
Inequality of opportunity: 
Concepts and Measurement

Francisco H. G. Ferreira
The World Bank and IZA

The first part of this lecture is based on my chapter with Vito Peragine, “Individual 
Responsibility and Equality of Opportunity” (Ch. 25) in Adler and Fleurbaey (eds.), 2016, 
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1a. Politics and policy

“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 policy, can they be rigorously defined 
and measured?



1b. Normative arguments

Political philosophers and economists have argued that outcomes alone are 
not a sufficient informational basis for the assessment of social justice

– 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.906-944. 

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)



1c. Empirical evidence on preferences

1. It is now well-established that individuals value ‘fairness’, in the specific 
sense that they are prepared to give up private monetary gains to achieve 
what they perceive as a just allocation.
– Fehr and Gachter (2000); Fehr and Fischbacher (2003); Henrich et al. (2004)

2. There is also evidence that most people are neither strict egalitarians or 
libertarians: in forming their views of just dessert, they tend to hold 
people responsible for effort, but not for purely exogenous shocks.
– E.g. Cappelen, Sorensen and Tungodden (2010) on Norwegian business 

students and alumni

Preference groups Responsibility sets Frequency in sample

Strict egalitarians 0.18

Choice egalitarians 0.05

Meritocrats 0.47

Libertarians 0.30
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2. Economic models

• Direct approaches

– Sought to model opportunity sets explicitly

– Ranking / ordering opportunity sets
• Pattanaik and Xu (1990): the cardinality ordering
• Weymark (2003): the set inclusion ordering
• Barberà et al. (2004): a survey

– Ranking / ordering profiles of opportunity sets
• Kranich (1996) – cardinality difference relation
• Weymark (2003) – generalized Gini orderings
• Savaglio and Vannucci (2007)



2. Economic models

• Indirect approaches
– Build primarily on the Arneson / Cohen “control view” of equality of opportunity.

– Pioneering economists who adopted and built on these ideas include:
• John Roemer (1993, 1998)

• Dirk van de Gaer (1993)

• Marc Fleurbaey (1994, 2008)

– In essence, equality of opportunity is defined as a situation in which the outcome of interest 
is distributed independently of (predetermined) circumstances for which the individual 
ought not to be held responsible: 

– This is often expressed in terms of two central principles:
• Principle of compensation: outcome differences due to factors beyond an individual’s 

responsibility (“circumstances”) are unfair, and should be compensated.

• Principle of reward: outcome differences reflecting differential reward to individual responsibility 
and effort are ethically legitimate, and should be preserved.

•  



2. Economic models

• A simple “canonical” model
• Let each and every individual be fully characterized by the 

triple (x, C, e), and

•  



2. Economic models

• Let all elements of the vector C, as well as e, be discrete.

• Let 

• Let a type consist of all individuals with identical circumstances

• Let a tranche 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.

•  
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2. Economic models

1

When effort is continuous, n=3

x

F(x|C)

2

1

3



2. Economic models

• Two central principles:
– Principle of compensation: outcome differences due to factors beyond an 

individual’s responsibility (circumstances) are unfair, and should be 
compensated

• Ex-ante (van de Gaer, 1993): Eliminate inequality across types before effort is realized, 
by equating values of opportunity sets (defined in terms of the distribution of x 
conditional on C).

• Ex-post (Roemer, 1993): Eliminate inequality across types after effort is realized, by 
eliminating inequality among people exerting the same degree of effort. (i.e. eliminate 
inequality within tranches).

– Principle of reward: outcome differences reflecting differential reward to 
individual responsibility and effort are ethically legitimate, and should be 
preserved. 

• Liberal reward
• Utilitarian reward
• Etc.



2. Economic models

• Key results (Fleurbaey and Peragine, 2013):

1. In general, the ex-ante and ex-post compensation principles are 
inconsistent

2. In general, the ex-post compensation principle is inconsistent with 
reward principles

3. The ex-ante compensation principle and the reward principles are 
consistent. 

• Variations of this framework have been used to propose:

i. Social orderings and allocation rules 
• When feasible resource transfers are introduced in the model

ii. Measures of inequality of opportunity



1

Allocation rules: (i) van de Gaer’s “min of means” (satisfies ex-ante compensation and reward)
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1

Allocation rules: (ii) Roemer’s “mean of mins” (satisfies ex-post compensation)

2. Economic models
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1

Allocation rules: (iii) Conditional equality (seeks a compromise between ex-post 
compensation – satisfied only for a reference effort level - and reward.

2. Economic models

See Fleurbaey (2008).

x

F(x|C)*



1

Allocation rules: (iv) Egalitarian equivalence (seeks a compromise between ex-post 
compensation and reward – satisfied only for a reference type).

2. Economic models

See Pazner and Schmeidler (1978), and Fleurbaey (2008).

x

F(x|C)
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3. Measuring inequality of opportunity

In essence, the measurement of inequality of 
opportunity can be thought of as a two-step procedure: 

1. First, the actual distribution [Xij] is transformed into a 
counterfactual distribution [ij] that reflects only and fully 
the unfair inequality in [Xij], while all the fair inequality is 
removed. 

2. In the second step, a suitable measure of inequality is 
applied to [ij].

•  



3. Measuring inequality of opportunity

Draws on the min of means approach. Satisfies ex-ante compensation and reward.



3. Measuring inequality of opportunity

Draws on the mean of mins approach. Satisfies ex-post compensation everywhere, but not 
the reward principle.



3. Measuring inequality of opportunity

Draws on the conditional equality compromise. Satisfies ex-ante compensation and 
reward; and ex-post compensation only for Tranch 1.



3. Measuring inequality of opportunity

Draws on the egalitarian equivalence compromise. Satisfies ex-post compensation 
everywhere, but liberal reward only for Type 1.



3. Measuring inequality of opportunity

A summary of the four indirect approaches to measuring I. Op.



3. Measuring inequality of opportunity

• Partial orderings can be sought instead of complete orderings. 

i. To define and test for E.Op. (Lefranc, Pistolesi, Trannoy, RIW, 2008)

• Partition society into types s (). Define E.Op. as a situation where there is 
no second-order stochastic (SSD) dominance between .

• Test for this using Davidson and Duclos (2000) tests for statistically 
significant SSD, in nine rich countries.

•  



3. Measuring inequality of opportunity

• Partial orderings can be sought instead of complete orderings. 

i. To rank ‘social states’ by I.Op.  (Peragine, JoEI, 2004)

Proposes two ways in which income distributions can be (welfare) ranked 
according to inequality of opportunity:
1. “Types approach” : Define a types-mean distribution as

 
Then for two distributions X, Y, and for all W in a class of welfare 

measures satisfying MON, SepBT, SymWT, INWT and IABT,  if and only if .

2.    “Tranches approach”: Let each tranche of [Xij] be denoted , j = 1,…,m. 
 Then for all W satisfying MON, AddBTr, SymWTr, IAWTr,  if and only if .

•  



3. Measuring inequality of opportunity

• Partial orderings can be sought instead of complete orderings. 

i. To rank ‘social states’ by I.Op.  (Andreoli et al., REStat, 2018)

• Look for dominance not of , but of its difference, the gap curve: 

• IOp higher in state 0 than in 1 - for all preferences in the Yaari 
(1987) rank-dependent family of preferences - when 

• When there is no FSD between types, look for progressively 
higher-order dominance relations, to obtain rankings for 
progressively narrower subclasses of the Yaari family of 
preferences.

• When there are more than two types, require this for all possible 
pairwise combinations of types (!) – anonymously or non-
anonymously

•  



3. Measuring inequality of opportunity

• Partial orderings can be sought instead of complete orderings. 

i. To rank ‘social states’ by I.Op.  (Andreoli et al., REStat, 2018)

• Nice application to evaluation of impact of a child care reform in Norway, using 
QTEs.

• Results become inconclusive with many types. Revert to scalar indices.



Outline

1. Equality of opportunity: Motivation and background

2. Economic models of equality of opportunity

3. Measuring inequality of opportunity

4. Empirical applications

i. ‘First generation’ between-types approach

ii. ‘Second-generation’ between-types approach

5. Concluding remarks



4. Empirical applications

• I am not aware of any empirical applications of the direct approach.

• Empirical applications exist of all four indirect approaches reviewed above 
(e.g. Almas et al., 2011; Checchi and Peragine, 2010; Devooght, 2008) 

• To my knowledge, only the between-types approach - I - has been applied 
sufficiently widely so as to permit international comparisons.

• There are two versions of this index, absolute and relative:

• IOL:

• IOR:

• Non-parametric estimation of these indices, using the (path-independent) 
decomposable MLD index, was pioneered by Checchi and Peragine (2010).

•  

 BTa xI ~

 
 xI
xI BT

r

~




4. Empirical applications

• Statistical challenges: A tale of two biases

1. A downward bias arises from the partial observability of circumstances

– Omitted circumstances can only lead to a finer partitioning of the rows in [Xij] , 
which can not reduce, but may increase measure.

– Implication (i):  is biased downwards
– Implication (ii): causal attribution to specific variables is unwarranted.

– See discussion in Ferreira and Gignoux (2011).

•  
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4. Empirical applications

• Statistical challenges: A tale of two biases

2.      An upward bias arises from the sampling variance within types
– Sampling variation in the estimation of type means inflates measures of 

inequality across them.  
– Analogous to the Chakravarty and Eichhorn (1994) result for inequality 

measurement when income is measured with error. 
– The issue was a key reason why Bourguignon et al. (2007) and Ferreira and 

Gignoux (2011) first proposed a parametric approach:

“As the number of types increases, the frequency of sample observations per type tends to 
diminish quite rapidly […] causing the precision of the estimates of the mean advantage per 
type to become unacceptably low. As is often the case when sample sizes are insufficient for 
fully flexible, non-parametric estimation, a parametric alternative is available that permits 

efficient estimation, at the cost of some functional form assumptions” (FG 2011, p. 633)

– But the upward bias implications was first recognized by Brunori, Peragine and 
Serlenga (2018).



4. Empirical applications

• When the information on circumstances is rich enough for a given sample size, the 
number of types may become too great to estimate either IOL or IOR non-parametrically. 

• Bourguignon et al. (2007) and Ferreira and Gignoux (2011) propose a simple model: 

• For the purpose of simply measuring inequality of opportunity, it suffices to estimate the 
reduced form:

• Say, by OLS:

• Can then compute “parametrically smoothed distribution”: 

• Leading to the parametric estimate:
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4. Empirical applications

Source: Ferreira and Gignoux, 2011



4. Empirical applications

Source: Ferreira and Gignoux, 2011
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4. Empirical applications

1.    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.

Source: Ferreira and Gignoux, 2011



4. Empirical applications

Note: Estimates come from different studies and are not strictly comparable.
Source: Brunori et al. (2015)

IOR ranges between 0.05 in 
Slovakia and 0.40 in Malawi.



4. Empirical applications



Inequalities of outcome and opportunity: strong correlation

4. Empirical applications



4. Empirical applications

Source: Corak (2012)

The Great Gatsby Curve
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4. Empirical applications

1. Those first-generation studies typically used parsimonious parametric 
models (with purely linear specifications, omitting higher-order 
polynomial terms or interactions) or non-parametric estimation (with 
relatively coarse partitions).

2. The resulting estimates were – perhaps strictly incorrectly – interpreted as 
lower-bound estimates.

1. Though it is likely that in most of those studies the downward bias outweighed the 
upward bias.

3. Some of the IOR estimates, particularly for richer countries, were judged 
to be uninformatively low, and the usefulness of the lower-bound results 
was criticized (e.g. Kanbur and Wagstaff, 2016)

4. So people started looking for finer partitions, or enriching their parametric 
specifications.



4. Empirical applications

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

• Two-stage estimator using panel data:

i. Estimate  

ii. Back in cross-section,  estimate   

Construct 

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

•  



4. Empirical applications

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



4. Empirical applications

1. ‘Second-generation’ between-types approach: enlarging the 
circumstance set through admitting an “age of consent” (Hufe, Peichl, 
Roemer and Ungerer; 2017)

– Use National Longitudinal Survey of Youth (NLSY -79) for the US and British Cohort Study 
(BCS – 70) for the UK



4. Empirical applications

1. 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.



4. Empirical applications

1. But, in general, refining type partitions - e.g. by adding interaction terms 
to parametric models, or refining categories for each circumstance 
variable - alleviates the downward bias (from partial observability) at the 
expense of increasing the upward bias (from within-type sampling 
variance).

2. Given a certain set of observed circumstance variables, and a sample of 
observations, choices of model specification between the simplest linear 
specification (where the impact of circumstances is restricted to be linear 
and additive), and a fully interacted model (which is equivalent to the 
non-parametric estimate) have so far been made arbitrarily. 

3. Is there a meaningful criterion that can help practitioners choose an 
“optimal” specification, given the trade-off between the two biases?



4. Empirical applications

1. Brunori, Peragine and Serlenga (2018) propose choosing the specification 
 that minimizes the mean squared error of out-of-sample predictions:

2. Which is decomposable as follows:

•  

Captures the upward bias from sampling 
variation

Captures the downward bias from mis-
specification



4. Empirical applications
3. 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.



4. Empirical applications
3. 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]* is chosen as   , where the adjustment is a Bonferroni correction (for multiple 
hypothesis testing).

– A critical significance level  can be chosen so that if , 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. 

•  



4. Empirical applications
3. 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. Empirical applications
3. 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. Empirical applications
1. A visually appealing, didactic set of illustrations of some of these 

approaches, for the case when the only circumstances are parental 
education and occupation.  Courtesy of Paolo Brunori.

•  



4. Empirical applications
1. A visually appealing, didactic set of illustrations of some of these 

approaches, for the case when the only circumstances are parental 
education and occupation.  Courtesy of Paolo Brunori.

Figure 2: non-parametric estimation:

Figure 3: parametric estimation:



4. Empirical applications
1. A visually appealing, didactic set of illustrations of some of these 

approaches, for the case when the only circumstances are parental 
education and occupation.  Courtesy of Paolo Brunori.

Figure 4: data-driven non-parametric 
e.g. conditional inference tree:

Figure 5: data-driven parametric,
e.g. minimizing MSE:
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5. Concluding remarks
• Inequality of opportunity remains an active area of research in economics – 

likely because it matters…
– Intrinsically (both normatively and psychologically)

– Instrumentally 

• But the field still struggles with challenges…
– Conceptually, because there are multiple ways of operationalizing the principles of 

compensation and reward, and these sometimes clash
• And because of the materialist ‘causal thesis’ and ‘incompatibilist’ views. 

– Empirically, because of data limitations
• Partial observability of circumstances (downward bias)

• Sample size limits and sampling variation (upward bias)

• Nonetheless recent efforts to use richer data and new econometric methods, 
including from machine learning, hold promise.

• Need a discussion of what society chooses to classify as circumstances, 
particularly as data on (epi)genetics become more widely available. 
– Recall that value judgments are inherent to inequality analysis, even when one is just 

looking at incomes (Atkinson, 1970).
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