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Abstract

Theoretical and empirical studies exploring theee of income inequality upon
growth reach a disappointing inconclusive resuttisTpaper postulates that one reason
for this ambiguity is that income inequality is @aly a composite measure of
inequality of opportunity and inequality of returtzseffort. They affect growth through
opposite channels, so the relationship betweeruadgyg and growth depends on which
component is larger. Using the PSID database 6t . 1970, 1980 and 1990 we find
robust support for a negative relationship betwaequality of opportunity and growth,

and a positive relationship between inequalityatfims to effort and growth.
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1. Introduction

A surge of literature on the effect of income inakify on growth has emerged over the
last two decades, leading to controversial conchsi This literature suggests many
channels through which inequality can affect growfkccumulation of savings

(Galenson and Leibenstein, 1955), unobservablerteffdirrless, 1971), and the

investment project size (Barro, 2000) are somehef iinain routes through which
inequality may enhance growth. On the contraryquadity can negatively affect

growth through the following channels: unproduciiveestments (Mason, 1988), levels
of nutrition and health (Dasgupta and Ray, 198émand patterns (Marshall, 1988),
capital market imperfections (Banerjee and Newnid@i93; Galor and Zeira, 1993),
fertility (Galor and Zang, 1997), domestic marketes(Murphy et al., 1989), political

economy (Persson and Tabellini, 1994), and politiestability (Alesina and Perotti,

1996). Thus, overall inequality would affect growtbsitively or negatively depending
on the channels that dominate.

However, the vast empirical literature does notdatk that any of these channels has a
predominant influenceAs a result, the empirical relationship betweenguadity and
growth is also ambiguodsThis ambiguity tends to be justified through thelity and
type of data (Deininger and Squire, 1996; Pani2882), the inconsistent nature of
inequality measures (Knowles, 2001), the type efjirality index (Székely, 2003), the
econometric method (Forbes, 2000), the model spatidn (Panizza, 2002) or the set
of countries considered and their degree of devetoy (Barro, 2000y.Moreover, as
pointed out by Partridge (1997 and 2005), Barr@d(@0Bleaney and Nishizama (2004)
and Voitchovsky (2005), this ambiguity can be dodhe fact that income inequality
has distinct offsetting avenues affecting subsegeawth in different ways. For
instance, the variation in the relationship betweerguality and growth with income
level and the presence of non-linearities coultectfthese alternative offsetting ways

by altering economic incentives.

2 Surveys on this issue can be found in Bénabou6jl9Bourguignon (1996), Aghion et al. (1999),
Bertola et al. (2005) and Ehrhart (2009).

% See Banerjee and Duflo (2003) on the inconclusiserof the cross-country empirical literature on
inequality and growth.

4 Ehrhart (2009, p. 39) acknowledges that the oveattier inconclusive econometric results sugdest t
either the data and the instruments are not sefficio estimate the true relationship between iakiyu
and growth or the transmission mechanisms reallwak are different from those mentioned in the
literature.



Following this line of inquiry, we claim that an portant reason for this ambiguous
relationship is that income inequality is actualycomposite measure ofequality of
opportunity(I0) and inequality of returns-to-effort (IB)rollowing Roemer (1993) and
Van de Gaer (1993), 10 refers to that inequalitgnsning from factors, called
circumstances beyond the scope of individual responsibilitykeli race and
socioeconomic background (i.e., proxy by parentication or wealth), while IE
defines the income inequality caused by individeaponsible choices, like the number
of hours worked or the occupational choice. Rougipigaking, total inequality can be
viewed as the result of heterogeneity in circunstanwhich involves individual initial
conditions, and the exerted effort, which basicdlas to do with individual control
variables. We hypothesize that these two typeseduality affect growth in opposite
ways. On one hand, IO would reduce growth as briahuman capital accumulation by
individuals with better social origins, rather thap individuals with more talent or
skills (Loury, 1981 and Chiu, 1998)0n the other hand, income inequality among those
who exert different effort can stimulate growth &ese it may encourage people to
invest in education and effort (Mirrless, 1971)eThain goal of this paper is to test this
hypothesis. For this task, we combine the empiriggbwth literature from
macroeconomics and the inequality-of-opportunitgrature from microeconomics. A
discussion on both these literatures and how tla@ybe linked is presented in Section
2.

Data requirements for comparing inequality of ineoacross states or countries are
severe (Deininger and Squire, 1996), but compasigdniO and its estimation are even
more stringent (Lefranc et aR008). This is because empirical analysis of IQuies
not only comparable measures of individual displesabcome but also individual
circumstances or social origins measured in a coab@ and homogeneous way.
Furthermore, there are only few databases withrimédion on individual circumstances
or social origins and in these cases the numbairofimstances is usually small. In
addition, to test for long-term effects on growite also need the value of IO for at
least two distant periods of time, generally teargg(Barro and Sala-i-Martin, 1991).
This last requirement limits even more the avaligbof databases. To the best of our

knowledge, the Panel Survey Income Dynamics (P8Hdbase is the only exception

®> Though not considered in this paper, another ptessburce of inequality is luck (Lefranc et aD0®).
® A similar reasoning is found in World Bank (20@8)d Bourguignon et al. (2007b).
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that satisfies both requirements and is rich enoughterms of cross-sectional
heterogeneity, variables, observations and circamests. This and other databases are
discussed in Section 3, and a sensitivity analysth the IPUMS-USA database is
considered in Section 5 (this database contaimge laamples but it only includes one
circumstance, i.e., race). Given these databasttions, to fulfill the overall objective
of the paper, we measure total inequality, 10, Ehat the U.S. state level (Section 3).
For this task, we use refined data from the PSiDalkse, and decompose total
inequality into inequality across groups (classifley race and parental education, the
two observed circumstances), and inequality withiiaups, by applying the Theil 0
decomposition technique. The first component wel the proxy for 10, while the
second component will be the proxy for IE.

In Section 4 we present the results of standaehlipooled-OLS estimations for total
inequality, 10, and IE according to a small modethére only a few number of controls
are specified) and a base model (where a largeofsebntrols are considered). In
addition, Durlauf and Quah (1999), Panizza (206®ttridge (1997 and 2005), and
Barro (2002), among others, emphasize the needdade an extensive sensitivity
analysis to supplement any reduced form regresasnahysis, in order to demonstrate
how robust the found results are across alternatm@nometric techniques, model
specifications and non-linearities. Following Paaiz2002) and Partridge (2005), a
sensitivity analysis is also carried out (Sectignld sum, we find that the impact of
overall inequality on growth is positive, as in fidge (1997 and 2005), although it is
non-robust to alternative specifications, as ini2an (2002). On the contrary, the
impact of the 10 component is negative and sigaiftc while the impact of the IE

component is positive and significant. Moreoveegsth correlations are highly robust to
alternative model specifications, econometric téqpies and non-linearities. Our results
would therefore offer a unified explanation for ttveo opposite streams of empirical
results by suggesting that the overall impact ¢éltinequality on growth could be

positive, negative or zero depending on which & #bove two sources of income

inequality dominates in the data.

Our results can be linked to a substantial amotilitepature that treats the relationship
between inequality and growth as an endogenousowmgcthat depends on initial

conditions and capital market imperfections (Gadmd Zeira, 1993, Banerjee and



Newman, 1993, and Aghion and Bolton, 1997, amohgrs). In a multiple steady state
framework with borrowing constraints, these authgpose that higher initial wealth
inequality reduces the opportunity of accessinglitréeo promote many profitable
investment projects, which would have a negativesequence on subsequent growth.
Correspondingly, initial heterogeneity in certaircemstances could lead the economy
into an undesirable equilibrium with high inequalaf opportunity and low growth.
With regards to initial heterogeneity, the histafyslavery is an important one in the
U.S., because it implied a large initial wealth goality between black and white
people. Nevertheless, with respect to the conditibrace, the immigration of Latino
and the history of native indigenous people areo aislevant. With respect to
socioeconomic status, access to high-quality educatin be highly conditioned by the
initial level of parental education or wealth, as will further discuss in Section 2. The
subsequent racial and educational barriers for saoog credit in the presence of
multiple steady states would imply multiple pathisdevelopment for the different
racial and parental educational groups and, as saltrea harmful impact of
circumstance-based income inequality on growth. @sults would also contradict the
alternative and competing hypothesis by Phelan@R0d@ particular, this author states
that in the absence of multiple steady states, wadlegpportunity helps society to
provide incentives to work hard, which would enfegeowth’

A final comment is worth noting. Our results cadr fa proper design of policy. In
particular, general redistributive policies mayre®se investment across individuals
and thus may increase growth, but also may disgeutaobservable effort borne by
agents. On the contrary, selected policies reduléngill promote not only equity — in
the sense of opportunity-, but also economic efficy and growth. We will further

discuss this issue in the final Section 6.

2. The inequality—growth debate and inequality of pportunity

The last decade has witnessed an intensive debaté the effects of inequality on
growth. Meanwhile, the inequality-of-opportunityteliature has also increased in

" Along this line, Rogerson (1985) has proposed Huahe restrictions on agents’ access to credit is
necessary to achieve a Pareto optimal outcome.
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importance during the last decdtl@his section attempts to bring the inequality-of-

opportunity issue into the inequality—growth debate
2.1. The inequality-growth debate

In the inequality—growth literature two sets of matsdhave been proposed: models
where inequality is beneficial for growth and madelhere inequality is harmful for
growth. On one hand, we find three main reasonsafpositive relationship between
inequality and growth. First, income inequality fandamentally good for the
accumulation of a surplus over present consumpsioice the rich have a higher
marginal propensity to save than the poor (Kaldbgpothesis). Then, more unequal
economies grow faster than economies charactetizeé& more equitable income
distribution if growth is related to the proporti@i national income that is savéd.
Second, following Mirrless (1971), in a moral hazaontext where output depends on
the unobservable effort borne by agents, rewartfiagemployees with a constant wage,
which is independent from output performance, wicourage them from investing
any effort (Rebelo, 1991). Third, under imperfecedit markets, since investment
projects often involve large sunk costs, wealthdset® be sufficiently concentrated in
order for an individual to be able to initiate ameédustrial activity. Barro (1997)
proposes a similar argument for education. Accalgininvestments in physical or
human capital have to go beyond a fixed degre&éctagrowth in a positive manner.

On the other hand, we find three main sets of n®odel which inequality can

discourage growth. The first set refers to modéksconomic development where three
general arguments can be found (Todaro, 1994):0dtive investment by the rich
(Mason, 1988); lower levels of human capital, rign and health by the poor
(Dasgupta and Ray, 1987); and biased demand paité¢he poor towards local goods
(Marshall, 1988). The second set groups modelsnrtifity, models of domestic market
size and models of imperfect capital markets. Adicay to the endogenous fertility

approach, income inequality reduces per capita tirdecause of the positive effect

8 Using theGoogle Academic Seardhol, the term “inequality and growth” appears @08es between
1990 and 1999 but 3,690 times between 2000 and. 20@9term “inequality of opportunity” is shown
696 times between 1990 and 1999 but 1,460 timeweeet 2000 and 2009. However, the entry
“inequality of opportunity and growth” is shown petimes. There is one academic document for each of
the following entries: “inequality of opportunitiesnd growth”, “equality of opportunities and groivth
and “equality of opportunity and growth”. This sefamwas made on May 262009.

° See Galenson and Leibenstein (1955), Stiglitz919&d Bourguignon (1981).
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that inequality exerts on the rate of fertiltfy. Moreover, the production of
manufactures is only profitable if domestic saleser at least the fixed setup costs of
plants. Consequently, redistribution of income rnrayease future growth by inducing
higher demand of manufacturésWealth and human capital heterogeneity across
individuals produces a negative relationship betwgEome inequality and growth
wherever capital markets are imperfect. The redissron the fact that a large fraction
of indivisible investments that are neverthelessefieial at the individual and
aggregate levels cannot be undertaken becausedthssato the credit is limited to the
non poor agents of the populatitnFinally, the third set of models refers to the
political economy literature, where two argumenas ®de found. First, in a median-
voter framework, a more unequal distribution ofome leads to a larger redistributive
policy and thus to more tax distortion that detprivate investment and growtf.

Second, strong inequality may result in politicadtability*

As a conclusion from the last two paragraphs, iagtyumay affect growth through a
large variety of opposite routes. Therefore, fromtheoretical perspective, the
prevalence of a positive or negative relationskl@wieen overall inequality and growth
depends on which channel predominates. This fadeely reflected by the empirical
evidence linking income inequality to economic gtlowcross-sectional and panel data
studies are generally inconclusive. Cross-sectiomahlysis showing a negative
relationship between both dimensions include, amotigers, Alesina and Rodrik
(1994), Persson and Tabellini (1994), Clarke (192®)otti (1996), Alesina and Perotti
(1996) and Alesina et al. (1996). However, othethars find a positive relationship
between growth and income inequality, such as iHger(1997 and 2005), Zou and Li
(1998) and Frank (2009). Barro (2000) shows a wfight relationship between both
variables when using panel data, while Forbes (R@i@fls a positive relationship. In
fact, Forbes’ results suggest that overall inequalas a significant positive effect upon

growth in the short and medium term, while Pareidg005) finds that inequality is

19 See Galor and Zang (1997), Dahan and Tsiddon §1988rand (1998), Khoo and Dennis (1999),
Kremer and Chen (2002), and de la Croix and Do¢p&é3).

! See Murphy et al. (1989), Falkinger and Zweimii{le%97), Zweimidiller (2000) and Mani (2001).

2 See Banerjee and Newman (1991), Galor and Ze9@3{] Bénabou (1996), Aghion and Bolton (1997)
and Piketty (1997).

13 See Perotti (1992 and 1993), Alesina and Rodi@#94), Alesina and Perotti (1994) and Persson and
Tabellini (1994).

14 See Gupta (1990), Tornell and Velasco (1992), iAesand Perotti (1996), Alesina et 41996),
Svensson (1998) and Keefer and Knack (2002).
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positively related to long-term growth, this retaiship being less clear in the short-run.
Panizza (2002), using a cross-state panel, finodgesvidence in support of a negative
relationship between inequality and growth, thotigis relationship is not robust to
different econometric methods and regression spatins. And Barro (2008), using a
non-linear equation, finds a negative and significeffect of inequality on growth for
poor countries, while a positive but insignificaftect of inequality on growth for rich
countries. Given these different findings in therkture, we propose to analyze the

inequality and growth relationship using the 10 cept.
2.2. Inequality of Opportunity and growth™

Traditionally, equality of opportunity was undemtibas the absence of barriers to
access education, and all positions and jobs, laadaict that hiring was meritocratic.
Race, class and gender should have no bearingeoméhit of the individual. In this
approach, individuals are completely responsibletifi@ir outcome (income, health,
employment status, or utility), and, as a consegegertotal inequality is due to
individual responsible choices (Lucas, 1995). Ra@B®71) and Sen (1980 and 1985)
challenged this traditional view to invoke a morengral notion. They argued that
equality of opportunity actually requires compemgatpersons for a variety of
circumstancedeyond one’s control. This conception, which hasrbdeveloped over
the last two decades, considers that equal opptytpolicies must create aével
playing field, after which individuals are on their owh.The “Yevel playing field
principle recognizes that an individual's outcors&ifunction of variableseyondand
within the individual's control, called circumstancesg(g.socioeconomic, cultural
background or race) and effort (e.g., investmenhuman capital, number of hours
worked and occupational choice), respectiVélylO refers to those outcome
inequalities that are exclusively due to differesitcumstances. Individuals are,

therefore, only responsible for their effort.

'3 It is commonly used in the literature either tlenaept of equality of opportunity or inequality of
opportunity.

' See Roemer (1993, 1996, 1998 and 2002), Van de (®@@3), Fleurbaey (1995 and 2008), Roemer et
al. (2003), Ruiz-Castillo (2003), Peragine (2002 &004), Betts and Roemer (2007), Moreno-Ternero
(2007), Ooghe et al. (2007), Fleurbaey and Manid@607), Bourguignon et al. (2007a and 2007b),
Lefranc et al. (2008 and 2009), Rodriguez (2008jreira and Gignoux (2008) and Checchi and Peragine
(2010).

" Using the dynamic programming language, circuntstarcan be seen as state variables, while effort
and other choice — or control — variables can le@ s functions of those state variables.
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The important role of circumstances has been engaths the literature. For instance,
Arrow et al. (2000), Hertz et al. (2008), Blume dndrlauf (2001), Durlauf (2003) and
Loury (1989; 1999) have found strong evidence frsistent inequality, which is not
attributable to discrimination between individuatsit rather to factors such as social
networks, poor education quality and intergenenaidnertia. Furthermore, Roemer
(1998 and 2000) and Bowles et al. (2005), amongrethhave emphasized that
circumstances can affect the realization of takemd, thus, the full achievement of a
purely meritocratic society. These authors havevshihat even if individuals have high
inborn talent, the likelihood of their being abterealize the benefits of that talent (for
example, in terms of admission to university oreascto employment) will be affected
by social conditions. Therefore, the meritocracprapch can be seen as an extreme
case for which circumstances are not consideredhik paper, we adopt the more
general and modern second approach, which disshgai between total inequality,

inequality of opportunity and inequality of retustzseffort.

The literature on inequality-of-opportunity has ntiléed the following channels
through which parents can affect the income earrtagacity of their children
(Dardanoni et al., 2006): wealth; provision of sda@onnections which are relevant in
the labor market; formation of skills in childrehrough family culture and investment;
genetic transmission (like native ability and raaa)d, instillation of preferences and
aspirations. Given these factors and the restristimposed by data availability, this
literature has widely used the level of parentalcadion or occupational status as a
proxy for the first three factors, and the ethnioup or race as a direct measure of the
fourth factor’® In this paper, we use parental education and emcehe causal
determinants of 10. Now, we show several existingtes in the growth-inequality

literature of how these two circumstances can afeanomic growth.

Following the pioneering works of Banerjee and Nemn(1991) and Galor and Zeira
(1993), a consensus is emerging that in the preseihlborrowing constraints, a higher
initial wealth inequality has a negative effecttba long-term economic growth. These
authors emphasize the existence of multiple ststatg equilibrium paths, which cause

a convergence trajectory that will depend, amorgrothings, on initial inequality. In

8 See the references in footnote 16. Note that @asbility or talent may be considered as a
circumstance; however, this variable is controwras it might reflect a person’s past effort (azhid),
and hence it is not obviously something for whigteason should not be held accountable.
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this context, people with unfavorable initial cinastances (because of their race and/or
parent’s education) will face considerable barriensaccessing credit, regardless of
their talent and degree of effort exerted. As alteshey will obtain lower returns on
their effort with a negative consequence on growthother general argument to
support the negative effect of initial IO on grovadin be inferred from Heathcote et al.
(2008), which focus on the implications of missingurance markets rather than on
borrowing constraints. They emphasize that it i@somable to believe that society
cannot provide insurance against one’s circumstficeour case, race and parental
education) and the non-pecuniary discriminationoeissed with them. As a
consequence, income allocation based on thoseuwrahlie factors would be inefficient

and would harm growth.

Arguments based on one particular circumstanceakse found in the literature. For
instance, Chiu (1998) shows that, under liquidibtystraints and decreasing marginal
utility, a more equitable distribution of wealth ang parents improves economic
performance. If wealth is redistributed from rial poor, rich parents would stop
sending their less talented children to collegaleylamong poor parents, more talented
children would be afforded the chance to go toegal (Loury, 1981 and Bénabou,
1996). As a consequence, aggregate human capltahevease and, therefore, so will
growth. Another example can be found in Ferreir@0(d, where productivity and
wages are determined by the quality of the schoelaitends (see also Bénabou, 2000)
Under borrowing constraints, children from poor@milies would not be able to attend
private schools, and would thus go to public scio@In the contrary, richer families
would send their children to private schools aretawuse they are willing to pay high
fees, these schools would provide high-quality etlon. Then, if public school
budgets are determined by the level of taxatiod,the pivotal voter is wealthy enough
to send their children to private school, the funelseived by public schooling would
be low. As a result, children from initially rictarhilies will stay rich because they
attend high-quality schools, while children fronitiadly poor families will stay poor
because they attend low-quality schools. Removnng inequality trap could enhance
both equity and growth.

If we focus on a theoretical framework where thstdry-dependent initial conditions

yield path-dependent outcomes, an obvious examgleei U.S. is the history of race. A
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large initial wealth inequality between black slaymdigenous natives and Latinos, and
whites, combined with subsequent racial barriersaficessing credit, would justify a
negative effect of inequality of opportunity (dweraice) on growth under a modela
Galor and Zeira (1993). Alternatively, we can adasedhe model proposed by Easterly
and Levine (1997), which report a negative impddtbnic heterogeneity on growth; or
the model by Gradstein and Justman (2002), whichhasizes the negative effect of
racial and ethnic heterogeneity on social normg thaurn, lower the effectiveness of
education on growth; or the model by Galor et 2009), where land concentration,
which is highly correlated with the proportion eicome inequality explained by race,
adversely affects the implementation of human ehpitomoting institutions like public
schooling and child labor regulations.

3. Inequality of Opportunity in the U.S.

In this section we estimate the 10 in the U.S. king depurated data of the Panel
Survey Income Dynamics (PSID) database for 26 siat¢éhe 1970s, 1980s and 1990s.
First, we describe the database; next, we predemtntethod; and finally, after

describing the sample design, we show the 10 ettna

3.1. The database

As commented in the Introduction, the data requami® for measuring 1O indices are
severe. We need microdata of comparable measuregsligfdual disposable income
and observed circumstances that span at least éwadds and cover a large enough
cross-section of countries or states. In this respeis worth noting the importance of
having at least two observed circumstances wherpating 10. Let us suppose that 10
estimates reflect only one factor (i.e., race)this case, too muchon-estimatedO
coming from omitted circumstances (i.e., parentsaation) would remain in the IE
component. In fact, by using only race informatiestimates of 10 will be close to zero
for those countries or states with an overwhelnyinghite population. Moreover, when
including two or more circumstances, the 10 estewato not only reflect the relevance
of each circumstance, but also their interactions.,(between race and parents’
education). Individual poor opportunity may be ey the concurrence of two or

11



more unfavorable circumstances, instead of a simgleumstance, because they

reinforce each other.

While many databases satisfy some of the aboveiatests, the Panel Survey of
Income Dynamics (PSID) database (for U.S. stagegpithe best of our knowledge, the
only exception that satisfies all of the above muments and can be used to
characterize the 10-growth relationsfipThe PSID is a household panel which began
in 1968 and is still running. The survey was coridd@nnually from 1968 to 1997, and
then every other year. The initial sample for tH&lDP consists of two independent
probability samples. The first one is an equal pholity sample of households from the
48 contiguous states (based on a stratified madjestselection of the civilian
noninstitutional population of the U.S.) drawn InetSurvey Research Center (SRC);
the second one is a national sample of low-incomeséholds drawn by the Survey of
Economic Opportunity (SEO). The combination of bathalso a probability sample,
with unequal selection probabilities and, as altesompensatory population weighting
would be needed in the estimation of inequalitydad. Fortunately, the PSID supplies
these weights, which indicate how many personseénu.S. population are represented
by a given observation in the sample. These weighgsdesigned to compensate for
unequal selection probabilities and differentiafigon.?°

' Among other databases, the Survey on Income, Baciasion and Living Conditions in Europe (EU-
SILC) database gives information on individual disgble income and circumstances for most European
countries. However, this survey is valid only f@03, since it is the only year for which informatits
available on parental level of education. The Irdégfd Public Use Microdata Series-CPS (IPUMS-CPS)
database is an integrated set of data from 49 y&862-2010) of the March Current Population Survey
(CPS) in the U.S. (i.e., see King et al., 2010)fdoiunately, this database does not provide infdiona

on parent’'s education and it is not representdiivstates. The Integrated Public Use MicrodataeSeri
USA (IPUMS-USA) database consists of a series oédeial individual-level representative samples of
the U.S. for the years 1850-1880, 1900-2000, thu@nAmerican Community Surveys of 2000-2007,
and the annual Puerto Rican Community Surveys 662007 (see Ruggles et al., 2010). This database
represents all persons in each state but doesrowilp information on parents’ education. Furthereno
racial categories have not been very consistetitria since non distinction was made between whites
and Hispanics people before 1980. The studiddtm//www.econ.umn.edu/~fperri/Cross.htral project
sponsored by the Review of the Economic Dynamicssider databases with information on individual
income; however, they do not feature informatioriratividual circumstances such as parental educatio
Finally, Roemer et al. (2003), Lefranc et al. (200@ourguignon et al. (2007a), Rodriguez (2008) an
Cogneau and Mesplé-Somps (2009) have consideretiogeheous data with circumstances, but for a
few countries and specific years.

20 A representative sample of 2,043 Latino (Mexid@nban, and Puerto Rican) households was added to
the PSID data in 1990. However, this sample missgdisians, and because of this crucial shortcoming
and a lack of sufficient funding, the Latino samplas dropped after 1995. To avoid longitudinal
inconsistencies, we have not considered the La@mople in our study. For more information about the
PSID database visit: http://psidonline.isr.umicli/&lide/.
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The quality of the PSID database has been contjnassessed by comparing different
distributions from this database with their equevdlin other sources. For instance,
Gouskova and Schoeni (2010) have compared estiroafamily income between the
PSID and the March Current Population Survey (OBShhe entire history of the PSID
(1968-2007)* They find that the distributions are in close agnent throughout the
39-year history of the PSID, above all in the rabhgeveen the 5th and 95th percentiles.
Therefore, the PSID database contains information iwdividual income and
circumstances, and it is widely believed to be ljigitcurate. Nevertheless, a problem
remains in that while the data are representativa aational level, they may not be at
the state level. To minimize this problem, we hmagle a reasonable selection of data,
states and decades, as commented below (Section BI8reover, an extensive
robustness analysis is carried out in Section &rder to evaluate the sample selection
bias. In addition, in Section 5.5., we have repédaour main results for the IPUMS-
USA database.

3.2. The estimation approach

Consider a finite population of discrete indivicmahdexed by O {1, ..., N}. As is
standard in the inequality-of-opportunity literauthe individual incomsy;, is assumed
to be a function of the amount of effod, and the set of circumstancé&s, that the

individual faces, such thay, = f(C,,e). Effort is treated as a continuous variable,
while, for each individual, C; is a vector of] elements, each element corresponding to

a particular circumstance. Finally, circumstanaesexogenous because they cannot be

affected by individual decisions, while effort isfluenced, among other factors, by

circumstances. Consequently, individual incometmarnewritten asy, = f[G, ()] .

In order to estimate 10, the population is panigd into a mutually exclusive and
exhaustive set of typds= {Hy, ..., Hu}, where all individuals in each typa share the
same set of circumstances. ThaHs[1 H, O ... O Hy ={1, ..., N}, H,n Hs=0, Or
ands, andC; = Cy, Ui andk |i 0 Hy andk O Hy,, Om. Furthermore, let us assume that
the distribution of effort exerted by individual$ type or groupm is F™ and that

e(r) is the level of effort exerted by the individualtee 77" quantile of that effort

L The CPS is the most widely used data source fsesectional estimates of family income in the.U.S
which is the basis for the government’s officidimstes of income and poverty.
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distribution. Given the typen, we can define the level of income obtained by the

individual at the 7" quantile as v"(7)=y"e\m]. Now, let n0[01],

v=(v1,...,vM) be a partiton of income into M groups, and
v:UOl V() dﬂjol v (1) dﬂ) be theM-dimensional vector of average incomes,

where each element represents the expected incaneadh origin category or typa
Furthermore, ley be the space of joint income distributions andwistancesy| C}

and othe space of possible divisions of the population.

In order to fulfill the aim of this paper, we neddecompose overall inequality into 10
and IE components. Following Moreno-Ternero (20R89driguez (2008), Ferreira and
Gignoux (2008) and Checchi and Peragine (2010), ngmothers, we define
0: yxd - R* as 10 =1(v), wherel is an inequality inde& In this manner,
whenever total inequality can be additively decosgumb by population groups
according to a set of circumstances, the 10 term lba seen as a between-group
inequality component, while the IE term can benmteted as a within-group inequality
component. Among all the possible inequality indi¢kat fulfill the basic principles
found in the literature on inequalif§,only those of the Generalized Entropy class are
additively decomposable into a between-group andwithin-group component
(Bourguignon, 1979, Shorrocks, 1980, and Cowel809Consequently, we adopt the
mean logarithmic deviation or Theil ON)( because it belongs to the Generalized
Entropy class, has a path-independent decompogkmster and Shneyerov, 2000), and
uses weights based on the groups’ population shfige Theil 0 index can be exactly

decomposed as follows:

2 1n an early debate in the conceptual literatureequal-opportunity policies, Roemer (1993) proposed
taking the minimum (across types) at each cenfiléhe conditional distribution of income, and then
averaging across centiles, in the so-called “mdamins” approach. Alternatively, Van de Gaer (1993)
proposed first averaging across centiles, and takimg the minimum across types (a “min of means”
approach). Thus, Roemer’s approach requires megsincome differences between types by centiles,
while Van de Gaer’'s method only measures inconferdifices between types at the mean.

% The principle of progressive transfers, symmdtyariance to changes in scale and replicatiorhef t
population (Cowell, 1995 and Sen and Foster, 1997).

“* The path-independent property implies that theiltesf the decomposition is independent of the
component that is eliminated first, the within-godnequality or the between-group inequality. THeil

0 index has a value between 0 andwith zero representing an equal distribution &igher values
representing a higher level of inequality. For striution X, with meanyy, the Theil 0 index is defined
as:

Hx
X

T(X) =Zwi In
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TV =T+ p 1), )

where T(v) is the between-group component (the 10 term), Wwh calculated by

applying the Theil 0 index to the vector, and the second term is the within-group
component (the IE term), which captures the inconsguality within each typen,
weighted bypn, the frequency of typen in the populatiod? In this manner, the two
sources of income differences, circumstances afodt,e€an be included separately in
the inequality-growth regressions conducted iniSeet. For comparative purposes, we
also consider the Gini index to estimate 10. Howethas index does not belong to the
Generalized Entropy class and, therefore, it isaallitively decomposable into within-
group and between-group componéfitds we will see in Section 4, this could yield

misleading results when using the Gini index.

The 10 and IE components can be estimated non-gdraally (Lefranc et al., 2008,

and Checchi and Peragine, 2010) and/or paraméyri@durguignon et al., 2007a, and

Ferreira and Gignoux, 2008). The convenience ohgugine or another approach
generally depends on the available database anddhe under analysis. In this paper,
we use the first approach for several reasonst, Birs non-parametric method does not
assume any particular functional form, while theapaetric method usually assumes
log-linear/linear specifications for its system efuations. Second, the parametric
specification omits various possible interactionm® between circumstance and effort
variables. This assumption requires that the rettoreffort factors be orthogonal to the
set of circumstances, which is an unrealistic aggiom, as commented above and in
Section 2. Third, the possible existence of a welevnumber of unobserved

circumstances and effort variablesorrelated with the observed oresay cause the

wherew; is the relative population weight of observatian

% The remaining members of the General Entropy dfssexample, the Theil 1 index or the square of
the coefficient of variation) use weights based oy on the groups’ population shares but alsdhen
groups’ income shares. These indices then would, dor two groups of the same population size, more
importance to the group with higher incomes.

%6 The Gini index generally fails to decompose addlti into between- and within-group components.
Thus, the Gini decomposition is (see, among othemngibert and Aronson, 1993):

- M
G(V) = G(V) + z mem G(Vm) +R,
m=1
where p,, and g, are the population and income shares for typeespectively. The first term is the

between-groups Gini coefficient, the second teriinéswithin-group component, amlis a residual that
is zero only in the case that group income rangeasad overlap, which does not occur in our case.
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residuals of the parametric regressions not to dieogonal to the regressors. This
would not be a problem if one is interested in\@debound estimation for the overall
effect of all circumstances, as in Ferreira andn@igx (2008F’ However, it may be

relevant for the accuracy of the estimates if anmierested in the effect of a specific
observed set of circumstances on 10, as in Bounguiget al. (2007a). Finally, the
application of the non-parametric method is strdayivard?® Nevertheless, 10 and IE

indices computed according to the parametric metlogy proposed by Ferreira and
Gignoux (2008), which is similar though less conmpyt demanding than the

methodology proposed by Bourguignon et al. (200Zag also considered in the
sensitivity analysis carried out in Section 5.3. i that the main results are robust to

the specific way in which 10 estimates are generate

Thus far, we have developed the measurement ofliabstO indices. However,
Ferreira and Gignoux (2008) also propose the userefative 10 term: the 10 to total
inequality ratio. The problem with the relative i@lex, as these authors acknowledge,
is that it depends, by construction, not only oparunities but also on the returns-to-
effort component. For example, if total inequalitycreases due to a higher IE
component, the relative 10 index would decreaseugh IO has not changed.
Therefore, the use of this relative index is prokdéc. Despite this shortcoming, and in
order to check the robustness of our results tospgezific way of measuring 10, we

have also considered regressions using the |Oiragection 4.
3.3. The sample design

In order to estimate 10, we need to refine the PSHMples. First, we consider
individuals who are household he&d<orrespondingly, gross income is computed as
the household head’s labor income plus the houdetegital income divided by the
number of adults in the household (Roemer et BD32and Rodriguez, 2008). Second,
we remove the s@alled composition effect: individuals with diffeteages are in
different phases of the wagearning time series. To do this, the common pracdtidhe

inequality-of—opportunity literature is the truncation of the gd@s. In particular,

2" The true 10 requires the observation of all cirstances, but this is unfeasible in practice.
Consequently, the estimated 10 should be intergrasea lower bound of the true 10, while the estiéda

IE should be interpreted as an upper bound ofrthelE (Ferreira and Gignoux, 2008).

% The disadvantage of the non-parametric methotasthe frequency of sample observations per type
tends to diminish as the number of types increases.

% The household head is male in married-couple famibut female or male, otherwise.
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studies are usually restricted to household haadsgiven age group, for example, 25
and 50 years old. However, in our case, this gyatould significantly reduce the
number of available observations and, as a resid, accuracy of 10 estimates.
Alternatively, we just restrict the samples to hehusld heads between 18 and 65 and,
following Checchi and Peragine (2010), we regressah gross incomes @xperience
experience squarednd survey years® Then, we take residuals from this regression
and, because they are centered around zero, we eultstant to match the minimum of
the actual serie¥.

Third, as commented above, we consider two circantgts: the father’s education and
race. For the father's education, we assume foougs: no education, primary,
secondary and tertiary educatinfor race, we consider two groups: white and non-
white* Then, combing both circumstances, the sample istipaed into 8 groups or
types (i.e.,M=8), and the estimated inequality-of-opportunitylan is called“|O-
8group”. Four, to neutralize possible outliers, inequalitgices (overall inequality, 10
and IE) in 1970, 1980 and 1990 are the averag® @years, that is, 1969 and 1970,
1979 and 1980, and 1989 and 1990, respectiVely.

Finally, we disregard those states with fewer th@robservations for each decade so as
to have enough heterogeneity to estimaté”l@ this respect, it is worth noting that
each observation in the PSID sample representsaay persons in the U.S. population
as her/his weight indicates. As a result, 50 olm@ms may represent a large

proportion of the state’s population. In this manrie problem of dealing with states

%0 Due to the lack of information about actual expece, we have calculated potential experienceges: a
— age when finished education. The results of tpesgal regressions are available upon request.

%1 In a previous version of this paper (Marrero anodiiyuez, 2010) we truncated the samples to
household heads between 25 and 50 years old. Wimeparing the results in this paper with those & th
previous version, we see that they are robusted@giplied sample selection rule.

32 |Information on mother’'s education is not availafde the whole period. “No education” means 5
grades or less; “primary” education goes from &lggsato 11; “secondary” education refers to 12 ggade
and 12 grades plus non-academic training; andtidtgt education refers to college with or withcat
degree. The results do not change significantlynitheee groups for the father’s education (primary
no education; secondary education; and, tertianga&tibn) are considered.

3 We have split the population into white and oth@mstead of black and others) for two reasonsstfFir
the history of slavery is an important one in th&Ubut the immigration of Latinos and the histofy
native indigenous people are also relevant. Sedoyndloing this we have more observations for some
types, given the fact that white people are anwkelming majority in many states. Nevertheless, we
have replicated the regression analysis in Secdoasd 5 for the black and non-black division, &mel
results are similar. Moreover, in Section 5.5.,csasider the IPUMS-USA database, which has a larger
sample size, and we apply both divisions: white aod-white, and black and non-black. For this
database, 10 estimates are practically equivalent.

% We do not average up to three years because tiie d@%a were subject to nonresponse (24% of the
households) in 1968, the year of its implementation

% The regression results in Section 4 do not vaggiicantly when the criterion of selection changes
20, 30, 70 or 100 observations.
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with fewer than 50 observations is not one of sangke, but rather the lack of
sufficient heterogeneity in the sample to genetta¢edifferent groups or types (8 in our
case) to estimate 10 accurately. Following thigecion, our final sample for 1970,
1980 and 1990 reduces to a set of 26 states distdithroughout the whole territory:
Arkansas, California, Florida, Georgia, lllinoigydiana, lowa, Kentucky, Louisiana,
Maryland, Massachusetts, Michigan, Minnesota, Mg&ppi, Missouri, New Jersey,
New York, North Carolina, Ohio, Oregon, Pennsylgarfsouth Carolina, Tennessee,

Texas, Virginia and Washington.
3.4. Inequality of opportunity in the U.S. by state

For our refined database, Table 1 shows the estingabf total inequality, the absolute
|0 and the relative 10 (for the Gini and the THeiindices) for 1970, 1980 and 19%0.
Figures 1a, 1b and 1c show the decade averagdwesé three inequality measures,

respectively, sorted from the highest to the lovi&isi index.
INSERT TABLE 1 ABOUT HERE

From Figure la, we see that the Theil 0 and the @&xch a similar ranking for the
different states, showing slight differences. hvigrth noting that a direct comparison of
these inequality indices with those published by thS. Census Bureau would be
misleading. Notice first that data from the PSIDreveefined to estimate 10 and not to
estimate total inequality. Thus, Census data refeiamilies, while our data refer to
individuals (household head¥)Second, our samples consider only individuals betw

18 and 65 years old. Finally, we correct incomes ttuthe fact that individuals are at
different phases of the wagearning time series. Despite these transformatitires,

coefficient of correlation between our Gini and @Bmi indices provided by the U.S.
Census Bureau for 1970, 1980 and 1990 is 0.33 (0.8@ composition effect is not

corrected). These numbers, although smaller, disgrwith other comparisons made in

% Due to space constraints, we have omitted fronieTatihe standard errors computed by bootstrapping
(see Davison and Hinkley, 2005, and Cowell and Hdae, 2007). The estimated standard errors for the
income inequality and 10 indices are rather preci$ey are available from the authors upon request.

37 As commented by Deininger and Squire (1996), tiarain the definition of the variables used to
measure inequality —in our case, individuals indtefamilies—can seriously affect the magnitude of
the indicators of inequality and undermine the carapility of the data.
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the literature®® Nonetheless, we are aware that some states, tikansas, Mississippi,
Kentucky and Tennessee, run counter to well estaddi —by the U.S. Census
expectations. To address this possible problemcamey out in Section 5 an extensive
robustness analysis. In particular, we run the 1@amth regressions by dropping all
states in the sample one by one, with special famusthese problematic states.
Moreover, we also compute the inequality and IOidesl using the IPUMS-USA
database, and then run the 10-growth regressiongeieral, we show that the main
results hold.

By comparing the income inequality and 10 averaggiits (Figures 1a, 1b and 1c), we
observe substantial differences between their reyski For example, there exists a
group of states with high total inequality and exttow 10 (absolute and relative), such
as Massachusetts and California, while the oppdsens for states like Louisiana
and Virginia. Additionally, there exist some stat®hose relative position remains
basically unchanged, such as Oregon and Minneatiiah are at the lowest levels of
both dimensions, and New Jersey, South CarolinaFmada, which are at the top of
the three rankings. This finding is consistent wiigures 2.a and 2.b, which, for the
entire pool of observations, show the relationdtgween the Theil O index and the
estimated 10, and between IE and IO indices, rdgmbg. Their coefficients of
determination R?) are 0.45 in Figure 2.a, positive but far fromtynand only 0.21 in
Figure 2.b. This result highlights how those fastaffecting these two dimensions of
inequality should be different. As a consequenue,impact on growth of each variable
should be distinct, as commented in Section 2 atidevdiscussed in more detail in the

next section.

Going back to Figure 1c, we observe that IO estsatpresent a modest percentage of

the total inequality, which is consistent with riésin the literaturé® The existence of

% For example, Panizza (2002) finds, for the U.8test, a correlation of 0.44 between his Gini inslice
(using non refined data) computed from the annejpbrts,Statistics of IncoméSOIl), published by the
Internal Revenue Service, and the Gini indices ipbbl by the U.S. Census Bureau. Another example
that is even more revealing is the correlation tbbetween the Gini indices computed by Deininget an
Squire (1996) and the Gini indices computed by sabilk and Smeeding (1997) for a set of OECD
countries using the same database (the LIS dgtandeth was 0.48.

% Ferreira and Gignoux (2008) find that between &ifie and one third of all income inequality is
explained by opportunities in six countries in bafimerica. Checchi and Peragine (2010) find thss le
than ten percent of all income inequality is expdal by opportunities in Italy.
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additional circumstances capturing differences ppastunity, other than race and

parental education, could explain this re8ult.

INSERT FIGURES 1a, 1b AND 1c ABOUT HERE

Finally, we consider the temporal progression efitidices. As a general trend, we see
that total inequality between the 70’s and the 8§'stable, while it increases between
the 80’s and the 90’s. Note that this progressmwrtansistent with the information
gathered from the U.S. Census Bureau. With respeclO values, its temporal
progression is less clear, and depends on ea&h Btatexample, between the 80’'s and
90’'s, 10 drops significantly in Louisiana and Mgssppi, while it increases
considerably in Maryland, Georgia, lllinois, Newrsky, Massachusetts, Tennessee,
Texas and Virginia. In all other states in the skm|D is relatively constant between
the 80’s and the 90’s. Accordingly, 10 and IE ewlin one direction or another
depending on the case. This finding is consistatit wigure 3. Looking at the entire
data pool, the relationship between 10 and IE ahaianges is positive though small,
showing a coefficient of determination of 0.35, awidjust 0.15 if the two extreme
values shown in the figure are omitted. Thus, aarebeit endogenous individual
behavior response of IE to 10 changes (or vicea)ecannot be inferred from this
simple data analysis. Many other factors such st#tuions or policy actions might be
affecting the evolution of both components in onaywor another. An extensive
analysis of this issue deserves much more attentvbich goes beyond the scope of
this paper.

INSERT FIGURES 2a, 2b and 3 ABOUT HERE

4. Inequality, Inequality of Opportunity and Growth : An Empirical Analysis

In this section we carry out the main task of thaper, which is to characterize the
effect of 10 on growth. We start by presenting tbsults of standard linear pooled-OLS

0 Recall that our IO estimates are interpreted lasvar bound. Another possibility is that income-&as
IO tends to underestimate 10 because the highersunement error and variance for transitory
components in the distribution of income (in conman with the distribution of consumption) may be
effectively counted as inequality of returns tooetfisee Ferreira and Gignoux, 2008).
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estimaté’’ In the following section, we will show long-terntoss-sectional results,
standard random and fixed effects regressions,linearity estimates, and check for
robustness to alternative specifications. As conteteabove, the benchmark analysis
is limited to the 1970-2000 period and to a sekbsiet of 26 U.S. staté$In all cases,
the dependent variable is the growth rate of remégnal income (adjusted by CPI),
divided by total midyear populatio@Y; «s ), in the ensuing time period — i.e., ten years
for the pooled-OLS, random and fixed effects regjmass. Inequality indice$SNEQ, +.,
and all other control variableX;s, are all measured at the beginning of each decade,
which help us to reduce endogeneity errors whenlyeqgp standard regression
techniques. The benchmark regression also incliadg®d per capita real incon¥é,.,
which controls for conditional convergence acrosates*® Finally, we consider

regional,R;, and temporal;, fixed effects'* The reduced-form regression is:
GYi(t—s,t) =a+ ﬁx—s + (ol INEQ—S + 5' R+ ¢ ' I"‘A I >it<—s + git ! (2)

where & encompasses effects of a random nature that areonsidered in the model
and is assumed to have the standard error compsetranture. ThéNEQ vector would
include overall inequality, and/or alternative IBdadO measures, depending on the case

considered.

“1|n the inequalitygrowth literature, the pioneering work of Benab@0@?2) provides explicit structural
equations identifying alternative sources througdticw inequality may affect growth. Moreover, Galor
and Moav (2004) provide a unified theory with aabte implication (inequality affects growth pogély

in low income economies, while the impact is nagatn high income economies) and Bandyopadhyay
and Basu (2005) propose a calibration exerciseieapfd a dynamic general equilibrium model. Instead
this paper is based on an extensive sensitivitjyaiseof reduced-form regressions. In this mannertry

to establish some evidence on the empirical relaligp between different types of inequality (10 4Byl
and growth for future theoretical research.

42 An advantage of dealing with states instead ohwituntries is that heterogeneity within statessdoe
not stem from the political process because, femtiost part, it is similar across the differentegtaMore
importantly, institutional, cultural, religious amather differences are less intensive for U.S.estdlhan
for different countries (Partridge, 1997).

“3 As is the norm in the convergence literature, mplicit assumption is that economic growth is
converging to an equilibrium path that is a funetaf initial conditions (Barro and Sala-i-Marting91).
This assumption may be important, as we will disdossome extent in the following section.

4 Time dummies included are those of the 70s andw8bige the dummy for the 90s is omitted. We also
use a standard and broad classification for redjiemaables (in parenthesis, our selected statesdch
region): West (California, Washington, Oregon and Missourylidwest (Minnesota, lowa, lllinois,
Indiana, Ohio and Michigan)South (Arkansas, Texas, Louisiana, Mississippi, Tenmess@ntucky,
Florida, Georgia, North and South Carolina, Virgiaind Maryland) anblortheast(Massachusetts, New
Jersey, New York and Pennsylvania). The omittedored dummy isNortheast In the pooled-OLS
estimates, all models consider regional and tinmardy variables, while time dummies are omitted ia th
long-run cross sectional estimates, and regionaindig@s are omitted in the fixed and random effects
regressions.
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We assume a ‘small’ and a ‘base’ version of (2peteling on the variables used in X.
Perotti (1996), Panizza (2002) and Partridge (20&®phasize the importance of
considering this distinction. The ‘small’ or pargimous version includes human capital
variables, the percentage of people who live inropetiitan areas, and the percentage of
the population above 65 years of age. The ‘basalehaccounts for human capital,
industry mix, farm employment, welfare public expggares and lag employment

growth®

We also include the fertility rate at the begimniof the period as an
additional explanatory variable in the ‘base’ sfieation® Fertility has been proved to
be an important channel through which initial inakfy may reduce growth. Following
Galor and Zhang (1997), the empirical evidence alsvéhat a rise in net fertility rate
(Koo and Dennis, 1999 and Perotti, 1996) or highiéerential fertility (de la Croix and

Doepke, 2003) has a negative impact on growthebplg with this literature, we will

show that fertility is one of the most significamariables (negative correlated) in

explaining posterior growth.

The comparison between the ‘small’ and the ‘basedabs is important because
inequality may affect growth not only directly, baiso indirectly through other
variables. A ‘small’ model would capture both direod indirect effects, while a fully
specified model would mainly capture the direct atip of inequality on growth.
However, the ‘base’ model could introduce importamiticollinearity problems in the
regression. For these reasons, especially in aceeldiorm exercise, it is convenient to
show and compare results for both a fully-specifiease) model and a reduced (small)

model.

% As is standard in the literature, we consideretwategories to measure human capital: the pegeenta
of the population over 24 years of age who haveduated from high school but do not have a four-year
college degreeh{gh schod); the percentage who have graduated from a foar-gellege ¢ollege; and

the omitted category, which is the percentage dividuals who have not graduated from high schdol.
control for the initial economic sectoral mix ofchastate, the shares of nonagricultural employraeat
included formining, construction manufacturing transportation and public utilitiefinance insurance
and real estate and government Traded goods and serviceme the omitted sector, and thus the
employment share coefficients should be interprageteing relative to this sector. The percentdgleeo
population who worked on a farrfafm) is included to account for the different impoxtarof agriculture
across states. In order to account for the poggiltiat growth in the previous decade could, imtu
influence growth in the following decade and berelated with past inequality, we include the
percentage change in nonagricultural employmenhénpreceding decade (e.g., employment growth in
the 70s is used to explain per capita income growtlhe 80s). Finally, welfare expenditure as a
percentage of personal income is included as aypfok the degree of distributive policy. More
inequality would imply greater distribution, moreeifare expenditure and that, in turn, would imply
lower average growth rate (as some political econanodels suggest). Hence, a negative grewth
inequality relationship could appear if we omitstiiariable. See the Appendix for details on dateicss.

“ For the case of U.S. states, Panizza (2002) amtiidee (1997 and 2005) omit fertility in their
regressions.

22



4.1 Inequality and growth: preliminary results

Tables 2.a and 2.b show the results of model (2)gusur estimated Theil 0 and Gini
indices, respectively. For each panel in the taltesfirst column shows results for the
‘small’ model and the second one for the ‘base’ elodlthough it is not the purpose of
the paper, we start by commenting on the resultsttie total inequalitygrowth
relationship (first panel in the tables). In allsea, we find a positive relationship
between total inequality and per capita income ghdWHowever, the significance of
this positive relationship is fragile to the sampked, which is a poor conclusion and
undermines the effectiveness of general inequaliticies on the econonf§.We will
test whether this result is due to the non-disiimcbetween income inequality, 10 and
IE.

INSERT TABLES 2a and 2b ABOUT HERE

To conclude this preliminary analysis, we brieflysaliss the estimates for the
relationship between initial control variables gubterior decade income growth. The
results are fairly robust and in line with the d@ire. For instance, the negative
coefficient for lagged per capita income reflectnditional convergence, and its
magnitude is in accordance with the pioneering wadrBarro and Sala-i-Martin (1991).
Future economic growth is expected to be positivelgrelated with the labor force’s
human capital. As in Partridge (1997 and 2005) Badizza (2002), the relevant
variable of education isollege which is highly positive and significant with pest to
the omitted category (non-graduated). The coefiica high schoolon growth is not
significant for the small model, while it is negatiand significant for the base model.

The coefficients on most of the initial industri@ix variables are negative, though

47 Using the ‘small’ and ‘base’ specifications, wevéd@ompared our estimates with those obtained using
the Gini index from the U.S. Census Bureau, whicthe inequality measure used in Partridge (1997 an
2005). Using the Gini from the Census, for therendample (48 states and the 1960-2000 periodjcand
our reduced sample (26 states and the 1970-2006dpethe estimated coefficients of inequality are
106.44 and 71.05 and significant at the 1% and 16%&ls for the “small” and “base” model,
respectively. These coefficients are higher thanestimates, but they share the same sign. Withergs

to the other explanatory variables (lagged incdmgh school, etc.), the results are also similar.

“8 In a previous version of this paper (Marrero amdifRjuez, 2010), we focused only on the 80s ang 90s
and the relationship was positive but non-significdn this respect, it is worth to recall the wide
relationship between inequality and growth foundPayizza (2002).

49 perhaps, the base model is too parameterizedasaadesult, there is some colinearity that iscéifig

the sign of the high school coefficient. In thispect, note that the coefficient for high schoashsu
positive, though not significant, when fixed anchdam effects are used (not show in the paper).
Moreover, for U.S. states, Partridge (1997 and 2@0® Panizza (2002) find that the sign of the high
school variable is negative in some specificati¢fisally, the coefficient for high school is pogéiand
significant when the college variable is ommitezhfrthe regression.
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basically only those of theonstruction, manufacturing and financeectors are
significant Thus, states with greater initial sharesservices and traded goodthe
omitted category) have experienced higher econgmuwth, in general. The estimates
for thefarm variable are negative and no significant, in gaheand a similar result is
found for estimates of the labor growth in the pding year and the percentage of
welfare public expenditure to personal income. lynahe relationship between initial
fertility and subsequent growth is always negative and signifat a 1% level, which
is in line with the related literature, as commenadove. This relationship is strongly
robust to all the specifications considered. Beealestility is an important channel
through which inequality can affect growth, its lusion in the model is crucial to
measure properly measuring the direct relationbleipveen overall inequality, 10, IE
and growth. As we will see below, after controllifog fertility, the coefficients for IE
and 10 remain generally positive and negative, eepely. As a result, there would
exist, apart from the fertility channel, additiomvahys through which 10 and IE might
affect growth.

4.2. Inequality of opportunity and growth

The aim of this section is to estimate the impddOoon the long-term average growth
of per capita income. We consider different waystude 1O into the INEQ vector in
(2). The easiest way is to include 10 together wdtal inequality (second panel in
Tables 2a and 2b). When including the 10 term, vemtrol for the observed
circumstances, i.e. the father’'s education and.rAsea result, total inequality would
now more clearly reflect the IE component and asfficient should then be higher and
more significant than before (compare the row &@aaltinequality in Panel 1 and 2 in
Tables 2a and 2b). Moreover, 10 coefficients ar@agb negative and, with the
exception of the “small” model for the Gini indghgey are always significant at the 1%

and 5% levels.

However, 10 and total inequality can be highly etated, because IO is a part of total
inequality, what can affect regression resultsedlatively, as proposed by Ferreira and
Gignoux (2008), we can consider the 10 to totabjuradity ratio in the regression (third
panel in Tables 2a and 2b). We see that the maunltseremain unchanged. In
particular, total inequality coefficients are alwgyositive and highly significant, while

those of the IO components are always negativesgmdficant (the exception is again
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the ‘small’ model for the Gini coefficientf. However, as commented in section 3.2.,
the 10 to total inequality ratio index depends,doystruction, not only on opportunities

but also on the returns-to-effort component.

For this reason, the third alternative (fourth panerables 2a and 2b) is probably the
most interesting one: to use the decompositiorotai inequality into a between-group
component (the absolute 10 term) and a within-groomponent (the absolute IE term),
as described in Section 3.2. In this manner, wiatsdhe effect of each component on
growth. For the Theil O index (Table 2a), the IEeffwients are always positive and
significant, and the IO coefficients are always atag and significant. However, for
the Gini coefficient (Table 2b), the IE coefficisrare always positive and significant,
but the 10 coefficients turn out positive, althougihly significant for the base model.
As discussed in Section 3, the I0-IE decompositgoonly exact for the Theil O case
and, consequently, the decomposition of the Gidexnmay lead to misleading results.
As a result, we will focus only on the Theil O degmsition from now on. In fact, in
order to reduce the number of tables in the nestisg we will just show results for the
|O-IE decompositiori*

Therefore, the impact of the IO component is, inggal, significantly negative and the
impact of the |E component is, in general, sigaifity positive’® This result is

especially robust for the Theil 0O case, which, exuksed in Section 3, is the most
convenient way to decompose total inequality imi@irt IO and IE components. While
IO might be harmful for growth because it can redtite access of individuals with
lower opportunities to profitable investment planifferential rewards to different

levels of effort may have a positive effect on gtloviby encouraging individuals to

invest in human capital and effort. This findingygasts that the overall impact of total

* Note that coefficients for 10 in panel 2 and paelre not comparable to each other because in pane
the 10 term is a level, while it is a ratio in paBe

*1 The results in Section 5 are quite robust to Bepecification used, including the results for Giai
decomposition.

°2 Note that the 10 component might be picking up fimeportion of poor individuals in each state,
because the latter variable could have a negatuelation with income growth. We acknowledge this
observation to an anonymous referee. To checkhfsrpossibility, we have compared the 1O coeffitsen
with and without the proportion of poor individudtseach state (the poverty rate as provided bytise
annual census data base) in the ‘base’ model. €bative coefficient (and its significance) prevdds

10. Moreover, the poverty coefficients are negafivenost cases and significant in some cases. Thus,
although poverty and 10 must be related, one do¢®xclude the other in explaining economic growth
performance. They seem to capture different chanttelough which growth is negatively affected.
Nevertheless, a fully understanding of the diffeesregarding how poverty and IO can affect growth
deserves further analysis that goes beyond theesodpthis paper, though it clearly constitutes a
promising extension of the paper.
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inequality on growth can be positive, negative emozdepending on which of the above
two origins of income inequality (opportunity of@t) dominates in data. Accordingly,
policies that equalize opportunity and promotevidlial effort will enhance growth.

The important implications of this result and thategmtial weakness of reduced-form
regressions make mandatory the need to carry oegxtemsive sensitivity analysis of
our results in several directions: ‘the assumptérconvergence’ (i.e., how theé .

term is included in (2)); the econometric methoddjghe presence of non-linearities;
the estates considered; the control variables decly the set of circumstances
considered; the database used; and, some otheese Tdnalyses are performed in

Section 5.

5. Robustness and sensitivity analysis

Durlauf and Quah (1999), Panizza (2002), Partri{d®®7 and 2005), and Barro (2002),
among many others, have emphasized the importdrineloding a sensitivity analysis
to show how robust the findings of a reduced foegression are across alternative
econometric techniques or model specifications.address these concerns and include
an extensive sensitivity analysis in order to sapmnt our reduced form regression
analysis. Throughout this Section, in order to diimphe exposition of the results, we
restrict the analysis to the 10-IE Theil O deconipos. Moreover, we just show
estimates for the inequality coefficients and,amsg cases, also for those of the income
lag. Results for all other control variables areteuobust to these alternative

specifications.
5.1. Income lag and econometric methods

An important check concerns the way the income té&fm, is included in regression

(2). In neoclassical growth models, this term peexihe initial level of development. If

all states are converging toward their own longateiquilibrium path, the coefficient

in (2) would be negative, and all other variablesild determine the steady-state level
of real income. However, as applied to the U.Stestaseveral papers question the
convergence process, or simply emphasize thatsstate quite close to their steady-
states (Durfau and Quah, 1999, and Evans and Ka#®6, among others). In this
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case, transitory cyclical conditions would dominaded, whenever initial income is
included, instrumental-variable approaches musudedl or, alternatively, the income
term must be omitted (Durfau and Quah, 1999). bhtamh, Panizza (2002) emphasizes
that estimate might change depending on whethelettet of income or its log is used.
In keeping with Partridge (2005), who properly adr these concerns, we consider
five alternative models depending on the incommtérable 3 shows the results for the
five income-lag versions (in columns): the firstusan shows results for the regression,
including the lag-level of income (the benchmarkafication), and the second column
considers the lag-log of income; columns three &nd account for the possible
cyclical endogeneity problem (also for the levetl dhe log case)’ Finally, the fifth
column reports results for the case in which tloeime lag variable is omitted (i.e., U.S.
states are assumed to be in their balanced groaitt).For all these possibilities, for
the ‘small’ and ‘base’ model, we present (in rows)oled-OLS, long-run cross-
sectional, random and fixed effects estimates har ttelationship between 10 and
growth, and check the robustness of the results.

INSERT TABLE 3 ABOUT HERE

In general, the results are highly robust to all tbése alternative analyses: IE
coefficients are positive and significant, while tOefficients are negative and highly
significant. Although some differences are observetiveen alternative specifications
and econometric methods, they are in line withttie®ry and predictions outlined by
other papers, and do not affect the policy and eeon implications of the results of
Table 2a. For example, for the pooled-OLS regressiB and 10 coefficients are
similar whether the “base” model or the “small” nebds used: they are always positive
and negative, respectively, and significant at3fe level for the ‘small’ model and at
the 1% level for the ‘base’ model. Hence, main @asions are similar regardless of
which income lag variable is used. In particuld&,doefficients are more positive in
columns 1 and 3, while 10 coefficients are more atieg in columns 3 and 4.
Moreover, the income terms in columns 3 and 4 amallsr in magnitude, which is

consistent with the expected negative bias whengu¥is or its lag (Banerjee and

3 As in Banerjee and Duflo (2000), we lag in botlsesathe income term one more period, which is a
kind of simple instrumental variable estimator. ragtical advantage of this alternative is thatoésl not
introduce the dynamic panel data model bias infitlsé stage, when instrumenting.s by their lagged
terms (Partridge, 2005, footnote 15). Note thahgidags not too far in past (5 or 10 years) alsatrod

for the level of initial development (Li and ZowQd8). In fact, they are instrumental variable eatons
when the cyclical component is correlated with (Banerjee and Duflo, 2000, and Partridge, 2005).
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Duflo, 2000, and Partridge, 2005). Thus, it seemas the possible endogeneity cyclical
bias modestly affects our results.

As said above, we complement the pooled-OLS estisnaith the results of the long-
term cross-sectional model, and the Random Eff@E) and Fixed Effects (FE)
estimates. When variables mostly vary cross-seallignwhich is generally the case of
income inequality, pooled-OLS and RE estimates didilkly reflect long-term effects.
The advantage of the long-term cross-sectional m@ehat cyclical effects are
avoided, that is, only long-run responses are ¢tfte The inconvenience of this model
is the resulting reduction in the number of degrekdreedom, which leads to less
accurate estimations. For the ‘small’ and ‘base’dels, IE and IO coefficients are
always positive and negative, respectively. |IE ficehts are significant only for the
‘base’ model, while 10 coefficients are significapgardless of the dimension of vector
X. As in Partridge (1997 and 2005), coefficiente &igher in the long-term cross-
sectional regressions than in the pooled-OLS rsgres, though their similarities
suggest that both are mainly reflecting similarsptent growth-I0 and growth-IE

effects.

The RE model is a possible solution for the omittadable bias in OLS models. But,
because the RE approach uses cross-section vasiatis results are expected to be
similar to those of pooled-OLS regressions. Indesdis shown in Table 3, the IE and
IO coefficients are always positive and negatiespectively, and except for the model
that does not contain the lagged income term (col) they are, in general,

significant at the 5% level.

The FE results are shown in the last two sets wisrim Table 3. Mairesee (1990),
Durlauf and Quah (1999) and Forbes (2000), amohgrst emphasize that transitory
and short-term changes are more relevant acrogsthan across cross-sections, and
because FE estimates basically capture the folypestof changes, their estimates can
be better interpreted as short/medium-term effédtgh respect to the pooled-OLS
method, the FE procedure eliminates the omittedablar bias when an unmeasured
time-invariant factor is correlated with explangtmariables. However, regarding the
FE approach, Banerjee and Duflo (2000), Barro (206i3iao (1986) and Partridge
(2005), among others, are aware of the importarstsorement-error problems that can

bias estimates more than the pooled-OLS approduh.pfoblem is that basically only
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within-state variability is used and, hence, FEnestes may produce inaccurate results

for variables that mostly vary cross-sectionafly.

To check for this problem, Panizza (2002) suggestsiputing the proportion of
inequality variability that is explained by time damegional variables by regressing
inequality with respect to time and regional dunsnié highR? would reflect that there
is a limited within-state and within-decade vari#i which would lead to unstable FE
estimates, as is the case in Panizza’s and Pa'sidesults® For our Theil 0, IE and IO
estimates, the associatéd are 0.38, 0.50 and 0.18, respectively, which &early
smaller than the 0.76 found for the Gini index ianRza (2002). This better
performance of FE regressions using the I10-1E deasmion is reflected by the
robustness of our results regardless of the lagymaie variable used.In particular,
IE and IO coefficients are always positive and hiegarespectively, and, in general,

significant at the 5% level.

5.2. Non-linearities

Linear regressions are motivated by the businessaal analysis made in the
inequality-growth literature. However, in these a@ypf studies, Benabou (2002),
Panizza (2002) and Banerjee and Dufflo (2003), ajnathers, have emphasized the
importance of dealing with non-linearities. Considg the findings of these papers, we
now test for non-linearities in the relationshiptvbeen 10, IE and growth. Table 4
summarizes the results for the pooled-OLS, the-teng cross-sectional, the RE and
the FE regressions for the level of lag income (@emchmark). While non-parametric
estimates are beyond the scope of this paper, g@ment equation (2) with a quadratic

* As in the case in Partridge (1997), especiallytiier Gini index from the U.S. Census, as emphasized
by Panizza (2002).

*> As emphasized by Panizza (2002), in Section Between 1960-1980, the state and decade dummies
explain 86% of the variance of the Gini index irrtRdge’s data set (Census Data), while for hisadat
(the IRS data), the state and decade dummies arpldéss than 55% of the variance in the Gini index
These percentages are slightly reduced when 1980ligled in the analysis.

*% The similarity of the results for models that eithag or omit the income term also suggests that t
dynamic panel data bias is not strongly affecthgyresults (Partridge, 2005). This bias appeansadels
that include the income lag term, while it is neident in models not including this term. In angeawe
cannot apply GMM-based estimates because our timension is three, and a minimum of four is
required (Arellano and Bond, 1991).
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term for IE (first column in the table), a quadcaterm for 10 (second column in the

table) and both quadratic terms (third column mtéble)>’

INSERT TABLE 4 ABOUT HERE

Although our analysis is still far from yieldingrabust theory on the real relationship
between IE, 10 and growth, our empirical findingsuhd support the following ideas.

In the case of 10, its quadratic term is highly aiége and, in most cases, significant at
the 5% or 10% levels. Moreover, its linear termlisays negative and significant when
its quadratic term is omitted, while, when the qaéid term is included, it is close to

zero, non-significant and its sign changes fromatigg to positive depending on the
model specification. In the case of IE, resultspgupthe existence of an inverted U-
shaped relationship: the linear term is, in genguakitive and its quadratic term is
negative. When both the linear and quadratic 10 l&ngtrms are included in the model
(third panel of columns in Table 4), similar resudtre found. Note, however, that the
inclusion of both, linear and quadratic, terms nead to important multicollinearity

problems, which make estimates less significant thiaen both quadratic terms are not

included in the regressions.

Just for illustrative purposes, we summarize inuFég4 our findings. The relationship
between |0 and growth is negative and concave evithi relationship between IE and
growth shows an inverted U-shaped curve. In thismag both curves are consistent
with an inverted U-shaped relationship between meal capita income and total
inequality, as pointed out in Banerjee and Duffl@49), though it is clear that further

research on this important issue, beyond the sobiles paper, is needed.
5.3. Further sensitivity analysis

A further sensitivity analysis is shown next. Firste run the regression in (2) by
dropping one state at a time. In particular, wewsho Table 5 the results when
dropping those states that could be problematc, Arkansas, Mississippi, Kentucky
and Tennessee (recall from Section 3.4.). We olitaah IO coefficients are basically
the same, and their significance also remain urggdnPossible measurement errors in
their 10 and IE estimates thus seem not to be tfiggour regression results.

" To simplify the exposition, we do not show restittisthe remaining lag income variables, thougtythe
are quite similar. A cubic term was also considetad it was always non-significant and it affectad
significance of the linear and quadratic terms,(iténtroduced more collinearity).
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Second, we estimate the change in correlations wikeeade dummies are not included
in the model. On one hand, the inclusion of timendues can exacerbate the
multicollinearity problem, especially for the FEtiesation. Moreover, dropping time
dummies implies that part of the fixed time-variaffiect is now captured by temporal
progression of 10 and IE. On the other hand, thelusion of time dummies can
generate an omitted variable bias. In general, bsewe that 10 and IE estimates are
similar, although more significant when time dumsnége dropped from the regression.
Third, we run regressions by dropping the 70’s.dRdicom footnote 48 (Section 4.1.)
that dropping this decade weakened the correlabetveen overall inequality and
growth. Nevertheless, the results for IE and |10 &ssically unchanged: their
coefficients are positive and negative, respegtjvalthough less significant in some

cases.
INSERT TABLES 5, 6 AND 7 ABOUT HERE

Four, we run the regression in (2) for the ‘basedel by dropping one control variable
at a time. Significant changes in the 10 and IEffodents would indicate that the
excluded variable is an important —indirect— chartheough which these inequalities
are affecting growth. In this exercise, we findtthide most important variables are
fertility and college while the results remain basically unchanged wihesifare
expenditureand industry mixare dropped. Table 6 shows IE and IO estimates for
selected specifications of model in (2) when thiese variables are droppéf.Time
and state dummies are included in all cases. Bldixg fertility (first two rows in the
table), we obtain, in general, more negative 10 #&&b positive IE coefficients.
Moreover, they tend to be more significant. Thesseilts would imply that fertility is an
important indirect and negative channel throughcwHO and IE might affect growth,
though it is not the only one. By excluding thelegé variable, we observe that the 10
coefficients also become more negative and momafgignt, while changes in the IE
coefficient depend on the econometric method. Kkanmgple, it turns more positive for
pooled-OLS, RE and FE, while it becomes even megative for the long-term cross-
sectional regression. However, excluding welfangeexliture basically has no influence
on IO and IE estimates. A possible explanationtfos result is that the impact of

welfare expenditures on growth and its correlatwith 10 and IE depend on the

|0 and IE estimates remain basically unchangednwdie other variables in the base model are
dropped.
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financing scheme and the composition of total ubkpenditure. Thus, a more precise
analysis of this indirect channel would require sidering the tax mix and the public
expenditure composition as well, which goes beythedscope of this paper. Finally,
we see in Table 6 that excluding the industry nasitally keeps the estimated 10 and

IE coefficients unchanged.

As commented in Section 3.2., an alternative wagdtimate the between-group and
within-group components is to use a parametric @ggr. Here we apply the procedure
proposed in Ferreira et al. (2008)For illustrative purposes, we just show in Table 7
the 10 and IE coefficients for the ‘small’ and ‘lgasnodels, the income-lag and log-
income-lag specifications, and the pooled-OLS alBgFocedures. For the pooled-OLS
regressions, IE coefficients are always positive significant, while 10 coefficients are
negative though non-significant for the ‘base’ speation. For the FE regressions, IE
and 10 coefficients show the expected signs ana@larays significant (in some cases at
the 1% level).

5.4. The role of circumstances

As commented in Section 3, although race is a wapprtant circumstance for the case
of the U.S., it is especially appealing when coredinvith other circumstances (in our
case, parents’ education). Nevertheless, and ésdke of robustness, we also estimate
IO using separately the circumstances of r#0eréce) and father’s educatiohd@-edy.

In the first case, to avoid zero estimates for ¢hststes with an overwhelmingly white
population, we have imposed the following two crée white people must represent
less than 95% of the state’s population for 19B80land 1990; and, black people must
represent at least 5% of the state’s populatiod®3i0, 1980 and 1990 (according to the
statistics of the U.S. Census Bureau). This cateensures that we only work with
those states that possess enough racial heterbgerale A.1. in the Appendix shows
the IO-race and 10-edu indices for our selected Bt&es in 1970, 1980 and 1990. We
observe that both circumstances are relevant fplagxng differences in opportunity.
For example, on average for 1970, 1980 and 19%0|@krace measure is higher than

the 10-edu for about a half of the states, whilis ismaller in practically the other half.

%9 For the 26 states, and the three decades corsjdbeecorrelation between the 10 estimates congpute
in Section 3.4 and those calculated using thisrpatac approach is 0.74. Moreover, the ranking agnon
the states is basically unchanged. The higher digpe of non-parametric estimates may be the reason
why 10 coefficients are more significant when congaliwith the non-parametric procedure.
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Moreover, their levels are significantly lower thi@mose presented in Table 1 when both

circumstances were considered.

Table 8 shows the pooled-OLS, long-run cross-seatjdRE and FE estimations for the
level and the log of the income lag, when only omeumstance is considered (race or
father's education). In general, qualitative resdtiund in Section 5.1 are still valid,

although they are now less significant. This ise&pected result, since, in Section 5.1.,
we used the information of both circumstances #metefore, IO were more accurately
estimated. With only a few exceptions, IE coefitgeare positive and 10 coefficients
are negative, regardless of the econometric matked or the way the income lag term

is included in the model.
INSERT TABLE 8 ABOUT HERE

Lastly, it is worth noting that peculiar non-linggireffects of the educational structure
on growth might lead to erroneous conclusions whging father's education as the
unique circumstanc®. Suppose that the explicative variables that meathe average

skills of the labor force do not completely captthre effect of education upon growth.
Then, it is possible that the estimated 10 termictvinelies on the distribution of people
among four educational groups, is actually captupart of the effect that education
may have on growth. This fact might cause thate$temated impact of 10 would be
misleading. However, we have found that the negatiwact of IO on growth cannot
be completely ascribed to father's education bexaunsquality coming from race

differences has also a negative and significanezhpn growth. Therefore, even if the
proposed alternative channel through which educatiay affect growth is true, there is

still room for a negative and significant impacti©fon growth.
5.5. The IPUMS-USA database

In this section we estimate 10 using the IPUMS-U&fiabase and consider race as the
unique available circumstance. As a consequenceapmy the selection criteria
commented in point 5.4. (i.e., states whose pojamas less than 95% white and more
than 5% black for 1970, 1980 and 1990) to guarardeeninimum of racial
heterogeneity. Taking the sample used in Sectiba8.a point of reference, we exclude

%0 We are grateful for this suggestion from Fran@usirguignon.
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lowa, Minnesota, Oregon and Washington, and inchid@ama, Connecticut, Kansas,
Nevada and Oklahoma. Therefore, we work with a $ami27 state§

Given the large size of the IPUMS-USA samples, wesaler three alternative race
divisions: i) white and others (as in Section 3l &.4 for the PSID); ii) black and
others, and iii) white, black and others, a 3-grdision. The associated IO estimates
are named IO-ipums1, 10-ipums2 and IO-ipums3, retspedy. The third panel of Table
A.1 shows total inequality and 10 estimates (TKeihdex) for these divisions in 1970,
1980 and 1990. The cross-correlation between Igduand 10-ipums2 is 0.9767,
while the cross-correlation between 10-ipums2 a@dipums3 is 0.9977. Thus, the

results are highly robust to the race division ab&r®d.
INSERT TABLE 9 ABOUT HERE

In Table 9 we show the 10 and IE coefficients foe tsmall’ and ‘base’ models, the
income-lag and log-income-lag specifications, thér falternative econometric methods
considered in the paper, and these three altemadivisions. The results are not as
robust as those shown in Table 3 (Section 5.1t)phly a few cases are contradictory.
For example, for the pooled-OLS regression and‘sh&ll’ model, the 10 and IE
coefficients are always negative and positive, eespely, and they are generally
significant at the 5% or 10% level. A similar resid found for the long-term cross-
sectional regression and the ‘base’ model. FoREBeand FE methods, the signs of the
coefficients are as expected in most cases and #rey significant for some
specifications. However, we find some controversigults. For example, for the
pooled-OLS regression and ‘base’ model, the 10 fameft is positive and significant
when using IO-ipumsl and 10-ipums2 (for the incdagg-specifications); when using
IO-ipums3 (for the income-lag specification), itggrs is also positive but non-
significant. In a few other cases, |0 and IE ca#dfits switch their signs, but they are

never significant.

Most of these controversies can be resolved the.signs of the 10 and IE coefficients
turn out to be negative and positive, respectivilg) relevant control variable such as

fertility (recall Section 5.3.) is excluded fromettbase model regression. By way of

®1 Due to the difficulties of collecting the entiretsof regressors used in Section 4 for Delaware, th
District of Columbia, Hawaii and Alaska, we do motalyze these states. Moreover, they are smalband/
anomalous states, and their inclusion in the regsasanalysis might strongly bias the estimates.
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illustration, in the last rows of Table 9, we shtiwe results when fertility is dropped in
the base model for pooled-OLS, RE and FE regressieor all cases, 10 coefficients
become more negative and more significant. Thesaltse are consistent with the
discussion in Section 5.3., which pointed out thlewance of fertility as an indirect
channel through which 10 (now 10 because of raee) affect growth. In addition, to
understand the more unstable results when usindPb&S-USA database, we can
return to the arguments made at the end of Seétibnin particular, the 10 and IE
indices from the IPUMS-USA data show a smaller witate and within-decade
variability than those indices estimated in Sectof from the PSID daf®.Thus, the
proportion of inequality variability that is exphead by time and regional dummies is
relatively high, which might lead to unstable estiresults.

6. Concluding Remarks

Models exploring the incidence of income inequalifyon economic growth do not
reach a clear-cut conclusion. We postulate inghger that one possible reason for this
inconclusiveness is that income inequality indiees indeed measuring at least two
different sorts of inequality: inequality of oppanity and inequality of effort. Though
this distinction has already been emphasized inrnbeguality-of-opportunity literature,

it has not yet been considered in the growth litee In this manner, the present paper
contributes to the literature on the relation betweequality and economic growth by

incorporating the notion of inequality of opportiynin macro studies.

Using refined data of the PSID database for 26 st&es in 1970, 1980 and 1990, and
applying pooled-OLS, long-run cross-sectional, mandeffects and fixed effects
regressions we find robust support for a negatelationship between inequality of
opportunity and growth, and a positive relationshgiween inequality of effort and
growth. Hence, these two types of inequalities affecting growth through opposite
channels. On one hand, inequality of effort incesagrowth because it may encourage
people to invest in education and to exert eff@h the other hand, inequality of

opportunity decreases growth because it may natrfauman capital accumulation of

%2 The regression of 10 indices with respect time agional dummies presentsRa of 0.37 for 10-
ipums1, 0.40 for 10-ipums2 and 0.39 for 10-ipumsBiile the R? for 10-8group of the PSID was only
0.18.
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the more talented individuals. In fact, Van de Geteal. (2001) have pointed out that
inequality of opportunity reduces the role thaetdlplays in competing for a position
by worsening intergenerational mobility. Moreovewy findings would provide support
for a general theoretical prediction of models withltiple steady-states and borrowing
constraints. In this context, people with initi@lvarse circumstances would be likely
exposed to barriers for accessing credit or edmecatndependently of their talent or

effort, which would undermine subsequent economoevth.

Making a distinction between inequality of incomedanequality of opportunity can
throw some light upon several intriguing empiriéatts in the growth literature. Two
examples are pointed out. Barro (2000) shows atipegielationship between growth
and inequality within most developed countries,levkhis relationship is negative when
looking at the poorest countries. He proposes, hative explanation, the different
role of capital markets. In particular, he conssditrat problems of information (moral-
hazard and repayment enforcement problems) arerlargpoor countries because they
have less-developed credit markets. However, he doefind empirical evidence for
this different role of capital markets. An alteimatexplanation that would arise from
the present paper is that differences in opporguaie more important within less-
developed countries. At this respect, some evidaactund in the inequality-of-
opportunity literature as in Ferreira and Gigno@®(8), Rodriguez (2008), Cogneau
and Mesplé-Somps (2009), and Checchi and Pera2@i®y.

Secondly, some empirical studies have found thatettfiect of income inequality on
growth is sensitive to the inclusion of some vdaahblike regional dummy variables
(Birdall et al., 1995). However, the relationshiptween initial land inequality and
growth is negative and robust to the introductidnregional dummies and other
explicative variables (Deininger and Squire, 1998ur proposal offers an easy
explanation for this empirical fact. Income inegyacomes not only from unequal
opportunities but also from different levels ofatf As a result, the effect of income
inequality upon growth can have a different sigped&ling on the kind of controls that
are introduced in the regressions. However, iniiatl inequality comes from unequal
opportunities and has a clear-cut negative effponugrowth. In this respect, it is worth
noting that Galor et al. (2009) have recently psgzba model for analyzing the effect
that inequality in land ownership has on the acdatran of human capital. In their

case, land inequality adversely affects the implaateon of human capital promoting
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institutions like public schooling and child laboegulations. In this manner, land
inequality contributes to the emergence of the Gibeaergence in per capita income

across countries.

It is clear from the discussion above that genegdistributive policies may discourage
unobservable effort borne by agents and, in thisimeg decrease growth. On the
contrary, policies that equalize opportunity foe @écquisition of attributes necessary to
compete for jobs and careers may promote not aqiytye but also economic growth.
One natural proposal for equalizing opportunityhis so-called ‘affirmative action’. For
instance, Roemer (1998) proposes spending moreagonial resources, per capita, on
children from disadvantaged groups. In the sama,vBburguignon et al. (2007b)
propose interventions focusing on the disadvantagedps. Among other suggestions,
they propose cash transfers conditional on spded#i@aviors, such as school attendance;
interventions to increase learning rates at pudiools; health interventions to increase
basic knowledge of nutrition and hygiene; and, pytom of sports and arts to reduce
the appeal of violence. Further research concertinege issues is clearly needed.
However, we believe that a complete understandifighe relationship between
inequality and growth requires more effort in consting appropriated databases that

properly represent social origins.
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TABLES:

Table 1.Inequality of income and inequality of opportuni8/groups) in 1970, 1980 and 1990.

Total Inequality 1O (8 groups)’ 10 to Total Inequality Ratio b
Observations Gini Theil 0 Gini Theil O Gini Theil 0

State

1970 1980 1990 1970 1980 1990 1970 1980 1990 1970 19&MO0 1 1970 1980 1990 1970 1980 1990 1970 1980 1990

Arkansas
California
Florida
Georgia
Illinois
Indiana
lowa
Kentucky
Louisiana
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
New Jersey
New York
N. Carolina
Ohio
Oregon
Pennsylvania
S. Carolina
Tennessee
Texas
Virginia
Washington
USA

88 85 100 0.2355 0.2278 0.2215 0.0916 0.0894 0.0819 0.090828. 0.0584 0.0172 0.0157 0.0100 384 36.2 264 18.8 17.8 12.
353 438 434 0.2365 0.2492 0.3280 0.0945 0.1046 0.1854 0.050418 0.0487 0.0068 0.0046 0.0061 214 168 149 7.2 44 33
86 135 176 0.2772 0.2936 0.3556 0.1286 0.1464 0.2046 0.13933® 0.0965 0.0384 0.0341 0.0280 50.3 454 27.2 299 23.&F 13
91 129 144 0.2176 0.2406 0.2748 0.0798 0.1064 0.1278 0.084929 0.1388 0.0176 0.0201 0.0311 38.7 384 50.5 220 18.8B 24
120 158 147 0.2247 0.2416 0.2888 0.0813 0.0966 0.1480 0.05p#27 0.0759 0.0079 0.0045 0.0215 254 17.7 26.3 9.8 4.6 14.
84 133 130 0.1736 0.2109 0.2664 0.0553 0.0767 0.1207 0.03P%10 0.0829 0.0031 0.0055 0.0143 21.8 242 311 57 7.1 119
59 89 89 0.2356 0.2480 0.3128 0.0901 0.1025 0.1681 0.037398.00.0428 0.0056 0.0129 0.0160 158 24.1 13.7 6.2 126 9.5
77 85 97 0.1992 0.1951 0.2519 0.0692 0.0653 0.1062 0.033948.00.0921 0.0036 0.0097 0.0163 17.1 38.1 36.6 52 149 153
79 119 94 0.1914 0.2739 0.2428 0.0587 0.1251 0.0981 0.084838. 0.1065 0.0156 0.0578 0.0191 43.9 66.9 43.9 26.6 46.5 19.
111 168 211 0.1812 0.2451 0.3608 0.0549 0.1062 0.2355 0.10.0P44 0.1933 0.0206 0.0184 0.0590 60.8 42.6 53.6 37.6 1A 2
74 98 124 0.2122 0.2681 0.3795 0.0780 0.1289 0.2668 0.048220. 0.0902 0.0077 0.0020 0.0244 205 82 238 99 16 9.1
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120 155 164 0.1837 0.1999 0.2645 0.0587 0.0698 0.1161 0.036471 0.1155 0.0066 0.0061 0.0243 30.5 23.6 43.7 11.3 8.8 20
53 74 72 0.2541 0.2397 0.2863 0.1152 0.0961 0.1414 0.065658P.00.0466 0.0160 0.0111 0.0062 258 314 16.3 139 116 4.4
3464 4706 5124 0.2327 0.2502 0.3175 0.0916 0.1058 0.1749489.00.0456 0.0677 0.0055 0.0046 0.0099 209 18.6 21.3 6.1 44

The values for 1970, 1980 and 1990 are actuallptteeages of 1969 and 1970, 1979 and 1980, anddr@B8%3990, respectively.
2 |E estimates are the difference between totalliakity and 10 values. This decomposition is onlpebfor the Theil 0 index.

®|n percentage.
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Table 2a.Growth, inequality and inequality of opportunitiie Theil O index.

THEIL THEIL + 10 THEIL + IO/THEIL IE+10
Smal Base¢ Smal Base Smal Base¢ Smal Base
cte 52.010** 131.10* 50.372** 91.688** 54.261*** 118.25** 50.372*** 91.688***
(7.4927 (4.1332 (7.5785 (2.8518 (8.3441 (3.8398 (7.5785 (2.8518
Total inequality 14.778  31.388** 72.152** Q3. 775%*  31.579%*  42.413***
(0.9433 (3.2377 (2.6788 (4.57 (2.8577 (4.0018 - --
IE 72.152%*  93.775%*
-- -- -- - -- -- (2.6788 (4.57
10 -178.02**  -201.71***  -14.686* -11.682**  -105.87* -107.93***
-- -- (-1.88 (-3.3319 (-1.515 (-1.6873 (-1.5282 (-2.5382
income lag -0.0061** -0.005** -0.0059** -0.0049** -0.006**  -0.005** -0.0059** -0.0049***
(-6.1206  (-6.9205  (-6.8035 (-7.0578 (-6.8691 (-7.0544 (-6.8035  (-7.0578
High -0.2292 -0.4179*  -0.0754 -0.2443 -0.1321 -0.3666* -0.0754 -0.2443
(-1.1498  (-1.4288 (-0.3819 (-0.8802 (-0.6699 (-1.2700 (-0.3819 (-0.8802
Colege 2.374%*  1.9764** 2,075  1.9502%* = 2222%*  1.9764**  2,075**  1.9502**
(5.5182)  (6.4791) (5.6076) (6.1831) (5.9664) (6.6315) (5.6076) (6.1831)
Farm share -16.526 -24.420** -24.671* -24.420**
- (-1.1208) - (-1.6093) -- (-1.4606) - (-1.6093)
Mining -88.447 -77.460 -96.190 -77.460
- (-1.0919 - (-1.0567 -- (-1.2035 - (-1.0567
Construction -162.60*** -44.217 -110.36* -44.217
- (-2.7457 - (-0.6894 -- (-1.5876 - (-0.6894
Manufacturing -45.034** -11.616 -34.574* -11.616
- (-1.6111 - (-0.399 -- (-1.2524 - (-0.399
Transport & Pub. Uti. 52.847 141.86** 86.176 141.86**
- (0.8825 - (1.9655 -- (1.2205 - (1.9655
Fin. Inst. & real Estate -121.67* -90.532 -121.32* -90.532
- (-1.2965 - (-0.9758 -- (-1.286 - (-0.9758
Government -43.299 -17.474 -34.466 -17.474
- (-1.2143 - (-0.4865 -- (-0.9874 - (-0.4865
% lag 10yr emp. Growth -0.0697 -0.1010** -0.0769 -0.101*
- (-1.1076 - (-1.6004 -- (-1.1478 - (-1.6004
% welfare exp./income 0.2156 0.6475 0.6696 0.6475
- (0.2049 - (0.6166 -- (0.5753 - (0.6166
Fertiity rate -0.3802*** -0.3764*** -0.3618*** -0.3764***
- (-4.637) - (-4.4555) -- (-4.2236) - (-4.4555)
% age 65 0.4434 0.0019 0.1559 0.0019
(1.0828 - (0.005 - (0.4107 - (0.005 -
% pop Metropolitan 0.1461%* 0.1327** 0.1396** 0.1327***
(3.1276 - (3.2838 - (3.4222 - (3.2838 --
decade 80 1.5049 -5.026** 1.0711 -5.863** 1.159 -5.0271** 1.071 -5.863**
(0.6617 (-1.784 (0.4698 (-2.2017 (0.5162 (-1.8031 (0.4698 (-2.2017
decade 90 5.8603* -4.380 4.0469 -6.403* 4.8452** -4.7597 4.046* -6.403*
(2.3342 (-0.889 (1.3561 (-1.3935 (1.7846 (-0.9678 (1.3561 (-1.3935
south -6.663*** -0.403 -3.5372* 3.563 -4,5592** 1.1747 -3.537* 3.563
(-3.933) (-0.12) (-1.2585)  (1.0877)  (-1.8168)  (0.3429) (-1.2585)  (1.0877)
midwest -1.763 1.647 -1.9063 2.765* -1.8535 2.1948 -1.906 2.765*
(-0.8099 (0.8699  (-0.9065 (2.3321 (-0.8612 (1.0209 (-0.9065 (2.3321
west -5.696*** 0.961  -6.5335*** 0.8254 -6.295%+* 0.7517  -6.533*** 0.8254
(-2.8543) (0.4509) (-3.0034) (0.4396) (-3.0959) (0.3676) (-3.0034) (0.4396)
R2 0.4366 0.6013 0.4784 0.6409 0.4605 0.6125 0.4784 0.6409
Num. Observ. 78 78 78 78 78 78 78 78

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 2b. Growth, inequality and inequality of opportunitiie Gini index.

GINI GINI + 10 GINI + I0/GINI IE+10
Small Base Small Base Small Base Small Base
cte 53.885**  126.68** 47.155** 05,145+ 50.830%* 112.43** 47.155** 05, 145%*
(7.9252 (3.9245 (5.1373 (2.867 (7.1653 (3.6736 (5.1373 (2.867
Total inequality 15.806*  38.201*** 41.530* 72.144%  25.448* 48.038**
(1.3649) (2.9773) (1.3871) (3.9913) (1.3965) (4.1193) - --
IE 41.530*  72.144*%**
-- -- - - -- -- (1.3871) (3.9913)
10 -34.027  -45.668** -6.681 -7.0915* 7.502 26.476**
-- -- (-0.8632) (-1.9061) (-0.7037) (-1.3507) (0.3792) (1.6678)
income lag -0.0062*** -0.0050*** -0.0058*** -0.0046*** -0.0059 -0.0048*** -0.0058** -0.0046***
(-6.3587) (-7.0918) (-5.6164) (-6.1139) (-5.8158) (-6.6805) (-5.6164) (-6.1139)
High -0.2156 -0.4291* -0.1479 -0.3247 -0.1701  -0.3810* -0.1479 -0.3247
(-1.0904  (-1.4717  (-0.6955  (-1.1765 (-0.8026 (-1.3644  (-0.6955  (-1.1765
Colege 2.3627%*  2.0015** 2.1786%*  1.9462** 2.2394%* 1.0646%* 2.1786**  1.9462***
(5.564) (6.649) (4.9887) (6.4558)  (5.185) (6.5646)  (4.9887) (6.4558)
Farm share -15.809 -20.644* -20.821* -20.644*
-- (-1.0923 - (-1.3674 -- (-1.3300 -- (-1.3674
Mining -73.980 -66.495 -73.387 -66.495
-- (-0.8898) -- (-0.8483) - (-0.9041) - (-0.8483)
Construction -180.32%** -117.25** -144.01* -117.25*
-- (-3.1184 - (-1.9615 -- (-2.3113 -- (-1.9615
Manufacturing -44.135* -21.990 -33.114 -21.990
-- (-1.5744) -- (-0.7604) - (-1.208) - (-0.7604)
Transport & Pub. Util. 55.1766 123.79* 89.8168 123.79*
-- (0.9367 - (1.5245 -- (1.1942 -- (1.5245
Fin. Inst. & real Estate -125.77* -119.59* -124.49* -119.59*
-- (-1.3854) -- (-1.3428) - (-1.375) - (-1.3428)
Government -38.399 -15.727 -25.708 -15.727
-- (-1.0679 - (-0.4187 -- (-0.7152 -- (-0.4187
% lag 10yr emp. Growth -0.0662 -0.0840* -0.0734 -0.0840*
-- (-1.0835) -- (-1.3987) - (-1.1832) - (-1.3987)
% welfare exp./income 0.0807 0.4054 0.3641 0.4054
-- (0.0757 - (0.3721 -- (0.3167 -- (0.3721
Fertility rate -0.3964*** -0.3921%** -0.3898*** -0.3921%**
-- (-4.8367) -- (-4.5615) - (-4.5831) - (-4.5615)
% age 65 0.4363 0.1412 0.2190 0.1412
(1.1036 -- (0.2833 - (0.4436 -- (0.2833 -
% pop Metropolitan 0.1488** 0.1360*** 0.1394*** 0.1360***
(3.244) - (3.1083) -- (3.1807) - (3.1083) --
decade 80 1.5700 -5.601** 1.2376  -6.1924** 13197 -5.7782* 1.2376  -6.1924**
(0.6842) (-2.0426) (0.5332) (-2.4003) (0.5741) (-2.1593) (0.5332) (-2.4003)
decade 90 5.9691*** -5.097 48595  -6.4874* 5.2088* -5.6134  4.8595**  -6.4874*
(2.3571) (-1.0553) (1.6339) (-1.4413) (1.8583) (-1.1978) (1.6339) (-1.4413)
south -6.5781***  -0.4829 -4.7397* 2.6102 -5.2175*  1.2210 -4.7397* 2.6102
(-3.8779) (-0.1493) (-1.4265) (0.8156) (-1.6734) (0.3903) (-1.4265) (0.8156)
midwest -1.7511 1.6842 -2.1698 2.112 -2.0604 1.9859 -2.1698 2.1120
(-0.8113 (0.8932 (-1.032 (1.0869 (-0.9648  (0.9919 (-1.032 (1.0869
west -5.6379*** 0.873  -6.4691** 0.4607 -6.2653**  0.6297 -6.4691 0.4607
(-2.8241) (0.4143) (-2.9737) (0.2332) (-2.9168) (0.3079) (-2.9737) (0.2332)
R2 0.438! 0.608t¢ 0.447 0.624¢ 0.442; 0.614¢ 0.447 0.624¢
Num. Observ. 78 78 78 78 78 78 78 78

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 3. Growth, inequality of opportunity and inequalitiyreturns-to-effort: alternative models.

Small model Base model
Yi-1 log(Yt-1) lagYt-1 log(lag Yt-1) Noincome Yt-1 log(Yt-1) lagYt-1 log(lag Yt-1) Noincome
Pool-OLS
IE 72.152***  56,172** 72.223** 68.619** 68.088** | 93.775***  83.719***  06.026 ***  99.148***  81.725***
(2.6788) (1.9982) (2.052) (2.0111) (1.9437) (4.57) (4.1551) (3.3564) (3.8322) (2.728)
10 -105.87* -124.09**  -163.08**  -170.42**  -156.73** | -107.93*** -120.47*** -148.76*** -173.69*** -147.58***
(-1.5282) (-1.8243) (-2.2025) (-2.2156) (-2.2444) (-2.5382) (-3.1378) (-3.0533) (-3.7706) (-2.9534)
Real pcincome -0.0059***  -62.599***  -0.0016* -18.070** -0.0049***  -61.556*** -0.0033 *** -40.936%**
(-6.8035) (-5.264) (-1.4539) (-2.0461) -- (-7.0578) (-7.2515) (-4.5364) (-5.5603) --
Cross-section long-run
IE 64.660 57.615 84.254 71.013 24.409 212.66%*  290.18***  224.42%** 292 g7*** -43.029
(0.6368) (0.578) (0.8377) (0.722) (0.2292) (2.5107) (3.2306) (3.0389) (3.6945) (-0.3216)
10 -148.37**  -150.66**  -220.14**  -234.73** -122.03* -277.86**  -319.82**  -398.89***  -462.00*** -181.81
(-1.9284) (-1.9944) (-2.5038) (-2.4124) (-1.4751) (-2.4147) (-2.8945) (-3.4809) (-3.9809) (-1.0866)
Real pcincome -0.0056* -41.478 -0.0101**  -66.765** -0.0132*%**  -150.77*** -0.0147*** -131.41%**
(-1.4639) (-1.0193) (-2.4637) (-1.7269) -- (-7.0817) (-6.9315) (-8.6345) (-8.3904) --
RE panel regression
IE 61.059***  40.314** 37.436** 34.502** 22.645%* | 75.344***  63.096***  56.219** 49.953** 33.464
(2.5317) (1.647) (1.8493) (2.1808) (1.636) (2.9702) (2.5415) (1.9456) (1.8528) (1.1663)
10 -76.837**  -74.505** -46.403* -39.708* -16.861 -93.698**  -106.69** -87.565* -92.208** -72.8395
(-1.7838) (-1.5981) (-1.2738) (-1.3663) (-0.6608) (-1.8498) (-2.1199) (-1.5079) (-1.6725) (-1.2308)
Real pcincome -0.0034***  -41.206*** -0.0015*** -13.310%** -0.0042*%**  -52.921*** -0,0027*** -29.769%**
(-4.5465) (-4.0964) (-2.4242) (-2.8976) -- (-5.7971) (-5.9822) (-3.0659) (-3.8421) --
FE panel regression
IE 68.868***  48.589** 75.068**  80.7512**  80.056** 52.455**  39,7447** 37.193 44.967* 31.2446
(2.621) (1.7117) (1.7142) (1.8505) (1.8551) (2.3268) (2.0082) (1.1379) (1.4659) (0.961)
10 -71.484* -101.24**  -211.17*** -230.00*** -226.48*** | -87.462** -94.309*** -116.38** -145.18*** -107.37**
(-1.4979) (-2.0002) (-2.7127) (-2.9455) (-3.0233) | (-2.13082) (-2.6055) (-1.9526) (-2.5552) (-1.8052)
Real pcincome -0.0144***  -165.62*** 0.0017 -3.195 -0.0109*** -137.15***  -0.0029*  -46.063***
(-10.9593)  (-9.7417) (0.7526) (-0.1747) -- (-8.3441)  (-10.3259)  (-1.2736) (-3.1728) --

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 4. Growth, inequality of opportunity and inequalitfyreturns-to-effort: non-
linearities.

Quadratic for IE

Quadratic for 10

‘ Quadratic for IEand IO

Small Base Small Base Small Base
Pool-OLS
IE 106.894***  181.65*** | 80.104***  107.69*** 74.063* 152.03***
(2.434) (4.657) (3.111) (5.934) (1.298) (3.248)
IEA2 -100.101 -252.51%* 18.439 -136.12
(-1.189) (-2.344) -- -- (0.123) (-0.908)
10 -105.974*  -107.46** 33.619 85.821 39.923 43.783
(-1.500) (-2.235) (0.309) (1.028) (0.274) (0.442)
1072 -2182.1*%*  -3052.2*** | -2280.43 -2385.9%*
= = (-1.779) (-3.008) (-1.22) (-1.698)
Real pcincome -0.0060***  -0.0050*** | -0.0060*** -0.0050*** | -0.0060%** -0.0050***
(-6.477) (-6.666) (-6.563) (-7.373) (-6.569) (-6.951)
Cross-section long-run
IE 542.49 -1078.9%* 69.758 229.24** 546.02 -1342.7**
(0.679) (-2.686) (0.68) (2.44) (0.642) (-2.79)
IEA2 -3578.9 9677.6** -3607.2 11929.7**
(-0.621) (3.061) -- -- (-0.582) (3.00)
10 -107.67 -343,78%** -85.022 -143.11 -110.36 -60.72
(-0.994) (-3.367) (-0.331) (-0.726) (-0.426) (-0.31)
1072 -1083.0 -2519.1 51.467 -5578.6*
= = (-0.295) (-0.826) (0.013) (-1.59)
Real pcincome -0.0050*  -0.0140*** | -0.0060* -0.0140*** | -0.0050*  -0.0200***
(-1.417) (-7.09) (-1.496) (-6.389) (-1.383) (-5.98)
RE panel regression
IE 66.072 145.58*** | 71,931*** 92, 885%** 36.523 118.82**
(1.175) (2.529) (2.847) (3.516) (0.598) (1.999)
IEA2 -18.314 -209.93* 114.04 -86.347
(-0.12) (-1.393) -- -- (0.626) (-0.509)
10 -73.898**  -88.376** 28.408 67.897 59.635 48.372
(-1.745) (-1.784) (0.313) (0.723) (0.572) (0.474)
1072 -1897.0*  -2812.6** -2456.0%* -2430.1*
- - (-1.313) (-1.987) (-1.425) (-1.518)
Real pcincome -0.0030***  -0.0040*** | -0.0030*** -0.0040*** | -0.0030*** -0.0040***
(-4.46) (-5.671) (-4.517) (-5.576) (-4.471) (-5.534)
FE panel regression
IE 74.528* 78.789%* 84.467***  59,666%** 53.934 72.727*
(1.295) (1.656) (3.021) (2.397) (0.926) (1.454)
IEA2 -14.851 -73.013 87.782 -41.745
(-0.111) (-0.629) -- -- (0.598) (-0.302)
10 -71.786*  -89.466** 59.066 -35.891 85.317 -51.306
(-1.491) (-2.162) (0.604) (-0.424) (0.793) (-0.516)
1072 -1999.3* -782.52 -2374.0** -566.0
-- -- (-1.526) (-0.697) (-1.629) (-0.422)
Real pcincome -0.0140*** -0.0110*** | -0.0140*** -0.0110*** | -0.0140*** -0.0110***
(-10.589) (-8.008) (-10.832) (-8.191) (-10.694) (-7.955)

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 5. Sensitivity Analysis of 10 estimates by droppirmgre controversial states.

OLS-pool regression

Cross-sectional long-run

RE panel regression

FE panel regression

Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1)

Without Arkansas Small -105* -124 -146** -149%* -76%* -75%* -71%* -96**
Base -114%** -129%** -293** -344%** -88** -103** -87** -Q4xxx

Without Mississippi  Small -98* -108** -122%** -127** -76%* -72%* -74% -77**
Base -129%*** -134%** -281%** -328** -91** -98** -86** -g2***

Without Kentucky Small -96* -116** -116** -172%** -79** -76%* -75* -105**
Base -112%** -127%** -302** -359%* -100** -113** -109** -112%**

Without Tennessee  Small -103* -126** -130** -133** -82%* -84** -86* -128**
Base -108*** -123*** -272** -314** -94** -109** -86** -100***

t-statistics, IE coefficients (almost the same than in Table 2) and decimals are ommited to simplify the table.

* significant at 10%; ** significant at 5%; *** significant at 1%

Table 6. Sensitivity Analysis of 10 and IE estimates bymong main control variables.

OLS-pool regression | Cross-sectional long-run RE panel regression FE panel regression
Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1)
Without Fertility IE 83xH* 73RH* 182** 199** 60** 40* S5*** 42%*
10 -121%** -136%** -313%** -383%** -77* -86* -96*** -117%**
Without College IE 119%** 114%** -117 -116 TLRHE T2xx* 68** T1Rx*
10 -148%** -145%** -331%* -328** -90** -99** -86* -84*
Without Welfare exp. IE 92x** 83*** 187** 276%** 75%** 63*** S1H** 40**
10 -104%** -120%** -262%* -310%** -93** -107** -87*** -95%**
Without Industry Mix IE 95*** 84k** 103 170* T4*** 62%** 68*** S5***
10 -106*** -125%** -214%* -298** -83** -96*** -71%* -76%*

Results are for the 'base' model. T-statistics and decimals are ommited to simplify the table.

* significant at 10%; ** significant at 5%; *** significant at 1%

Table 7. Sensitivity Analysis of 10 and IE estimates: paedinic estimates of 10.

Small model Base model
Yt-1 log(Yt-1) Yt-1 log(Yt-1) |
OLS-pool
IE 32.231%** 15.323* 41.780*** 28.116**
(3.1803) (1.3429) (3.2081) (2.1101)
10 -141.23%* -158.61** -79.996 -68.450
(-1.5872) (-1.8941) (-0.919) (-0.8307)
Income lag -0.006*** -63.620%** -0.0051%** -63.480%***
(-6.8118) (-5.2126) (-6.7363) (-6.8366)
FE panel regression
IE 33.386** 12.558 18.168* 3.9580
(2.0732) (0.7399) (1.3365) (0.329)
10 -130.84* -189.01** -158.07*** -126.04**
(-1.4977) (-2.0603) (-2.4479) (-2.171)
Income lag -0.0144*** -165.08%** -0.0114%** -139.97%**
(-10.7516) (-9.6732) (-8.7152) (-10.3155)

t-statistics in parenthesis. * significant at 10%; ** significant at 5%; *** significant at 1%
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Table 8. Growth, inequality of opportunity and inequalitiyreturns-to-effort: the set of
circumstances.

10-edu (4-groups)

10-race (2-groups

*)
)

Small Base Small Base
Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1)
Pool-OLS
IE 29.926* 10.266 67.412*%**  53,639*%**  36.796*** 22.564** 44.390*** 28.297**
(1.5135) (0.489) (5.4491) (3.8591) (2.5887) (1.6158) (2.7035) (1.8038)
10 -38.428 -46.825 -111.75%*%*  -113.87***  -174.34* -200.17** -16.989 -4.275
(-0.5083)  (-0.6089)  (-2.5529)  (-2.3608)  (-1.4324)  (-1.7712)  (-0.1513)  (-0.0461)
Real pcincome -0.0061*** -65.128*** -0.0051*** -63.231*** -0.0055*** -58.778*** -0.0055*** -75.066***
(-6.3768)  (-4.9029)  (-6.8461)  (-6.7254)  (-5.5466)  (-4.6704)  (-7.922)  (-8.9332)
Cross-section long-run
IE -21.891 -44.069 97.2708 139.87* 43.3114 58.630 -69.609 -68.442
(-0.1773)  (-0.347) (1.0773) (1.3766) (0.6562) (0.9752) (-1.228) (-1.242)
10 -63.007 -32.974 -106.38 -130.552 -578.71**  -657.72** -365.04 -477.91*
(-0.3679)  (-0.1815)  (-0.6519)  (-0.7711)  (-1.772)  (-2.1581)  (-1.202) (-1.782)
Real pcincome -0.0053* -35.653 -0.0123***  -133.67*** 0.0005 29.164 -0.0120%**  -140.40***
(-1.3902)  (-0.8887)  (-5.8787)  (-5.0238)  (0.1279) (0.8588) (-5.5086) (-6.238)
RE panel regression
IE 34.540* 15.500 50.018**  35.853**  42.995%**  27.420*  38.921** 23.145
(1.4218) (0.6475) (2.3112) (1.7043) (2.4253) (1.5085) (1.9235) (1.2015)
10 -52.904 -36.014  -88.523*  -92.543* -187.529** -178.56**  -87.088 -96.671
(-0.7021)  (-0.462) (-1.244)  (-1.2991)  (-2.3435) (-2.0837) (-0.8201)  (-0.9419)
Real pcincome -0.0032***  -38.891*** -0.0042*** -51.992*** -0.0031*** -38.473*** -0.0045*** -59.179%**
(-4.1079)  (-3.8193)  (-5.6445)  (-5.7726)  (-4.2478)  (-3.7884)  (-5.3516)  (-5.7959)
FE panel regression
IE 41.534** 23.120 27.939* 19.154 24.083* 8.653 18.971 6.403
(1.8389) (0.961) (1.433) (1.1161) (1.2964) (0.4336) (1.1002) (0.4294)
10 -40.968 -84.916* -65.332* -82.193** -62.043 -129.34* -124.56* -111.92*
(-0.6651)  (-1.3011)  (-1.2497)  (-1.7922)  (-0.7065)  (-1.4067)  (-1.4497) (-1.4672)
Real pcincome -0.0149%**  -171.40%** -0.0107*** -135.81%** -0.0151*** -168.04*** -0.0114*** -142.21%**
(-11.2613) (-10.1129)  (-7.9296)  (-9.9092)  (-10.5529)  (-9.4787)  (-7.3051)  (-9.0025)

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%
(+): We exclude lowa, Minnesota, Oregon and Washington from the sample
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Table 9. Growth, inequality of opportunity and inequalitfreturns-to-effort:

White Vs. Others (2-

Black Vs. Others (2-

White Vs. Black vs.

White Vs. Others (2-

Black Vs. Others (2-

the IPUMS-USA database.

White Vs. Black vs.

groups) groups) Others (3-groups) groups) groups) Others (3-groups)
Small model Base model
Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1) Yt-1 log(Yt-1)
Pool-ols IE 122.39%** 74.133* 99.269** 51.531 108.58** 60.029 225.16%**  212.23%**  243.89***  225.62***  242.00***  226.15***
(2.3576) (1.3721) (1.922) (0.9514) (2.0674) (1.0987) (4.0783) (3.5799) (4.6866) (4.0182) (4.5561) (3.918)
10 -104.23*%*  -176.14*** -55.720 -123.53* -261.30**  -346.70** 245.47** 17.414 186.71%* -25.133 144.47 -273.46
(-1.6547) (-2.3819) (-0.701) (-1.4017) (-1.6736) (-2.0304) (1.9499) (0.1187) (1.7196) (-0.2029) (0.6463) (-1.0271)
Cross-section long-run IE 34.270 8.034 29.533 3.963 31.461 5.801 281.99* 230.14 318.28** 280.02* 315.60* 275.80*
(0.1469) (0.0343) (0.1271) (0.017) (0.136) (0.025) (1.5999) (1.2936) (1.809) (1.586) (1.792) (1.561)
10 -262.45 -298.87 -250.80 -287.75 -539.75 -587.99 -566.05*%*  -848.63**  -622.17**  -938.02**  -1542.2**  -2120.5**
(-1.0583) (-1.121) (-1.0189) (-1.0863) (-0.993) (-1.021) (-2.029) (-2.4211) (-2.203) (-2.616) (-2.264) (-2.632)
RE panel regression IE 48.290 17.793 44.772 11.049 47.580 14.232 137.73** -16.274 66.038* 90.423** 63.544* 90.525%*
(1.1069) (0.4475) (1.1008) (0.3004) (1.1388) (0.3767) (1.9215) (-0.2191) (1.3202) (1.9574) (1.2491) (1.9184)
10 -77.121 -119.06 -71.363 -90.903 -211.17 -222.39 49.886 -108.70 -41.835 -240.33** -123.51 -563.93**
(-0.5149) (-0.8601) (-0.5135) (-0.7097) (-0.6953) (-0.797) (0.1926) (-0.4082) (-0.2984) (-1.7424) (-0.3967) (-1.831)
FE panel regression IE 46.663 77.041%* 124.42** -5.882 131.56** -1.374 34.025 4.026 55.004 26.989 55.819 28.797
(0.9127) (1.6013) (1.8126) (-0.0822) (1.8474) (-0.0186) (0.3898) (0.0497) (0.6737) (0.3582) (0.6625) (0.3702)
10 42.781 -186.71 138.64 -210.53 40.930 -450.66 -72.811 -149.75 -219.27 -326.43* -455.40 -637.09*
(0.2843) (-1.2157) (0.5175) (-0.7685) (0.0702) (-0.7569) (-0.3229) (-0.7146) (-0.9742) (-1.5624) (-0.9391) (-1.4188)
Pool-ols without fertility |E 190.98***  179.25%**  183.68***  165.84***  192.62***  177.63***
(3.6999) (3.4172) (3.7439) (3.3392) (3.8672) (3.4962)
10 -64.498 -284.31*** -54.038 -248.33*%*%  -333.06*%*  -723.31%**
(-0.6391) (-2.6363) (-0.5244) (-2.2536) (-1.5914) (-3.2424)
RE panel regression IE -19.380 6.020 -13.593 0.1542 -13.009 4.205
without fertility (-0.3818) (0.1243) (-0.2852) (0.0034) (-0.2652) (0.0908)
10 -78.561 -302.90**  -110.59 -296.35**  -207.70 -614.62**
(-0.4922) (-1.8422) (-0.7282) (-1.9392) (-0.6136) (-1.8006)
FE panel regression IE 32.531 2.223 41.325 9.6603 47.637 18.759
without fertility (0.3631) (0.0255) (0.4954) (0.1192) (0.5527) (0.2244)
10 -224.32 -349.65**  -333.26* -480.78**  -707.37* -980.84**
(-1.0222) (-1.6113) (-1.4893) (-2.1866) (-1.4728) (-2.0862)

t-statistics in parenthesis; * significant at 10%; ** significant at 5%; *** significant at 1%

The values for 1970, 1980 and 1990 are actuallpteeages of 1969 and 1970, 1979 and 1980, anddr@8%3990, respectively.
2 |E estimates are the difference between totaluiakity and 10 values. This decomposition is onlpebfor the Theil 0 index.

®In percentage.
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FIGURES:

Figure l1a.Income inequality in U.S.
(average 1970-1980-1990)
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Figure 1b. Inequality of opportunity (8 groups) in U.S.
(average 1970-1980-1990)
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Figure 1c.Inequality of opportunity Ratio (8 groups) in U.S.
(average 1970-1980-1990)
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Figure 2.a.The scatter plot of total inequality and 10 in U(Bheil 0).
(pool of observations: 1970,1980 and 1990)
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Figure 2.b. The scatter plot of IE and 10 in U.S. (Theil 0).
(pool of observations: 1970, 1980 and 1990)

y = 0.1604x + 0.0013

Inequality of Opportunity
o
o
(§)]

0.03 A
R R2=0.21
0.02 .
0.01 T2
* ’9 ’Q » S L 4
0.00 ‘ $% % ‘ LB ‘ ‘ ‘ ‘
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Inequality of Effort

Figure 3. The scatter plot of IE and IO variations in U.Bh€il 0).
(pool of observations: 1980-1970 and 1990-1980)
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Figure 4. The relationship between IO, IE, total inequadityd real income.
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APPENDIX: Data Sources

Population (annual midyear population) armkrsonal incomedata come from the
Regional Economic Accounts of the Bureau of EcomoAmalysis J.S. Department of
Commerce http://www.bea.gov/regional/spi/drill.cim Personal income is the income
that is received by persons from all sources. kakulated as the sum of wage and
salary disbursements, supplements to wages andesal@roprietors' income with
inventory valuation and capital consumption adjwesits, rental income of persons with
capital consumption adjustment, personal dividemzbine, personal interest income,
and personal current transfer receipts, less dtions for government social
insurance CPI data come from the U.S. Department of Lab&lt Urban Consumers
CPI series http://www.bls.gov/data/#pricesEmployment data (total and by type of
industry) come from the Current Employment Statsstof the Bureau of Labor
Statistics (J.S. Department of Labor http://www.bls.gov/data/#employmént
Education data comes from the Historical Census Statistic€ducation Attained in
the u.s,, 1940 to 2000 (U.S. Census Bureau):
http://www.census.gov/population/www/socdemo/ etiocantrophct41.html
Fertility is measures as the number of live births per 1@@fen between the ages of
15 and 44 years (the general fertility rate), aledi from the Vital Statistics of the
United States http://www.cdc.gov/nchs/products/vsus.hitnRegarding thepoverty
rate, we follow the Office of Management and Butg€OMB) Statistical Policy
Directive 14, and use the statistics from the Cerfdwreau. Poverty rate is measured as
the percent of families - and every individual in-iwhose total income is less than a
family’s threshold. Data comes from the Census opuation, General Social and
Economic Characteristics, 1960, 1970, 1980 and 1990
http://www.census.gov/hhes/www/poverty/census/cpplitml  The percent of
Population above 65years old and the percehtetropolitan population by states
comes from the U.S. Census Bureau decennial Carfspgpulation, 1960-2000. The
1970, 1980 and 1990 state alwmtal welfare expenditure data are from the U.S.
Department of Commerce publication (Governmentkéea).
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Table Al. Inequality of opportunity using the PSID (4 andraups) and the IPUMS-USA in 1970, 1980 and 1990

PSID IPUMS-USA
10-edu 10-race Theil O 10-ipums1 10-ipums2 10-ipums3

State 197C 198C 199C 197C 198C 199C 197C 198C 199C 197C 198C 199C 197C 198C 199C 197C 198C 199C
Alabama -- -- -- -- -- -- 0.1582 0.1159 0.1519 0.0207 0.012@1%2 0.0207 0.0124 0.0158 0.0104 0.0062 0.0079
Arkansa: 0.0137 0.0101 0.0023 0.0054 0.0078 0.0072 0.1503 0.111%18.10.0128 0.0072 0.0084 0.0130 0.0071 0.0085 0.0065 0.0@BE043
Californie 0.0021 0.0021 0.0039 0.0019 0.0022 0.0021 0.1394 0.121574.10.0036 0.0040 0.0080 0.0036 0.0020 0.0019 0.0018 0.0@18023
Connecticu -- -- -- - -- -- 0.1348 0.1222 0.1737 0.0050 0.0068 0.0069 0480 0.0052 0.0052 0.0025 0.0028 0.0028
Florida 0.0159 0.0212 0.0084 0.0245 0.0027 0.0221 0.1575 0.123618.10.0154 0.0073 0.0074 0.0158 0.0072 0.0075 0.0079 0.0@B@O39
Georgic 0.0063 0.0172 0.0259 0.0132 0.0048 0.0079 0.1548 0.11965M®.10.0246 0.0113 0.0138 0.0247 0.0122 0.0158 0.0124 0.0@0079
llinois 0.0012 0.0025 0.0036 0.0047 0.0015 0.0144 0.1255 0.115%39.10.0065 0.0067 0.0093 0.0068 0.0069 0.0083 0.0034 0.0@BE0O45
Indiane 0.0023 0.0013 0.0053 0.0002 0.0015 0.0048 0.1086 0.098@9/0.10.0025 0.0015 0.0018 0.0026 0.0017 0.0029 0.0013 0.0@D8014
lowa 0.0056 0.0129 0.0157 -- -- -- -- -- -- -- -- -- -- -- -- -- -- --
Kansa: -- -- -- - -- -- 0.1284 0.0922 0.1396 0.0027 0.0017 0.003102Z80 0.0017 0.0022 0.0014 0.0008 0.0012
Kentucky 0.0032 0.0052 0.0113 0.0002 0.0020 0.0021 0.1463 0.114616.10.0035 0.0013 0.0017 0.0036 0.0020 0.0030 0.0018 0.0@0015
Louisians 0.0116 0.0222 0.0099 0.0052 0.0350 0.0043 0.1726 0.134779.10.0281 0.0174 0.0235 0.0286 0.0182 0.0243 0.0143 0.0@PA123
Marylanc 0.0108 0.0107 0.0274 0.0113 0.0054 0.0241 0.1409 0.111340.10.0112 0.0074 0.0086 0.0123 0.0085 0.0093 0.0061 0.0@13048
Massachuset 0.0068 0.0016 0.0126 0.0010 0.0002 0.0081 0.1244 0.106%68.10.0023 0.0026 0.0042 0.0021 0.0023 0.0022 0.0010 0.0@QA013
Michigar 0.0069 0.0233 0.0223 0.0086 0.0059 0.0130 0.1168 0.106854.10.0049 0.0032 0.0053 0.0049 0.0037 0.0066 0.0025 0.0@O033
Minnesot: 0.0051 0.0060 0.0048 -- -- -- -- -- - -- -- -- -- -- -- - - -
Mississipp 0.0188 0.0123 0.0052 0.0170 0.0045 0.0047 0.1772 0.1205210.10.0324 0.0187 0.0213 0.0323 0.0194 0.0221 0.0162 0.0@RF110
Missour 0.0013 0.0008 0.0016 0.0004 0.0028 0.0013 0.1321 0.103398.10.0050 0.0030 0.0034 0.0052 0.0032 0.0043 0.0026 0.0@L6022
Nevad: -- -- -- - -- -- 0.1448 0.0955 0.1712 0.0058 0.0016 0.0082 0%20 0.0006 0.0045 0.0026 0.0004 0.0028
New Jerse 0.0073 0.0083 0.0492 0.0024 0.0145 0.0297 0.1302 0.127812.10.0074 0.0082 0.0076 0.0077 0.0080 0.0087 0.0039 0.0@HA046
New York 0.0039 0.0038 0.0028 0.0056 0.0033 0.0061 0.1434 0.12788%.10.0088 0.0095 0.0125 0.0087 0.0063 0.0082 0.0044 0.0@BBO50
N. Carolin¢ 0.0223 0.0246 0.0218 0.0120 0.0126 0.0205 0.1474 0.104369.10.0159 0.0076 0.0010 0.0155 0.0075 0.0102 0.0078 0.0@BB0O52
Ohia 0.0052 0.0011 0.0068 0.0047 0.0021 0.0006 0.1166 0.101948.10.0041 0.0030 0.0039 0.0044 0.0037 0.0054 0.0022 0.0@8027
Oklahom: -- -- -- - -- -- 0.1309 0.1047 0.1393 0.0052 0.0035 0.0037 0440 0.0028 0.0022 0.0023 0.0015 0.0014
Oregot 0.0018 0.0049 0.0023 -- - - - -

Pennsylvani  0.0008 0.0049 0.0052 0.0014 0.0024 0.0018 0.1203 0.106322.10.0041 0.0038 0.0035 0.0042 0.0044 0.0043 0.0021 0.0@2Q021
S. Carolini 0.0568 0.0050 0.0084 0.0150 0.0100 0.0199 0.1424 0.107830.10.0225 0.0103 0.0151 0.0224 0.0106 0.0160 0.0112 0.0@B080

Tennesse 0.0046 0.0037 0.0307 0.0008 0.0004 0.0007 0.1538 0.116318.10.0096 0.0048 0.0071 0.0094 0.0054 0.0074 0.0047 0.0@REO37
Texas 0.0102 0.0056 0.0023 0.0000 0.0018 0.0010 0.1528 0.120%88.10.0100 0.0066 0.0104 0.0101 0.0041 0.0048 0.0051 0.0@2B034
Virginia 0.0030 0.0043 0.0196 0.0041 0.0007 0.0075 0.1452 0.108459.10.0140 0.0065 0.0088 0.0144 0.0072 0.0115 0.0072 0.0@BEO57
Washingtol 0.0156 0.0108 0.0049  -- -- -- -- -- - - - - - -- -- -- -- --

USA 0.0029 0.0023 0.0043 0.0029 0.0029 0.0069 0.1385 0.114620.10.0071 0.0052 0.0064 0.0076 0.0050 0.0059 0.0038 0.00D032
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