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Abstract

The United States of America (USA) have long been considered the “land of opportuni-

ties”. However, in recent decades, many have felt the USA fell short of this reputation. This

paper examines the extent of its failure by evaluating Inequality of Opportunity (IOP) in in-

come. Results are especially relevant for policy-makers to identify the sources of inequalities

in the USA, and better target these. Data is collected from the General Social Survey in the

USA between 2002 and 2021. I decompose IOP into the relative contribution of 10 different

circumstances of birth, as well as the interaction of some using the Shapley decomposition.

Using parametric and non-parametric models, I provide a lower- and upper-bound estimate

of IOP. Moreover, different model specifications and inequality measures allow me to argue

for the robustnesss of my findings. The parametric models estimating IOP based on the Gini

coefficient is found to be the preferred approach. I find that IOP in income represents, at

the least, between 40% and 55% of total income inequality and at the most between 95%

and 96%. Sex and age are, on average, the two most important contributors. Covid-19

exacerbated the contribution share of sex and parental socioeconomic status as they caused

33.08% and 15.43% of IOP in 2021, making them the two most important drivers. Overall,

since 2016, parental socioeconomic status, family income, and parental education signifi-

cantly increased in importance. During the same time, the contribution of race decreased by

5 percentage points, making it the third to last contributor in 2021. However, this estimate

may have been understated. Finally, I found that in 2014 black individuals having lived in

the South at age 16 faced more inequalities than if they had lived elsewhere.

The views stated in this thesis are those of the author and not necessarily those of the

supervisor, second assessor, Erasmus School of Economics or Erasmus University Rotterdam.
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1 Introduction

The American Dream is a concept deeply rooted in the history of the United States of America

(USA). It was first coined by Adams (1931) in The Epic of America and quickly became a

national ethos. It encapsulates the ideals of freedom, prosperity, and equality, claiming that

anyone and everyone can achieve success with hard work, regardless of social class or circum-

stances of birth such as race and gender. In fact, it relies entirely on the ideal of Equality of

Opportunities (EO), affirming that America is “the land of opportunities”. Initially, it was put

forward by the Americans themselves, in an attempt to foster the immigration of wealth and

talent to the US. However, quickly, both Americans and non-Americans started realizing that

it was but an illusion. Since, harsh criticism has followed, both in academic literature as well

as in the mainstream media through film and books. To this day it remains a heavily debated

subject, which is increasingly relevant. Indeed, according to the estimates of Saez and Zucman

(2016), in 2016 the top 1% held over 40% of the overall wealth in the United States (US), while

it held “only” 25% in 1980. Even more worrying, the share held by the top 0.1% has doubled

from 10% to 20% over the same time frame. Although Winship (2015) claims that there is no

evidence that high or rising inequality would “chip away at the American Dream”, I still wonder

to what extent it is still intact. And if it is not, what are the circumstances of birth driving IOP

in America?

It is scientifically relevant to investigate these questions as it will increase our understanding

of IOP in income in the US by decomposing it into its exact sources, allowing us to identify

which are the most important. Additionally, it is also of interest to understand how these

levels have evolved over time, especially in recent decades. In turn, this is socially relevant

as it will help policymakers to combat inequalities. Indeed, knowing the precise contributions

of each circumstance to IOP may offer indications about how to best target inherit economic

disadvantages. What is more, Bradbury and Triest (2016) found that IOP reduces economic

growth. Therefore, it is essential for policymakers to develop opportunity equalizing policies:

policies that compensate inequalities arising from factors beyond an individual’s control while

letting them be responsible for inequalities arising from factors within their control. This will

only be possible once these factors can be identified.

Thus, I will use income as an indicator of success to estimate IOP. Whether or not this is a

suitable measure is an entirely different, but equally valid, debate that I will be leaving to the

realm of philosophy for now. In any case, this paper will seek to answer the following research

question:

To what extent is inequality in income in the US attributable to differences in circum-

stances of birth, and what is the relative importance of each of these circumstances?

To answer this research question, I will use the Shapley decomposition method to estimate the

ex-ante measure of IOP in income. This method is based on Shapley values and is particularly

suitable in distinguishing the relative contribution of circumstances, as it provides consistent es-
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timates in the presence of multicollinearity. I will use parametric and non-parametric approaches

to the Shapley decomposition to give an upper and lower bound of IOP.

The main findings are as follows. First, the lower bound of IOP relative to total inequality

in income in the US varies between 40% and 55% between 2002 and 2021, while its upper bound

varies between 95% and 96%. Over this period, IOP behaves cyclically with total inequality

in income. Although IOP levels remain relatively constant, several interesting trends in the

contribution share of circumstances appear. Sex and age are on average the two most important

contributors to IOP in this period. After Covid-19, the contribution share of sex increased

to explain 33.08% of IOP, while that of age decreased by more than 10 percentage points, to

13.14%. The importance of parental characteristics such as family income at age 16, parental

education, and parental socioeconomic index especially, have been increasing between 2016 and

2021, placing them in the top 5 most important circumstances. On the contrary, the importance

of race has decreased by 5 percentage points since 2016, making it the third to last contributor

and representing only 3.50% of IOP. Similarly, the region an individual lived in at 16 was

the third most important contributor in 2002, while it dropped to the sixth position in 2021,

causing then 6.89% of IOP. Finally, in 2014, black individuals having lived in the South at age

16 faced more inequalities than if they had lived elsewhere, meaning that the interaction of these

circumstances disproportionately drives IOP.

This paper contributes to the existing literature by extending the analysis of IOP and its

driving sources to more recent years. Indeed, no work has studied IOP during the Covid-19

pandemic. This may be of great interest to assess the impacts of the sanitary crisis on prevailing

and growing inequalities in the USA. Indeed, the most recent study evaluates IOP in income

between 2005 and 2017 (Chantreuil et al., 2020). However, it focuses on just a few circumstances

of birth: race, age, and education. To the best of my knowledge, this is the case for all existing

literature on IOP in income in the US. Thus, with 10 circumstances and some interactions, I

provide a much more relevant and accurate analysis of the situation in the US. Furthermore,

my analysis also distinguishes itself from that of Wu et al. (2021) in Australia, the only paper

I found which does include a large set of circumstances without grouping variables. Indeed,

the sampling method I use for the Shapley decomposition has a stopping criterion based on the

standard deviation of estimates and not the number of iterations, giving far more precise results.

Finally, thanks to the parametric and non-parametric models, I provide an interval estimate of

IOP, albeit very large.

In the subsequent section, I provide an overview of the existing literature focusing on the

ideal of EO and on IOP in income specifically. Next, in section 3, I will introduce the data

set used in my analysis and provide some descriptive statistics. Section 4 will outline my

methodology, explaining the (sampling-based) Shapley decomposition, and the parametric and

non-parametric models for estimating IOP. Finally, I will present and discuss my results in

section 5, and conclude in section 6.
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2 Literature review

2.1 The Ideal of Equality of Opportunity

The ideal of equality of opportunities (EO) was first formulated in the political philosophy liter-

ature (Dworkin, 1981a, 1981b). There exist many different definitions of EO and how to reach

it. Nevertheless, the common consensus remains that EO refers to a situation in which individ-

uals have the freedom to attain any desired outcome without any restriction due to factors or

characteristics beyond their control (Dworkin, 1981b; Roemer, 1998). More recently, Roemer

(1998) translated this idea into formal economic models based on the assumption that individu-

als’ advantageous outcomes, such as income, are determined by (1) variables within their control

and (2) variables beyond their control. These variables are coined as effort and circumstances

respectively. Inequality caused by differences in circumstances is considered unethical, while

inequality caused by differences in levels of effort exerted is fair and to be expected. Thus,

ideally, inequality in outcome should arise exclusively from variations in individual effort. The

danger of the alternative - inequality of opportunities - is that certain segments of the population

systematically be disadvantaged. This refers to the two fundamental principles of justice: the

principle of reward and the principle of compensation. The first states that individuals exerting

different levels of effort should be rewarded accordingly in terms of outcome, while the second

states that individuals disadvantaged by their circumstances of birth should be compensated in

terms of outcome. The latter relates to inequalities of opportunities.

Thus, to reach this ideal of EO, the challenge lies first in the identification of the current

level of inequality of opportunity, then that of its sources, and finally, the development of oppor-

tunity equalizing policies. Several measures have been developed to identify IOP. However, in

the empirical literature, two measures stand out: the ex-ante and the ex-post methods (Chec-

chi & Peragine, 2010), which we will define in more detail in the Methodology section. As

aforementioned, it is in the interest of policymakers to identify the sources of IOP in income as

well as their relative contributions. Therefore, several inequality index decomposition methods

have been established. In this paper, I will focus on the Shapley decomposition developed by

Shorrocks (2013). The Shapley decomposition is based on the Shapley value from cooperative

game theory which attempts to allocate gains from cooperation to agents in a fair way (Sastre

& Trannoy, 2002). Similarly, the Shapley decomposition identifies the marginal contribution of

each factor to overall inequality. Thus, we can decompose inequality of opportunity into the

relative importance of each circumstance.

2.2 Empirical Evidence

A number of studies have found evidence for inequality of opportunity in income1 outside of the

US, both in developed as well as developing countries.

Checchi and Peragine (2010) focus on IOP caused by differences in family backgrounds in

1Meaning inequalities in income caused by differences in circumstances of birth.
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Italy between 1993 and 2000. Findings estimate IOP to represent around 19.5% of total inequal-

ity in this period. Although IOP is not decomposed into individual circumstance contribution,

different IOP levels across regions and genders can be observed. Namely, the regions in the

South suffer from a higher degree of IOP than those in the North. This is especially the case

for women.

A similar study of IOP is performed in Latin America and the Caribbeans using data from

1995 to 2005. There, IOP is found to account for 20% to 34% of overall earnings inequality, with

the lowest estimate found in Colombia and the highest in Brazil (Peragine, 2011). Additionally,

when using household income and consumption per capita instead of personal income, IOP in

Guatemala rises to a whopping 50%. This large difference may be due to a lack of personal

income data. Overall, the circumstances contributing most to IOP were family background

variables, in particular mother’s education and father’s occupation.

Further research has shown significantly smaller estimates of IOP in Australia and Sweden.

Recently, (Wu et al., 2021) had a novel approach and determined both a lower and upper bound

of IOP in Australia, estimating it to be between 5% and 20%. Gender was found to have

the largest influence, contributing to 5% of IOP. Other significant circumstances included, in

order of importance, parental occupation, age, and the number of siblings. Notice that, unlike

the large majority of the empirical literature, (Wu et al., 2021) treats age as a circumstance

and not a demographic variable2, thus estimates of IOP may be biased upward. Regardless,

Sweden is by far the “fairest” country in terms of inequality, as IOP has been consistently

decreasing over the sample period and represents at most a third of total income inequality

(Björklund et al., 2012). Thanks to the impressive amount of data available and collected,

Björklund et al. (2012) have perhaps performed the most extensive and accurate estimation

of IOP and its sources. Among these, Intelligence Quotient (IQ) and parental income are the

main sources. Interestingly, Björklund et al. (2012) deliver an unusual interpretation of this last

finding, arguing that, to a certain extent, the contribution of parental income can be seen as

meritocratic. Indeed, parents “work hard” to attain higher levels of income and to be able to

ensure the success of their children.

A few studies have also been performed within the US.

Pistolesi (2009) studies IOP between 1968 and 2001. He finds that the share of earnings

inequality that is inherited varies between 18.6% and 43% across this period. This is surprisingly

high, given that in a similar time frame, IOP was between 20% and 34% in Latin America and

the Caribbean, countries which are considered far less developed. Nevertheless, we do observe

a decreasing trend in the level of IOP in this period: in 1968, 33% of earnings inequality is

inherited, while in 2001, this number dropped to 18.6%. Unfortunately, Pistolesi (2009) did not

decompose IOP into the relative contribution of each circumstance variable. However, other

studies do give some insight into the circumstances contributing to IOP in the US at that time.

2So does Chantreuil et al. (2020).
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Marrero and Rodŕıguez (2011) find that race was the main contributor in the 1970s and

1980s, accounting for more than 50% of direct IOP. Direct IOP refers to inequality directly

following differences in circumstances. On the other hand, indirect IOP refers to inequality

following from differences in effort which in turn follow from differences in circumstances. Thus,

the contribution of race to total IOP3 is unclear. Later, in the 1990s and 2000-2007, parental

education became the main contributor and the contribution of race decreased to between 5%

and 10%.

Chantreuil et al. (2020) focus on the circumstances driving overall inequality in income from

2005 to 2017. This is equivalent to identifying the circumstances driving total IOP. In the

overlapping periods of analysis4, their findings seem to be in line with those of Marrero and

Rodŕıguez (2011). Overall, according to Chantreuil et al. (2020), between 2005 and 2017, the

share of overall inequality attributable to racial affiliation is at most 4%, while up to 13% of

inequality is attributable to gender. Nonetheless, the contribution of race to income inequality

has tended to increase from 2010 onward, while that of gender has decreased from 2005.

All in all, considering existing literature, it seems that the most important circumstances

contributing to IOP in the US and the rest of the world are gender, parental characteristics

(educational attainment, income, occupation, and socioeconomic status), number of siblings,

and race. The latter is especially relevant in the USA. Understandably so, considering its long

history with racism. Thus, I will also include these circumstances in my analysis.

Additionally, I consider the possibility of the existence of interactions between circumstances.

Indeed, several findings in the literature hint toward the latter.

Marrero and Rodŕıguez (2011) are, to the best of my knowledge, the only authors who include

cross effects in their analysis and study their relative contribution to IOP using decomposition

methods. Although they found that the inclusion of quadratic and cubic terms left the IOP

measure essentially unchanged, interacting parental education with race did modify the estimate

towards the end of the sample period. In fact, this cross effect accounted for 35% of IOP in

2007. Additionally, Wu et al. (2021) find a gap between the parametric and non-parametric

estimates of parents’ occupation, suggesting interaction with other factors.

I am not only interested in investigating the existence of such cross effects, but also in

investigating the possibility that the interaction of certain circumstances may contribute more to

IOP than these circumstances would individually. Thus, I formulate the following sub-question:

Does the interaction of certain circumstances disproportionately contribute to IOP?

I expect to observe several disproportionately important cross effects in my analysis.

First, as Checchi and Peragine (2010) point out, IOP and intergenerational immobility seem

to be more important at the extremes of the earnings distribution. In other words, the very poor

3Total IOP is the sum of direct and indirect IOP.
4The years 2005 to 2007.
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stay very poor and the very rich stay very rich, because the advantages and disadvantages of

the family background have more influence on their children’s destinies. I thus hypothesize that

parental characteristics such as parental education or parental socioeconomic status interact

with parental income.

Second, similarly to Marrero and Rodŕıguez (2011), I expect there to be cross effects between

race and parental education. Specifically, when the individual is black, I expect that parental

education and other parental characteristics contribute more to IOP than average.

Finally, as Huffman and Cohen (2004) and decades of sociological research show, inequality

between blacks and whites is greater in areas where the black-to-white ratio is high. Therefore,

I expect to find a higher contribution of race to IOP when individuals grew up in one of these

areas. Thus, there may exist cross effects between these variables.

Note that, following empirical evidence, it seems that the relative importance of these cir-

cumstances and cross effects, as well as overall levels of IOP, have changed quite a lot throughout

the years (Björklund et al., 2012; Chantreuil et al., 2020; Marrero & Rodŕıguez, 2011; Pistolesi,

2009). Indeed, overall, IOP levels around the world have been consistently decreasing. Still,

it is hard to pinpoint a definitive chronological trend for the relative contribution of individual

circumstances. To investigate this trend further in the US specifically, we pose the following

sub-question:

How have IOP and its driving circumstances evolved between 2002 and 2021?

Given the literature, I expect that IOP will continue to decrease over time and that the most

important circumstances will be race, gender, and parental characteristics. Still, we consider

that the Covid-19 pandemic might have impacted IOP in unusual ways. Indeed, Chantreuil et

al. (2020) state that the increase in the contribution of race to overall inequality may originate

from the financial and economic crisis of 2008 in which inequality between blacks and whites

increased. Thereafter, during the recovery, it seems that this trend was not reversed, but

rather emphasized. It is possible that the Covid-19 health and economic crisis may have had

similar consequences. In fact, Kochhar (2020) states that blacks, Hispanics, and Asians reveal

significantly higher unemployment rates than whites. Additionally, Dang and Viet Nguyen

(2021) find that Covid-19 has already led to an increase in gender income inequality. Thus, we

might observe an increase in IOP and the relative contribution of gender.

3 Data

3.1 Data Source

To examine the relative contributions of circumstances on inequality in income in the USA, I

will use publicly available data from the General Social Survey (GSS) (Smith et al., 2021). As

some variables are unavailable in other years, I will be focusing on data between 2002 and 2021.
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The GSS is a national cross-sectional longitudinal survey of the independent research organi-

zation NORC at the University of Chicago. Conducted since 1972, it is a personal interview

survey collecting information on a wide range of topics, including demographic characteristics,

opinions, attitudes, and behaviors. It claims to be a nationally representative survey of adults

in the USA and the best source to study sociological and attitudinal trends.

3.2 Variables

I have selected yearly personal income adjusted for inflation as an outcome variable. Income is

a common measure considered by the empirical literature surrounding the topic of inequality of

opportunity (Björklund et al., 2012; Chantreuil & Lebon, 2015; Checchi & Peragine, 2010).

Circumstances are defined as characteristics beyond an individual’s control that may lead

to unequal opportunities. Ideally, as many circumstances as possible should be included to

avoid biased measures. Indeed, partial observability of circumstances leads to a lower bound

of inequality of opportunity (Brunori, 2016). Thus, I have selected 10 circumstance variables

describing individuals’ socioeconomic background as well as some key characteristics which,

according to the literature, may affect inequality of opportunity.

An overview of the circumstance variables and their description can be found in the table

below.
Table 3.1. Description of Circumstance Variables Considered in the Analysis

Variable Name Description Classification Possible Values

age Respondent’s age Continuous [18, 89]

sex Respondent’s sex Dummy 0 = Male, 1 = Female

race Respondent’s race Categorical White, Black, Other

born Was the respondent born in the USA? Dummy 0 = Yes, 1 = No

sibs Number of siblings (biological or not) during childhood Discrete [0, ∞)

reg16 Respondent’s region of residence at 16 years old Categorical

New England, Middle Atlantic,

East North Central,

West North Central, South Atlantic,

East South Central, West South Central,

Mountain, Pacific, Foreign

incom16 Respondent’s family income at 16 years old Categorical

Far below average,

Below average,

Average, Above average,

Far above average

family16 Did the respondent live with both parents at 16 years old? Dummy 0 = Yes, 1 = No

pareduc Highest year of school completed by either parents Discrete [0, 20]

parsei10 Highest socioeconomic index attained by either parents Continuous [0, 100]

For all variables listed in table 3.1, I eliminate from the sample the respondents which have

not answered, have answered “Inapplicable” or “Do not know/Cannot choose”, or for which the

answer is unavailable. Additionally, some variable transformations have been made in order to
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better fit the analysis.

First, family16 was initially ordered into nine categories, indicating the family living sit-

uation. I will transform this variable into a dummy variable designating whether or not the

respondent lived with both parents at age 16. As this variable will act as a proxy for the level

of stability in the respondent’s household, it will take on the value 1 if the respondent answered

“mother & father”, “mother & stepfather” or “father & stepmother”, and 0 otherwise.

Next, I have decided to transform the initially discrete variable indicating the number of

siblings into a categorical variable with three levels: “no siblings”, “one or two siblings”, and

“more than three siblings”. I did so because, each year, only a few respondents have a very large

amount of siblings, but most have 2 or fewer. Thus, in order to avoid biased estimates because

of these few outlier values, I have turned the number of siblings into a categorical variable.

The variable pareduc refers to the highest number of school years completed by either of

the two parents. “Completed” means from which the parent has graduated. Elementary school

is completed after 5 years, middle school after 8 years, high school after 12 years, a bachelor’s

degree is obtained after 16 years, a master’s degree after 18 years, and a doctorate for any

additional years. I prefer including this variable instead of both initial variables representing

the father’s and mother’s education separately because it allows me to retain more observations

in my sample. Besides, if I would not, the sample would have been biased, as all observations

of individuals with only one parent would have been removed.

The same was done for the variable parsei10, which reflects the highest socioeconomic index

of the two parents. This variable is based on the index established by Duncan (1961) which

combines information based on income, educational data, and occupational prestige.

Finally, initially, I also wanted to include the dummy variable immigrant parents indicating

whether or not the respondent is from an immigrant family, as I think immigration is a sensitive

topic in the US that might affect inequalities in income, especially during the Trump presidency5.

However, no data is available for this variable in 2021. Thus, I would have had to sacrifice this

year from my analysis. Given that the Covid-19 pandemic started in 2020, eliminating 2021

would have meant not being able to observe the effect of the pandemic on IOP in income, which

is, in my opinion, very important. Additionally, I noticed that performing the analysis with or

without the variable immigrant parents almost did not affect the estimates of IOP. Therefore,

I have decided to exclude this variable from my analysis.

3.3 Descriptive Statistics

Table 3.2 presents some summary statistics of the obtained data set.

5Trump’s presidency lasted from 2017 to 2021.
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Table 3.2. Descriptive Statistics of Income and Circumstance Variables
2002 2004 2006 2008 2010 2012 2014 2016 2018 2021

Income
37970

(45456)

38490

(35596)

35574

(33600)

42859

(69537)

145100

(0)

38478

(58081)

35564

(34165)

35707

(36911)

37924

(37891)

43056

(39947)

Age
41.24

[18; 86]

42.04

[18; 86]

41.70

[18; 85]

42.89

[18; 89]

52.20

[34; 70]

43.12

[18; 86]

44.10

[19; 87]

44.25

[18; 89]

44.44

[18; 89]

48.16

[19; 89]

Born in the USA* 91.5 89.6 86.6 87.1 70.0 87.2 87.4 87.9 87.7 89.2

Stable family at 16* 83.1 84.9 84.0 83.2 95.0 82.9 79.8 79.4 77.7 84.4

incom16*
Extreme income 9.1 10.5 11.2 10.8 15 9.3 10.5 10.9 12.1 11.9

Moderate income 90.9 89.4 88.7 89.2 85 90.8 89.5 89.2 87.9 88.1

pareduc
12.73

[0; 20]

13.04

[0; 20]

12.69

[0; 20]

12.70

[0; 20]

14.20

[8; 20]

12.97

[0; 20]

13.15

[0; 20]

13.10

[0; 20]

13.16

[0; 20]

13.70

[0; 20]

parsei10
48.25

[11.8; 92.8]

49.91

[11.8; 92.8]

48.76

[9.0; 92.8]

49.15

[12.6; 92.8]

66.21

[23.8; 92.8]

50.59

[12.6; 92.8]

50.47

[12.6; 92.8]

51.17

[12.4; 92.8]

51.46

[9.0; 92.8]

52.99

[10.6; 92.8]

Race* White 79.8 79.4 73.1 76.4 85.0 76.1 75.1 74.5 72.5 80.4

Black 13.8 13.3 13.1 13.8 0.0 14.2 15.2 16.5 16.3 10.6

reg16* Northeast 20.3 17.7 16.1 16.6 10 16.9 19.7 18.7 17.3 18.3

South 31.1 29.9 30.5 30.8 15 29.3 26.8 28 31.5 27.4

Midwest 27.3 25.7 25.2 25.4 25 26.4 25.7 27.3 24.2 29.2

West 15.1 19.3 18 18.4 30 17.5 17.9 17.7 18.1 25.1

Female* 51.5 49.7 51.3 47.9 25.0 51.0 51.5 50.7 53.0 52.4

Siblings
3.37

[0; 26]

3.31

[0; 20]

3.44

[0; 32]

3.42

[0; 37]

2.35

[1; 5]

3.36

[0; 20]

3.37

[0; 21]

3.39

[0; 18]

3.21

[0; 24]

2.83

[0; 35]

Observations 1611 1522 1595 1073 20 1030 1380 1478 1249 2102

Notes. Standard deviation of income is given in round brackets. Minimum and maximum are given in square
brackets as follows: [minimum; maximum]. Income standard deviation and mean are rounded to the nearest
integer. All other values are rounded to the first decimal. Circumstances marked with a * are categorical variables,
and their means are expressed in percentages. Not all levels are explicitly displayed but can be concluded to be
the remainder share.

First, notice that the sample from 2010 is an outlier in all senses. It contains only 20

observations, while all the other year’s samples contain between 1030 and 21026 observations.

As a result, all variables have outlying means. The average income, for instance, is usually

around 40000$, while in 2010 it was 145100$. Therefore, I will exclude the year 2010 from the

rest of my analysis.

Besides 2010, the yearly samples are balanced. The mean of each variable remains relatively

identical throughout the years and so does its range. The samples also seem to be representative

of the US population in terms of all circumstances except for race. Indeed, the proportion of

white individuals may be overstated in this sample. According to the US Census Bureau, in

2020, whites accounted for 61.6% of the US population (Jones et al., 2021), while they account

for between 72.5% and 80.4% in this sample. Consider that this may lead to inaccurate estimates

of the relative importance of race.

Finally, it should be noted that in all years, income shows very high standard errors (between

33600 and 69537). This shows that income values are spread largely around the mean, and thus

points toward large inequalities in income.

6In 2021 surveys were increasingly conducted online and over the phone. As a result, more observations were
collected, which is why the 2021 sample is larger than other years.
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4 Methodology

I will now define the methodology used in my research. The following analyses should be carried

out for each year available in the sample, to study the evolution of IOP in the USA.

4.1 Defining Inequality of Opportunity

By defining individual outcome, in this case, personal income, to be determined exclusively

by circumstances and effort, Roemer (1998) can divide the population into a set of types. He

does so by first dividing the population into groups of individuals sharing the exact same set

of circumstances, and then further dividing these groups into subgroups of individuals exerting

the same level of effort. These subgroups are what he calls “types” and thus contain individuals

which share the same set of circumstances and exert the same level of effort. According to

Roemer (1998), equality of opportunity is reached when all individuals can achieve the exact

same outcome by exerting the same amount of effort, regardless of their set of circumstances.

Ferreira and Gignoux (2011) have coined this definition as the strong definition of equality of

opportunity as it is very demanding, requiring the distribution of outcome conditional on effort

to be identical across types. One common measure of this definition of inequality of opportunity

in the existing literature is the “ex-post” measure established by Checchi and Peragine (2010).

Unfortunately, this measure requires the availability of an effort variable. In our case with

income, this is nearly impossible to find as all observable effort variables may very well be

dependent on circumstances. Take for instance the number of hours spent studying during high

school, a student whose parents have higher income and can afford private tutoring sessions

may spend more time studying than classmates with lower-income parents. Therefore, like most

of the empirical work on the subject (Ahmed et al., 2020; Björklund et al., 2012; Chantreuil

et al., 2020; Wu et al., 2021), I will use a weaker definition which allows inequality between

individuals exerting the same amount of effort, but who do not necessarily share the same

set of circumstances. This definition makes effort irrelevant; thus, in my analysis types are

only characterized by individuals sharing the same set of circumstances. Therefore, individuals

belonging to the same type may exert different levels of effort. Equality of opportunity is

achieved when the type-average income level7 is equal across all types. One common measure of

this definition of inequality of opportunity is the “ex-ante” measure (Checchi & Peragine, 2010).

4.2 Shapley Decomposition of Inequality of Opportunity

I now wish to measure and decompose ex-ante IOP using the Shapley decomposition. By de-

compose I mean isolate the contributions from individual circumstances to the overall level of

IOP.

7The average income level of individuals sharing the same set of circumstances.
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There exist several decomposition methods, however, there are certain properties that make

the Shapley decomposition particularly attractive (Shorrocks, 2013). First, it is exact and addi-

tive. This means that we can accurately interpret the contribution of a factor as the proportion

of IOP attributable to that factor. Additionally, this means that by summing up all circum-

stance contributions we obtain the total level of IOP. Second, it is order-independent. This

is a significant asset of the Shapley decomposition. Indeed, unlike most decomposition tech-

niques, the Shapley decomposition calculates the average contribution of a factor, over every

possible subset of the factors. Thus, the Shapley values can be interpreted as the “expected

marginal impact of each factor when the expectation is taken over all the possible elimination

paths” (Shorrocks, 2013). In this way, the Shapley values give a more accurate estimate of

circumstance contributions than other decomposition techniques. Last, but certainly not least,

it provides reliable estimates even when circumstances are correlated.

As mentioned previously, the Shapley decomposition method is order-independent. Thus,

we calculate the marginal contribution of the circumstance of interest k on income inequality

for all possible combinations of circumstances.

Consider the entire set of circumstances K. We generate all unique permutations of K

and define this set of permutations as Ω. The set Ω contains |K|! elements. This amounts to

10! = 3628800 permutations in my analysis. For each order of the circumstances r in Ω, we

take the subset Sr = {Ci|i < k}, in other words all circumstances preceding circumstance k.

We then compute the inequality measure I(Sr), in which only the circumstances in subset Sr

are “allowed to contribute” to inequality in income. Next, take the subset Sr + k = {Sr, k} and

compute the inequality measure I(Sr + k). Then the Shapley contribution of circumstance k is:

SVk =
1

|K|!
∑
r∈Ω

(I(Sr + k)− I(Sr)
8. (4.1)

4.3 Measuring Inequality in the Counterfactuals

Computing the inequality measures I(Sr) and I(Sr+k) means we measure inequality in the

counterfactual distribution of income when we allow circumstances Sr and Sr+k to contribute

respectively. The counterfactuals refer to the distribution of inequalities once we have removed

the part of inequalities due to effort variations, and only unfair inequalities remain. In other

words, it is the distribution of inequalities of opportunities.

In this section, I will first describe how to obtain the counterfactual distribution of income,

using the parametric and the non-parametric models. Specifically, I will explain how to handle

circumstances that are “allowed” and “not allowed” to contribute. Next, I will compare the

drawbacks and benefits of using the parametric and non-parametric models. Finally, I will

8Note that when using the variance as inequality index this is equivalent to computing the Shapley values of
each variable in our model.
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present the inequality measures used to measure inequality in income in the counterfactuals.

Note that, in the conventional framework, IOP is simply obtained by measuring inequality

in income in the counterfactual distribution when all circumstances are allowed to contribute.

4.3.1 Obtaining the Counterfactual Distribution

Using the ex-ante definition of IOP, there exist two models to obtain the counterfactual distribu-

tion of income: the parametric introduced by Bourguignon et al. (2007) or the non-parametric

introduced by Checchi and Peragine (2010).

4.3.1.1 The Parametric Model

In the parametric model we will estimate the following functional form:

y = g(C,E, u), (4.2)

where C is the vector of circumstances, E is the vector of effort variables, and u is a ran-

dom error term, or in other words, the variation due to unobserved factors. Note that, as

aforementioned, effort may be dependent on circumstances, thus we have:

y = g(C,E(C, v), u), (4.3)

where v is the random error term and can be considered as “true effort”, while E(C) is the

indirect effect of circumstances on income. However, since effort is unobservable and I am not

interested in the point estimates of effort variables, but simply in obtaining the counterfactual

distribution, consider that “true effort” is comprised in the error term ϵ of equation 4.4.

Now, Sastre and Trannoy (2002) propose and compare two ways in which a circumstance

can “not be allowed to contribute” to inequality in income in the counterfactual. There is the

zero income distribution and the equalized income distribution. The former removes the part

of income caused by the circumstances not allowed to contribute by setting them to 0, while

the latter simply removes variation in the excluded circumstances by replacing them with their

average value. Sastre and Trannoy (2002) find that the equalized income distribution method

should be favored and so will I.

Thus, I estimate the following regression:

y = C̄na′βna + Ca′βa + ϵ, (4.4)

The term C̄na is the vector of circumstances “not allowed” to contribute replacing each

individual observation with the average value of each circumstance. The term Ca is the vector

of circumstances “allowed” to contribute. Note that categorical circumstance variables are

represented by a dummy for each level except the base level9 in equation 4.4.

9Which level is the base level is irrelevant here as I am not interested in interpreting the estimated coefficients.
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I obtain the vector of estimated coefficients β̂ = (β̂na, β̂a). Bear in mind that β̂ cannot

be interpreted as the causal effect of circumstances on income, since the variables may very

well show signs of multicollinearity between each other or with unobserved circumstances in the

error term (Ferreira et al., 2014) making the OLS regression results inconsistent. Therefore,

the Shapley decomposition is especially suitable since, as aforementioned, Shapley values give

reliable estimates, even in the presence of multicollinearity.

The counterfactual distribution of income is based on the fitted values of the regression in

equation 4.4. This is because these fitted values represent the estimated part of income which

is explained by circumstances. It can be seen as the minimum income that an individual with

the set of circumstances Ci = (C̄na
i , Ca

i ) can be expected to achieve. Therefore, inequality in ŷ

across the sample reflects inequality of opportunity.

Formally, for each individual i, we obtain the following counterfactual income:

ŷi = C̄na
i

′β̂na + Ca
i
′β̂a, (4.5)

where the terms β̂na and β̂a represent the vectors of estimated coefficients of the circum-

stances “not allowed” and “allowed” to contribute respectively, and (C̄na
i , Ca

i ) are defined as

above.

Note that a weakness of this parametric approach is that the measure of inequality of oppor-

tunity will be a lower-bound estimate. This is mainly because there will inevitably be unobserved

circumstances that may be wrongly attributed to true effort and randomness, i.e. the random er-

ror term (Ramos & Van De Gaer, 2012). Unfortunately, there is no way to gauge the magnitude

of this bias.

4.3.1.2 The Non-parametric Model

In the non-parametric model, we make use of the “types” mentioned previously. As I use the

weak definition of equality of opportunity, I divide the population into groups of people sharing

the exact same set of circumstances, using only the circumstances “allowed to contribute”.

In order to be able to do so, I first transform all continuous circumstance variables into

categorical variables. As such, age now takes on seven levels: “24 or younger”, “25 to 34”, “35

to 44”, “45 to 54”, “55 to 64”, “65 to 74”, and “75 or older”. The variable pareduc now takes

on six levels: “no education completed” for less than 5 years of education, “elementary school

completed” for between 5 and 7 years of education, “middle school completed” for between 8

and 11 years of education, “high school completed” for between 12 and 15 years of education,

“bachelor completed” for between 16 and 17 years of education and “master or doctorate com-

pleted” for 18 years or more of education. Finally, the variable parsei10 now takes on four levels:

“lower class” for an index of 25 or below, “middle class” for an index between 26 and 50, “up-

per middle class” for an index between 51 and 75, and “upper class” for an index of 76 and above.
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Thus, the sample is divided into a set of types: T = {t1, t2, ..., tK}. Assume that each type

tk for k = 1, 2, ...,K, contains nk individuals. To obtain the counterfactual distribution, we set

each individual’s income to its type-average income ȳtk . This gives the following counterfactual

distribution of income:

ŷ = {1n1 ȳt1 ,1n2 ȳt2 , ...,1nK ȳtK}, (4.6)

in which 1nk
is a vector of ones of size nk.

By eliminating the within types variations in income, only the between-type inequalities

remain. These correspond to the inequalities due to differences in circumstances, or in other

words: inequalities of opportunities.

The non-parametric approach assumes that circumstances and effort are independent of each

other (Checchi & Peragine, 2010). As mentioned previously, this does not always hold. As such,

this assumption is a weakness of the non-parametric approach.

4.3.1.3 Comparing the Parametric and Non-parametric Models

Wu et al. (2021) states that the non-parametric approach suffers from some issues. First, it

suffers from the curse of dimensionality, as the number of types grow to be extremely large when

the number of circumstances increases. In my case, there are 7 ∗ 6 ∗ 4 ∗ 2 ∗ 2 ∗ 2 ∗ 3 ∗ 3 ∗ 9 ∗ 5 =

54432010 types when using the entire set of circumstances, while samples vary between 1030 and

2102 observations across years. Thus, a much larger data set than available is necessary when

including all circumstances, or estimates will be biased. Contrarily, the parametric approach is

much more parsimonious as it is based on a linear regression of circumstances on income.

Second, types containing few observations make it hard to capture variations, and so, dis-

entangle the impact of circumstances and effort. Once again, in my case, it is likely that many

types will be either empty or very sparse. I choose to simply remove empty types, as I cannot

assign them an arbitrary average income without biasing results. This means that it is likely

that even when using only a subset of circumstances, estimates will be biased.

On the other hand, contrarily to the non-parametric approach, the parametric approach

does not take into account non-linearity and may thus over-smooth the data. Consequently, the

non-parametric estimate can be considered an upper bound of IOP. As the parametric estimate

represents the value of IOP if circumstances had a linear effect on income, it can be considered

a lower bound of IOP.

Note that, summing up the contribution of each circumstance from the Shapley decomposi-

tion using the parametric model gives the exact same estimate of IOP as that obtained in the

conventional framework. However, this is not the case for the Shapley decomposition with the

non-parametric model. Indeed, we obtain a less biased and overstated estimate of IOP (Wu

10I obtain this number by multiplying the number of levels of each circumstance with each other.
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et al., 2021). This is because, in the Shapley decomposition, there will be only one combination

for which we use all circumstances to divide the population into types. In this case, many types

will be empty or very sparse, giving an extremely unequal distribution of incomes. For all other

combinations, we use only a subset. This means that only the inequality estimate of this single

combination will be as biased and overestimated as the conventional IOP measure. Of course,

the combination which is the empty set of circumstances will give an equally biased and the

most underestimated measure of IOP. Nevertheless, by taking the average of these IOP measures

over all the possible combinations, we obtain a more reasonable and less overestimated measure

of IOP.

Still, even when using the Shapley decomposition, given the incredibly high number of types

relative to the sample sizes, I think the non-parametric estimates of IOP will still be very

biased and overstated. Thus, although I will compute the upper bound of IOP through the

non-parametric approach, I think the latter will be very high and therefore useless. As such, I

prefer using the parametric estimates as a reliable measure of IOP.

4.3.2 Measuring Inequality in the Counterfactual

Finally, we measure the level of inequality in the counterfactual distributions obtained:

IOPSr = I(ŷ), (4.7)

where I(.) is an inequality index and ŷ is the counterfactual distribution obtained in equa-

tions 4.5 or 4.6 when the circumstances Sr are allowed to contribute. Thus, IOPSr is the

measure of IOP when only the circumstances Sr contribute to inequality. It is equivalent to

I(Sr) in equation 4.1.

There exist a number of different inequality indices. I propose to use the Gini coefficient and

the Mean Logarithmic Deviation (MLD) index since they both fulfill the principles of (1) sym-

metry (the inequality level does not change if two individuals switch incomes), (2) population

invariance (the inequality level does not change if the population is “cloned”), (3) scale invari-

ance (the inequality level does not change if all incomes are scaled by a common factor), and

(4) the Pigou-Dalton transfer axiom (the inequality level increases if income is transferred from

a poorer individual to a richer individual) (United Nations Development Programme, 2019).

Additionally, they are universally known inequality indices.

Following the methodology proposed by Checchi and Peragine (2010), most of the empirical

literature on IOP uses the MLD index. The MLD is equivalent to the generalized entropy index

when its parameter is set to 0. It is defined as follows:

MLD(y) =
1

N

N∑
i=1

ln
µ

yi
, (4.8)

where N is the sample size, yi is the level of income of individual i, and µ is the average

level of income.
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The Gini coefficient is used less frequently in papers evaluating IOP. It is defined as:

Gini(y) =
1

N
(N + 1− 2

∑N
i=1(N + 1− i)yi∑N

i=1 yi
). (4.9)

Nevertheless, the MLD index has two main limitations. It is unbounded and less intuitive

than other measures such as the Gini coefficient. Indeed, the Gini coefficient is always between 0

and 1 and represents the extent11 to which the distribution of incomes deviates from a perfectly

equal income distribution.

4.4 Extending the Parametric Model with Interacting Circumstances

According to the literature review, the conjugation of certain circumstances may provide par-

ticularly unfair opportunities. Thus, we subsequently include interaction terms in our initial

model defined in equation 4.4.

Particularly, I first would like to study the implications of being black and growing up in a

region with a high black-to-white ratio on having equal opportunities. The US census bureau

states that the South is the region with the highest ratio (McKinnon, 2001). Thus, I am

interested in black individuals who were living in the South at age 16. I identify individuals

with this conjugation of circumstances by interacting the dummy variable corresponding to

being black (i.e. black) to the dummy variable corresponding to growing up in the South (i.e.

South16). I expect that these individuals will face more inequalities in income than the average

black individual or the average individual who grew up in the South. If this is the case, I expect

the contribution of this interaction term to be larger than the contribution of black or South16

respectively.

Second, I would like to evaluate whether differences in parental characteristics, such as

parental education or parental socioeconomic index, lead to more differences in income for black

individuals than for the average individual regardless of their race. In other words, whether

parental characteristics contribute more than average in determining income among black indi-

viduals. Thus, I interact the dummy black with the variables pareduc and parsei10 respectively.

If parents’ socioeconomic class or parental education is more determinant than average for a black

individual’s income, then I expect the contribution of these interaction terms to be higher than

the contribution of the variables parsei10 and pareduc respectively.

Finally, I would like to analyse the level of intergenerational immobility at the extremes of

the earnings distribution. Intergenerational immobility can be defined as the extent to which

parental characteristics are determinant for an individual’s social class. I use income as a proxy

for social class. Define the dummy variable extremeIncom16 as the variable which takes on

value 1 when incom16 is either “far above average” or “far below average” and 0 otherwise.

This variable corresponds to individuals whose parents, at age 16, were at the extremes of

11In percentages, if the Gini coefficient is multiplied by 100.
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the income distribution. I interact this variable with the variables pareduc and parsei10. If

intergenerational immobility is indeed stronger at the extremes of the earnings distribution,

then I expect the contributions of these interaction terms to be higher than the contributions

of pareduc and parsei10 respectively.

Thus, we evaluate these expectations formally by performing the parametric Shapley decom-

position of IOP in income using the set of circumstances Cinter defined as follows:

Cinter = (C, black ∗ South16, black ∗ pareduc, black ∗ parsei10,

extremeInccom16 ∗ pareduc, extremeIncom16 ∗ parsei10),
(4.10)

where C is the original set of circumstances used.

4.5 The Sampling-based Shapley Decomposition

One significant drawback of the Shapley decomposition is its computational burden. To avoid

this burden, Björklund et al. (2012) group selected circumstance variables and decompose IOP

according to the contribution of these groups. Obviously, this sacrifices some level of detail.

Thus, I apply a sampling-based approach to the Shapley decomposition (Castro et al., 2009)

using and adapting the publicly available R package written by Elbers (2021). In this approach,

I randomly select m subsets of circumstances Sr. For each iteration i over the m subsets12, I

compute the marginal contribution of the circumstance of interest k:

MCi = I(Sr+k)− I(sr), (4.11)

and the mean of all previously sampled marginal contributions:

µi =
1

i

i∑
j=1

MCj . (4.12)

Thus, at the lth13 iteration, I obtain a vector of means µ = (µ1, ..., µl).

The total number of subsets m to sample is defined by a stopping criterion based on the

standard deviation of µ. Indeed, once it is smaller than 0.0001, the algorithm stops sampling

and the Shapley value is given by µm. This stopping criterion makes our sampling approach

more efficient than that of Wu et al. (2021), who somewhat arbitrarily set m = 10000 based on

simulation results using 8 circumstances.

I use this sampling-based approach only for the parametric models. Indeed, by definition, the

non-parametric approach will always have high standard deviations in my analysis, as it measures

inequality over relatively sparse types. Thus, the marginal contribution of circumstance k will

be relatively different given the subset of circumstances considered, and µ will inevitably have

high standard deviations. For the non-parametric Shapley decomposition, I adapt and use the

exact Shapley decomposition package by Elbers (2021).

12Where i = 1, 2, ...,m.
13Where 1 < l ≤ m.
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5 Results and Discussion

5.1 Inequality in Income in the USA between 2002 and 2021

Figure 5.1 shows the evolution of income inequality in the USA between 2002 and 2021 using

the Gini coefficient and the MLD index.

Figure 5.1. Inequality in Income in the USA Using Different Inequality Measures (2002-2021)

Looking at figure 5.1, we observe similar trends in inequality using both the Gini coefficient

and the MLD index. The exact values of these inequality measures can be found in table A.1.

Nevertheless, as mentioned in the Methodology, the Gini coefficient is a more intuitive measure

of inequality, thus we will focus primarily on this index.

Figure 5.1 shows that inequality in income in the US decreased from 2002 to 2004 from

49.06% to 45.42%. It remained constant until 2006 but was followed by a significant increase

up to 2012, reaching 54.86% of inequality. This concurs with the period of the 2008 financial

crisis and may be a consequence of it. Unfortunately, due to many missing values, I have had

to exclude 2010 from the analysis, thus, as frequently done in the literature, this observation

has been replaced in the figure by the midpoint between the neighboring values14. As such, it

is unclear how inequality evolved between 2008 and 2012. In 2014, inequality reverted back to

46.84% and remained relatively constant until 2018. Thereafter, there has been a small decrease,

reaching levels of inequality close to those of the 2004-2006 period.

According to the World Bank (2019), the Gini index varied between 40% and 41.5% during

this period. Thus, it seems that the sample used in my analysis overstates income inequality

between 2002 and 2021. Indeed, as mentioned in the Data section, the standard deviation of

income in most years of the sample used in my analysis is relatively high, pointing towards large

inequalities in income. Still, in both cases, inequality in the US is significantly higher than in

other western European countries and, since 2016, comparable to levels found in Bulgaria, the

country with the most income inequalities in Europe (Eurostat, 2021).

14This is the case for all figures from here onward, but will not be mentioned again.
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Additionally, general trends also seem to be significantly differing: according to the World

Bank (2019), inequality increased between 2004 and 2006, decreased during the 2008 financial

crisis, and has mostly been increasing after that. Moreover, literature shows that recessions

do not usually lead to a significant increase in income inequality (Camacho & Palmieri, 2019).

Thus, one must beware when interpreting the following results as they may not be representative

of the entire US population.

5.2 Inequality of Opportunity in Income in the USA between 2002 and 2021

The estimates of the sampling-based Shapley approach to IOP based on the Gini and MLD

indices are plotted in figures 5.2 and 5.3 respectively. The exact values can be found in tables

A.2 and A.3 of the appendix. The absolute estimates can be found in tables A.4 and A.5 of the

appendix.

As mentioned in the Methodology, I am able to measure IOP using the entire set of circum-

stances thanks to the sampling-based approach. The parametric model provides a lower bound

of IOP, while the non-parametric model provides an upper bound. This can clearly be seen in

the two figures below. Once again, regardless of the index chosen, relative IOP trends are nearly

identical. Notice also that these trends are similar to those found in figure 5.1. Thus, IOP

seems to increase and decrease along with total inequality. This points towards the efficiency

of inequality-reducing policies in the US, as they seem to reduce inequalities by also targeting

inequalities of opportunity and not only ethical inequalities due to effort variations. This was

not always the case as Pistolesi (2009) found a negative correlation of -0.6 between IOP and

inequality in income in the US between 1968 and 2001.

Figure 5.2. Estimates of IOP Relative to Total Inequality in Income in the USA Using the

Gini Coefficient (2002-2021)
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Figure 5.3. Estimates of IOP Relative to Total Inequality in Income in the USA Using the

MLD Index (2002-2021)

I focus now specifically on the parametric results. Throughout the period of 2002 to 2021, the

lower bound of IOP using the Gini coefficient is at most around 55% of total income inequality

(between 2008 and 2012), and at the least around 40% (in 2021). Using the MLD index,

estimates are much lower. The lower bound of IOP is at most around 29% of total income

inequality (between 2008 and 2012), and at the least around 13% (in 2021).

Overall, levels of IOP remained relatively constant. Nonetheless, they have been decreasing

since 2012 and are now lower than ever. This is an encouraging sign for the US as a whole. Yet

they are still far behind in terms of social development, as they show much higher levels of IOP

than similar economically developed Western countries. Indeed, comparing the MLD-based IOP

estimates: Wu et al. (2021) found IOP in income to be at least 9% in 2017 in Australia, while I

estimate IOP to be at least around 19% in the same period. This gap is not recent, as, in 2009,

Bourguignon et al. (2007) estimated IOP to be 20% in Colombia, while I estimate it to be at

least around 29% in the same period.

Next, I focus on the non-parametric results. As mentioned in the Methodology, the non-

parametric Shapley estimation should result in a less overestimated and biased upper bound

measure of relative IOP than the conventional non-parametric estimation (Wu et al., 2021).

However, as expected, due to the incredibly large amount of types, IOP using both the Gini

and MLD indices remains substantially higher than the parametric estimations. Indeed, using

the Gini coefficient, the upper bound of relative IOP is estimated to be between 95% and 96%

over the entire period, and between 90% and 95% using the MLD index. In both cases, there

is a subtly increasing trend before 2008, followed by a plateau until 2014, and after that, a

subtly decreasing trend. Overall, this coincides with the general trend found in the parametric

estimation of IOP, pointing toward the robustness of my previous findings.

The theory mentioned above, explaining the overestimation of the non-parametric results, is
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confirmed by the non-parametric estimation of IOP using fewer types. In this model we reduce

the number of levels for the variables age, pareduc, parsei10, reg16 and incom16, such that we

obtain 3 ∗ 3 ∗ 3 ∗ 2 ∗ 2 ∗ 2 ∗ 3 ∗ 3 ∗ 5 ∗ 3 = 29160 types. In the figures above, it can be seen that for

both the Gini and MLD indices, IOP estimates drop to a much lower level, albeit still very high:

between 80% and 89% for the Gini coefficient and between 64% and 75% for the MLD index.

Additionally, the trends in IOP over time resemble even more that of the IOP results from

the parametric models. This once again points to the robustness and accuracy of my previous

findings. All in all, this shows that although my non-parametric estimates are overestimated,

they are consistent.

Nevertheless, they remain a useless upper bound. Additionally, given the large number of

circumstances used, I consider the bias in the parametric model due to unobserved circumstances

to be relatively small. Thus, from here onward I will focus primarily on the parametric analyses

and consider the parametric estimates a reasonable measure of IOP.

Notice that, even when considering only the parametric estimates, my results are signifi-

cantly higher than those found by Pistolesi (2009) and Marrero and Rodŕıguez (2011). In 2001,

Pistolesi (2009) estimated IOP to be around 24% using the Gini index and around 16% using

the MLD index. In 2002, I found IOP to have a lower bound of 50.4% using the Gini index and

25.2% using the MLD index. Furthermore, based on the MLD index, Marrero and Rodŕıguez

(2011) estimated IOP to be between 4% and 7% in the period of 2002 to 2007, while I found a

lower bound between 25.2% and 29%. In both cases, the difference between these lower numbers

and my parametric results can be explained by the fact that the authors consider significantly

fewer circumstances than I do. Indeed, Marrero and Rodŕıguez (2011) consider only parental

education and race, while Pistolesi (2009) considers only parental education, parental occupa-

tion, race, place of birth, and age.

Finally, observe that, regardless of the model used, relative IOP estimates based on the MLD

index are much lower than IOP estimates based on the Gini coefficient. Brunori (2016) suggests

that this is a direct consequence of the higher sensitivity of the MLD index to outliers. When

constructing the counterfactual distributions of income, by definition one removes the extreme

values from total inequality. Thus, this smoothing means that an index such as the MLD will

“detect” less inequality. In light of this property, from here onward I prefer relying on the

Gini-based results of IOP.

Thus, comparing the relative Gini-based IOP estimates of the parametric interacted model

to the parametric model in figure 5.2, it can be seen that the IOP estimates of the interacted

model are consistently around 1% higher than the IOP estimates of the non-interacted model.

This indicates that at least some of the interactions mentioned in section 4.4 do significantly

contribute to IOP. Unfortunately, this finding is sensitive to the inequality index used, as it does

not always hold when using the MLD index.
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5.3 Decomposing Inequality of Opportunity in Income in the USA between 2002

and 2021

The results of the parametric and non-parametric sampling-based Shapley decompositions using

Gini coefficients are presented in figures 5.4 and 5.5 respectively.

Figure 5.4. Parametric Estimates of the Relative Contribution of Circumstance Variables to

IOP in the USA Using the Gini Coefficient (2002-2021)

Figure 5.5. Non-parametric Estimates of the Relative Contribution of Circumstance Variables

to IOP in the USA Using the Gini Coefficient (2002-2021)
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The parametric and non-parametric sampling-based Shapley decompositions using the MLD

index are presented in figures A.1 and A.2 of the appendix respectively. The exact values of both

Gini- and MLD-based parametric models are presented in tables A.6 and A.7 of the appendix

respectively. Table 5.1 below gives the relative contribution of circumstances to total inequality

in income, allowing me to compare my results to those of other authors regardless of the number

of circumstances used.

Table 5.1. Parametric Estimates of the Relative Contribution of Circumstance Variables to
Total Inequality in Income Using the Gini Coefficient (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age 10.13 11.34 12.73 6.53 10.17 15.03 8.27 11.14 5.29

born 0.30 0.09 0.45 1.11 0.21 0.19 0.55 0.31 1.26

family16 0.63 0.96 1.56 1.40 1.77 1.28 1.34 1.85 0.44

incom16 5.64 3.68 4.52 2.10 4.72 3.11 1.88 3.39 3.16

pareduc 3.94 3.85 4.03 9.03 6.72 4.27 4.85 4.02 4.85

parsei10 4.49 6.16 5.54 4.81 6.17 4.11 5.36 5.93 6.21

race 3.63 1.95 1.63 3.79 1.08 2.27 3.81 3.53 1.41

reg16 7.02 3.54 3.28 10.99 8.20 2.87 5.31 3.50 2.78

sex 12.44 13.08 14.68 12.18 11.53 13.49 9.57 9.25 13.32

sibs 2.24 1.17 0.36 2.34 3.98 1.23 2.26 1.81 1.56

Notes. Values are rounded to the second decimal.

Looking at the parametric estimates of IOP in figure 5.4, I find that on average, between

2002 and 2021, the two largest contributors are sex and age. This was also the case in 2017

Australia (Wu et al., 2021). They stand out from the rest of the circumstances as, in all years

except for 2008, 2012, and 2021, they contribute, at the least, 5% more to IOP than any other

circumstance. Second, looking at table 5.1, it seems I also found comparable results to Chantreuil

et al. (2020) for both circumstances. Indeed, they found that the relative contribution of sex to

total inequality varied between 9% to 13% between 2005 and 2017, and between 6% to 9% for

age. I found values between 9.25% and 14.68% for sex, and between 6.53% and 15.03% for age.

It should be noted that in all years except for 2014 and 2018, sex contributes consistently

more to IOP than age, and as such is the overall most important driver of IOP in the US.

Generally, between 2002 and 2021 it fluctuated between 20% and 30%. More recently, it seems

to have increased in importance as it reached its maximum of 33.08% in 2021. This may point

toward a worrying increase in the gender gap in income, which should pressingly be addressed

by US policymakers. Specifically, between 2018 and 2021, the importance of sex increased by

more than 12 percentage points. Thus, this increase may be a direct cause of Covid-19. This

is in line with the findings of Dang and Viet Nguyen (2021) claiming that the gender gap has

increased as a result of the pandemic.
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On the other hand, age was the most important contributor in 2014, when it represented

31.42% of IOP. More recently, it has decreased by more than 10 percentage points, representing

13.14% of IOP in 2021, a contribution close to its minimum of 12.03% reached in 2008, making

it the third-largest contributor. Overall, it seems that in important socioeconomic crises, such

as the 2008 crisis or the recent Covid-19 pandemic, the contribution of age decreases drastically.

From these results, I cannot conclude with certainty whether older or younger Americans are

favored during these periods. However, experience accumulated throughout one’s career may be

a determinant factor in income, and more often than not, experience is directly correlated with

age. Thus, I can speculate that older Americans may especially be favored during socioeconomic

crises, in which it is clearly harder for a young graduate to enter the job market than for an

established employee to maintain his or her position.

Next, parents’ socioeconomic status increasingly represents an important determinant of

IOP. In 2002 it was the source of 8.90% of unfair inequalities, while in 2021 it has grown to be

responsible for 15.43% of IOP, making it the second most important contributor. Since 2014

especially, the importance of parents’ socioeconomic status in creating unequal opportunities in

income has nearly doubled in the US.

Subsequently, an individual’s region at age 16 seems to have been especially important in

2002 and 2008, as it was, respectively, the third and second most important contributor to IOP,

more recently however it has decreased to be the source of only 6.89% of IOP, dropping to the

sixth rank in terms of importance. This may be partially due to the increasing mobility and

decentralization in the US, thanks to the development of new technologies such as the internet.

Indeed, one can speculate that more and more people in the US do not grow up living in the

same area as they spent their childhood. However, I could hypothesize that in the earlier years

of 2002-2008, this variable may have incidentally acted as a proxy for an individual’s current

living area. Therefore, the fact that certain regions of the US were disproportionately affected

by the 2008 financial crisis (Connaughton & Madsen, 2012) may explain the importance of the

variable reg16 in that year.

Then, at 12.04%, parental education was the fourth most important contributor in 2021.

Its importance has increased from 7.81% in 2002 to 16.63% in 2008 and then decreased again,

fluctuating between approximately 9% and 12% until 2021. The relative importance of parental

education has behaved similarly to that of the region an individual lived in at 16 years old.

Moreover, they seem to both follow the same trend as IOP estimates, reaching their peaks in

2008.

Thereafter, an individual’s family’s income at age 16 has also been a significant contributor.

It was responsible for 11.19% of IOP in 2002, then decreased to 3.86% in 2008, making it the

ante-penultimate contributor. More recently, in 2021, it was the source of 7.84% of IOP and the

fifth largest contributor. Covid-19 seems to have exacerbated the importance of family income,

as its importance increased by nearly 4 percentage points between 2018 and 2021. Once again,

this is a very worrying trend, as it means that inequality in income is increasingly inherited
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amongst Americans. This is understandable given the staggering costs of obtaining a higher

education in the US coupled with recent incidents such as the 2019 college admissions bribery

scandals. This shows how essential it is for the US government to quickly provide more equal

opportunities in education.

After, comes race. My findings for its contribution share are similar to those of Chantreuil

et al. (2020) between 2005 and 2016. Indeed, he found that the relative importance of race to

total inequality in income increased between 2005 and 2007, decreased between 2007 and 2010,

and increased again between 2010 and 2016. Overall, he also found that the latter fluctuated

between 1% and 4%. Looking at table 5.1, this is also the case for my results.

Since 2016, the contribution of race decreased by 5 percentage points, representing 8.82% of

IOP in 2016 and only 3.50% in 2021. This makes it one of the least important circumstances

in driving IOP. More than 4 percentage points of this decrease have happened between 2018

and 2021: a period during which Covid-19 emerged. This is surprising considering the fact

that Kochhar (2020) finds that blacks, Hispanics, and Asians suffer from significantly higher

unemployment rates than whites since the start of the pandemic. Considering this, and the fact

that the share of whites is often overstated in my sample, I cannot conclude with certainty that

racism in income has truly decreased since 2016 as it is possible that the importance of race was

underestimated.

Another even smaller contributor is the number of siblings, which increased from 2002 to

2012, representing 7.29% of IOP, and subsequently decreased again to 3.88% in 2021. Similarly,

the contribution of the family situation at age 16 - in other words growing up with both parents

or not - is constantly low throughout the period, fluctuating between 1.09% and 4.13%. Finally,

the variable indicating whether an individual was born in the US was, on average, the smallest

contributor to IOP between 2002 and 2021. Its contribution remains relatively constant across

the entire period: between 0.18% and 3.12%.

Overall, we find similar results for the MLD-based Shapley decompositions. It can be seen

in figure A.1 that the order of importance of circumstances’ contribution to IOP and the gen-

eral trends are almost identical. Furthermore, comparing the parametric and non-parametric

Gini-based Shapley decompositions plotted in figures 5.4 and 5.5 respectively, we notice that

although the levels of the circumstances’ relative contribution shares are different, there are

some similarities in their trends over time. Indeed, they seem to be identical in direction over

the years, but with lesser magnitude. Moreover, except for the two largest contributors - sex

and age -, region at 16, race, and number of siblings, the order of importance of circumstances

seems to be more or less the same throughout the years. Thus, our previous findings are weakly

robust to the model and index chosen and seem relatively reliable.
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5.4 Interacting Circumstances

Figure 5.6 presents the evolution of the relative contribution of all circumstances and interaction

terms over the period of 2002 to 2021 using the Gini coefficient. Figure 5.7 does the same, but

including only the interaction terms and variables which are interacted.

Figure 5.6. Estimates of the Relative Contribution of Circumstance Variables to IOP in the

Parametric Model with Interactions Using the Gini Coefficient (2002-2021)

Figure 5.7. Parametric Estimates of the Relative Contribution of Interacted Circumstance

Variables to IOP Using the Gini Coefficient (2002-2021)
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The same results using the MLD index are presented in figures A.3 and A.4 of the appendix

respectively. The exact values of these figures are displayed in tables A.10, A.12, A.11, and A.13

respectively.

First and foremost, it should be noted that, looking at figure 5.6, the contribution shares of

the included interaction terms are significantly smaller than most circumstances, this is also the

case using the MLD index. Notice also, that, comparing this figure to figure 5.4, the parametric

interacted Shapley decomposition gives nearly identical results to those of the parametric Shap-

ley decomposition. This attests to the robustness of our previous findings to the model chosen.

Second, it can be seen from figure 5.7 above that, in all years and for both inequality

measures, the contribution share of all interaction terms involving parental education or parental

socioeconomic index is significantly smaller (at least 5 percentage points smaller, if not more)

than the contribution share of parental education or parental socioeconomic index itself. This

indicates that differences in parental education or in parental socioeconomic index of black

individuals do not lead to more inequality in income than for an individual when race is not

taken into account. This stands in contrast with the findings of Marrero and Rodŕıguez (2011),

which indicate that cross effects between race and parental education accounted for almost 35%

of IOP in 2007 in the US. Nevertheless, this gap may once again be explained by the smaller

number of circumstances included in Marrero’s analysis.

Moreover, this also holds for individuals whose family income was at the extremes of the

income distribution. For those, differences in parental education and parental socioeconomic

index do not disproportionately lead to inequalities in income compared to individuals with a

moderate family income at age 16.

Focus now on the term interacting Black individuals to individuals living in the South at

age 16. It can be seen from figure 5.7 that in 2014 this interaction term contributed more to the

Gini-based IOP estimate than did living in the South at 16 years old, and nearly as much as did

being black. This also holds for the MLD-based IOP estimates (plotted in figure A.3) except

for the fact that the interaction term is two times larger than both individual circumstance

contributions and that it was slightly larger than the individual contribution share of living

in the South at 16 in 2004 and 2008. Considering this and the fact that the Gini coefficient

provides more reliable IOP estimates, it is safe to conclude that being black and having lived in

the South at age 16 disproportionately lead to inequalities in income in 2014. In other words,

the average black individual who lived in the South at 16 may have faced more inequalities in

income than did the average black individual or the average individual who lived in the South at

16. This is in line with the findings of Chantreuil et al. (2020) claiming that race contributes sig-

nificantly more to income inequality in the Southern US states than in other parts of the country.

The parametric model without interaction terms defined in equation 4.4 assumes a strictly

linear relationship between income and circumstances while the non-parametric model considers
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non-linearity. Thus, if there is a large gap between the parametric estimate of a circumstance

contribution to inequality and the non-parametric estimate, we may assume that there may exist

interactions between this circumstance and others (Wu et al., 2021).

Obviously, since the parametric and non-parametric estimates of IOP are different we com-

pare the estimates of the contribution share of said circumstance to total inequality in income.

For all circumstances, the Gini- and MLD-based results are displayed, respectively, in tables A.8

and A.9 of the appendix. Keep in mind that, as aforementioned, due to the small yearly sam-

ples relative to the large number of types, the non-parametric estimates are likely overestimated.

Thus, it is difficult to quantify a “large gap”.

Nevertheless, some circumstance estimates stand out. The Gini-based results of these cir-

cumstances are displayed in table 5.2. First, it can be seen that, regardless of the inequality

measure used, the difference in the contribution share estimate of sex is relatively small. More

so for the Gini-based estimates, where it is approximately a 1 percentage point difference. Thus,

just like Wu et al. (2021) did, I conclude that it is unlikely that sex interacts with other circum-

stances. On the other hand, notice that the contribution shares of age and reg16 are quite large:

around 10 percentage points or more for the Gini-based estimates and around 15 percentage

points for the MLD-based estimates. Thus, it seems that there exist some interactions between

an individual’s age or the region in which they lived at 16 years old, and other circumstances,

which could contribute significantly to IOP in income.

Table 5.2. Comparing Parametric and Non-parametric estimates of the Relative Contribution
of Circumstances to Total Inequality in Income Using the Gini Coefficient (2002-2021)

2002 2004 2006 2012 2014 2016 2018 2021

age
Parametric 10.13 11.34 12.73 10.17 15.03 8.27 11.14 5.29

Non-parametric 22.08 23.35 21.90 21.97 22.35 21.59 22.89 21.86

reg16
Parametric 7.02 3.54 3.28 8.20 2.87 5.31 3.50 2.78

Non-parametric 16.81 15.31 14.14 16.10 15.13 16.55 15.64 14.03

sex
Parametric 12.44 13.08 14.68 11.53 13.49 9.57 9.25 13.32

Non-parametric 12.17 13.40 14.21 10.94 13.67 10.44 10.79 13.02

Notes. Values are percentages and rounded to the second decimal.

6 Conclusion

This paper examines the evolution of inequality of opportunity in income in the US between

2002 and 2021. Therefore, I studied the relative contribution of several circumstances, and the

interactions of some, to IOP in income.

First, I found that IOP in income seems to behave cyclically with total inequality, reaching

its peak between 2008 and 2012. This points towards the efficiency of inequality reducing policies
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in targeting not only inequalities due to effort variations, considered ethical, but also inequalities

of opportunity, considered unethical. Regarding inequalities of opportunity, I concluded that

IOP in income represented, at the least, between 40% and 55% of total income inequality and

at the most between 95% and 96% in the period of 2002 to 2021. Nevertheless, I consider the

lower bound a sufficient and reasonable estimate of IOP. Although it is an encouraging sign that

levels of IOP have been decreasing since 2012 and were lower than ever in 2021, the US is still

far behind similar economically developed countries in terms of social development as the latter

show much lower levels of IOP.

While IOP remained relatively constant over the years, I found that the importance of its

driving circumstances varied significantly.

Overall, I found that sex and age were the two largest contributors to IOP in income between

2002 and 2021. Moreover, the recent increase in importance of sex points toward a worrying

development of the gender gap in income. Second, it seems that Covid-19 may have accelerated

this increase. Thus, I recommend US policymakers pressingly address this issue, rather than

focusing on restricting women’s reproductive rights.

Similarly, the importance of parental characteristics such as socioeconomic status, educa-

tional attainment, and family income has increased since 2016, making them, respectively, the

second, fourth, and fifth most important contributors in 2021. The contribution share of par-

ents’ socioeconomic index especially has nearly doubled between 2014 and 2021. Once again

Covid-19 seems to have exacerbated the importance of family income, meaning that inequality

in income is increasingly inherited amongst Americans. Thus, US policymakers should focus

on opportunity harmonizing policies in income, such as making education more accessible and

facilitating inter-generational mobility.

On the other hand, since 2016, the importance of race decreased, making it the 8th circum-

stance in driving IOP. Surprisingly, most of this decrease happened during Covid-19. However,

due to the overstatement of white individuals in the sample, the importance of race may have

been underestimated.

Furthermore, presumably due to the increasing mobility and decentralization in the US, the

region one lived in at 16, dropped from being the 3rd largest contributor of IOP in income in 2002,

to being the 6th in 2021. Nevertheless, it should be noted that this circumstance does not say

anything about local inequalities which may arise from living in a disadvantaged neighborhood

and which may still be very high in 2021.

Finally, I found that the combination of being black and having lived in the South at 16

disproportionately contributed to IOP in income in 2014. This highlights the need for Southern

governors to focus on anti-racism policies and catch up to the rest of the country. On the other

hand, I did not find parental characteristics to be a more deciding factor in income for black

individuals or for individuals at the extremes of the parental income distribution.

All in all, my analysis shows that in the period 2002 to 2021, the American Dream repre-
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sented nothing more than that: a dream. In this period, equality of opportunity was certainly

not attained. Thus, I have to agree with Adams’s critics and recognize the American Dream to

be a great delusion.

It should be noted that one significant limitation of my analysis is that my sample may not

be representative of the level of inequality in the US between 2002 and 2021. Therefore, it is

difficult to evaluate the reliability of my findings with certainty. Additionally, the small sample

size is especially problematic for the non-parametric analysis. Indeed, combined with a large

number of circumstances, I find extremely overstated levels of IOP, which give a useless upper

bound. Besides, white individuals are over-represented in nearly all yearly samples. Thus, this

may lead to inaccurate estimations of the relative importance of race. Finally, I consider age to

fit the definition of a circumstance given that it is not something one can exert any control over.

However, it is likely that age also acts as a proxy for (work) experience. In this case, one may

argue that experience is not an unfair consideration for income, but a result of effort. Therefore,

it is questionable whether it should be included as a circumstance.

Thus, in the future, it may be interesting to perform the same analysis, treating age as a

demographic variable and not a circumstance, and compare the results to ours. Many empirical

papers have done so already by dividing each yearly sample into cohorts of age (Checchi &

Peragine, 2010). However, the disadvantage of this method is that we will obtain results valid

only for that age cohort in that year. Another interesting and arguably more telling solution

would be to use age-adjusted income as an outcome variable. We have not done so in our analysis

because we would have obtained an outcome variable with very large standard errors due to the

small size of our sample.

Therefore, further research should place particular importance on gathering a large, repre-

sentative sample. This is especially important for evaluating the relative importance of race.

On top of that, a larger sample would give less overestimated non-parametric results and a more

reasonable upper bound. Alternatively, it would be useful to focus on finding an appropriate way

to handle empty types without eliminating them from the analysis and thus hopefully obtain

less overestimated non-parametric results.

Additionally, to refine the estimate of IOP, further research may focus on improving the

parametric model to obtain a higher lower bound, and thus a tighter interval of IOP. For this,

they should focus on investigating the potential interactions between reg16 (or age if it is

included as a circumstance variable) and other circumstances, as that is the variable for which

I found the largest difference between the parametric and non-parametric estimates.

Finally, it may be of particular interest to policymakers to compare IOP estimates using

constant income before tax as an outcome variable with IOP estimates using constant disposable

income (as is done in this analysis). Thereby, policymakers may be able to evaluate the efficiency

of fiscal policies and develop new policies targeting certain circumstances or IOP as a whole.
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Castro, J., Gómez, D., & Tejada, J. (2009). Polynomial calculation of the Shapley value based

on sampling. Computers and Operations Research, 36 (5), 1726–1730. https://doi.org/

10.1016/J.COR.2008.04.004

Chantreuil, F., Fourrey, K., Lebon, I., & Rebière, T. (2020). Decomposing US Income Inequality à
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Ferreira, F. H. G., Lakner, C., Lugo, M. A., & Özler, B. (2014). Inequality of Opportunity and

Economic Growth : A Cross-Country Analysis, World Bank. https://doi.org/10.1596/

1813-9450-6915

Ferreira, F. H., & Gignoux, J. (2011). The measurement of inequality of opportunity: Theory

and an application to Latin America. Review of Income and Wealth, 57 (4), 622–657.

https://doi.org/10.1111/j.1475-4991.2011.00467.x

Huffman, M., & Cohen, P. (2004). Racial Wage Inequality: Job Segregation and Devaluation

across U.S. Labor Markets. American Journal of Sociology, 109 (4), 902–936. https://

doi.org/10.1086/378928
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A Appendix

A.1 Abbreviation list

USA = United States of America

IOP = Inequality of opportunity

EA = Ex-ante

EP = Ex-post

IQ = Intelligence quotient
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A.2 Inequality in Income

Table A.1. Inequality in Income in the USA between 2002 and 2021 Using Different Inequality
Measures

2002 2004 2006 2008 2012 2014 2016 2018 2021

Gini 0.491 0.454 0.453 0.536 0.549 0.468 0.479 0.479 0.461

MLD 0.524 0.458 0.454 0.601 0.638 0.494 0.504 0.520 0.473

Notes. Values are rounded to the third decimal.
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A.3 Inequality of Opportunity

Table A.2. Parametric and Non-parametric Estimates of IOP Relative to Total Inequality in
Income Using the Gini Coefficient (2002-2021)

Year Non-parametric Non-parametric (less types) Parametric interacted Parametric

2002 0.963 0.832 0.518 0.504

2004 0.959 0.816 0.464 0.458

2006 0.959 0.835 0.493 0.488

2008 0.983 0.894 0.561 0.543

2012 0.979 0.885 0.553 0.545

2014 0.980 0.854 0.492 0.478

2016 0.976 0.844 0.447 0.432

2018 0.976 0.856 0.463 0.447

2021 0.957 0.806 0.417 0.403

Notes. Values are rounded to the third decimal.

Table A.3. Parametric and Non-parametric Estimates of IOP Relative to Total Inequality in
Income Using the MLD Index (2002-2021)

Year Non-parametric Non-parametric (less types) Parametric interacted Parametric

2002 0.910 0.666 0.244 0.252

2004 0.921 0.641 0.182 0.185

2006 0.920 0.661 0.234 0.236

2008 0.953 0.759 0.271 0.290

2012 0.944 0.743 0.302 0.295

2014 0.953 0.706 0.241 0.223

2016 0.947 0.688 0.173 0.182

2018 0.927 0.706 0.195 0.190

2021 0.904 0.621 0.141 0.136

Notes. Values are rounded to the third decimal.
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Table A.4. Parametric and Non-parametric Estimates of Absolute IOP Using the Gini
Coefficient (2002-2021)

Year Non-parametric Non-parametric (less types) Parametric interacted Parametric

2002 0.473 0.408 0.254 0.247

2004 0.435 0.371 0.211 0.208

2006 0.434 0.378 0.223 0.221

2008 0.527 0.479 0.301 0.291

2012 0.537 0.485 0.303 0.299

2014 0.459 0.400 0.230 0.224

2016 0.468 0.404 0.214 0.207

2018 0.468 0.410 0.222 0.214

2021 0.441 0.372 0.192 0.186

Notes. Values are rounded to the third decimal.

Table A.5. Parametric and Non-parametric Estimates of Absolute IOP Using the MLD Index
(2002-2021)

Year Non-parametric Non-parametric (less types) Parametric interacted Parametric

2002 0.477 0.349 0.128 0.132

2004 0.421 0.293 0.083 0.085

2006 0.418 0.300 0.106 0.107

2008 0.572 0.456 0.163 0.174

2012 0.602 0.474 0.193 0.188

2014 0.470 0.348 0.119 0.110

2016 0.477 0.346 0.087 0.092

2018 0.482 0.367 0.102 0.099

2021 0.428 0.294 0.067 0.065

Notes. Values are rounded to the third decimal.
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A.4 Decomposing Inequality of Opportunity

Figure A.1. Parametric Estimates of the Relative Contribution of Circumstance Variables to

IOP in the USA Using the MLD Index (2002-2021)

Table A.6. Parametric Estimates of the Relative Contribution of Circumstance Variables to
IOP Using the Gini Coefficient (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age 20.08 24.75 26.10 12.03 18.64 31.42 19.16 24.90 13.14

born 0.59 0.19 0.93 2.04 0.38 0.39 1.27 0.68 3.13

family16 1.24 2.10 3.20 2.59 3.25 2.67 3.09 4.13 1.09

incom16 11.19 8.02 9.26 3.86 8.66 6.50 4.35 7.58 7.84

pareduc 7.81 8.40 8.25 16.63 12.33 8.92 11.22 9.00 12.04

parsei10 8.90 13.44 11.36 8.86 11.31 8.59 12.41 13.25 15.43

race 7.19 4.26 3.35 6.99 1.98 4.75 8.82 7.88 3.50

reg16 13.92 7.72 6.73 20.25 15.03 6.00 12.30 7.83 6.89

sex 24.65 28.55 30.09 22.45 21.13 28.18 22.16 20.68 33.08

sibs 4.43 2.56 0.73 4.31 7.29 2.57 5.22 4.06 3.88

Notes. Values are percentages and rounded to the second decimal.
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Table A.7. Parametric Estimates of the Relative Contribution of Circumstance Variables to
IOP Using the MLD Index (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age 23.25 30.22 30.94 11.72 20.63 38.10 22.35 31.72 16.22

born 0.49 0.12 1.20 1.20 0.04 0.15 0.79 0.28 2.76

family16 0.34 1.09 2.99 1.96 2.70 1.20 2.14 2.98 0.50

incom16 8.04 4.83 6.24 0.23 4.53 3.90 2.98 3.55 4.21

pareduc 6.77 7.76 7.82 19.74 12.69 10.15 10.83 9.21 14.28

parsei10 7.32 10.94 8.52 7.10 10.59 5.62 9.49 11.51 11.84

race 9.69 4.28 2.92 8.77 1.55 4.69 12.40 8.79 3.84

reg16 12.55 4.99 5.40 19.29 13.35 3.87 9.94 6.62 3.60

sex 29.21 34.50 32.86 27.27 26.82 31.07 25.23 22.87 39.48

sibs 2.35 1.26 1.11 2.71 7.11 1.25 3.85 2.48 3.27

Notes. Values are percentages and rounded to the second decimal.

Figure A.2. Non-parametric Estimates of the Relative Contribution of Circumstance Variables

to IOP in the USA Using the MLD Index (2002-2021)
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A.5 Interacting Circumstances

Figure A.3. Parametric Estimates in the Interacted Model of the Relative Contribution of

Circumstance Variables to IOP in the USA Using the MLD Index (2002-2021)

Figure A.4. Parametric Estimates of the Relative Contribution of Interacted Circumstance

Variables to IOP Using the MLD Index (2002-2021)
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Table A.8. Comparing Parametric and Non-parametric estimates of the Relative Contribution
of Circumstances to Total Inequality in Income Using the Gini Coefficient (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age
Parametric 10.13 11.34 12.73 6.53 10.17 15.03 8.27 11.14 5.29

Non-parametric 22.08 23.35 21.90 19.46 21.97 22.35 21.59 22.89 21.86

born
Parametric 0.30 0.09 0.45 1.11 0.21 0.19 0.55 0.31 1.26

Non-parametric 1.36 1.26 1.64 2.26 1.40 1.45 1.89 1.61 2.85

family16
Parametric 0.63 0.96 1.56 1.40 1.77 1.28 1.34 1.85 0.44

Non-parametric 3.00 3.12 3.70 3.77 3.55 4.07 3.92 4.39 3.13

incom16
Parametric 5.64 3.68 4.52 2.10 4.72 3.11 1.88 3.39 3.16

Non-parametric 10.55 10.39 11.06 8.90 9.36 9.70 9.35 10.43 10.57

pareduc
Parametric 3.94 3.85 4.03 9.03 6.72 4.27 4.85 4.02 4.85

Non-parametric 10.69 10.46 11.42 12.54 12.21 10.73 10.95 9.46 11.14

parsei10
Parametric 4.49 6.16 5.54 4.81 6.17 4.11 5.36 5.93 6.21

Non-parametric 10.47 11.34 11.34 11.38 12.06 10.71 11.05 11.68 11.90

race
Parametric 3.63 1.95 1.63 3.79 1.08 2.27 3.81 3.53 1.41

Non-parametric 6.01 4.77 5.42 5.97 4.43 5.90 7.04 6.49 4.77

reg16
Parametric 7.02 3.54 3.28 10.99 8.20 2.87 5.31 3.50 2.78

Non-parametric 16.81 15.31 14.14 17.95 16.10 15.13 16.55 15.64 14.03

sex
Parametric 12.44 13.08 14.68 12.18 11.53 13.49 9.57 9.25 13.32

Non-parametric 12.17 13.40 14.21 10.96 10.94 13.67 10.44 10.79 13.02

sibs
Parametric 2.24 1.17 0.36 2.34 3.98 1.23 2.26 1.81 1.56

Non-parametric 6.87 6.59 5.17 6.82 7.98 6.27 7.21 6.63 6.74

Notes. Values are percentages and rounded to the second decimal.
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Table A.9. Comparing Parametric and Non-parametric estimates of the Relative Contribution
of Circumstances to Total Inequality in Income Using the MLD Index (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age
Parametric 5.86 5.60 7.31 3.40 6.09 8.49 4.07 6.02 2.21

Non-parametric 21.12 22.39 21.54 20.53 23.71 22.93 21.83 21.81 20.20

born
Parametric 0.12 0.02 0.28 0.35 0.01 0.03 0.14 0.05 0.38

Non-parametric 1.46 1.66 1.37 1.93 1.46 1.32 1.62 1.55 2.23

family16
Parametric 0.09 0.20 0.71 0.57 0.80 0.27 0.39 0.57 0.07

Non-parametric 3.19 3.17 3.22 3.47 3.23 3.90 3.50 3.75 3.24

incom16
Parametric 2.03 0.89 1.47 0.07 1.34 0.87 0.54 0.67 0.57

Non-parametric 10.12 9.94 10.26 9.75 9.41 10.14 10.45 10.29 10.33

pareduc
Parametric 1.71 1.44 1.85 5.72 3.75 2.26 1.97 1.75 1.95

Non-parametric 9.45 9.44 10.52 11.52 10.17 9.85 9.78 8.92 9.33

parsei10
Parametric 1.85 2.02 2.01 2.06 3.13 1.25 1.73 2.18 1.62

Non-parametric 9.16 9.04 9.52 10.16 10.27 9.79 10.10 9.91 9.79

race
Parametric 2.44 0.79 0.69 2.54 0.46 1.05 2.26 1.67 0.52

Non-parametric 5.22 4.55 4.60 5.55 4.36 5.42 6.11 5.54 4.64

reg16
Parametric 3.17 0.92 1.28 5.59 3.95 0.86 1.81 1.26 0.49

Non-parametric 17.07 16.11 15.01 17.71 16.92 16.44 17.23 17.60 15.93

sex
Parametric 7.37 6.39 7.77 7.90 7.92 6.92 4.60 4.34 5.39

Non-parametric 8.09 9.05 9.74 8.20 7.99 9.16 7.59 7.57 8.59

sibs
Parametric 0.59 0.23 0.26 0.79 2.10 0.28 0.70 0.47 0.45

Non-parametric 6.12 6.70 6.19 6.50 6.86 6.31 6.48 5.76 6.11

Notes. Values are percentages and rounded to the second decimal.
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Table A.10. Estimates of the Relative Contribution of Circumstance Variables to IOP in the
Parametric Model with Interactions Using the Gini Coefficient (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age 18.51 23.83 25.64 10.60 18.26 29.60 17.09 22.72 12.14

born 0.46 0.10 0.72 1.82 0.34 0.37 1.20 0.45 3.24

family16 1.01 1.69 2.44 2.03 2.80 2.11 2.37 3.72 1.01

incom16 10.73 7.50 9.36 3.08 7.91 6.13 3.65 6.87 7.65

pareduc 7.49 7.95 7.96 16.47 11.58 8.37 11.33 8.91 11.84

parsei10 9.33 12.35 10.47 8.61 10.75 7.88 12.02 12.10 14.51

race 5.31 3.47 3.69 4.45 2.57 3.69 4.57 5.69 2.62

reg16 13.05 7.43 6.53 17.94 14.16 5.64 10.87 7.56 7.17

sex 22.84 27.09 28.91 21.49 21.01 26.15 19.84 19.59 30.67

sibs 4.00 2.41 0.70 3.88 7.16 2.40 4.40 3.46 3.56

Black pareduc 2.53 1.92 1.42 3.61 1.25 2.28 4.93 2.72 1.85

Black parsei10 2.04 1.06 0.59 2.37 0.52 1.28 4.16 2.50 1.09

Black South16 1.33 1.58 0.96 1.50 1.03 2.62 1.84 1.05 1.30

extremInc pareduc 0.62 0.60 0.34 1.04 0.33 0.50 0.70 0.80 0.58

extremInc parsei10 0.76 1.01 0.26 1.11 0.34 0.99 1.03 1.86 0.78

Notes. Values are percentages and rounded to the second decimal.

Table A.11. Estimates of the Relative Contribution of Circumstance Variables to IOP in the
Parametric Model with Interactions Using the MLD Index (2002-2021)

2002 2004 2006 2008 2012 2014 2016 2018 2021

age 22.45 29.84 31.57 10.12 20.64 34.97 23.30 30.28 14.92

born 0.19 0.10 0.82 1.15 0.00 0.10 1.66 0.29 2.46

family16 -0.19 1.20 2.41 1.09 1.35 0.97 2.00 2.82 0.30

incom16 6.44 3.81 7.27 1.82 5.96 4.32 1.42 3.65 3.77

pareduc 5.78 6.46 7.63 20.36 11.63 9.07 11.46 9.19 13.15

parsei10 6.74 9.98 6.65 6.74 9.18 4.41 9.48 10.06 12.05

race 5.80 4.10 2.10 4.13 2.50 2.29 2.87 5.93 2.59

reg16 14.07 4.29 5.19 14.36 12.72 5.25 8.76 6.90 4.06

sex 30.51 34.74 33.41 28.87 26.69 28.64 26.41 22.42 38.15

sibs 2.20 1.14 0.07 1.54 5.86 1.66 3.75 2.50 3.02

Black pareduc 2.09 1.71 0.68 4.07 0.97 1.12 3.90 1.72 1.38

Black parsei10 0.75 0.76 0.50 2.74 0.56 0.70 2.13 0.94 0.88

Black South16 1.58 0.88 0.87 2.46 1.26 5.34 1.90 0.95 1.45

extremInc pareduc 0.79 0.28 0.29 0.54 0.24 0.40 0.39 0.62 0.63

extremInc parsei10 0.82 0.70 0.55 0.00 0.45 0.78 0.58 1.74 1.22

Notes. Values are percentages and rounded to the second decimal.

43



Table A.12. Parametric Estimates of the Relative Contribution of Interacted Circumstance
Variables to IOP Using the Gini Coefficient (2002-2021)

Year
incom16

pareduc parsei10
race reg16 Black

pareduc

Black

parsei10

Black

South16

extremInc

pareduc

extremInc

parsei10Other

income

classes

Extreme

income

classes

Non-black Black
Other

regions

Southern

regions

2002 0.099 0.008 0.075 0.093 0.024 0.029 0.099 0.031 0.025 0.020 0.013 0.006 0.008

2004 0.058 0.017 0.080 0.123 0.006 0.029 0.055 0.020 0.019 0.011 0.016 0.006 0.010

2006 0.084 0.010 0.080 0.105 0.022 0.015 0.050 0.016 0.014 0.006 0.010 0.003 0.003

2008 0.023 0.007 0.165 0.086 0.011 0.033 0.142 0.038 0.036 0.024 0.015 0.010 0.011

2012 0.075 0.004 0.116 0.107 0.004 0.022 0.107 0.035 0.013 0.005 0.010 0.003 0.003

2014 0.050 0.011 0.084 0.079 0.010 0.027 0.033 0.024 0.023 0.013 0.026 0.005 0.010

2016 0.035 0.001 0.113 0.120 0.003 0.043 0.076 0.032 0.049 0.042 0.018 0.007 0.010

2018 0.061 0.008 0.089 0.121 0.024 0.033 0.043 0.033 0.027 0.025 0.010 0.008 0.019

2021 0.072 0.004 0.118 0.145 0.007 0.020 0.047 0.024 0.019 0.011 0.013 0.006 0.008

Notes. Values are percentages and rounded to the second decimal.

Table A.13. Parametric Estimates of the Relative Contribution of Interacted Circumstance
Variables to IOP Using the MLD Index (2002-2021)

Year
incom16

pareduc parsei10
race reg16 Black

pareduc

Black

parsei10

Black

South16

extremInc

pareduc

extremInc

parsei10Other

income

classes

Extreme

income

classes

Non-black Black
Other

regions

Southern

regions

2002 0.061 0.003 0.058 0.067 0.031 0.027 0.105 0.036 0.021 0.008 0.016 0.008 0.008

2004 0.021 0.017 0.065 0.100 0.001 0.040 0.037 0.006 0.017 0.008 0.009 0.003 0.007

2006 0.064 0.009 0.076 0.066 0.013 0.008 0.041 0.011 0.007 0.005 0.009 0.003 0.005

2008 0.014 0.005 0.204 0.067 0.004 0.037 0.119 0.025 0.041 0.027 0.025 0.005 0.000

2012 0.060 0.000 0.116 0.092 0.000 0.025 0.095 0.033 0.010 0.006 0.013 0.002 0.005

2014 0.033 0.010 0.091 0.044 0.004 0.019 0.028 0.025 0.011 0.007 0.053 0.004 0.008

2016 0.014 0.000 0.115 0.095 0.000 0.028 0.068 0.019 0.039 0.021 0.019 0.004 0.006

2018 0.029 0.007 0.092 0.101 0.027 0.033 0.021 0.048 0.017 0.009 0.010 0.006 0.017

2021 0.033 0.004 0.131 0.120 0.007 0.019 0.025 0.015 0.014 0.009 0.014 0.006 0.012

Notes. Values are percentages and rounded to the second decimal.
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