure’ of inequality of
opportunity in different countries.

4.
• IGM:

• IOp:

Extensions: I.Op. and IGM

𝑦𝑐 = 𝛽𝑦𝑝 + 𝜀

R2

y  C  

I ~i 
IOR 
I y

• Inequality of opportunity (at least in the ex-ante approach) is
very close to origin-independent measures of IGM.
– Recent literature on the US (building on Chetty, Hendren, Kline and
Saez, QJE 2014) almost seems to equate the two concepts.
– Difference: more circumstances
• In “steady state” 𝑉𝑎𝑟 𝑦𝑐 = 𝑉𝑎𝑟 𝑦𝑝 , Chetty et al.’s IGE of 0.45 implies R2 = 0.2

– Omitted variables: I.Op. is explicitly not a causal estimate for any
individual circumstance.

4.

Extensions: I.Op. and IGM
The Great Gatsby Curve

Source: Corak (2012)

4.

Extensions: I.Op. and IGM

Inequalities of outcome and opportunity: strong correlation

4. Extensions: I.Op. and
economic growth
• Beyond measurement: once
quantified, the variable can be
used in causal analysis.
• A possible answer to the lengthy
and inconclusive literature on
inequality and growth.
– Marrero and Rodriguez (2013) for
the US.
– Ferreira, Lakner, Lugo, Özler (2018)
– cross country
• Key challenge: comparable data on
advantages and circumstances

4.

Extensions: I.Op. and policy evaluation

• A growing number of studies evaluates policies and programs in terms of
their impacts not only on means, or on the outcome distribution, but also
෩ ij]).
on the distribution of opportunities (e.g. on [𝑿
i.
ii.
iii.

Impact of Progresa on family types defined by indigenous status and parental
education (van de Gaer et al., WBER 2014)
Impact of Progresa on ECD indicators (e.g. PPVT, child behavior checklist, etc.) for
children from different family types (Figueroa, Soc. Sci.& Med. 2014)
Impact of a child care reform in Norway, using gap curves and QTEs. (Andreoli et al.,
REStat, 2018)

4.

Extensions: I.Op. and algorithmic design in
machine learning

Source: Michele Loi’s lecture at
ISWT14, Canazei, January 8, 2019

Source: Michele Loi’s lecture at
ISWT14, Canazei, January 8, 2019

5.
•

Conclusions

There is reason to think of IOp as the “active ingredient of inequality”, both
intrinsically and instrumentally.
– Arguably it focuses on the inequalities that matter most.

•

Inequality of opportunity can be measured rigorously, but:
– Not precisely: lower and upper bounds, because of partial observability of circumstances.
– The broader information requirements place considerable demands on data (particularly on
circumstance variables)
– Contingency on normative judgments (Atkinson, 1970) is greatly amplified: Not only can
෩ ij], but the matrix itself can be
different indices be used to measure inequality on [𝑿
constructed in different ways.

•

Current empirical estimates range from 3% of total inequality to lower bounds as
high as 51% (in Guatemala), and upper bounds above 60% (in the US and
Germany!)

•

Increasingly used in empirical analysis, and apparently also in the design of
machine learning tools used both by governments and companies

5.

Conclusions

A number of challenges remain…
1. Conceptually:
• Clashes between different versions of the compensation and reward
principles (largely absent from our discussion today)
• The materialist causal thesis and the “incompatibilist” view: “There is no
such thing as free will; hence all inequality is I.Op.”
• Requires a discussion of what society chooses to classify as circumstances,
particularly as data on (epi)genetics become more widely available.
– Ways forward: ‘Bergen experiments’? Rawlsian ‘Reflective equilibrium”?

2. Empirically, because of data limitations:
• Partial observability of circumstances (downward bias)

• Sample size limits and sampling variation (upward bias)

But progress is being made on many fronts!

Thank you!

Appendix: A ‘canonical model’
When effort is continuous, n=3

x
3
2

1

1

F(x|C)

Appendix: Allocation rules
x

x

3

3

2

2

1

1

van de Gaer’s “min of means”

1

F(x|C)

x

Roemer’s “mean of mins”

1

F(x|C)

1

F(x|C)

x

*
Conditional equality

1

F(x|C)

Egalitarian equivalence

5.

Extensions: Development objectives

• What is the policy objective for opportunity egalitarians?
∞

𝑀𝑎𝑥𝜙∈Φ 𝑚𝑖𝑛𝑖 න 𝑒 𝛿

𝑡−𝑠

𝜇𝑖,𝑠 𝑑𝑠

𝑡

𝑠. 𝑡. 𝑥𝑖𝑗,𝑠 ≥ 𝑧𝑠 , ∀𝑖, 𝑗, 𝑠

• The choice of policies from a feasible set so as to maximize the future
stream of ‘advantage’ for the most disadvantaged type, subject to a nodeprivation constraint and to a policy acceptability constraint.
Source: Bourguignon, Ferreira and Walton, JEI 2007.

5.

Extensions: Development objectives

• ‘Deconstructing’ the equitable development policy problem:
∞

𝑀𝑎𝑥𝜙∈Φ 𝑚𝑖𝑛𝑖 න 𝑒 𝛿

“Growth matters”

𝑡−𝑠

𝜇𝑖,𝑠 𝑑𝑠

𝑡

𝑠. 𝑡. 𝑥𝑖𝑗,𝑠 ≥ 𝑧𝑠 , ∀𝑖, 𝑗, 𝑠
Permissible Policy Set:
Technical feasibility and
social acceptability

Poverty eradication as a ‘constraint’.

“Rawlsian” criterion. All weight on the least advantaged.
Source: Bourguignon, Ferreira and Walton, JEI 2007.

3d.
3.

“Second generation” studies

Brunori, Peragine and Serlenga (2018) note that sampling variation can
produce an upward bias in IOp estimates when cell partition is too fine
for a given sample size (or regression model is overfitted).
–

They propose choosing the specification 𝑔ො 𝐶 that minimizes the mean
squared error of out-of-sample predictions:

–

Which is decomposable as follows:

Captures the upward bias from sampling
variation

Captures the downward bias from misspecification

3d.
3.

“Second generation” studies

The procedure uses k-fold cross-validation. The average MSE for the k
test samples is computed for each model specification, and the
specification with the lowest MSE is chosen.

