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[epiAndn

H nopoloa diatpif3n anoteieiton and tpior ahAnAEVOETA xEGIAMA, To OTtOld UEAETOUY TOCO
VeWENTIXG OGO XoU EUTELRLXE TNV XX XATOVOUT TWV TUAEVTLY” X0l TIC EMTTWOOELS TOUC

OTNV OXOVOUXT| AVATTUET.

Y10 mpTo AEPdAao, “Vewpnund Movtéro yio v Koy Koatavouy| twv ToAévtwy”, o-
VamTOGOOUUE €va HovTELD aval\TNoTG XoL AVTIGTOLyIoNG TNE ayopds epyaoiug, To onolo
OUVOEEL TIC UOVONOYINES DLUPORES, TNV XAXT| XATOVOUT TV TOAEVIWY Xl TIC OTWAELES
EL0OOAUATOS. 1TO HOVTEAO LT, AUTEC Ol OVOROYIXES OLOPORES XOL 1) KOXT| XATAVOUY)
ONULOLEYOUVTAL ATtO TIG AVIOEG EUXLPIEC UTACYOANONG TOU €Y0UV BLdPOEOL TUTOL QY-
Copévmv otny ayopd epyaciog: oo uhniotepog etvan o Bodude dviong yetayelplong Twv
HELOVEXTOUVTOY €0YalOUEVKDY, T0G0 LYNAOTEROD elvan TO UGVOAOYIXG YAOUA KoL 1) ECPOA-
uévn xatavouy| . Emmiéov, ye tn Baduovéunon tou woviéhou mou Baociletar o mévte
MEYSAEC EVPWTUIXES YWEES XL OTNV AUERLXAVIXT) OXOVOULY, ATTOBEXVIOUUE OTL 1) XOXN

XOTAVOUT| TWV TOAEVTWY UTOREL VoL EYEL ONUAVTIXG OLXOVOULXS GUVONXE UTOTEAEGUATA.

Y10 xepdhawo 2, “H Koaxr) Kotavour, tov Turéviwy oty Evpwnn”, yenoiuonoolue
UXQEOOLXOVOULXS DEDOUEVA OYETXY UE TOUG WOVOUEC Yo TO OTOUIXA YUEAXTNELOTIXG OF
OEXUONTC) EVPWTAIXES otxovouieg yio TNV Tepiodo 2005 we 2015, mpoxewevou vo evto-
ToTOOY TUYOV AavOaOUEVES XATAVOUES TTIOU TEOXUTTOUY 0TI Owovouieg auTég ue Bdon
T0 PUAO, TNV UETAVACTEUTIX XUTAOTACT] 1) TOV WOWTIXd EvavTl Tov dnuédoto topga. Ot
UIXQO-OLXOVOUETOIXES EXTWHOELS Jog OelyVOUY OTL OL YUVAEXES 1) OL UETUVAG TEC XOUL OL EQYOL-
COUEVOL GTOV BTG TOPEN EYOLY apVNTIXG avTiXTUTO 6TOUS UoWo0g TEPUY EXEVKY TOU
e&NyolvTaL amé TAL ATOULXSL YUQUXTNELO TIXE, UTOONAOYOVTAC TNV ETUOVY %o Xotavoun
TV ToAéVTLY oty Bupdtn xotd v meplodo mou e£etdloude. DUYXEXQUEVL, OL YWEES
mou Bploxovton o7to enixevipo Tne evpwmaixrc xplone eviomiCovian cUCTUATIXG OTO U-
nA6TERO OMuEio TOL GUVOAMXOU PETEOU EGPAUAUEVNC XATAVOUNG TOAEVTWY TOU EXTYOUUE.
H peiétn pog mopeyel véa amodetind otolyelor oyetind Ue TN duvnTxr ornuocio Twy

OLUPOPWY LOPPEY XAXAC HATAVOUNC TOAEVTWY VIO TIC CUVOMXES OLXOVOULXES UETABANTES.

Téhoc, oto Tplto XePdharo, “Baduovéunon xow o Yuvéneeg tne Konrie Koatavouric twyv
Torévtov v g Hvwuéveg Tohiteleg”, Slepeuvdue TIC EMMTWOELS XOXNG XATAVOUTS TOU
mpoximtouy ot Hvouéveg Tlohteleg xatd v nepiodo 1960-2017 Adyw twv Tei3®v Tou
oyetiCovton Ye 0 QUAY xou T QUAO xou EETALOUUE TOV AVTIXTUTO TOUC GTOUC OLXOVO-
U00g OEixTEG O OAN TNV EMUXQEATEWL.  LUC TNUATIXG OLATLO TOVOUNE OTL Ol YUVOUXES Xou
oL un-Aguxol Aopfdvouy younhdtepoug wovolg e GOYXELOT UE TOUG OUOAGYOUS TOUG.
Emniéov, avaiboupe T oyéon UeToll) NG €0QoApévng xotavouric mou Baocileton oe i

XPOOIXOVOUIXY. OTOLYEL), CUYXEVTPWUEVO Yiot xdde %pdTOC Xou XEaTXr TEYVIXT| amddo-

il



oM, CUVOAIXY| ToEaY WYWOTNTA ToparyovTewY xou AEIL avd epyalduevo e tnv ndpodo tou
xpovou. Bpeloxoupe wio apvntiny| oyéon Yetall Tou uéteou Tng xoxg xatavourc Tou Po-
olleton o€ UXEOCTOLYEIN X0l QUTEY TWV CUVOMXOY UETEWY, CUUPEVA UE EVUY CNUOVTIXO

EOAO Yol TNV X0 | XAUTAVOUT| TWV TOAEVTWY YLo UUXPOOLXOVOULXE. ATOTEAEGUOTOL.
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Abstract

The present dissertation consists of three interrelated chapters, which study both theoretical

and empirical talent misallocation and its effects on economic growth.

In the first chapter, “Theoretical Model on Talent Misallocation”, we develop a search and
matching model of the labor market that links wage differences, talent misallocation and
income losses. In this model, these wage gaps and misallocation are both generated by
the unequal opportunities for employment that different types of workers have in the labor
market: the higher the degree of unequal treatment for underprivileged workers, the higher
the wage gap and the higher the misallocation. Additionally, calibrating the model based on
five major European countries and the US economy, we show that talent misallocation can

have significant economic aggregate effects.

In chapter 2, “Talent Misallocation in Europe”, we use microeconomic data on wages and
individual characteristics across eighteen European economies for the period 2005 to 2015
in order to detect patterns of misallocation arising in these economies based on individuals’
gender, immigrant status, or private versus public sector affiliation. Our micro-econometric
estimates suggest that being a female or immigrant, and working in the private sector, exert
a negative impact on one’s wages beyond that explained by individual characteristics, sug-
gestive of persistent talent misallocation in Europe during the period under study. Notably,
countries which have been at the heart of the European Crisis are systematically found at the
high end of the overall talent misallocation measure we estimate. Our work provides new
cross-country evidence about the potential importance of various forms of talent misalloca-

tion for aggregate economic outcomes.

In the final chapter, “On the Degree and Consequences of Talent Misallocation for the United
States”, we explore the misallocation effects arising across the United States over the period
from 1960 to 2017 due to frictions related to race and gender and quantify their impact on
state-wide economic outcomes. We systematically find that women and non-whites receive
lower wages compared to their counterparts. Moreover, we analyze the relation of our micro-
based estimated misallocation measure aggregated for each state and state-level Technical
Efficiency, Total Factor Productivity, and GDP per worker over time. We find a negative
relation between our micro-based misallocation measure and these aggregate measures, con-

sistent with an important role for talent misallocation for macroeconomic outcomes.
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Introduction

The allocation of talent across economic activities is an important determinant of economic
growth, as argued early on by Baumol (1990) and Murphy et al. (1991). Talent misallocation
can lead to inefficiencies that suppress economic growth and harm the welfare of societies.
The broad aim of the thesis is to investigate talent misallocation and its effects on economic

growth and to provide both theoretical and empirical contributions in the existing literature.

Specifically, in the first chapter we develop a specific theoretical model that links unequal
access to employment with wage differences, talent misallocation and income losses. In
the second chapter, we utilize microeconomic data on wages and individual characteristics
to detect patterns of misallocation arising in European countries based on public-private
affiliation, individuals’ gender, and immigration status. Chapter 3 explores the degree of
labor misallocation across US states over time at the micro-level, and then proceed to assess
its aggregate implications for economic outcomes. The thesis has generated a number of

joint papers with Marios Zachariadis and Theodore Palivos.

In chapter 1, “Theoretical Model on Talent Misallocation”, we propose a search and match-
ing model of the labor market (e.g., Mortensen and Pissarides, 1994), where the presence of
underprivileged workers relating to, e.g., female gender, race or country of origin, as well
as political or other affiliation, leads to lower wages and talent misallocation, resulting in
significant income losses. More specifically, we consider an economic environment with
two types of jobs/sectors, one of which is more productive than the other, and a labor market
where workers are equally talented but differ with respect to their opportunities for employ-
ment. These differences can arise from the presence of diverse social phenomena such as
prejudice, social norms, discrimination, nepotism, political favouritism, immigrant status
and so on. Thus, workers can be “privileged” or “underprivileged”. While all unemployed
workers search for employment in both markets, the underprivileged workers have a lower
probability of getting hired in the high-productivity sector compared to the privileged ones,
as the former face a lower job matching rate. In such an environment, workers of both types
will be matched with both low- and high-productivity jobs. However, privileged workers will
be in a better bargaining position and hence receive a higher wage, despite the fact that all

workers have the same ability/talent. Additionally, as the degree of unequal treatment for un-



derprivileged workers decreases, the economy may even move to an equilibrium where the
low-productivity sector shuts down. In this case, wages of privileged and underprivileged

workers in each sector would converge and any talent mismatch would disappear.

Next, we calibrate our model to match the data to each of five major European countries
we have data for, France, Spain, the Netherlands, Italy and Greece. Our simulation exercise
suggests that a 50 percent decrease in the gender wage gap, for instance, increases net income
by more than three percent per quarter relative to the benchmark case for France, by more
than four percent for Spain, by more than one percent for the Netherlands, by more than
two percent for Italy, and by more than three percent for Greece. In addition, calibrating our
theoretical model to match the US economy over the most recent period 2010-2017, we find
that a 50 percent reduction in the wage gap between African-Americans and whites increases
net income by more than 0.4 percent per month, and that eliminating race discrimination
results in a substantially larger increase in net income of around 4 percent per month. This

implies economically significant aggregate effects arising from talent misallocation.

The second chapter, entitled “Talent Misallocation in Europe’, we utilize microeconomic
data on wages and individual characteristics across eighteen European economies for the
period 2005-2015 to investigate the overall misallocation effects implied by the combined
gender, public-private and foreign-native wage gaps. According to our theoretical model,
wage gaps and misallocation are both generated by the unequal opportunities for employ-
ment that different types of workers have in the labor market. However, in the absence of
data on the degree of unequal access to employment or direct numbers for misallocation,
these wage differentials serve as an implicit measure of talent misallocation. Our micro-
econometric estimates suggest that being a female or immigrant, and working in the private
sector, exert a negative impact on one’s wages beyond that explained by individual char-
acteristics, suggestive of persistent talent misallocation in Europe during the period under

study.

Moreover, we consider the aggregate country-level implications of our micro-based esti-
mates. Estimating misallocation measures for the private-public, migrant-native, and gender
wage gaps in each country, we find that countries at the heart of the European Crisis had the
highest totals. Specifically, countries such as Cyprus, Ireland, Italy and Spain are systemat-
ically found at the high end of the overall talent misallocation measure we estimate, and so
does Greece in the pre-crisis period prior to its fiscal adjustment. Our research provides new
cross-country micro-econometric evidence in support of a surging new literature, including
Hsieh et al. (2019), Jaimovich and Rud (2014), Cavalcanti and Tavares (2016), Santos and
Cavalcanti (2020), and Cuberes and Teignier (2016), regarding the importance of various

forms of talent misallocation for aggregate economic outcomes and economic growth.

In the final chapter, “On the Degree and Consequences of Talent Misallocation for the United



States”, we use microeconomic data for individuals across the United States over the period
from 1960 to 2017, we explore the misallocation effects arising due to frictions related to race
and gender and quantify their impact on state-wide economic outcomes. Overall, the results
show that being a female and of a race other then white exert a negative impact on earnings
beyond that explained by their economic characteristics. In relation to wage differentials
associated with gender, it seems that the gender wage gap is a persistent phenomenon in
the US throughout the decades, even if declining from 1960 up until around 2010. Looking
at the impact of race on the wage gap relative to whites, it stands out that being non-white
affects hourly wages negatively. We also find wage differentials between private and public
sector employees, especially in the early periods of our study. Nevertheless, these wage gaps
are much lower compared to those associated with gender or race. Moreover, by the end
of our sample period in 2017, these wage differentials are reversed. Unlike most European
countries, the US does not appear to have a misallocation problem associated with the public

sector.

In addition, we investigate the macro-implications of our state-level misallocation measure.
Specifically, we create a misallocation measure for each state that indicates the overall mis-
allocation effects arising from wage differentials associated with race, and gender wage gap.
In line with our theoretical model analysed in Chapter 1, we view the above-constructed
aggregate wage gap as a measure of talent misallocation within each state. To assess this
hypothesis, we look at the relation of our micro-based estimated misallocation measure ag-
gregated for each state with state-level Technical Efficiency, Total Factor Productivity, and
GDP per worker over time. Overall, we find a significant negative relation between our mis-
allocation measure with these aggregate measures. These results are in line with Hsieh et
al. (2019) who show the important role that labor misallocation plays for the US economy.
Rather than focusing at the US economy as a whole, we look at the relation of our micro-
based estimated misallocation measure aggregated for each state with state-level aggregate
measures. Noting that our goal is not to identify a causal link, we argue that the negative
relation found here between aggregate economic outcomes and our estimated misallocation
measure based on microeconomic data, is suggestive of a potentially important role played

by talent missalocation in determining aggregate outcomes across states and over time.



Chapter 1

Theoretical Model on Talent

Misallocation

1.1 Introduction

In this chapter, we propose a specific theoretical model on talent misallocation. In particular,
we develop a search and matching model of the labor market that links unequal access to
employment with wage differences, talent misallocation and income losses. The novel model
environment that we propose is different from to the existing standard literature, which is
based on Roy model of occupational choice!. This theoretical model generates wage gaps for
workers based on unequal access to employment, which in turn might depend on individual
characteristics such as gender, race or country of origin, as well as on political or other

affiliation.

More specifically, we consider an economic environment where equally talented workers
search for employment in high- and low-productivity jobs/sectors. Despite workers having
the same abilities, they differ with respect to their opportunities for employment. These
differences can arise from the presence of diverse social phenomena such as prejudice, so-
cial norms, discrimination?, nepotism, political favouritism, immigrant status and so on.
Thus, workers can be “privileged” or “underprivileged”. The latter workers have a lower job
matching rate in the high-productivity sector compared to the privileged ones. The lower
probability of getting hired in one of the two markets put the underprivileged workers in
worst bargain position compared to the privileged one and hence receive a lower wage, de-

spite the fact that all types of workers are equally skilled. This framework generate labor

I'See for instance Hsieh et al. (2019), Santos and Cavalcanti (2020)
2Becker (1957) was the first to explore the economic effects of discrimination in the market place because
of race, religion, sex, color, social class and so on.



misallocation as some workers are allocated to the low-productivity sector despite having

the same ability.

Additionally, as the degree of unequal treatment for underprivileged workers decreases, the
economy move to an equilibrium where only the underprivileged workers find it beneficial to
work in the low-productivity sector. However, as all barriers for the underprivileged workers
are eliminated, the economy may even move to an equilibrium where the low-productivity
sector shuts down. In this case, wages of privileged and underprivileged workers would

converge and any talent mismatch would disappear.

The novel model environment that we propose is different from the existing standard litera-
ture, which is based mostly on the Roy (1951) model of occupational choice. In this classic
model of selection in the labor market, workers can choose among a variety of discrete’ oc-
cupational’ opportunities, but they can pursue only one ’occupation’ at a time. Workers face
a simple choice; they choose the occupation with the highest utility. The key feature of the
Roy model is a comparative advantage in which some workers earn more than others as a
result of different skill levels at labor market entry. Models based on the Roy model, also
do not allow for the distinction between low- and high-skill jobs. We propose a search and
matching model, which gives more flexibility in the occupational choice as it allows workers
to search for employment in both sectors (or more sectors) at the same time, and also, we al-
low for a clear distinction between sectors according to their productivity. Both models lead
to wage heterogeneity. However, in the search and matching model, wages are determined
endogenously through the Nash Bargaining rule between the worker and the firm. The bar-
gaining power of the worker depends on their outside option so two equally skilled workers

in the same sector/firm may earn different wages.

Our work relates to the work who investigate misallocation in the economy and its effect
on aggregate outcomes. Bentolila et al. (2010) investigate labor misallocation through the
prism of a standard search model. According to the model, misallocation in the economy is
generated because agents based their occupational choice on factors such as social contacts
other than their comparative advantages. This in turn may lead to a reduction of aggregate
net income. Similarly, Bello and Morchio (2020) develop an occupational choice model and
search frictions to study the link between labor misallocation and intergenerational occupa-
tional persistence. In this model, labor misallocation in the economy arises because parents
help their offspring find a job faster in their current occupation, which is not necessarily

where their offspring’s comparative advantage lies.

In addition, this study relate to the literature that explore the wage gap between workers
through the prism of a search and matching model. Chassamboulli and Palivos (2014) ex-
plain the equilibrium wage gap between otherwise identical native and immigrant workers

by allowing for differential search cost between them. Liu et al. (2017) consider imperfect



transferability of human capital across borders that puts skilled immigrants at a disadvan-
tage on the bargaining table relative to skilled natives, so that they become willing to accept

low-skill jobs at a much greater rate compared to their native counterparts.

In our quantitative analysis, we explore the impact of gender discrimination on the flow of
total surplus in the European economies. We choose to focus on gender as our preliminary
empirical investigation shows that gender inequality is an important factor across European
countries. In addition, we also investigate the impact of wage differentials between African-
Americans and whites on the US economy. Race seems to be quite important for the U.S. as it
1s harder for non-whites to be integrated into the labor market, putting them at a disadvantage

as compared to white workers.

Specifically, we calibrate our model to match to each of five major European countries we
have data for, France, Spain, the Netherlands, Greece, and Italy for the period 2005-2015.
Our simulation exercise implies that a 50 percent decrease in the gender wage gap, for in-
stance, increases net income by more than three percent per quarter relative to the bench-
mark case for France, by more than four percent for Spain, by more than one percent for the
Netherlands, by more than two percent for Italy, and by more than three percent for Greece.
Additionally, we also calibrate our theoretical model to match the US economy over the most
recent period 2010-2017 focusing on race as it is a more important factor across the US. We
find that a 50 percent reduction in the wage gap between African-Americans and whites
increases net income by more than 0.4 percent per month, and that eliminating race discrim-
ination results in a substantially larger increase in net income of around 4 percent per month.

This implies that talent misallocation has important aggregate effects for the economy.

The rest of the chapter is organized as follows. Section 2 presents a search and matching
model that links differences in employment opportunity between two groups of workers and
macroeconomic outcomes. Section 3 presents some quantitative analysis based on calibra-

tions of our theoretical model. Section 4 briefly concludes.

1.2 The Model

We develop a search and matching model of the labor market (e.g, Mortensen and Pissarides
1994) in which there are two groups of workers facing different opportunities for employ-
ment. These differences can arise from the presence of diverse social phenomena such as
prejudice, social norms, discrimination, nepotism, social and political favoritism, immigra-
tion, etc. No matter what the underlying cause of the unequal access to employment, we

show that it can lead to differences in wages and talent misallocation.



1.2.1 Main Assumptions

Time is continuous. The economy is populated by a continuum of workers and a continuum
of firms. The measure of workers is normalized to one, whereas the measure of firms is deter-
mined endogenously. All agents are risk neutral and discount the future at a constant interest
rate 7 > (. There are two types of workers. A fraction 1 € (0, 1) of them are underprivileged
(U), whereas the remaining 1 — p are privileged (P); more on this below. A worker’s type is
indexed by j € {P, U}. Nevertheless, all workers are equally talented/skilled.

There are also two types of jobs/sectors: low-productivity (L) and high-productivity (H)
jobs. They are indexed by ¢ € {L, H}. We assume that each firm has at most one position
and use the terms firms, jobs, and positions interchangeably. A firm must decide the type of
job that it will create before entering the labor market. We assume that creating either type
of job is costless and entry is free. There is, however, a flow hiring cost ¢, which is paid
until the vacancy is filled. In principle, each vacancy can be filled by a worker of either type.
A match between a low- (high-) productivity job and a worker results in output y;, (yg),
where yy > y;. We assume that the output produced is fixed and exogenous.® Thus, the
productivity of a job does not depend on the type of worker that occupies it. Furthermore,
since each firm can create at most one position and the cost of it is zero, profit maximization
and free entry amount to an expected-zero-profit condition for firm entry and exit. Such a

condition will determine endogenously the number of firms.

Unemployed workers of either type search for employment in both high- and low-productivity
markets. During unemployment they receive a flow of income b, which captures the oppor-
tunity cost of employment, e.g., the value of home production, leisure and unemployment
benefits. As we show later, to ensure that some production takes place it suffices to assume
that yy > yr > b.

1.2.2 Matching

Unemployed workers and vacant positions are brought together in each sector via a stochastic
matching technology. A model of undirected or random search occurs when the individual
has no ability to seek or direct his search towards different types of jobs, as in Albrecht and
Vroman (2002) among others, in contrast to models of directed search. In our model, the
type of search lies between random and directed search. Specifically, workers do not target

one particular job. Instead, they devote equal search effort for both types of jobs, irrespective

3 Alternatively, we could assume a CES production function as in the work of Acemoglu (2001) to aggregate

the output of the two sectors, such that the technology of production for the final good, Y, would be described
o—1 o—1

by the equation Y = (Y, © + (1 —~)Y,° )71 where v € (0,1) and o = 1. In this case, the two inputs

Y7, and Yy are perfect substitutes which imply that the productivity of the two inputs are fixed and exogenous.



of their value of searching for each job as they choose to apply to both types of jobs. In

particular, the matching function in the low-productivity sector

My = M(vg,up +uy), (1.1)

gives the total flow of contacts, within a short interval dt, as a function of the stock of low-
productivity vacancies searching for workers, vy, and the total stock of unemployed workers
looking for work in the low-productivity sector, up+ug, where u; is the mass of unemployed
workers of type j = P,U. We assume that the function M (-) is of constant returns to scale,
has positive first-order and negative second-order partial derivatives and satisfies standard
Inada conditions. Moreover, we define the labor market tightness as 6, = vy /(up + uy).
The rate then at which a firm meets a worker is ¢(6) = M, /v, where ¢'(61) < 0. On the
other hand, the rate at which a worker finds a job is m(0,) = My /(up + uy) = q(01)0L.

A similar matching technology is assumed in the high-productivity sector, namely,

MH:M(UH,UP+UU). (12)

Nevertheless, workers in the high-productivity sector may differ in terms of the probability
of forming a match. Thus, even if the probability of meeting a vacancy among workers is the
same, a contact between a high-productivity job and a worker may not be consummated be-
cause of the existence of prejudice and social norms against the presence of underprivileged
workers, e.g., women, immigrants and other minority groups, in high-productivity jobs. Such
norms result in collective discrimination. In that case, the probability of getting hired (the
matching rate) for underprivileged workers in the high-productivity sector is m (0 ), which
is lower compared to the matching rate for the privileged workers, nm(0y) < m(6y), where
n < 1.*. Thus, the main difference between privileged and underprivileged workers lies
in the probability of getting hired in high-productive jobs. More specifically, privileged
workers face no restrictions in their employment opportunities besides the regular search
frictions, while the underprivileged ones have a lower probability of being hired in the high-
productivity jobs. The unequal access to employment could arise not just from collective
discrimination against underprivileged workers, but also due to the lack of information that
employers have regarding worker’s quality. This lack of information comes from the possi-
bility that underprivileged workers are more isolated and lack the social or political connec-

tion compared to certain privileged workers.

The same formulation may hold if, even though there is no discrimination, an immigrant is

“Note that we write M (-), m(-) and ¢(-) to keep the notation simple. We do not mean to assume that the
two matching functions are of the same functional form.



less likely to get hired because of imperfect transferability of human capital across borders
as in Liu et al. 2017. This additional obstacle may exist because of the lack of information
regarding the education system in the immigrant’s home country, licensing requirements,
etc.’

A similar situation arises in the case where certain privileged workers are “connected”, that
is, they have strong social network connections and can get hired more easily than other
(underprivileged) workers, who are “isolated”.® More broadly, “isolation” might also apply
to workers in the private sector who lack the “connectedness” characterizing workers in
the public sector. It is well known that in certain countries, whenever there is a change in
government, there is a substantial turnover of jobs. Such a turnover occurs even in Western
democracies (e.g., Greece and Spain) at the middle and senior management levels. This is so
because a certain portion of the jobs in the public sector are reserved for workers that have
personal or social connection to the political party that is in government.” Moreover, often
civil and public servants or employees in big corporations, banks, etc., use their personal

connections and influence to get their friends or relatives hired by their own employer.

We also assume that all matches dissolve at an exogenous rate 6 > (. Whenever a job is
destroyed the worker becomes unemployed and starts looking for a new job, while the firm
becomes vacant and can either withdraw from the market or open a new position in any of

the two sectors.

1.2.3 Asset Values and Bargaining

We let II and V' denote asset values associated with a filled and an unfilled vacancy and £
and U asset values associated with an employed and an unemployed worker, respectively.
For example, U; denotes the expected present discounted income of an unemployed worker
who is of type j and E;; denotes the expected present discounted income of an employed

worker who is of type j and is matched with a job of type 7. Then in steady state:

’I“Up = b—|— m(@L)max[(ELp - Up),()] + m(QH)(EHp - Up), (13)

SHere, we refer to the ex ante transferability of human capital, that is, before a worker is hired, and not to
the case where an immigrant is less productive because of differences in the quality of education, technology
or the organization of production across countries.

®An alternative modeling formulation, to capture a handicap of isolated workers in job search, is to define
the matching function in the high-productivity sector as My = M (vy,up + yuy), where the parameter
~ € (0,1) indicates that isolated workers have a lower number of efficiency units than connected workers. The
rate then at which connected workers find jobs is m (6 ), where the effective labor market tightness is defined
O = v /(up + yuy). The corresponding rate for isolated workers is ym (0 ) < m(0). Although the two
approaches yield similar results, we follow the one outlined in the main text because it is somewhat simpler.

7See Chassamboulli and Gomes (2018), who examine the effects of non-meritocratic hiring in the public
sector using a search and matching framework.



TUU =b + m(@L)ma:U[(ELU — UU), O] + nm(QH)(EHU — UU), (14)
rEij = wi; —0(Ey; = Uj), i=L,H, j=UP, (1.5)

where w;; is the wage earned by a worker of type j who is matched with a vacancy of
type ¢. The terms max[(EL; — U;),0], 5 = P,U, appear in equations (1.3) and (1.4) in
order to capture the case where workers do not consider it worthwhile to be employed on
low-productivity jobs; such a case, as we will see below, does not arise with regard to high-

productivity jobs, as long as yy > y;, > b.

Similarly, the asset values associated with the firms are:
TVL = —Cc+ q(@L){(bLUmaa:[(HLU — VL), O] + (1 — quU)mCL;E[(HLp — VL), 0]}, (16)

rVy = —c+ Q(QH){U¢HU(HHU - VH) + (1 - ¢HU)(HHP — VH)}, (L.7)

iy = y; —wy; — 0(lly; = V;), i=L,H, j=U,P, (1.8)

where V; denotes the expected income accrued to a vacant position of type ¢, II;; is the
expected income accrued to a position of type : that is filled with a worker of type j and ¢;/,
1 = L, H, is the probability that a vacancy of type 7 meets an underprivileged worker. Thus,
a low-productivity vacancy is filled by an underprivileged worker with probability ¢(0;)éru
and by a privileged worker with probability ¢(6;)(1 — ¢rr). Similarly, a high-productivity
job is filled by an underprivileged worker with probability 7q(0y)¢ny and by a privileged
with probability ¢(0y)(1 — ¢yy). As mentioned above, there is free entry at zero cost and

hence, in equilibrium, the expected payoff of posting a vacancy is zero:
V,=0, i=L,H. (1.9)
The wage rate is determined according to a generalized Nash bargaining rule, where the

worker’s bargaining power is captured by 5 € (0, 1). In other words, the worker receives a

share 3 and the firm 1 — (3 of the surplus S;; that is generated from a match:

Hence,
IL; =V, =(1-p)S;;, (1.11)
Ejj — U; = 3Si;. (1.12)

It follows that a match between an unemployed worker of type 7 and a firm of type ¢ will be

consummated if and only if S;; > 0.
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1.2.4 Equilibrium

The nature of the equilibrium depends on the values assumed by the parameters of the model.
There are three cases to consider. The first case is an equilibrium in which workers of both
types match with both low- and high-productivity jobs, that is, S;; > 0 for ¢ = L, H,
j = P,U; we call this an integrated equilibrium. The second case is a partially segregated
equilibrium in which only underprivileged workers find it beneficial to match with low-
productivity jobs, that is, Sy > 0,Srp < 0 and Sy; > 0, j = P,U. Finally, the third
case is a restricted equilibrium in which only high-productivity firms exist, i.e., Sp; < 0 and
Su; > 0for j = P,U. As we mention below, in our Quantitative Analysis Section, when
we attempt to calibrate the integrated equilibrium of the model for the European Economies,
and the US, we find that S;p < 0 for all of them. Hence, we calibrate these economies as if
they are at a partially segregated equilibrium. Nevertheless, for the sake of completeness, we
have analyzed all three cases. We first present the case of the integrated equilibrium because

it is the most general one and then the other two.

1.2.4.1 Integrated Equilibrium

Using (1.5), (1.8), and (1.9), equation (1.10) becomes

(r+0)Sy =y — rU;. (1.13)

It follows then that a match will be formed if and only if

yi > rU;. (1.14)

Moreover, (1.5), together with (1.12) and (1.13), yields

wi; = Py + (1 = B)rU;. (1.15)

According to (1.15), the wage is a weighted average of the output of the match and the

worker’s flow value of unemployment, which is common in this framework.

Substituting (1.12) and (1.13) in (1.3) and (1.4), we obtain the reservation values of the two

types of workers:
r+0+4 Bm(0L) + m(0n)]

rUp = , (1.16)
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(r+0)b+ B[m(0r)yr +nm(0u)ym] ‘

= S Bim(0L) £ m(6a)

(1.17)

Each measure of unemployed workers, up and uy;, satisfies the steady-state condition that

the flow of new hires equals the flow of layoffs:
(m(0r) +m(0p)|up = (1 — p — up), (1.18)

[m(0L) + nm(0g)|uy = 0(p — uy). (1.19)

Also, the probabilities that each type of vacancy meets an underprivileged worker are equal:

Uy
up + uy

OLv = ¢uu = ¢ = (1.20)

Using (1.11), (1.13), (1.16), and (1.17), we can rewrite the free entry conditions (1.9), V; = 0
1= L,H,as

% =1 = ol =0)lyn —ngrUv — (1 = ¢)rUp, (1.21)
i 23y = o~ (4~ 0

where rUp and rUy are given by equations (1.16) and (1.17), respectively. Equations (1.21)
and (1.22) are the free and costless entry conditions in the high- and low-productivity sector,

respectively.
We are now in a position to define the integrated steady-state equilibrium:

Definition. An integrated steady-state equilibrium consists of a set of value functions Uj,
E;;, Vi, 11;;, and S;; that satisfy (1.3)-(1.13) and a vector {6,060y, ¢, vp, vy}, such that
all matches produce a non-negative surplus, i.e., inequality (1.14) holds, and the vector
{01,04, ¢, vp, vy} satisfies a) the free-entry conditions (1.21) and (1.22); b) the steady-state
conditions (1.18) and (1.19) regarding the stocks of unemployed workers of each type and
¢) equation (1.20), which defines the probability that a firm finds an underprivileged worker.

Solving (1.18) and (1.19), we find

_ O(1 = p)
6+ m(0r) +m(0y)

(1.23)

up
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Op

= _ 1.24
= +m(0r) +nm(0g) (1.24)

Substituting (1.23) and (1.24) in equation (1.20) we find
& pld +m(0r) +m(0g) (1.25)

~ 5+ m(0n) + (i +n — pm)m(0m)

Equations (1.21) and (1.22), where »Up and rU; are given by equations (1.16) and (1.17)
and ¢ by equation (1.25), determine a unique pair of (6, f1). Once this pair has been de-
termined, we can obtain unique values for all other variables. First, consider the following

proposition:

(r+8)b+B8m(0r)y
r+0+6m(05r)

steady-state equilibrium exists and is unique.

Proposition 1. If y; > and c and 7 are sufficiently high, then an integrated

Proof. All proofs are presented in the Appendix.

The existence of an integrated steady-state equilibrium requires that the surplus generated by
each match is non-negative. From equations (1.14), (1.16) and (1.17), we see that if yy >
yr > b, then Sy; > 0 for every j = U, P, i.e., the two surpluses in the high-productivity
sector are always non-negative. Both types of workers find it always beneficial to work in
the high-productivity sector. On the other hand, the condition specified in Proposition 1
regarding the size of y;, is necessary and sufficient for privileged workers to accept jobs in
the low-productivity sector. Finally, it follows that if privileged workers accept jobs in the
low-productivity sector, so do the underprivileged ones, since the latter face worse prospects

in the high-productivity sector and, as shown below, have a lower reservation value.?

Notice from (1.23) and (1.24) that the unemployment rate among privileged workers (=
vp/(1 — p)) is lower than the one among underprivileged, since the former have a higher
probability of getting matched in one of the two sectors, namely, the high-productivity sector.
For the same reason, the probability that a vacancy of either type meets an underprivileged

worker is greater than the share of underprivileged workers in the general population, that is,
O > L.

Proposition 2. Privileged workers have a higher reservation wage: rUp > rUy. Moreover,

in each sector, privileged workers receive a higher wage than the underprivileged: wyp >

8Using (1.13), (1.16) and (1.17), we find that the partially segregated equilibrium, in which only under-

privileged workers find it beneficial to match with low-productivity jobs, that is, Spy > 0 and Spp < 0,
(r0)b+Bm(r)yn < )~ (+ObHBIm(O )y
o+ Bm(0r) YL Z 354 Bnm(0n)

only high-technology firms exist, i.e., Sp; < 0 for ¢ = P, U, occurs when

occurs when . Similarly, the restricted equilibrium in which

(r+0)b+Bnm(0m)y
r+5+[57]m(9i) = > YL-
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wyy and wpp > wry. Also, workers of each type in the high-productivity sector receive a

higher wage than their counterparts in the low-productivity sector: wgp > wrp and wgy >

WrLu-

Privileged workers have better prospects in one of the two markets and hence the minimum
wage at which they will accept a job (rUp) is higher than the one for the underprivileged
(rUy). For the same reason, privileged workers in each sector are in a better bargaining po-
sition and hence receive a higher wage. This is so, despite the fact that both types of workers
are equally skilled. Moreover, workers in the high-productivity sector receive a higher wage
than their counterparts in the low-productivity sector, simply because the match in which

they participate is more productive (yg > yr.).

Proposition 3. As the degree of discrimination or the degree of unequal treatment for under-
privileged workers decreases, i.e., 17 goes up, the search conditions for workers in the high-
productivity sector improve (fy increases) and in the low-productivity sector deteriorate (6,
decreases). Moreover, the probability that a vacancy of either type meets an underprivileged
worker (¢) decreases and asymptotically, as 7 approaches one, becomes equal to the share
of underprivileged workers in the general population, p. Naturally, as 7 approaches one,
wages of privileged and unprivileged workers in each sector as well as unemployment rates

converge.

As n increases, the probability that a match between a high-productivity position and an un-
derprivileged worker (who, as you may recall, receives a lower wage) is consummated goes
up. This increases expected profits temporarily, spurs entry in the high-productivity sector,
and raises the wage for underprivileged workers. At the same time, it induces exit from
the low-productivity sector since the better prospect of underprivileged workers raises their
wage and decreases temporarily expected profitability in that sector. Hence, 5 goes up and
01 down. Moreover, the percentage change in the measure of unemployment among priv-
ileged workers is higher than that among underprivileged, (dup/dn)/up > (duy/dn)/uy.
That is why the share of underprivileged workers among the unemployed goes down and
eventually, as 1 approaches one, becomes equal to their share in the general population.
Moreover, as 1) approaches one, all barriers for underprivileged workers are eliminated and

wages of workers in the same sector as well as unemployment rates become equal.

Finally, we note that as 7 increases, it becomes more likely that the condition regarding

the size of y;, for the existence of an integrated equilibrium, stated in Proposition 1, ceases

(r+8)b+Bm(0m)ym
r+0+8m(0m)

yr,, In which case the economy jumps to a partially segregated equilibrium where only the

to hold; namely, the term increases with 7 and may become higher than

underprivileged work in the low-productivity sector. As 7) increases further, then even the

(r+8)b+Bnm (0 )yu
r+0+Bnm(05)

term may become higher than y;. In that case, the economy moves to
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a restricted equilibrium where any talent mismatch disappears; the low-productivity sector
shuts down since no worker finds it worthwhile to work there (see footnote 8). The equations

that describe each of these two types of equilibria are given below.

1.2.4.2 Partially Segregated Equilibrium

In a partially segregated equilibrium Sy p» < 0 and hence privileged workers do not occupy

high-productivity jobs. Following the same steps as before, equation (1.16) becomes

(r-+ 0)b-+ B0y

U:
T T 5 + Bmloy)

(1.26)

Also, the equation that sets the flow of newly hired privileged workers with the flow of

layoffs (equation 1.18) becomes:

m(Og)up = 6(1 — p — up). (1.27)
Solving for up yields
(1 —p)

which replaces equation (1.23) in the main text. Furthermore, since privileged workers do
not work at low-productivity jobs, ¢ = 1 and, using equation (1.28) for up given above in
(1.20), we have

1[0 +m(0m)]
0+ (1 —p)m(0r) + (u+n — pn)m(On)

GrU = (1.29)

Finally, the free-entry condition in the low-productivity sector (equation 1.22) becomes

(r+d)c

—q(eL)<1 —5) :yL—’/’UU. (130)

Recall that low-productivity jobs match only with underprivileged workers and hence ¢y =
1.
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1.2.4.3 Restricted Equilibrium

In a restricted equilibrium S;p < 0 and S,y < 0. Hence, no worker, no matter whether
privileged or underprivileged, is employed at a low-productivity job. The reservation value of
privileged workers is still given by (1.26), whereas that of underprivileged workers simplifies

to

(r+0)b+ 677m<9H)yH‘

U p—
rHu r+0 + Bym(0y)

(1.31)

Also, the measure of privileged unemployed workers is still given by (1.28), whereas that of

underprivileged is

Op
R 1.32
w=s +nm(0g) (1.32)
Moreover, equation (1.29) becomes
0+ m(0
bru = al (6:2) (1.33)

0+ (u+n— pn)ym(g)

Finally, there is only one free-entry equilibrium condition, that for the high-productivity

sector, which is still given by equation (1.21).

1.3 Quantitative Analysis

1.3.1 European Countries

Here, we calibrate the model to match data from the economies of France, Spain, the Nether-
lands, Italy, and Greece over period 2005-2015. We are primarily interested in obtaining
rough estimates regarding the impact of discrimination on the flow of total surplus in the
economy, 1.e., total income net of the flow cost of vacancies. More specifically, this is given
by

Total Surplus 1 = (erp + ery)yr + (egp + exv)yn — c(vr + vy), (1.34)
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where, it may recalled that, e; p and ey are employment in the low-productivity sector for
privileged and underprivileged workers respectively, ey p and ey are employment in the
high-productivity sector for privileged and underprivileged workers respectively, y;, and yy
stand for productivity of a worker in the low- and high-productivity sectors respectively, ¢
is a flow hiring cost, and v;, and vy are respectively the stock of low- and high-productivity

vacancies searching for workers.

We also consider an alternative measure of the total surplus, labeled Total Surplus 2, which

includes the value of leisure, that is,

Total Surplus 2 = (eLp + eLU)yL + (eHP + eHU)yH + b(up + UU) = C(UL + UH>, (1.35)

where the additional term b is a flow of income received during unemployment that captures
the opportunity cost of employment, and up and uy stand for the mass of the privileged and

the underprivileged unemployed, respectively.

One period in the model represents one quarter; thus, all relevant parameters are interpreted
quarterly. We identify as ”privileged” and “underprivileged” the male and female workers,
respectively. Following the literature, see for example the seminal work of Blanchard and

Diamond (1990), we use Cobb-Douglas functional forms for both matching functions.

The following parameters have to be determined: The productivity parameters y; and vy,
the interest rate 7, the unemployment elasticity of the matching function, the separation rate
0, the workers’ bargaining power 3, the share of women in the labor force y, the value of

leisure b, the vacancy cost ¢, and the discrimination parameter 7).

First, following the literature, for example D. Mortensen, C. Pissarides, et al. (2003), we set
the unemployment elasticity of the matching function and the workers’ bargaining power
parameter /3 equal to 0.5.° Second, we normalize the value of ;, to unity. Third, following
Shimer (2005) we use b = 0.4 for the value of leisure. All the calibrated parameters are
shown in the Table 1.1 and 1.2. Using data from Eurostat, we compute the interest rate, the
separation rate and the share of women in the labor force. More specifically, we approximate
the real interest rate as the difference between the average yield to 10-year government bond
and the average growth rate of the Harmonized Index of Consumer Prices. We find the
values 0.375%, 0.509%, 0.321%, 0.563%, and 1.670% for the quarterly real interest rate, 7,
in France, Spain, the Netherlands, Italy and Greece, respectively. Also, using the method
explained in detail in Shimer (2005), we find the separation rate, 9, to be 0.0216, 0.0553,

°This value of 0.5 for the unemployment elasticity of the matching function is within the range of estimates
cited by Petrongolo and C. A. Pissarides (2001) for a variety of countries.
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0.0103, 0.0144 and 0.024. Finally, we calculate directly from the data the average values of
the share of women in the labor force over the period under study in the three economies;
they are 0.479, 0.441, 0.454, 0.417 and 0.425, respectively.'”

Next, we calibrate the remaining parameters to match the following targets: a) the unemploy-
ment rate among female workers over the period 2005-2015, which is equal to 7.8%, 17.1%,
5.2%, 8.9% and 18.4% respectively in France, Spain, the Netherlands, Italy, and Greece; b)
the unemployment rate among male workers which is equal to 7.2%, 14.8%, 3.9%, 6.7%,
and 12.1% respectively; and c¢) the gender wage gap (= %) found in our empirical esti-
mations (as seen in Table 2.8 this takes the values 15.7%, 16.6%, 11.8%, 12.3%, and 16.6%,

respectively).

Given the parameters values and the specified targets mentioned above, when we attempt to
calibrate the model as being at an integrated equilibrium we find for all economies that the
condition specified in Proposition 1 is not satisfied. In other words, for all economies we
find that S;p < 0, i.e., privileged workers do not consider it worthwhile to be employed on
low-productivity jobs. Hence, we calibrate the model economies as being at a partially seg-
regated equilibrium, i.e., privileged workers are matched with high productivity jobs only,
whereas underprivileged workers are matched with both types of jobs (see the Appendix for
the equations that describe this type of equilibrium). The resulting values of the calibrated
parameters are a) for yy: 1.234, 1.331, 1.182, 1.240, and 1.544, in France, Spain, the Nether-
lands, Italy and Greece, respectively; b) for c¢: 6.192, 5.069, 8.557, 14.331 and 20.768; and
c) for n: 0.153, 0.291, 0.205, 0.309 and 0.381. Also, the resulting values for the matching
rates are: for my: 0.278, 0.318, 0.254, 0.201 and 0.174; and for my: 0.213, 0.175, 0.136,
0.085 and 0.040. We call this the benchmark case.

Tables 1.3, 1.4, 1.5, 1.6 and 1.7 present the effects of a decrease in discrimination, i.e., an
increase in parameter 7) for the respective cases of France, Spain, the Netherlands, Italy, and
Greece. The numbers indicate percentage changes relative to the benchmark case, i.e., the
case where, among others, 7 = 0.153 and the gender wage gap is 15.7% (France), n = 0.291
and the gender wage gap is 16.6% (Spain), n = 0.205 and the gender wage gap 11.8% (the
Netherlands), n = 0.309 and the gender wage gap 12.3% (Italy), and » = 0.381 and the
gender wage gap 16.6% (Greece).

A decrease in discrimination raises the matching rate between an underprivileged worker
and a high-productivity job. This increases the expected profitability in the high-productivity
sector and spurs job entry, i.e., Vi and 0 increase. Workers, both privileged and underprivi-
leged, find themselves in a better bargaining position (their reservation values, rUp and Uy,

increase), which leads to higher wages (wyp and wy ). The higher labor market tightness

10Ty be consistent with our empirical estimations, the result of which are also used in the calibration, all
computations involving employment and unemployment use data for workers aged 25-64.
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(f) in the high-productivity sector leads also to higher employment (e p and egy), higher
output Yy = (eyp + eyv)ym) and higher surplus (= Yy — ¢Vy) in that sector. Moreover,
the unemployment rate among privileged workers (f_—’;) decreases (recall that they are em-
ployed only in the high-productivity sector, where the number of vacancies per unemployed

worker has gone up).

On the other hand, the higher reservation value of the underprivileged workers (rUy), men-
tioned above, raises the wage in the low-productivity sector (wy7) and induces job exit and
lower labor market tightness (1, and 6 decrease). The latter lowers employment (er/),
output (Y, = eryyr) and the surplus (= Y, — ¢V}). Eventually, as the sector shuts down,
all these variables become zero. Interestingly, as one sector gradually expands and the other
vanishes, the unemployment rate among underprivileged workers first increases and then de-

clines. Finally, both measures of net income, i.e., Total Surplus 1 and Total Surplus 2, go

up.

Calibrating our model using values that pertain to each of five major European countries
we have data for, France, Spain, the Netherlands, Italy and Greece, our simulation exercise
suggests that a 50 percent decrease in the gender wage gap, for instance, increases both
measures of net income by more than three percent per quarter relative to the benchmark
case for France, by more than four percent for Spain, by more than one percent for the
Netherlands, by more than two percent for Italy, and by more than three percent for Greece.
More specifically, the percentage change is 3.2, 4.3, 1.4, 2.1 and 3.5 per quarter for Total
Surplus 1, and 3.7, 4.1, 2.1, 2.4 and 3.6 for Total Surplus 2 as shown in Tables 1.3, 1.4, 1.5,
1.6 and 1.7 for the case of France, Spain, the Netherlands, Italy and Greece, respectively.

1.3.2 The US

Having provided some quantitative evidence regarding the impact of talent misallocation
on total surplus based on our theoretical model for five major European countries, we now
proceed to provide some quantitative evidence regarding the impact of talent misallocation
on total surplus based on our theoretical model also for the US economy. Specifically, we
calibrate our model to match the US economy over the most recent period 2010-2017. The
flow of total surplus in the economy is given by equation (1.34). The alternative measure
regarding the flow of total surplus in the economy and it takes into account the value of

leisure is given by equation (1.35).

One period in the model represents one month; thus, all relevant parameters are interpreted
monthly. We apply the model in relation to race focusing on African Americans as compared
to whites. That is, based on the jargon of our theoretical model, we identify as potentially

“privileged” and “underprivileged” the white and black workers, respectively. We use Cobb-
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Douglas functional forms for both matching functions. (see Blanchard and Diamond 1990).
Next, we need to determine parameters such as the interest rate 7, productivity parameter (y,,
ym), the unemployment elasticity of the matching function, the separation rate o, workers’
bargaining power [, the share of blacks in the labor force p, the value of leisure b, the

vacancy cost ¢, and the discrimination parameter 7).

According to the literature!!, we set the unemployment elasticity of the matching function
and the workers’ bargaining power parameter 5 equal to 0.5, while for the value of leisure
we follow Shimer (2005) and set it to b = 0.4. The productivity parameter in the low-
productivity sector is normalized to one. Using the Federal Reserve Economic Data (FRED),
we compute the real interest rate as the difference between the 10-year government bond
and the growth rate of the Consumer Price Index. We compute a value 0.763% for the
monthly real interest rate. As for the separation rate 9, we follow the method explained by
Shimer (2005) and find it to be equal to 0.0199. Using data from the Current Population
Survey (CPS) of the Bureau of Labor Statistics, we calculate the average share of African-
Americans in the labor force to be 12.04% over the period from 2010 to 2017. In addition, we
calibrate the remaining parameters to match targets such as the unemployment rate among
the African-Americans which equals 11.93%, the unemployment rate among whites which
equals 6.04%, and wage differentials between African-Americans relative to whites which is

equal to 22.3% from our estimation shown in Table 3.11.

We calibrate the equilibrium as a partially segregated one since the integrate equilibrium is
not satisfied. The resulting values of the calibrated parameters are y; = 1.446, ¢ = 8.374,
n = 0.177, and the matching rates in the high- and low-productivity sector are my = 0.31
and my, = 0.092, respectively. This is our benchmark case!?. Table 1.8 presents the effect of
a decrease in discrimination, i.e., an increase in parameter 7 in the US. The numbers indicate

percentage changes relative to the benchmark.

A decrease in discrimination corresponding to a 50% decrease in the wage gap related to
race, reduces first the matching rates in both sectors. The reduction in the matching rate in
the low-productivity sector is larger as compared to the high-productivity one. As a result,
the profitability in the low-productivity sector decreases and this induces job exit. Regarding
employment, more underprivileged workers are employed in the high-productivity sector
(egu), which results in higher output (Yy) and higher surplus (= Yy — ¢Vy). Moreover,
the unemployment rate among privileged workers increases, and the same goes for the un-
derprivileged. However, the unemployment rate for the underprivileged is larger as a result
of the job exit in the low-productivity sector. As the discrimination is reduced further, the
matching rate in the high-productivity sector increases. This increases expected profitabil-

ity in the high-productivity sector and spurs job entry, i.e., Vi and 0y increase. Both types

""For example, D. Mortensen, C. Pissarides, et al. (2003), Petrongolo and C. A. Pissarides (2001)
12 All the calibrated parameters are shown in Table 1.1 and 1.2
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of workers are now in a better bargaining position (their reservation values, rUp and Uy,
increase), which leads to higher wages (wy p and wyy ). In addition, employment in the high-
productivity sector (e p and ey ), output (Yy = (egp+egy)yn) and surplus (= Yy —cVy)
increase in that sector. The low-productivity sector shuts down. Interestingly, as one sector
gradually expands and the other vanishes, the unemployment rate among underprivileged
workers first increases and then declines. Finally, both measures of net income, i.e., Total

Surplus 1 and Total Surplus 2, go up.

Calibrating our model using values that mimic the US economy over the period 2010-2017,
our simulation exercise suggests that a 50 percent decrease in the wage gap between African-
Americans and whites, for instance, increases both measures of net income relative to the
benchmark case. Specifically, the percentage change is 0.4 per month for Total Surplus 1, and
0.7 for Total Surplus 2 as shown in Table 1.8. In addition, if we eliminate race discrimination
completely the increase in net income is much larger, with the percentage change equal to

3.9 and 3.5 respectively for Total Surplus 1 and Total Surplus 2.

1.4 Conclusion

In our theoretical setting, wage differentials and talent misallocation are generated by un-
equal access to employment that arises because of the existence of prejudice, social norms,
discrimination, etc against the underprivileged workers (women, immigrants, private sector
employees). No matter what the causes of unequal access to employment, we show that the
higher the unequal access to employment, the higher the wage differential and the higher the

misallocation, resulting in income losses.

Indeed, calibrating our theoretical model, we show that the type of misallocation effects we
uncover here can have substantial aggregate effects for economies such us that of Spain.
Importantly, calibrating our theory model for the US economy for the period 2010 to 2017,
we find that a reduction of 50 percent in the wage gap between African-Americans and
whites, is associated with an increase of net income of about 0.4 percent per month, or 0.7
percent per month taking into account the value of leisure. If the wages of African-Americans
and whites converged completely, this would increase net income by around 4 percent per

month.
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1.5 Future Work

In future work, we plan to improve the calibration of the model by estimating the replacement
rate for each European country. In the existing calibration of the model, we follow the work
of Shimer (2005) to set the value of leisure b = 0.4. However, ideally, we would need to
match the replacement rate in each country. That’s why we plan to estimate the replacement
rate in each country to adjust the parameter b in such a way that Proposition 1 is satisfied and

then we can calibrate the model for an integrated equilibrium.

In our quantitative analysis, we explored the impact of gender discrimination on the flow
of total surplus in the European economies. However, women have a lower labor force
participation rate compared to men, and this is not captured in the model. For this reason,
the model is more suitable to investigate the misallocation effects arising from the race for
the US economy and country of origin for European economies. A possible extension of the

model is to incorporate as endogenous the decision of labor force participation for workers.

Finally, in terms of future work, a natural extension to the model would be to assume the
existence of some creation cost needed to produce the intermediate goods. The extension
will relate to Acemoglu (2001) work who develops a search and matching model in which
high-wage (good) and low-wage (bad) jobs coexist. We will build on the existing model by
considering good and bad entrepreneurs who can thus open one of two types of vacancies:
good-jobs and bad-jobs. On the other hand, workers will have the same abilities but they
will differ regarding their access to employment. It would be interesting to use this model
to explore the coexistence of good and bad jobs due to the differential job creation costs in

addition to the labor market frictions for certain population groups.

1.6 Tables
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Table 1.1: Calibration Results

Parameter Description Value
6] Workers’ bargaining power 0.5
73 Output in the low-productivity sector 1
b Value of leisure 0.4
r Real interest rate in:
France 0.375%
Spain 0.509%
Netherlands 0.321%
Italy 0.563%
Greece 1.670%
uUS 0.763%
o Separation rate in:
France 0.022
Spain 0.055
Netherlands 0.010
Italy 0.014
Greece 0.024
uUS 0.0199
! Share of the underprivileged in the labor force:
France 0.479
Spain 0.441
Netherlands 0.454
Italy 0.417
Greece 0.425
uUS 0.124
Uy Unemployment rate among underprivileged workers:
France 7.8%
Spain 17.1%
Netherlands 5.2%
Italy 8.9%
Greece 18.4%
uUS 11.93%
up Unemployment rate among privileged workers:
France 7.2%
Spain 14.8%
Netherlands 3.9%
Italy 6.7%
Greece 12.1%
uUS 6.04%
% Wage gap:
France 15.7%
Spain 16.6%
Netherlands 11.8%
Italy 12.3%
Greece 16.6%
US 22.3%
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Table 1.2: Calibration Results for the Segregated Equilibrium

Parameter Description Value
YH Output in the high-productivity sector
France 1.234
Spain 1.331
Netherlands 1.182
Italy 1.240
Greece 1.544
US 1.446
c Vacancy cost
France 6.192
Spain 5.069
Netherlands 8.557
Italy 14.331
Greece 20.768
US 8.374
i Discrimination parameter
France 0.153
Spain 0.291
Netherlands 0.205
Italy 0.309
Greece 0.381
US 0.177
my Matching rate high-productivity sector
France 0.278
Spain 0.318
Netherlands 0.254
Italy 0.201
Greece 0.174
US 0.310
mp, Matching rate in low-productivity sector
France 0.213
Spain 0.175
Netherlands 0.136
Italy 0.085
Greece 0.040
US 0.092
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Table 1.3: The effects of a decrease in discrimination in the case of France

Decrease in Gender Wage Gap  50% 100%

High-Productivity Sector

m(6y) 147 234
WHU 2.5 8.9
€egp 1.0 1.4
eHU 337.8 509.5
Yu 459  68.8
Surplus 449 71,5
Vi 50.0 16.0
Low-Productivity Sector

m(6r) -83.1 —
wrp v 4 —
WLy 2.8 —
€Lp "N -
ELU -73.9 —
Y. -73.9 —
Surplus -73.2 —
Vi -96.3 —
Aggregate Variables

1“_—12 -12.0 -18.1
UTU 56.0 -244
Total Surplus 1 32 108
Total Surplus 2 3.7 9.8

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =

15.7% (discrimination parameter n = 0.153).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 7.85% (n = 0.376), the economy continues to be at a partially
segregated equilibrium.
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Table 1.4: The effects of a decrease in discrimination in the case of Spain

Decrease in Gender Wage Gap  50% 100%

High-Productivity Sector

m(6y) 94 17.1
WHU 3.1 9.5
eup 1.3 2.3
equU 111.9 204.7
Yu 243 445
Surplus 2477  48.1
Vi 18.8 9.8
Low-Productivity Sector

wrp v 4 —
WLy 3.7 —
€Lp "N -
ELU -61.9 —
Y. -61.9 —
Surplus -60.4 —
Vi -84.9 —
Aggregate Variables

1“_—2 -74  -12.8
UTU 9.9 -24.6
Total Surplus 1 43 127
Total Surplus 2 4.1 10.8

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =

16.6% (discrimination parameter n = 0.291).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 8.8% (n = 0.512), the economy continues to be at a partially

segregated equilibrium.
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Table 1.5: The effects of a decrease in discrimination in the case of the Netherlands

Decrease in Gender Wage Gap  50% 100%

High-Productivity Sector

m(6y) 7.1 13.8
WHU 1.4 6.9
€egp 0.2 0.4
eHU 205.9 268.1
Yy 382 499
Surplus 37.6 518
Vi 60.8  -0.6
Low-Productivity Sector

m(6r) -91.7 —
wrp v 4 —
WLy 1.5 —
€Lp "N -
€LU -84.9 —
Y. -84.9 —
Surplus -84.7 —
Vi -98.8 —
Aggregate Variables

I“_—ib -6.4  -12.8
UTU 82.1 -34.6
Total Surplus 1 1.4 7.0
Total Surplus 2 2.1 6.4

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =
11.8% (discrimination parameter n = 0.205).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 5.9% (n = 0.321), the economy continues to be at a partially
segregated equilibrium.
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Table 1.6: The effects of a decrease in discrimination in the case of Italy

Decrease in wage gap related torace  50% 100%

High-Productivity Sector

m(0y) 53 105
Cgp 0.4 0.7
eHy 100.6 145.0
Yy 23.0 336
Surplus 23.1 355
Vi 30.7 0.3
Low-Productivity Sector

m(0r) -83.3 —
wrp — —
WLy 2.0 —v
eLp K -
ELu -78.2 —
Y. -78.2 —
Surplus -78.8 —
VL -96.7 —
Aggregate Variables

% 47 9.0
“7U 30.7 -31.5
Total Surplus 1 2.1 7.4
Total Surplus 2 2.4 6.6

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =
12.3% (discrimination parameter ) =7).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 6.12% (n = 0.451), the economy continues to be at a partially
segregated equilibrium.
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Table 1.7: The effects of a decrease in discrimination in the case of Greece

Decrease in wage gap related to race  50%  100%

High-Productivity Sector

m(0y) 35 138
eHp 0.6 1.6
Yy 144 235
Surplus 147 262
Vi 24.0 5.8
Low-Productivity Sector

m(0r) -87.3 —
wrp - -
Wwru 3.1 —V
€Lp E -
€LU -86.2 —
Y. -86.2 —
Surplus -85.9 —
Vi -97.8 —
Aggregate Variables

1”_—12 -3.0 -10.7
UTU 123  -41.3
Total Surplus 1 35 122
Total Surplus 2 3.6 103

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =

16.6% (discrimination parameter = 0.381).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 8.3% (n = 0.482), the economy continues to be at a partially
segregated equilibrium.
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Table 1.8: The effects of a decrease in discrimination in the US

Decrease in wage gap related to race 50% 100%

High-Productivity Sector

m(0y) -0.4 5.6
wyp -0.0 0.3
e€gp -0.0 04
eHU 130 1825
Yy 63 8.9
Surplus 5.9 9.5
Vi 15.5 2.2
Low-Productivity Sector

m(6r) -97.0 —
wrp — Y -
wru 2.0 vV
€Lp — E—
CrLu -98.6 —
Y. -98.6 —
Surplus -98.5 —
Vi -100.0 —
Aggregate Variables

1“_—1 04 -56
“TU 734 522
Total Surplus 1 0.4 3.9
Total Surplus 2 0.7 3.5

Notes:

1. The numbers indicate percentage changes from the benchmark case: Wage gap =

22.3% (discrimination parameter 7 = 0.177).

2. The economy is calibrated as if it is at a partially segregated equilibrium for reasons
explained in the main text. When the Wage gap decreases by 50%, relative to the
benchmark case, to 11.15% (n = 0.512), the economy continues to be at a partially

segregated equilibrium.
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Chapter 2

Talent Misallocation in Europe

2.1 Introduction

The allocation of talent across economic activities is an important determinant of economic
growth, as argued early on by Baumol (1990) and Murphy et al. (1991). Talent misallocation
can lead to inefficiencies that suppress economic growth and harm the welfare of societies.
We utilize microeconomic data on wages and individual characteristics across eighteen Eu-
ropean economies for the period 2005-2015 to investigate the overall misallocation effects
implied by the combined gender, public-private and foreign-native wage gaps. In our theo-
retical model, these wage gaps and misallocation are generated by the unequal opportunities
for employment that different types of workers face in the labor market: the higher the degree
of unequal treatment for underprivileged workers, the higher the wage gap and the higher the

misallocation.

We assess the extent to which wages differ across public versus private, female versus male,
and foreign versus native born workers that otherwise share similar characteristics. In the
absence of data on the degree of unequal access to employment or direct numbers for mis-
allocation, these conditional wage gaps serve as an implicit measure of talent misallocation.
As illustrated in our theoretical model and our calibration exercise, such unwarranted dif-
ferences in earnings may imply misallocation with significant adverse effects for aggregate
economic outcomes. Consistent with this, our micro-based wage-gap estimates place coun-
tries that have been at the epicenter of the European Crisis at the very high end of our talent

misallocation ranking.

The theoretical model we construct guides our empirical analysis, as it links unequal ac-
cess to employment with wage gaps, talent misallocation and income losses. This theoreti-

cal model generates wage differences for workers based on unequal access to employment,
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which in turn might depend on individual characteristics such as gender, race or country of
origin, as well as on political or other affiliation. More specifically, we consider an economic
environment with two types of jobs/sectors, one of which is more productive than the other,
and a labor market where workers are equally talented but differ with respect to their op-
portunities for employment. These differences can arise from the presence of diverse social
phenomena such as prejudice, social norms, discrimination, nepotism, political favouritism,
immigrant status and so on. Thus, workers can be “privileged” or “underprivileged”. Here,
“underprivileged” relates to foreign workers who lack the privileges of domestic ones or
to women who do not enjoy male privileges. More broadly, “underprivileged” might also
encompass workers in the private sector who lack the political or social “connectedness”

characterizing those that manage to land a job in the public sector.

While all unemployed workers search for employment in both markets, underprivileged
workers have a lower probability of getting hired in the high-productivity sector compared
to the privileged ones as the former face a lower job matching rate. In such an environment,
workers of both types can be matched with both low- and high-productivity jobs. However,
privileged workers will be in a better bargaining position and hence receive a higher wage,
despite the fact that all workers have the same ability/talent. Additionally, as the degree of
unequal treatment for underprivileged workers decreases, the economy may even move to an
equilibrium where the low-productivity sector shuts down. In this case, wages of privileged
and underprivileged workers in each sector would converge and any talent mismatch would

disappear.

The study closer to ours is Hsieh et al. (2019) who investigate the aggregate productivity
gains in the US between 1960 and 2010 following the decrease in labor market discrimination
based on gender and race. Using a model of occupational choice, they find that one quarter
of aggregate growth in GDP per person for the US during the last 50 years can be explained
by declines in talent misallocation. In this chapter, we focus instead on talent misallocation
across European Union countries, and explore misallocation based on gender, private sector
affiliation, and country of origin. As migrants comprise a much smaller part of the total
workforce in the European Union compared to the US,! the talent misallocation problem

attributed to this factor can be much greater for the European Union than for the US.

More broadly, our work relates to the literature investigating the causes of economic devel-
opment and productivity differences across countries. The literature, as surveyed by Caselli
(2005) and Jones (2016), suggests that Total Factor Productivity (TFP) plays an important
role in explaining cross-country income differences. The main reason TFP varies across
countries is because inputs are not allocated efficiently. Indeed, Hsieh and Klenow (2009)

show that reallocation of factors across plants could substantially increase efficiency in the

'For the period under study, intra-EU migrants comprised 5 percent of the total workforce and non-EU
migrants around 6 percent of it, whereas in the US for 2015, around 28 percent of the total workforce was
comprised of intra-state immigrants and about 13 percent of it from foreign migrants.
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likes of China and India.

Our work is also related to the literature examining the aggregate costs of gender inequality.
Cavalcanti and Tavares (2016) develop a growth model with endogenous fertility and barriers
to female labor market participation in the form of wage discrimination. They calibrate the
model for the US economy and find that a 50 percent increase in the gender wage gap leads

to a 35 percent decrease in per capita income.?

They also find that a very large share of
the difference in per capita output between several countries and the US can be explained
by gender discrimination differences. Cuberes and Teignier (2016) present an occupational
choice model that quantifies the effects of gender wage gaps on aggregate productivity and
income per capita.®* Calibrating the model for 33 OECD countries for 2010, they find that

gender gaps cause an average loss of 15 percent in income per capita.

Moreover, our work relates to the literature studying the wage gap between immigrants and
native-born workers. Chassamboulli and Palivos (2014) develop a search model with skill
heterogeneity to analyze the impact of immigration on labor market outcomes in the host
country. They allow for differential search costs between natives and immigrants as a key
factor in explaining the equilibrium wage gap between otherwise identical native and immi-
grant workers. Within the same framework, Liu et al. (2017) consider imperfect transfer-
ability of human capital across borders that puts skilled immigrants at a disadvantage on the
bargaining table relative to skilled natives, so that they become willing to accept low-skill
jobs at a much greater rate compared to their native counterparts. Similarly, Chassambouli
and Peri (2015) consider a two-country model with labor market search, where immigrants,
especially illegal ones, have a worse outside option than natives so that the wages of the

former are lower.*

Finally, our study is related to the literature that investigates the macroeconomic costs of an
overpaid public sector. For example, Santos and Cavalcanti (2020) assess the implications
of earning differentials between the public and private sectors by developing a model with
endogenous occupational choice among the public and private sectors, where an inefficiency
arises due to a public sector wage premium. They calibrate the model to Brazil and show that
the presence of such a premium can generate important allocation effects for the economy.
A reform reducing the public sector wage premium by 12 percent could increase aggregate
output by up to 16 percent in the long-run.’ Jaimovich and Rud (2014) also study the effect

2Here, gender discrimination discourages labor-force participation of women and increases fertility; both
of these effects lead to a decline in per capita output.

3Here, women face several restrictions on their occupational decision and on their participation in the labor
market, leading to an inefficient allocation of talent across occupations that reduces entrepreneurs’ average
talent and as a result aggregate productivity and per capita income.

“Thus, their presence reduces labor costs for employers who then create more jobs per unemployed when
there are more immigrants.

3The intuition behind these results is that earning differences between public and private workers affect their
occupational choice and generate misallocation. The public sector attracts highly productive agents looking for
higher-paying jobs, crowding out potentially more productive private sector employment, which leads to lower
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of an over-sized inefficient public sector on economic performance through an occupational
choice model, and show that public sector bureaucrats with low degree of public service
motivation extract rents by hiring an excessive number of unskilled workers. This leads to
an equilibrium with relatively high unskilled wages, which reduces profits and makes the

private sector relatively unattractive for potential entrepreneurs.

Based on microeconomic data on wages and individual characteristics across Europe over
the decade ending in 2015, we find that females, migrants, and private sector employees
receive lower conditional wages than what their other observable characteristics would im-
ply. Notably, our country-specific estimates based on these microeconomic data imply that
economies such as Cyprus, Ireland, Italy and Spain, all of which have been at the heart of
the European Crisis, are systematically found at the high end of the overall talent misallo-
cation measure we estimate, and so does Greece in the pre-crisis period prior to its fiscal
adjustment.® Thus, our paper provides new cross-country micro-econometric evidence sup-
porting the findings of the surging literature described in the previous paragraphs regarding

the importance of various forms of talent misallocation for aggregate economic outcomes.

The rest of the chapter is organized as follows. Section 2.2 describes the data and vari-
ables used in our study, summary statistics and outlines our empirical approach. Section 2.3

presents estimation results, while Section 2.4 briefly concludes.

2.2 Empirically investigating talent misallocation

2.2.1 Data

Given the theoretical link we established between wage gaps for underprivileged workers
and talent misallocation, we now use microeconomic data to detect patterns of misallocation
in European countries based on individuals’ gender, immigrant status, and private versus
public sector affiliation. In particular, we use cross-sectional data at the individual level
from the European Union Statistics on Income and Living Conditions (EU SILC) collected
by Eurostat annually from 2005 to 2015. The number of countries varies from wave to wave.
Because of the lack of detailed information regarding migration status, Estonia, Germany,
Latvia, Malta and Slovenia are excluded. Moreover, due to lack of data, Croatia, Norway and

Serbia are excluded, while Bulgaria, Hungary, Lithuania, Poland, Romania and Slovakia are

productivity in the private sector and the economy as a whole.

Portugal, another country at the epicenter of the European Crisis, is not ranked among those with the
highest estimated talent misallocation measure. This is in line with Martin and Philippon (2017), who argue
that Portugal’s problems were mostly due to exogenous factors, such as the ECB not acting early enough.
Luxembourg, a small idiosyncratic economy with a gigantic financial sector relative to its GDP, has relatively
high estimated misallocation.
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also excluded as they often have extremely small annual samples for immigrants’. Thus, the
sample we consider for estimation consists of eighteen European countries. In our empirical

application, we pool all the cross-sectional data to gain in terms of efficiency.

We assess the degree to which wages depend on individual characteristics and whether gen-
der, migration status, and private sector affiliation have explanatory power for wages. Specif-
ically, we use the natural logarithm of average hourly earnings of each employee as the de-
pendent variable of our analysis. We define the hourly wage as annual income divided by the
number of months worked, multiplied by weekly hours of work times 4.2. Annual income is
given by gross employee cash or near cash income which refers to the monetary component

of the compensation of employees in cash payable by an employer to an employee.

Our main empirical objective is to compare wages between the private and public sectors,
between women and men, and between immigrants and non-immigrants, in order to detect
whether these pay gaps constitute evidence of talent misallocation. With this in mind, we
exclude from the sample students and individuals below 25 and above 64, those retired and
disabled, and soldiers. We also exclude the self-employed as well as family workers, because
in a number of countries incomes are not thought to be fully declared. On the other hand,
we keep individuals that worked for part of the year. Noting that annual income includes
earnings from the main job and from any secondary jobs, while the information regarding
the number of months worked refers only to the main job, we keep only individuals working
in the main job in our sample in order to be able to calculate hourly wages. The final sample
includes the unemployed, the inactive, and individuals working in full-time and part-time

occupations, which can be potentially important for females in certain countries.

Finally, our distinction between private and public sector employment is based on the Sta-
tistical Classification of Economic Activities (NACE) Revisions 1.1 and 2. We note that
the public sector can be defined using either the restricted or the broad definition. The first
defines a public sector worker as one employed in the sector “Public administration and de-
fence, compulsory social security”, while the broad definition also takes into account the
sectors “Education” and “Health and social work™. Here, we will define the public sector
using the restricted definition because the broad one tends to overestimate the share of pub-
lic sector workers in total employees as some of the employees included in NACE sectors

“Education” and “Health and social work™ are actually involved in private activities.

"For instance, Romania has less than 10 immigrants in its annual sample, and so does Bulgaria regarding
the number of EU migrants.
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2.2.2 Summary Statistics

Our final sample consists of eighteen European countries and thousands of observations.
As shown in Table 2.1 the majority of employees work in the private (89.56 percent), are
married, work full-time and have permanent contract. Regarding the country of origin, a high
percentage of workers are native-born, while foreign-born workers consist only 12 percent of
the total. Females comprise on average about half of the sample. As for the education levels,
the largest part of our sample has completed (upper) secondary education, followed by those
who have achieved higher education which equals 38 percent. With respect to age groups,
a high percentage consists of ages 25 to 54, while the 55 to 64 age group comprises only
15 percent of the total. The occupational category c, that includes professionals, technicians

and so on, contain the larger number of individuals.

Table 2.2 presents descriptive statistics regarding the average hourly earnings for the period
2005-2015. Overall, the average hourly income across the European countries that have
been included in our sample was €14.85. Comparing instead the average hourly income
between these countries, we deduce that Switzerland has the largest one, €32.26, followed
by Denmark, €23.86, and Luxembourg, €22.35. From the other hand, Czech Republic,

Portugal, and Greece have the lowest average hourly income for the period under study.

Table 2.3 shows the median hourly earnings by employment sector. In general, we observe
that the average median hourly earning for private sector employees across these European
countries was €12.79 compared with €14.92 for the public sector. The resulting private
to public ratio of median hourly earnings was around 86 percent, implying a 14 percent
unconditional wage gap related to the employment sector. However, there is heterogeneity
regarding the private-public income ratio. Specifically, France, Denmark, and Belgium have
the highest ratio, suggesting that these countries have the lowest wage gap, while Cyprus,
Portugal, and Luxembourg have the lowest ratio, implying the highest wage gap related to

the employment sector.

With regard to gender, overall women’s median hourly earnings were €11.72 compared
with €13.53 for men, with the resulting female to male ratio of median hourly earnings
around 87 percent, implying a 13 percent unconditional gender gap. Moreover, looking
across countries, we note that Ireland, Belgium, and Italy have the highest female to male
ratio, suggesting the lowest gender wage gap. On contrast, Cyprus, Czech Republic, and

Austria have the lowest ratio, implying the highest unconditional gender gap (see Table 2.4).

Finally, regarding the country of birth, for the period 2005-2015, the average median income
for native-born workers was €14.18, compared with €12.25 for immigrants from EU and
€10.56 for Non-EU. As a result the EU-migrant to native-born income ration was around 86

percent, indicating a 14 percent unconditional gap related to country of birth. As for the non-
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EU to native ratio was about 74 percent, implying a 16 percent wage gap for foreigners born
outside EU. From Table 2.5, we observe again that there is heterogeneity across countries
regarding the unconditional wage related to the country of origin. For instance, Luxembourg,
Italy, and Ireland have the lowest EU to native income ration, suggesting that these countries
have the highest unconditional wage gap. With respect to the non-EU migrant to native ratio,

we observe that Cyprus, Luxembourg, and Spain have the highest unconditional earnings

gap.

2.2.3 Empirical Specification

Our objective is to estimate wage differentials by considering a Mincer-type wage regression

of the logarithm of the hourly wage on a wide set of individual characteristics as follows:

wijr = Bo + PrPrivate;j, + BoFemy; + BsMigrant EUsj + BaMigrant;;, + X
+Oéj -+ (673 + Eijt

where w;;; is the logarithm of the hourly wage of the individual i in country j at time ¢,
Private;j; 1s a dummy variable indicating whether the individual works in the private sector,
Fem;j;; is a dummy variable indicating the gender, MigrantEU,j is a dummy variable
indicating whether the person is an immigrant from an EU country, Migrant;;; is a dummy
variable indicating whether the person is an immigrant from a non-EU country, and X;;;
is a vector of covariates that includes three controls for education (L=less than secondary,
S=secondary and H=higher education), four controls for occupation®, four controls for age
proxying for experience’, and binary variables denoting part-time work and permanent job
status. Finally, a;; and oy are country- and time-fixed effects respectively, 3, is a constant

and €, s the residual.

The variable experience is not provided for all countries. Thus, we include age as an indica-
tor of labor market experience. A potential problem in estimating a Mincer-type wage model
is the possible measurement error in the age variable that could lead to bias and inconsistent
estimates. The measurement error arises when the age variable is believed to be reported
with an error. For instance, when we proxy experience with the age, there is always the
possibility that an older person, does not always imply that has greater experience compared
to a younger one. It this case, the age variable may be correlated with the error term in the

wage model. Also, when we estimate Mincerian wage model is the unobserved heterogene-

8The four occupation dummies are: a=craft and related trade workers, plant and machine operators
and assemblers, and elementary occupations; b=clerks, and services and shop and market sales workers;
c=professionals, technicians and associate professionals, skilled agricultural and fishery workers, and armed
forces; d=legislators, senior officials and managers

9We proxy experience by using age dummies.
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ity. There is always the possibility of not including in the model important factors that are

not observed such as ability or effort.

Another issue that could arise is the life-cycle bias that has to do with the timing of mea-
surement of income. Specifically, individuals in our sample are of different cohorts, and
differences in income between them at a particular point in time could be a result of life-
cycle changes and not from fundamental differences. The inclusion of age variable only
corrects for changes in mean earnings across age. A lifecycle bias remains so long as there

are changes in earnings variance over the lifecycle.

An important problem that arises here is that we observe wages only for individuals that
are in the labor market but not for those outside the labor force. We therefore have a non-
random sample, which can be viewed as a specific form of endogeneity bias. To correct for
this selectivity bias, we use the Heckman method which consists of two steps. First, we use

all observations and estimate a probit equation that takes the form:

Ejt = 1(6X2ijt + Qa; + oy + €ijt > 0) (21)

where T;;; is a binary dependent variable with zero indicating being out of the labor force
and unity indicating being in the labor force either via paid employment or by being un-
employed. Xo;;; is a vector of covariates that includes variables from vector X;j; in the
Mincer-type wage regression specified in the beginnning of this section, along with dummy
variables indicating employment sector, gender, and immigration status. Moreover, as it is
highly recommended to impose at least one exclusion restriction, we include marital status
(Married), family/children related allowances (Benefits) and bad health status (Health), in

addition to the above common regressors appearing in the second stage.

The selection equation needs to be specified in such a way so that there is at least one vari-
able that determines selection but which has no direct effect on wages. The reason is that
with exactly the same variables in both equations, the second stage of Heckit would pos-
sibly suffer from collinearity. We include marital status (Married), family/children related
allowances (Benefits) and bad health status (Health), in addition to the above common re-
gressors appearing in the second stage. For instance, from our preliminary results, children
allowance variable affects the probability of entering the labor force for females, but not the
income. Similarly, marital status increases the likelihood for females to enter the labor force,
while health status is associated to have a direct effect for a migrant in being into the labor
force. Moreover, in order to investigate the plausibility of results regarding the instruments
included, we also explore the case where we do not include any instruments in the selection.

More on this below.

Based on the parameter estimate 5, we then compute the inverse Mills ratio (\) for each
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observation.

Next, using the selected sample, we estimate the Mincer-type wage regression on a set of

individual characteristics, fixed effects, and the Mills ratio, as follows:

Wit = ﬂo + ﬁlprivateiﬁ + 52F€mijt + ﬂgMigrantEUijt + 54Mig7“antijt + ﬁXlijt

+71)\(5X2ijt) + Oéj + g + Uijt
(2.2)

We estimate the private-public, gender, and immigrant-native wage gaps, as the coefficients
of the private sector, female, and foreign-born dummies respectively from the above-specified
wage regression of the logarithm of the hourly wage on individual characteristics. That is,
parameter (3, captures the private-public earning gap, 3, captures the female wage gap, (3
the earning gap between EU migrants and natives, and /3, the earning gap between non-EU

migrants and natives.

Extended specifications include interactions such as migrants with education to capture po-
tentially different wage impact for migrants based on their educational status, as well as
interactions of private sector status with education, female with education, and female with
part-time job status. Finally, we consider interactions of private sector status with female,
migrant with female, and migrant with private sector status. While in the theoretical model
workers are divided into “privileged” and “underprivileged” abstracting from possible over-
lap between private sector employees, females and immigrants, we find it useful to allow for

this possibility empirically at this point by adding the above-mentioned interactions.

We first consider a specification that provides us with average parameter estimates for our
pooled sample of European countries. This helps assess the overall empirical plausibility of
our empirical model. Next, we are interested in taking into account the possibility that the
probability of participating in the labor force is different in each country, and that wage gaps
may also differ for each country. Thus, we allow for the effects of our parameters of interest,
Private;j;, Femj, Migrant EU,j and Migrant;;,, to differ for each country in both stages
of the estimation. To do so, we include interactions of our main variables with country
dummies. This then constitutes our preferred empirical specification. Noting that for migrant
status, we sum the separate effects for EU and non-EU migrants weighting these according
to their share in total migrants obtained from Eurostat country-level data. These country-
specific estimates allow us to construct the overall “misallocation measure” of each country
that indicates the combined misallocation effects arising from the private-public and gender
wage gaps, as well as from the pay gap between foreign and native born workers. Basically,
we constructed the misallocation measure by adding the coefficients of the private sector

employees, females and the weighted sum of the EU and non-EU migrants’ coefficients.
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We also test the hypothesis that the linear combination of the coefficients (misallocation

measure) is statistically equal to zero.

2.3 Empirical Results

2.3.1 Baseline Estimates

Noting that sample selection bias arises when the residual in the Mincer-type wage equa-
tion is correlated with the residual in probit equation (26), we use the Heckit procedure to
estimate the parameter for the explanatory variable A(.), v1, which measures the covariance
between the two residuals. The null hypothesis is no selectivity bias, v,=0.! Table 2.6 re-
ports the results from estimating the probit equation described in section 3.2, where unity
indicates paid employment or unemployment and zero out of labor force. The results show
that being a female and having being born in a foreign country, both reduce the likelihood of
being in the labor force. Similarly, currently working in the private sector reduces the like-
lihood that this worker was in the labor force during the previous year. The same goes for
low education, bad health, and being a recipient of social benefits. On the other hand, having
higher education, being in age groups 35-44 or 45-54, part-time work, having a permanent
contract, and being married, are all associated with higher probability of being in the labor

force.

Table 2.7 reports the results of the wage regression specified in equation (27) estimated over
the period 2005-2015. Our estimates suggest that for these group of countries, being a female
or immigrant, and working in the private sector exert a negative impact on one’s wages
beyond that explained by their economic characteristics. This is suggestive of persistent
talent misallocation in Europe during the period under study. These results are robust to
including a number of variables in the wage regression such as education, occupation, age,

part-time job, and permanent job status.

In relation to the private-public wage gap, we find that private sector employees were paid
7.6 to 9.8 percent less than public sector employees, depending on the specification in Table
2.7.'' As for the gender gap, the range of estimates for the negative effect of being female
on hourly wages from our specifications reported in Table 2.7, is between 16.7 (estimated
for the more complete specification reported in the last column of the table) and 19.1 percent

(for the parsimonious specification in the first column). Looking at the impact of the country

10As we show in Table 2.7 next, ~; is significantly different than zero implying it is necessary to correct for
sample selection.

"This is in line with empirical evidence from other micro-studies, e.g. Christofides and Michael (2013), that
report negative pay differentials for the private sector unexplained by observed individual characteristics such
as education and experience.
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of origin on the wage gap relative to locals, we obtain differential impact on hourly wages
for EU versus non-EU migrants. It turns out that gaps associated with the place of birth are
always larger for migrants from non-European countries which were estimated to be as high
as 18.9 percent in the parsimonious specification reported in the first column of Table 2.7.
As compared to this, the total effect of being an EU migrant on wages was no higher than

11.3 percent for any of the six specifications we consider.

Having looked at the total effect of our variables of interest, we now take a closer look at their
interactions with a number of other variables. These interaction terms suggest different wage
impact of certain variables for private as compared to public sector employees, for females as
compared to males, and for migrants as compared to non-migrants. The interaction of private
sector status with education indicates the important role that education plays in reducing
wage gaps between public and private sector employees. In addition, high education narrows
the gender gap as highly educated females face smaller wage gaps compared to females
with lower levels of education. Similarly, the wage gaps between EU migrants and natives
are lower for individuals with higher levels of education. This also holds for the effect
of high levels of education relative to medium (secondary) level of education for non-EU
migrants.'? Furthermore, the pay gap between migrants and natives is greater for private
sector employees as compared to public sector ones. Moreover, gender wage gaps are larger
for private sector employees as compared to public sector employees, as well as for non-
EU migrants as compared to natives. However, the gender wage gap is somewhat lower for

females born in another EU country, and considerably lower for females working part-time.

Finally, we note that the average impact of the included covariates on hourly wages in these
European countries typically has the expected sign, implying that our microeconomic data
and our empirical specification capture average relationships reasonably well across these
European countries. We find that workers with low education receive lower wages as com-
pared to workers with secondary education, and that those with high education receive higher
wages as compared to those with only secondary education. In addition, age, used as a proxy
for experience, has a positive impact on hourly wages for all age groups compared to younger
working individuals of ages 25 to 34. Moreover, wages are higher in high-skilled occupa-
tions as compared to low-skilled ones. Furthermore, hourly wages are lower for those that

do part-time work, and higher for workers with a permanent contract.
Country-specific estimates

We now estimate regression specifications similar to the ones reported in the last column of

Table 2.7 including our complete set of explanatory variables and interactions,'® and allowing

2However, low levels of education lower the wage gap for non EU migrants as compared to the wage gap
for those with secondary education.

3We chose the more complete regression specification in order to alleviate omitted variables bias for our
estimated effects and given that this regression specification has the better goodness of fit as shown in the last
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in addition for the estimated coefficients of private sector status, gender, and migrant status
to be country-specific. These country-specific estimates allow us to construct the results pre-
sented in Table 2.8 summarizing our findings regarding the overall wage gap or ‘measure of
misallocation’ for each country over the period from 2005 to 2015. To construct this gap,
we obtain country-specific coefficients and the resulting total effect of private sector status,
female status and migrant status. For migrant status, we sum the separate effects for EU and
non-EU migrants weighting these according to their share in total migrants obtained from
Eurostat country-level data. For each country, we also present a measure indicating the sep-
arate misallocation effect arising from the private-public, female-male, and migrant-native
wage gaps. The talent misallocation measures are highest for Cyprus, Spain, Luxembourg,
Ireland, Italy and Greece as can be seen in Figure 2.1, while Belgium, Denmark, France,
Sweden, the Netherlands and Switzerland have the lowest measures in Europe. We also note
that for the pre-crisis period 2005-2010, results reported in Table 2.9 suggest that Cyprus

was still the worst, followed by Greece, Spain, Luxembourg, Ireland and Italy, in that order.

A look at the components of the measure in the first four columns of Table 2.8 reveals that
the gender wage gap and the pay gap for non-EU migrants are relatively large. The average
gender wage gap across these European economies over the period 2005-2015, is 16.3 per-
cent, closely followed by the gap between non-EU migrants and natives which equals 12.4
percent. The average private-public wage gap 7.4 percent, and the wage gap between EU mi-
grants and natives averages 6.2 percent.'* There is, however, a high degree of heterogeneity

across countries regarding the main drivers of overall misallocation.

As we can see in Table 2.8, the private-public conditional wage gap component was greater in
the case of Cyprus, Spain, Portugal and Ireland, where it averaged above 7.4 percent over the
period 2005 to 2015. Regarding the gender gap, conditioning on a large number of individual
characteristics this was larger in the Czech Republic and Cyprus where it was estimated to be
around 25 percent, while the lowest estimated gender gaps (below 10 percent) were present
in Luxembourg and Belgium. The negative wage impact associated with the country of birth
persisted in a number of these European economies during this period. However, as expected,
the impact on wages for EU versus non-EU migrants differed across countries with the latter
estimated to be much more negative. Luxembourg, with an estimated gap of 25 percent,
followed by Italy, Cyprus, and Ireland had the highest levels for the conditional wage gap
between EU migrants and natives. The conditional gap between non-EU migrants and native
workers was quite large for Cyprus and Luxembourg estimated at about 60 and 38 percent

respectively, but was also relatively large (above 20 percent) in Italy and Spain.

row of Table 2.7.

!4These country-specific estimates averaged across our country sample are comparable to the (absolute value
of the) respective pooled estimates of the total effects in the complete specification reported in the last column
at the end of Table 2.7.
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2.3.2 Robustness Checks

Heckman model without the exclusion restriction

In the Heckman model, it is highly desirable to impose at least one exclusion restriction
in order to avoid collinearity problems in the second stage of Heckit. We have therefore
included instruments such as marital status, benefits, and health status. However, in this sec-
tion, we examine the case where we do not include any exclusion restriction in the selection
equation. Our results suggest that we do not have problems of severe collinearity because
the inverse Mills ratio is non-linear over a wide rage of values.!> Table 2.10 illustrates the
country-specific results regarding the measure of misallocation that arises from the wage
gaps associated with the employment sector, gender, and migration status. Overall the re-
sults remain the same as in the case where we had included the instruments. Again, Cyprus,
Spain, Luxembourg, Italy, Ireland and Greece have the largest misallocation measures, while

Belgium, Denmark, France, Sweden, Switzerland and the Netherlands have the lowest.
Labor Force Weighted Measure

So far, we constructed the misallocation measure by adding the coefficients of the private
sector employees, females and the weighted sum of the EU and non-EU migrants coeffi-
cients.!® We chose to be agnostic about which form of misallocation is potentially more
important for an economy’s long term prospects. An alternative is to use the current (static)
share of private sector employees, females, and migrants in each country as a weight for the
importance of the misallocation effect attributed to each of these factors. Here, we use data
from Eurostat regarding the average number of active workers that are females, immigrants,
or work in the private sector for each country over the period from 2005 to 2015. We weight
each factor by multiplying with the corresponding number of workers and then dividing by
the labor force as follows:
Misallocation = ﬁp% + ﬁf% + ﬁeu% + Bneu%,

where n,, is the average number of private sector employees in each country for the period
under study, n is the average number of females, n.,, 1s the average number of EU migrants,
Nney 18 the average number of non-EU migrants, and N = n, + ny + ney + Mpey. Table 2.11
presents the results. We find that Cyprus, Spain, the Czech Republic, Ireland, Luxembourg
and Portugal have the highest misallocation measures, while Belgium, Denmark, Sweden,
Iceland and France have the lowest misallocation measures. Looking at the pre crisis period

in the second column of Table 2.11, Cyprus was still the worst followed by Greece, with

SHad it been exactly linear over a wide range of values there would be no way of estimating the second
stage of Heckit.

16We note again that the weighted sum of EU and non-EU migrants coefficients was obtained using their
respective shares in total migrants.
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Spain fourth and Ireland sixth.
Broad definition of the public sector

Up to now, we had defined the public sector using the restricted definition. That is, we
had specified a public sector worker as one employed in the sector “Public administration
and defense, compulsory social security”. This restricted definition excludes public sector
employees that are employed in “Education” and “Health and social work”, and could thus
underestimate the number of public sector employees in total workers. We now investigate
how sensitive the results are to the definition of the public sector. Specifically, we now
define the public sector using the broad definition that takes into account the “Education”

and “Health and social work” sectors.

Overall, the results are similar to before as can be seen in Tables 2.12 and 2.13. We find
that working in the private sector, being a woman, and being an immigrant affects wages
negatively. While the results are qualitatively similar we do find some quantitative differ-
ences in the case of the impact on wages that comes from working in the private sector as
compared to this more broadly defined concept of the public sector. We now find that private
sector employees are paid 5 to 7 percent less than public sector employees depending on the
specification in Table 2.12, as compared to 7.6 to 9.8 percent less than public sector employ-
ees in the baseline specifications shown in Table 2.7. As for the country-specific estimates,
we observe from Table 2.13 that Cyprus, Spain, Luxembourg, Ireland, Greece, and Italy are

once again found to have the highest misallocation measures for the period under study.
Full-time employment

We now explore the sensitivity of our results when including in our working sample only
individuals who worked full-time for the past year, excluding all individuals that worked part-
time. The results are presented in Tables B1 and B2 in the Appendix. Out main results remain
intact. As for the country-specific estimates, these still place Cyprus, Spain, Luxembourg,
Ireland, Italy, and Greece at the top in terms of the overall measure of talent misallocation in
Table B2.

Alternative occupation categories

We also test the robustness of our results by using an alternative categorization of occupa-
tions.!” In particular, we consider the following occupation categories: a) Clerical Support
Workers, Services and Sales, Skilled Agricultural, Forestry and Fishery, Craft and Related
Trades Workers, Plant and Machine Operators and Assemblers, and Elementary Occupa-
tions; b) Technicians and Associate Professionals; c¢) Professionals, and d) Managers. These

categories now replace the ones used in our baseline which were: a) craft and related trade

17We note that the four occupation categories we include encompass all types of jobs/occupations.
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workers, plant and machine operators and assemblers, and elementary occupations; b) clerks,
and services and shop and market sales workers; c) professionals, technicians and associate
professionals, skilled agricultural and fishery workers, and armed forces, and d) legislators,

senior officials and managers.

Our main results remain unchanged. Moreover, looking at the occupation coefficients in Ta-
ble B3, we observe that Technicians and Associate Professionals are paid more compared
to workers in occupation category a, and the same goes, unsurprisingly, for Professionals
and Managers. Finally, our country-specific estimates still imply that Cyprus, Spain, Lux-
embourg, Ireland, Italy, and Greece are at the top in terms of the overall measure of talent
misallocation in Table B4, while Belgium, Denmark, France, the Netherlands, and Sweden

have the lowest levels of implied misallocation.

2.4 Conclusion

We have used microeconomic data on wages and individual characteristics to detect patterns
of misallocation arising in European countries based on public-private affiliation, individ-
uals’ gender, and immigration status. In our theoretical setting as analysed in Chapter 1,
wage differentials and talent misallocation are generated by unequal access to employment
that arises because of the existence of prejudice, social norms, discrimination, etc against the
underprivileged workers (women, immigrants, private sector employees). No matter what
the causes of unequal access to employment, we show that the higher the unequal access to
employment, the higher the wage differential and the higher the misallocation, resulting in

income losses.

Our empirical findings indicate that being a female or migrant and working in the private sec-
tor, holding other characteristics the same, exert a negative impact on hourly wages. As such
unwarranted differences in earnings may imply misallocation in the economy with poten-
tially important adverse effects for aggregate economic outcomes, we consider the aggregate
country-level implications of our micro-based estimates. In the absence of data on the de-
gree of unequal access to employment or direct numbers for talent misallocation, these wage

differentials serve as an implicit measure for talent misallocation.

Estimating misallocation measures for the private-public, migrant-native, and gender wage
gaps in each country, we find that countries at the heart of the European Crisis had the highest
totals. That our micro-based country-specific estimates using data on individuals across these
European countries provides us with a reasonably accurate mapping of aggregate country
outcomes, testifies to the usefulness of the approach pursued here in terms of understanding

the deeper factors behind the aggregate inefficiency in these countries. Our micro-based
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estimated misallocation measure placing these “problem” countries at the top, is consistent
with talent misallocation having played a role in creating harmful inefficiencies in the smooth

functioning of these economies that contributed to the problems they faced in the recent past.

The problem of selection bias is that the sample is not random. In our empirical exercise, we
consider misallocation related to gender, employment sector, and migration. By considering
all three channels, there is always the possibility of self-selection issues. For instance, selec-
tion bias has been thought to be particularly problematic for women’s wages since labor force
participation was lower compared to the male labor force participation. In order to correct
for selectivity bias, we included some exclusion restrictions. However, due to data limita-
tion self-selection issues might not be fully corrected. Therefore, in future work, would be
interesting to investigate talent misallocation focusing only on migrants versus non-migrants

rather than considering all three channels.
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2.5 Tables
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Table 2.1: Summary statistics about the final sample

Country Average 2005-2015
Private sector (% of total) 89.56
Female (% of total) 49.20
Native-born (% of total) 88.05
EU migrant (% of total) 5.98
Non-EU migrant (% of total) 5.97
Low Education (% of total) 21.46
Middle Education (% of total) 40.77
High Education (% of total) 37.76
Age 25-34 (% of total) 23.63
Age 35-44 (% of total) 31.18
Age 45-54 (% of total) 30.09
Age 55-64 (% of total) 15.11
Occupation category a (% of total) 28.09
Occupation category b (% of total) 27.51
Occupation category ¢ (% of total) 38.41
Occupation category d (% of total) 6.00
Part-time (% of total) 17.32
Permanent contract (% of total) 90.44
Married (% of total) 62.70
Countries 18
All observations 804,680

The occupation categories are as follow: a=craft and related trade workers, plant and machine op-
erators and assemblers, and elementary occupations; b=clerks, and services and shop and market
sales workers; c=professionals, technicians and associate professionals, skilled agricultural and
fishery workers, and armed forces; d=legislators, senior officials and managers.
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Table 2.2: Average hourly income for the period 2005-2015

Country Mean Std.Dev Min Max
Austria 15.96 13.30 0.02 598.22
Belgium 16.18 11.74 0.09 659.33
Cyprus 10.48 10.25 0.21  588.29
Czech Republic 4.09 271 0.07 113.24
Denmark 23.86 16.54 0.03 1295.36
Finland 16.61 12.78 0.04 1078.91
France 13.21 13.59 0.00 1865.24
Greece 7.96 823 0.11 780.70
Iceland 14.42 12.11 0.00 439.21
Ireland 19.55 31.66 0.09 3936.51
Italy 11.80 8.83 0.03 41047
Luxembourg 22.35 1729 043  623.81
Netherlands 22.12 17.71 0.01 1104.28
Portugal 5.97 6.57 0.00 266.65
Spain 8.96 8.14 0.02 247.37
Sweden 17.76 13.97 0.00 821.54
Switzerland 32.26 24.89 0.06 1038.89

United Kingdom 15.46 23.12 0.00 2454.66

Average 14.85 1598 0.00 3936.51

Notes: Data are from the final sample that includes all employees ages 25-64 working in full-time
and part-time occupations. Earnings are converted to constant 2015 euro using the Harmonised
Index of Consumer Prices (HICP), which makes them comparable across years.
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Table 2.3: Median hourly income and private-to-public income ratio

Country Median Private (€) Median Public (€) Private-Public ratio (%)
Austria 14.34 16.47 87.07
Belgium 16.16 16.59 97.41
Cyprus 8.61 13.17 65.38
Czech Republic 3.76 4.64 81.03
Denmark 22.63 23.07 98.09
Finland 16.35 18.35 89.10
France 12.57 12.74 98.67
Greece 7.86 10.17 77.29
Iceland 12.07 13.19 91.51
Ireland 17.24 22.76 75.75
Italy 11.81 15.16 77.90
Luxembourg 18.49 27.34 67.63
Netherlands 19.14 23.40 81.79
Portugal 5.02 7.60 66.05
Spain 8.95 13.03 68.69
Sweden 16.29 17.22 94.60
Switzerland 28.80 33.98 84.76
United Kingdom 12.34 14.99 82.32
Average 12.79 14.92 85.72
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Table 2.4: Median hourly income and female-to-male income ratio

Country Median Female (€) Median Male (€) Female-to-Male ratio (%)
Austria 12.24 15.38 79.58
Belgium 14.62 15.90 91.95
Cyprus 6.97 9.62 72.45
Czech Republic 3.14 4.15 75.66
Denmark 21.35 23.77 89.82
Finland 13.68 16.53 82.76
France 11.32 12.88 87.89
Greece 6.16 7.38 83.47
Ireland 15.86 16.19 97.96
Iceland 11.43 13.95 81.94
Italy 10.43 11.57 90.15
Luxembourg 16.67 19.73 84.50
Netherlands 17.93 20.98 85.46
Portugal 4.07 4.87 83.57
Spain 6.77 8.27 81.86
Sweden 14.99 17.27 86.80
Switzerland 25.74 31.36 82.08
United Kingdom 10.99 13.62 80.69
Average 11.72 13.53 86.62
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Table 2.5: Median hourly income and income ratio related to the country of origin

Country Native EU NonEU EU-to-native ratio NonEU-to-native ratio
Austria 14.60 12.30 9.50 84.25 65.07
Belgium 15.60 14.69 11.81 94.17 75.71
Cyprus 9.04 7.02 2.53 77.65 27.99
Czech Republic 3.65 345 3.30 94.52 90.41
Denmark 22.56 22.25 19.40 98.63 85.99
Finland 1493 14.29 10.52 95.71 70.46
France 12.17 11.82 10.42 97.12 85.62
Greece 7.11  5.68 4.64 79.89 65.26
Ireland 16.68 12.79 14.54 76.68 87.17
Iceland 12.75 10.84 9.61 85.02 75.37
Italy 1142  8.34 7.81 73.03 68.39
Luxembourg 2479 14.47 11.69 58.37 47.16
Netherlands 19.47 18.10 17.38 92.96 89.27
Portugal 442 4.68 4.64 105.88 104.98
Spain 7.87  6.09 4.75 77.38 60.36
Sweden 1633 15.59 13.37 95.47 81.87
Switzerland 29.54 28.02  22.44 94.85 75.96
United Kingdom  12.31 12.25 11.72 93.34 95.21
Average 14.18 12.25 10.56 86.39 74.47
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Table 2.6: Probit selection equation results

Variables (2005-2015)
Private -0.158%**%*
(0.012)
Fem -0.126%**
(0.007)
MigrantEU -0.110%**
(0.015)
Migrant -0. 1177
(0.012)
Educ L -0.141%**
(0.009)
Educ H 0.038%**
(0.009)
Age 35-44 0.129%*%*
(0.009)
Age 45-54 0.152%%*%*
(0.009)
Age 55-64 0.010
(0.011)
Occup-b -0.035%%*
(0.009)
Occup-c 0.026%*%*
(0.010)
Occup-d 0.025
(0.017)
Part-time 0.390%*%*
(0.011)
Permanent 0.762%*%*
(0.008)
Health -0.337%**
(0.016)
Benefits -0.013%*%%*
(0.001)
Married 0.070%**
(0.007)
Constant 1.329%*%
(0.024)
Country-fixed effects  Yes
Year-fixed effects Yes
Observations 804,680
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Table 2.7: Selection-corrected hourly wage regression for the period 2005-2015 EU SILC
wave

Variables (1) ) 3) 4) (5) (6)

Private 20.096%#%  -0.076%%*  -0.085%**F  -0,103%k*  0,079%**  _(,078%*
(0.006) (0.005) (0.002) (0.003) (0.003) (0.003)

Fem 20.191%%%  _0.190%**  -0.173%¥% -0, 185%**% (. 146%k* 0. 54%%x
(0.003) (0.003) (0.001) (0.002) (0.004) (0.004)

MigrantEU S0.113%#%  20,092%%%  -0.100%**F  -0.130%#k*  -0,058%**  -(,057%%*
(0.008) (0.007) (0.003) (0.004) (0.012) (0.012)

Migrant S0.189%#% 0,152 %%  _0.160%**F  -0.196%F* 0,063 %F*  -0,06]1%%*
(0.007) (0.007) (0.002) (0.004) (0.011) (0.011)

Educ L S0.196%#%  _0.138%xk  0.148%%*F  _0.105% k% -0.106%**  -0.106%**
(0.005) (0.005) (0.002) (0.005) (0.005) (0.005)

Educ H 0.322:%%% (. 187*%%  0.188%**  (.110%**  (.107*%*  0.108%**
(0.004) (0.004) (0.001) (0.004) (0.004) (0.004)

Age 35-44 0.151%%%  (.141%%%  (.152%#%  (.]154%%%  (.]54%%%  (.]53%%*
(0.005) (0.004) (0.002) (0.002) (0.002) (0.002)

Age 45-54 0.231%%%  (0215%%k  0227%k%  (228%kx () 228%¥k (. 228%*
(0.005) (0.005) (0.002) (0.002) (0.002) (0.002)

Age 55-64 0.275%%%  0.254%%%  (0.259%k%  (260%F*  (0260%%%  0.26]%%*
(0.006) (0.005) (0.002) (0.002) (0.002) (0.002)

Occup-b 0.068%#%  0.065%**  0.067*%*  0.067%F*  (.068%**
(0.005) (0.002) (0.002) (0.002) (0.002)

Occup-c 0.303%%%  0.300%%%  0.208%k* (. 299%kx () 300%**
(0.005) (0.002) (0.002) (0.002) (0.002)

Occup-d 0.449%%%  0.436%%%  0.439%k%  (.439%k% () 43Q%k
(0.008) (0.003) (0.003) (0.003) (0.003)

Part-time 20.074%%%  _0.071%%%  0.071%k%  0.]55%*
(0.002) (0.002) (0.002) (0.004)

Permanent 0.193%#%  (0.196%**  0.197%%*  (),]194%%
(0.004) (0.004) (0.004) (0.004)

Private *Educ L 20.036%#%  -0.037%%%  -0.036%**
(0.005) (0.005) (0.005)

Private *Educ H 0.055%%%  (0.058%%*%  (.059%*
(0.004) (0.004) (0.004)

Fem *Educ L 20.027#%%  -0.025%%%  -0.026%%*
(0.003) (0.003) (0.003)

Fem *Educ H 0.045%%%  (0.045%%%  (.045%%*
(0.002) (0.002) (0.002)

MigrantEU *Educ L -0.020%%%  -0.018%**  -0.019%**
(0.006) (0.006) (0.006)

MigrantEU *Educ H 0.0827%%  0.081%%*%  (.08]%%*
(0.005) (0.005) (0.005)

Migrant *Educ L 0.068*#*  0.068%**  (.068%%*
(0.006) (0.006) (0.006)

Migrant *Educ H 0.048#%%  (0.048%%*  0.048%*

(0.005) (0.005) (0.005)
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Private *Fem 20.043%%%  _0.046%
(0.004) (0.004)

Private *MigrantEU -0.085%#**  -(0.084%**
(0.011) (0.011)
Private *Migrant -0.116%**  -0.115%**
(0.010) (0.010)
Fem *MigrantEU 0.016***  0.015%*%*
(0.005) (0.005)
Fem *Migrant -0.048%**  -0.050%**
(0.004) (0.004)
Fem *Part-time 0.106%**
(0.004)
lambda -1.534%#%  _1.400%**  -0.456%**  -0.432%%*  _0.420%%*  -(0.42]%%*
(0.041) (0.037) (0.027) (0.027) (0.027) (0.027)
Constant 2781%%*  2.052%F* D APREEE D A4ASFEE DAD HEE D ADSHEHF

(0.012) (0.011) (0.006) (0.007) (0.007) (0.007)

Total effect Private 20.096%%%  -0.076%* -0.085%*% -0.090%*%* -0.098%%% -0.098%**
(0.006) (0.005) (0.002) (0.002) (0.002) (0.002)
Total effect Fem 0191 0. 190%k*  (.173FF%  0.174%EE . 174%F% 0,167+

(0.003) (0.003) (0.001) (0.001) (0.001) (0.001)
Total effect MigrantEU ~ -0.113%%%  0.002%%% _0.]00%** -0.103%*%* -0.099%%% .0,099%**

(0.008) (0.007) (0.003) (0.003) (0.003) (0.003)
Total effect Migrant L0.189% % 0.152% 0. 160%FF 0. 164%F% 0. 158%kE (|57

(0.007) (0.007) (0.002) (0.002) (0.002) (0.002)

Country-fixed effects Yes Yes Yes Yes Yes Yes
Year-fixed effects Yes Yes Yes Yes Yes Yes
Observations 804,680 804,680 804,680 804,680 804,680 804,680
Adj.R? 0.553 0.582 0.586 0.587 0.587 0.588

Note: Pooled estimates for 18 European countries. Standard errors in parentheses *** p<0.01, **
p<0.05, * p<0.1.
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Table 2.8: Talent Misallocation Measure and its decomposition for the period 2005-2015

Country Private Female MigrantEU Migrant Misallocation Measure
Cyprus 0.201%**  0.246%** (.170%** 0.598%*#* 0.856%#*
Spain 0.173%%*  0.166%** (.129%** 0.206%** 0.525%**
Luxembourg 0.120%**  0.078***  (.249%*%* 0.376%#%* 0.465%***
Ireland 0.164%%*  0.142%** (.165%** 0.083#** 0.448***
Italy 0.117%%%  0.123%** (.186%** 0.216%** 0.448#**
Greece 0.065%**  0.166%** (0.117*** 0.174%#%* (0.395%**
Austria 0.018%* 0.183%#*  (0.088*** 0.176%** 0.346%**
Czech Republic ~ 0.113%***  (0.256%** -0.029%* -0.055%%* 0.3277%#%
Portugal 0.164%**  0.159*** -0.013 -0.022%* 0.302%#**
Iceland -0.037%*  0.217%*%*  (0.099%** 0.154#%* 0.3071#**
United Kingdom  0.117%%*  0.175%%* (0.045%%*%* -0.032%** 0.286%***
Finland 0.009 0.218*** 0.008 0.0871#** 0.276%**
Switzerland 0.090%**  0.124*** -0.003 0.069** 0.24 1 %#**
Netherlands 0.089%**  0.118*** -0.048** 0.037%#* (0.224 %%
Sweden -0.050***  0.190*** 0.001 0.100%#** 0.209%**
France 0.0171%** 0.157*** -0.037***  (0.003 0.160%**
Denmark -0.029%*  0.131*** (0.033 0.020 0.127%#%*
Belgium -0.004 0.084***  -0.046%**  (0.040%** 0.0807%#*
Average 0.074 0.163 0.062 0.124 0.334

Note: *** p<(.01

, #% p<0.05, * p<0.1.
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Table 2.9: Talent Misallocation Measure and its decomposition for the period 2005-2010

Country Private Female MigrantEU Migrant = Misallocation Measure
Cyprus 0.186%**  0.269%** (.113*** 0.609%*** 0.875%#*
Greece 0.117%%%  0.197*** (.218*** 0.274 %% 0.579%#**
Spain 0.158***  0.158***  (0.110%** 0.185%#** 0.483##*
Luxembourg 0.113%%%  0.102%** (.23]*** 0.354%#%* 0.463#**
Ireland 0.173%%*  0.147*** (.135%** 0.075%*%* 0.438##*
Italy 0.114%%%  0.108%** (.123*** 0.1871%#** 0.389#:#*
Czech Republic ~ 0.123***  (0.265*** -0.008 0.002 0.3857##*
Austria 0.018 0.179%**  (0.081%*%* 0.162%** (0.334 %%
Iceland -0.020 0.203*%*  (.143%#%* 0.142%*%* 0.325%#%*
Finland 0.007 0.225*** -0.009 0.14 1% 0.307##*
Portugal 0.160%**  0.161*** -0.073 -0.031 0.280%#**
United Kingdom 0.111***  0.181*** 0.001 -0.037%* 0.266%**
Switzerland 0.080***  0.128*** (0.004 0.072%#%* 0.24 1%
Netherlands 0.097#**  0.121%** -0.086%** 0.029 0.2227%%%*
Sweden -0.064*#*  0.187*** (.008 0.107#** 0.1927%#%*
Denmark -0.019 0.138*** 0.049 0.034 0.157#%*
France 0.008 0.150%**  -0.028 -0.002 0.149%**
Belgium -0.015 0.078*** -0.067***  0.024 0.045%%*
Average 0.075 0.166 0.053 0.129 0.341
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Table 2.10: Talent Misallocation Measure derived from Heckman method without the exclu-
sion restrictions

Countries Private Female MigrantEU Migrant Misallocation Measure
Cyprus 0.216%%*  0.245%%*  (.174%+%* 0.6027#%* 0.875%**
Spain 0.181%**  0.161*** (.143%** 0.217%** 0.540%**
Luxembourg 0.124%#%  0.089***  (.246%** 0.378%** 0.480%*
Italy 0.123%*%*  (.131#%**  (.184%*%* 0.2227%#%* 0.465%*
Ireland 0.164%**  (0.143%**  (.165%** 0.083%** 0.448%**
Greece 0.067***%  0.166%** (.118%** 0.168%** 0.3927%*
Austria 0.022%**  (0.199%**  (Q.117%*%* 0.176%** 0.377%%*
Czech Republic ~ 0.114%**  (0.263*** -0.029** -0.058%** (0.335%%*
Iceland -0.030* 0.226%**  0.113%%%* 0.157%** 0.326%**
United Kingdom  0.126%**  0.191*** (.043%** -0.028 % 0.312%*
Portugal 0.173%**  (0.142*%** 0.006 -0.022* 0.300%**
Finland 0.015 0.216*** 0.009 0.093 % 0.287%*
Netherlands 0.100%**  0.137*** -0.034* 0.043%* 0.263%*
Switzerland 0.094***  0.137*** -0.003 0.070%** 0.259%*
Sweden -0.041%#%  0.204*** 0.009 0.116%** 0.24 5%
France 0.016***  0.161*** -0.037***  0.015%* 0.178%**
Denmark -0.019%* 0.137*** 0.032 0.041%* 0.156%*
Belgium 0.003 0.094**%  -0.039%**  (.058#** 0.110%**
Average 0.080 0.169 0.066 0.130 0.353
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Table 2.11: Labor Force Weighted Measure

Countries Misallocation Misallocation  Ranking

2005-2015 2005-2010  2005-2010
Cyprus 0.250%* 0.238*** 1
Spain 0.172%** 0.159%*%* 4
Czech Republic 0.160%*%* 0.162%%* 3
Ireland 0.1547%* 0.143%%* 6
Luxembourg 0.152%#%* 0.157%** 5
Portugal 0.148%** 0.086%* 13
Italy 0.128%**%* 0.113%%%* 9
United Kingdom 0.123%** 0.132%%%* 7
Greece 0.114%** 0.189%* 2
Netherlands 0.0927%** 0.098%*** 10
Switzerland 0.088#** 0.095%** 11
Austria 0.087*** 0.081%*%* 14
Finland 0.086%** 0.087%* 12
France 0.061%** 0.061%** 15
Iceland 0.060%** 0.122%%* 8
Sweden 0.042%** 0.026** 17
Denmark 0.029%** 0.037%* 16
Belgium 0.026%*%* 0.018%* 18
Average 0.110 0.111
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Table 2.12: Selection-corrected hourly wage regression for the period 2005-2015, alternative
measure of the public sector, EU SILC wave

Variables (1) ) 3) 4) 5) (©)

Private 20.070%%%  0.034%%  _0.049%%% _0.035%k* _0.010%** -0.01[*F**
(0.004) (0.004) (0.001) (0.002) (0.003) (0.003)

Fem [0.208%%  0.199%k (. [83kk% (193 kx 0 [68F*% 0. ]§]***
(0.004) (0.003) (0.001) (0.002) (0.003) (0.003)

MigrantEU 0.11%8%  0,003%%%  _0.]00%** 0.134%k% _0.091%*%  .0.090%**
(0.008) (0.007) (0.003) (0.004) (0.007) (0.007)

Migrant -0.188%*%  _(.152%#%  _0.159%%% _0.199%k* 0 058%%%  .0.055%**
(0.007) (0.007) (0.003) (0.004) (0.007) (0.007)

Educ L L0.195% k% Q. 137#k 0. 4TRFE Q. 107HFF 01128 0.1 [F#*
(0.005) (0.005) (0.002) (0.004) (0.004) (0.004)

Educ H 0.310%%%  0.183%%  (.182%%%  (0.165%%*  (.168%**  (0.]169%**
(0.004) (0.004) (0.001) (0.003) (0.003) (0.003)

Age 35-44 0.149%#% (. 141%0% . 151%%% (152885 (. [52%%% (. ]5]%%*
(0.005) (0.004) (0.002) (0.002) (0.002) (0.002)

Age 45-54 0.226%%  (0214%k%  (223%%%  (0225%kE  (225%EE (. 224%kx
(0.005) (0.005) (0.002) (0.002) (0.002) (0.002)

Age 55-64 0.268%%%  (0252%%%  (254%%%  (0256%k*  (256%F  (.257k**
(0.006) (0.005) (0.002) (0.002) (0.002) (0.002)

Occup b 0.072%%%  0.067%%%  0.070%%  0.071%%%  .07]%%*
(0.005) (0.002) (0.002) (0.002) (0.002)

Occup ¢ 0.301%%%  0.204%k%  (295%+%  (204%%% () 295%k*
(0.005) (0.002) (0.002) (0.002) (0.002)

Occup d 0.452%%%  (0.430%%%  0.443%%% (. 443%k% (443
(0.008) (0.003) (0.003) (0.003) (0.003)

Part-time 0.080%*%  _Q.077*E  0.077FEF 0.16]%%*
(0.002) (0.002) (0.002) (0.004)

Permanent 0.189%%%  (.191%**  (.192%%%  (,]89%**
(0.004) (0.004) (0.004) (0.004)

Private *Educ L 0.036%%  -0.033%%%  .0,034%**
(0.004) (0.004) (0.004)

Private *Educ H 0.017#%%  0.015%% .0.016%**
(0.003) (0.003) (0.003)

Fem *Educ L 0.032%%%  0,020%%%  .0,030%**
(0.003) (0.003) (0.003)

Fem *Educ H 0.040%#%  (.035%%  (.036%**
(0.003) (0.003) (0.003)

MigrantEU *Educ L 0.018%%%  _0.015%%  -0.016%**
(0.006) (0.006) (0.006)

MigrantEU *Educ H 0.093*%%  0.086%**  (.086%**
(0.005) (0.005) (0.005)

Migrant *Educ L 0.071%%%  0.076%% .07+
(0.006) (0.006) (0.006)

Migrant *Educ H 0.055%%%  0.035%**%  (.034%%x

(0.005) (0.005) (0.005)
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Private *Fem -0.029%*%  -0.026%**
(0.002) (0.002)

Private *MigrantEU -0.062%**  -0.061%**
(0.006) (0.006)
Private *Migrant -0.135%%*  -0,135%**
(0.006) (0.006)
Fem *MigrantEU 0.011** 0.009%*
(0.005) (0.005)
Fem *Migrant -0.066%**  -0.069%**
(0.005) (0.005)
Fem *Part-time 0.104%*
(0.004)
lambda -1.534%%%  _1.423%%%  LQ.511%¥*F  -0.492%%*  0.474%%*F  0.474%%*
(0.040) (0.038) (0.027) (0.026) (0.026) (0.026)
Constant 2.7756%%*  2.615%FF 2. 403%FF  2395%*%k D ITPHEE D BTGEAFE

(0.012) (0.011) (0.007) (0.007) (0.007) (0.007)

Total effect Private 20.070%%%  -0.034%%  _0.049%%% _0.049%*k* _0.049%%%  .0.049%**
(0.004) (0.004) (0.001) (0.001) (0.001) (0.001)
Total effect Fem (0208 0.199%k* (. ]83kkk (. [84FHEk (), [84%*kx  _(),]7TH**

0.004)  (0.003)  (0.001)  (0.001)  (0.001)  (0.001)
Total effect MigrantEU ~ -0.111%#%%  0.093%#% _0.]00%** -0.103%#*% -0.098%%* 0,098+
0.008)  (0.007)  (0.003)  (0.003)  (0.003)  (0.003)

Total effect Migrant -0.188***  -0.152%*%  -0.159%**  -0.163***  -0.152%**  -(0.150%**
(0.007) (0.007) (0.003) (0.002) (0.003) (0.003)
Country-fixed effects Yes Yes Yes Yes Yes Yes
Year-fixed effects Yes Yes Yes Yes Yes Yes
Observations 806,190 806,190 806,190 806,190 806,190 806,190

Note: Pooled estimates for 18 European countries. Standard errors in parentheses *** p<0.01, ** p<0.05, *

p<0.1.
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Table 2.13: Talent Misallocation Measure derived from using the broad definition of the
public sector

Country Private Female MigrantEU Migrant Misallocation Measure
Cyprus 0.292%%*  (.284%**  (.156%** 0.534#%* 0.944 %%
Spain 0.163%***  (0.197*** (.116%*** 0.183##* 0.525%*
Luxembourg 0.165%** 0. 115%**  (.215%** (0.3397%** 0.514%*
Ireland 0.149%**  (0.176%** (0.163%*%* 0.114%%* 0.474%%*
Greece 0.106%***  0.180%**  ().104%** 0.1447%* 0.423%%*
Italy 0.075%#*  0.142%%*  ().188%** 0.208%** 0.418%**
Portugal 0.208***  0.216%** -0.021 -0.022* 0.402%*
Austria 0.019%#%  0.189*** (.090*** 0.172%#%* 0.357%**
Finland -0.036***  0.205*** 0.011 0.087%** 0.223%%*
Czech Republic  0.002 0.254%*%  -0.029%**  -0.059%** 0.214%*
Switzerland 0.022%**  (0.134*** 0.004 0.074%** 0.188%**
United Kingdom  -0.014%** 0.172%%*  (.055%** -0.027%%* 0.158%**
Netherlands -0.001 0.123%*% -0.044***  (0.036%** 0.139%*
Iceland -0.172%#%  (0.158#**  (0.110%*%* 0.160%#** 0.115%x*
France -0.060%#*  0.143*** -0.030***  0.005 0.079%:%*
Sweden -0.154***  (0.133*** (0.003 0.102%** 0.0507%*
Belgium -0.069***  0.065%** -0.037***  (.047%** 0.004
Denmark -0.121%#% 0.091*** 0.033 0.024 -0.003
Average 0.032 0.165 0.060 0.118 0.290

2.6 Figure
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Figure 2.1: Talent Misallocation Measure

m Privae Female mMigrantEl mMigrant
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Chapter 3

On the Degree and Consequences
of Talent Misallocation for the
United States

3.1 Introduction

Input misallocation can have long-term negative effects on economic growth. In particular,
labor market frictions in the form of barriers for some or privileged treatment for others,
can result in significant output losses. In this chapter, we investigate the degree of labor
misallocation across US states over time at the micro-level, and then proceed to assess its
aggregate implications for economic outcomes. More specifically, we use individual data
across the United States over the period from 1960 to 2017 to explore the misallocation
effects arising due to frictions related to race and gender, and to quantify their impact on

aggregate economic outcomes.

According to our theoretical model, wage gaps and misallocation are both generated by the
unequal opportunities for employment that different types of workers have in the labor mar-
ket. Specifically, in an economy where equally talented workers search for employment
in both low- and high-productivity jobs/sectors, they face different opportunities for em-
ployment. They can be “privileged” or “underprivileged”. These differences can arise for
different reasons such as discrimination, nepotism, political favouritism, and so on. Here,
“underprivileged” refers to workers that due to barriers related to, e.g., race and sex find it
more difficult to be employed in the market as compared to other individuals that otherwise

share their economic characteristics.
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In this environment, we show that underprivileged workers are paid less compared to the
privileged ones, despite being equally talented. The model generates wage differentials be-
tween equally talented workers because “underprivileged” workers have a lower matching
rate with high-productivity jobs. This results in labor misallocation in the economy as some
workers are allocated to the low-productivity sector despite having the same ability. Provid-
ing equal treatment in the labor market, then the low-productivity sector shuts down, wages

of privileged and underprivileged workers converge, and any talent mismatch disappears.!

Our study stems from the branch of the growth literature which assigns a central role to total
factor productivity (TFP) as an explanation for economic growth and cross-country income
differences.? Hsieh and Klenow (2009) provide quantitative evidence on the potential impact
of resource misallocation on aggregate output. Using plant-level data from China and India,
they measure marginal products and find that if capital and labor were reallocated towards

US levels this would increase TFP by 30 to 50 percent in China and 40 to 60 percent in India.

Our work is closely related to the literature on talent misallocation going back to Murphy
etal. (1991).3 According to Hsieh et al. (2019) who investigate the allocation of talent in the
US, women and African-Americans have historically been poorly represented in high-skilled
occupations, with 94 percent of doctors and lawyers in 1960 being white men. Accord-
ing to them, the significant convergence in the occupational distribution during the last few
decades resulted in large productivity gains, explaining 20 to 40 percent of growth in output
per worker. As innate talent among members of a group is unlikely to have changed over
time, the occupational distribution in 1960 likely reflected misallocation of talent due to labor
market discrimination, barriers to forming human capital, and preferences or social norms.*
Other work showing race or gender gaps can have large macroeconomic consequences in-
cludes Cavalcanti and Tavares (2016) who develop a growth model with endogenous fertility
and calibrating it to the US economy find large increases in per capita income related to
reduced barriers to female labor market participation in the form of a wage gap: a 50 percent
fall in the wage gap leads to a 35 percent rise in per capita income. Similarly, Cuberes and
Teignier (2016) calibrate an occupational choice model for 33 OECD countries for 2010 and
find that gender wage gaps cause an average income per capita loss of 15 percent. Finally,
Gradstein (2019) also shows that barriers to skill acquisition and other barriers that make
it more difficult for certain population groups to enter skilled occupations can have large

economic costs.

'Our theoretical model is related to work by Chassamboulli and Palivos (2014), Liu et al. (2017) and
Chassamboulli and Peri (2018) among others, that develop search and matching models to explain wage gaps
between workers.

ZFor an overview of this literature see Caselli (2005) and Jones (2016).

3Restuccia and Rogerson (2013, 2017) provide reviews of the literature on misallocation as a potential
source of aggregate productivity differences across countries.

*Consistent with this, Bell et al. (2018) show that occupational decisions in the US have mainly been driven
by individuals’ exposure to opportunities provided by their environment rather than by inherited abilities.
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Our work draws inspiration from the large body of work documenting the relation between
individual economic outcomes and race or gender.” That body of work shows that despite
reductions in the level of gender and racial discrimination in, e.g., the US relative to the
1960s, gender and race continue to matter for economic outcomes to this date. Blau and
Kahn (2017) provide empirical evidence on the extent of and trends in the gender wage gap
using microdata from 1980 to 2010. Lang and Lehmann (2012) report that labor market
outcomes of black Americans, particularly males,® continue to be significantly worse than
those of white Americans. Bertrand and Mullainathan (2004) perform a field experiment and
find significant racial inequality in the US labor market: African American-sounding names
are 50 percent less likely to receive callbacks for interviews compared to white-sounding
names.” Bayer and Charles (2018) explore black-white earning differences among men in
the US for the past seven decades and report that between 1940 and the mid-1970s these

were reduced but only to rise again.?

Using microeconomic data on wages and individual characteristics across the United States
over the period from 1960 to 2017, we systematically find that women and non-whites re-
ceive lower wages as compared to their counterparts. We investigate the macroeconomic
implications of our state-level misallocation measure. Looking at the relation of our es-
timated misallocation measure for each state with state-level Technical Efficiency, TFP, or
GDP per worker over time, we find a negative relation between our micro-based measure and
these aggregate outcome measures, consistent with an important role for talent misallocation
for macroeconomic outcomes. This suggests important aggregate effects arising from talent

misallocation in the United States over this period.

The rest of the chapter is organized as follows. Section 2 presents the data, summary statis-
tics, and our empirical methodology. Section 3 presents the results of our estimation. The

last section briefly concludes.

>Neumark (2018) reviews the literature on labor market discrimination due to gender and race.

®This shows up as a positive female-African American interaction term in our Table 3.11.

"This agrees with Edelman et al. (2017), that conduct an experiment in an online marketplace and find that
Airbnb applications from guests with distinctively African American names are 16 percent less likely to be
accepted relative to identical guests with distinctively white names.

8We observe a similar pattern for the conditional wage gap, falling substantially between 1960 and 1980
but then rising until 2010.
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3.2 Empirically investigating talent misallocation

3.2.1 Data

We use cross-sectional data at the individual level by the U.S. Decennial Censuses covering
the period from 1960 to 2000 and the 2010 and 2017 waves of the annual American Com-
munity Survey (ACS). We construct a total of seven samples, one for each of the census
decades plus the two annual ACS samples, as shown in Table 3.1. The 1960, 1980, 1990,
and 2000 decennial census samples each have more than eight million observations, while
for the 1970 sample we have about four million. The annual samples for 2000 and 2017 have
around three million observations each. Information is provided for all fifty states and the

District of Columbia.’

Our main objective is to investigate talent misallocation across the United States focusing on
individuals’ gender and race. In particular, we investigate whether being a female or non-
white has explanatory power for wages beyond that explained by individual characteristics.
The dependent variable in our analysis is the log of hourly income. This is defined as annual
income divided by the number of months worked, multiplied by weekly hours of work times
4.2. Annual income is given by income earned from wages or a person’s own business or
farm for the previous year.'”

We use a broad definition of race taking into account all races and identifying them as white
and non-white. Specifically, we consider as non-white African-Americans, Hispanics, Amer-
ican Indians, Alaska Natives, Asians or mixed race (combinations of different races). The
non-white to white ratio for the median hourly earnings ranged between 65.86 to 82.44 for
the period under study as shown in Table 3.1 and Figure 3.2. These earning differentials
might reflect disadvantages that non-white individuals have in the labor market compared to
whites ones. We note that our preliminary investigation shows large (positive) wage differ-
entials between whites and any of the races included as non-whites, suggesting we should
consider all types of non-whites rather than just African Americans as having a potential

disadvantage in the labor market.

The distinction between private and public sector employment is based on information pro-

9We could have extended the database by including the decennial 1950 sample. However, we choose not to
use it in our analysis because the sample is not as comparable to other decades. The number of observations
is much lower compared to the rest of the waves, 506,318 as compared to several million, and the number of
states included in this case is also limited.

19 Annual income is available from 1990 onward. Similar amounts can also be derived for previous years by
adding the components provided separately in the database as in Ruggles et al. 2019. Moreover, there are cases
where the weeks that someone worked during the previous year are provided in intervals. If so, we transform
this into a continuous variable by taking the average for each interval. The usual hours worked per week are
not provided for the 1960 and 1970 waves. In these cases, we use hours worked during the previous week in
intervals and calculate the average of each interval.
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vided as “class of worker”. It indicates whether an individual worked for someone else as
employees or for their own enterprise. A public sector employee is defined as an individ-
ual that works for the local, state, or federal government, while the rest are defined as pri-
vate sector employees. We also utilize the “Occupational Education Score” provided by this
database. This is derived using educational attainment information and indicates the percent-
age of people in the respondent’s occupational category that completed one or more years of

college, relying on the modified version of the 1990 occupational classification scheme.

We also utilize data regarding GDP per worker, Technical Efficiency and TFP, to investigate
the impact that our estimated micro-based misallocation measure has on the economy at the
aggregate level. The data regarding real GDP and total employment by state are from the
Bureau of Economic Analysis (BEA). Real GDP data start from 1977. Until 1997 these
are based on the Standard Industrial Classification (SIC) and from 1997 onward are based
on the North American Industry Classification System (NAICS). Data regarding technical
efficiency are from Sharma et al. (2007). As for the state-level TFP data, these are available
from 1980 to 2000 (available from Sharma et al. (2007)) and we extend these for the 2000
and 2010 waves using data provided by Cardarelli and Lusinyan (2015).

As our objective is to estimate wage differentials between women and men and non-whites
compared to whites, holding all the other characteristics constant, we exclude individuals be-
low 25 and above 64, soldiers, and family workers. Our final sample for each wave includes
employees, the unemployed, individuals working in full-time and part-time occupations, and
the self-employed. The latter are included because there is no reason to believe that there is

a severe non-declaration of income problem in the case of the US.

3.2.2 Summary Statistics

Our final sample consists of millions of observations. As shown in Table 3.1, the number of
observations is approximately 1.4 to 6.4 millions, depending on the year. Overall, females
comprise 41 to 49 percent of the total based on the sample year, while non-whites comprise
13 percent in 1960 and 32 percent in the most recent available year. Historically, the majority
of individuals work in the private sector (more than 80 percent) and are married (59.1 to 79.6
percent). Moreover, around 33.5 percent in 1960 worked part-time, while by 2017 only 12.9
percent were working in part-time occupations. Regarding education levels, we observe a
reduction in the percentage of individuals with low educational levels and a significant rise
in the share of high-educated individuals over time. In 1960, only 20 percent of our sample
had completed at least a year of college, while by 2017 this reached around 61 percent. As
for the age groups, from Table 3.1 it can be observed that a high percentage consists of ages

25 to 54, with an increase in the percentage of the age group 55-64 after year 2000.
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Table 3.1 shows median hourly earnings by gender, race, and employment sector. We ob-
serve that in 1960, women’s median hourly earnings were $8.77 compared with $14.05 for
men, with the resulting female to male ratio of median hourly earnings around 62 percent,
implying a 38 percent unconditional gender gap. While this ratio has increased over the
years, the unconditional gender gap persisted even to 2017. An alternative measure of the
unconditional wage gap is derived from the female to male ratio of median annual earnings
for full-time workers provided by the U.S. Census Bureau. From Figure 3.1, we see that both
types of measures follow a similar pattern and clearly indicate that the unconditional gender

wage gap is a persistent phenomenon across the United States for the period under study.

With regard to race, in 1960 the median hourly earnings for non-white individuals were $8.43
compared with $12.80 for whites one, with the resulting ratio of 65.9 climbing to a high of
82.4 by 2000 and then falling to 78.6 percent by 2017. Both of these earnings differentials

clearly reflect that these groups are rather disadvantaged in the labor market.

Finally, comparing the median hourly earnings related to the employment sector we observe
that private-sector employees were typically paid a little less than public sector employees
in previous decades. In the 1960s, the median hourly earnings for private-sector employees
were $12.08 compared with $13.48 for public sector employees. However, from Table 3.1
we can observe that the unconditional hourly wage gap related to employment sector is
historically relatively lower to the wage gaps related to gender or race. In the 1980s, the
unconditional wage gap related to the employment sector was only 7.7 percent as compared

with a gender gap of around 40 percent and a race gap of 26.4 percent.'!

3.2.3 Empirical Specification

Having examined the unconditional wage gaps, our next step is to investigate the conditional
wage differentials. Specifically, our main empirical objective is to estimate wage gaps related
to race and gender, conditioning on a broad set of individual characteristics. To achieve this,
we consider a Mincer-type wage regression. To correct for selectivity bias, we first use the
Heckman method by estimate the following probit equation:

T%j = 1(5X1U + o+ e, > 0) 3.1

where T;; is a binary dependent variable with zero indicating being out of the labor force
and unity indicating being in the labor force via paid employment or by being unemployed.
X145 1s a vector of covariates that includes dummy variables such as F'emale;; indicating
the gender of individual 7 in state j, and Nonwhite;; denoting whether the individual is of

a race other than white. The non-white race includes African-Americans, Hispanics, Amer-

"'"This gap has nevertheless risen to 16.6 percent at the end of our sample in 2017.
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ican Indians, Alaska Natives, Asian, and “mixed race” individuals. The vector X;; also
includes a binary variable Private;; that indicates employment sector, along with three con-
trols for education (L= till 8" grade, S=between 9" to 12" grade, and H=higher education),
four controls for age, a continuous measure of occupation Occupscor and a binary variable
indicating part-time work.!? Since it is recommended to impose at least one exclusion re-
striction to avoid collinearity problems in the second stage of Heckit, we include in the probit
equation instruments such as marital status (M arried), number of own children under age 5
in the household (nchildb), public assistance programs commonly referred to as “welfare”
(wel f — inc), and exogenous income (exg — inc).!* The instruments included affect the
labor force participation, but they do not have a direct effect on wages. For instance, the
variable indicating the presence of children under age 5 in the household affect negatively
the probability of women in entering the labor force. Indeed, our preliminary results show
that the variable nchild5 is associated with a reduced likelihood of being in the labor force.
Similarly, other income received from public assistance programs or interest, dividends, and
so on, have an effect on the probability of entering the labor force, they do not affect directly
the income received from employment. Finally, o; and e;; are state-fixed effects and the
error term, respectively. We derive the inverse Mills ratio A for each observation based on

the parameter estimate 0.
We estimate the Mincer-type wage regression as follows:

'LUij = 50 + 51F€m0,l€i]’ + BQNO?”L’LUhZf@Z’j + 5X2i]’ + '}/1)\(5X1U) + Oéj =+ eij (32)

where w;; 1s the logarithm of the hourly earnings of individual i in state j, Female is a
binary variable that takes a value of unity if the individual is a female and zero otherwise,
Nonwhite is a binary variable that takes a value of unity if the individual is non-white and
zero otherwise,'* and X 2i; 18 a vector of covariates that includes variables from vector Xy;;
such as education, age, occupation and part-time work. We also consider interactions for the
employment sector with education, female with education, non-white with education, female
with part-time job,female with non-white, female with private sector, and private sector with
non-white. ¢;; is the error term of the wage regression. We estimate wage differentials
between female and male and non-white versus white from the above wage regression, where
parameter [3; captures the gender wage gap, and (3, the earning differential associated with

race.

12The binary variable Part — time is constructed following Hsieh et al. (2019). They define a part-time
worker as those who usually work up to thirty hours per week, while those who work more are considered
full-time.

13This includes income from an estate or trust, interest, dividends, royalties, and rents received.

14 Although country of birth is also available, race appears more important than country origin in determining
wages in this US sample, thus we follow the example of Hsieh et al. (2019) who focus on race and gender. We
also consider wage gaps for each non-white race by including dummy variables that identify each race.
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First, we estimate the parameters for the U.S as a whole each decade to assess the overall
empirical plausibility of our empirical model. Next, we allow the coefficients of Female;;
and Nonwhite;; to differ for each state in both stages of the estimation. This provides the
means for us to create a measure for each state that indicates the overall misallocation effects
arising from these wage differentials. The state-level measure that we create focuses only on
misallocation related to race and gender. Despite controlling for the employment sector, we
will show in the next section that in the US there is no misallocation problem related to the

employment sector, unlike European countries.

Finally, we also investigate the relationship of our estimated misallocation measure with
Technical Efficiency, TFP and GDP per worker at the state-level.!

3.3 Results

Table 3.2 reports the results from estimating equation (3.1), where unity indicates paid em-
ployment or unemployment and zero indicates being out of the labor force. This table sum-
marises the results for the probit estimation for each decennial census starting from 1960 to
2000, and the annual surveys 2010 and 2017. The results indicate that for 1960 and 1970
being a female reduces the likelihood of being in the labor force. However, there have been
significant changes throughout the decades regarding the probability of being into the labor
force. For instance, from the 1980s onward we observe that women are more likely to enter
the labor force. A similar pattern is also observed for those currently working in the private
sector. By contrast, being of a race other than white is associated with a lower likelihood
of being in the labor force starting in the 1990s. Higher education consistently increases the
probability of being in the labor force. On the other hand, currently working part-time, being
married, having children of age under 5, receiving welfare, and other income are usually
associated with reduced likelihood of being in the labor force, and particularly so in recent

decades.

Tables 3.3 to 3.9 present estimates from the wage regression specified in equation (3.2) for
the decennial samples form 1960 to 2000, along with years 2010 and 2017. We observe that
the estimated parameter for the explanatory variable lambda, ~,, is significantly different
from zero, indicating that our sample selection correction is indeed necessary. Overall, our
estimates suggest that being a female and of a race other than white exert a negative impact
on earnings beyond that explained by individual economic characteristics. Our basic findings
apply consistently over time and results are robust to adding a number of covariates to the

baseline wage regression.

STechnical Efficiency is a component of TFP, since the latter can be decomposed into the contribution of
technological progress, technical efficiency and changes in economies of scale.
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As shown in Figure 3.3 and Tables 3.3 to 3.9, the gender wage gap appears to be a persistent
phenomenon in the US throughout the decades even if declining from 1960 up until around
2010. Between 1960 and 1980, women were paid around 50 percent less than men, depend-
ing on the specification in Tables 3.3, 3.4 and 3.5. Wage differentials related to gender were
reduced considerably to 18 percent by 2010 in Table 3.8, but were up to 24 percent in 2017
in Table 3.9.

Looking at the impact of race on the wage gap relative to whites, it stands out that being
non-white affects hourly wages negatively. For instance, in the 1960s, non-white workers
were paid 27.2 to 28.7 percent less compared to white ones, as shown in Table 3.3. Wage
differentials were about half this size but still present by 2017, with non-white workers being

paid around 13 percent less than their white counterparts.

We also consider wage gaps between each of the different types of non-whites relative to
whites in Tables 3.10 and 3.11 for 1960 and 2017. We find that black, Hispanic, American
Indian, Alaska Native, Asian and mixed race individuals are systematically paid less then
whites. While wage gaps vary across these races, they remain consistently negative suggest-
ing it is reasonable to distinguish non-whites from white workers in estimating wage gaps in

our baseline analysis.

Race appears to be a more important factor as compared to the country of birth. Tables
3.12 and 3.13 show estimates from a wage regression that accounts for the country of birth,
Migrant, in addition to race for 1960 and 2017. The results clearly show that migrants are not
paid less than native-born workers in the US conditional on their individual characteristics.
This is consistent with the US being a dynamic country that historically welcomed new
immigrants, unlike the case of European countries as shown, e.g., in Chapter 2. On the
other hand, race seems to be quite important for the U.S. as it is harder for non-whites to
be integrated into the labor market, putting them at a disadvantage as compared to white

workers.

We also find wage differentials between private and public sector employees, but these are
much lower compared to those associated with gender or race and are reversed by the end of
our sample period. More specifically, by 2017, private sector employees were paid around
3.4 to 4.9 percent more compared to public sector ones controlling for their characteristics,
depending on the specification in Table 3.9. This contrasts with European countries where on
average, private-sector employees were paid systematically less compared to public sector
employees as shown in Chapter 2. Thus, unlike most European countries, the US does not

appear to have a misallocation problem associated with the public sector.

In all Tables of results, we consider interactions of our main variables with a number of
covariates. More specifically, we consider the interaction of gender, non-whites and private

sector with education, and the interaction of gender with part-time job status. These inter-
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action terms suggest different wage impact of certain variables for females as compared to
males, and for non-whites as compared to whites. In particular, the interaction of female with
education indicates the crucial role that high education plays in reducing gender wage gaps.
Similarly, wage differentials associated with race are lower for females and for individuals
with higher levels of education. The former is consistent with Lang and Lehmann (2012)’s
finding that wage gaps between black and white women have been historically lower than
for males, and the latter is in line with Borowczyk-Martins et al. (2018) who show that wage
gaps associated with race are reduced as the level of skill increases. Moreover, gender wage
gaps are higher for private-sector employees as compared to public sector employees. Fi-
nally, since the 1990s, part-time work appears to reduce wage differentials between men and

women.

We note that the impact of the included covariates on hourly wages in the United States
generally has the expected sign: workers with low education receive lower hourly wages as
compared to workers with secondary education, those with high education receive higher
hourly wages as compared to those with only secondary education, age as a proxy for ex-
perience has a positive impact on hourly wages for all age groups, individuals with higher
occupational education scores have higher wages, and those that do part-time work have

lower wages since the 1990s.
Estimation without exclusion restrictions

So far, we have included instruments such as marital status, number of own children under
age 5 in the household, exogenous income, and public assistance programs. To examine,
whether our results are sensitive to imposing exclusion restrictions we consider here the case
where we do not include any instruments in the probit equation in the first stage. For the
sake of brevity, we provide results of the Mincer-type wage regression for 1960 and 2017.
Figure 3.4 summarises the results of the average conditional wage gaps derived without the
exclusion restrictions for all the years in our sample. Overall, results are similar as before.
From Tables 3.14 and 3.15 we can observe that being a female or non-white exert negative
impact on hourly wages beyond that explained by their economic characteristics, and that
this impact is typically quite similar irrespective of whether we impose the above exclusion

restrictions or not.

3.4 State-level talent misallocation and aggregate economic

outcomes

We now estimate regression specifications that allow the estimated coefficients related to

gender and race to be state-specific. We include our complete set of explanatory variables
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and interactions, as in the specifications reported in the last column of Tables 3.3 to 3.9 for
1960 to 2017.'6 This allows us to compute state-specific wage gaps based on individual-
level data, and to consider a ranking of all states for each period based on the wage gaps

characterizing each state. Tables 3.16 to 3.22 present state-specific results for each period.

Looking at the estimated misallocation measure across the United States, we note that the
average measure was relatively large, particularly in the early decades. Specifically, in the
1960s, the average misallocation measure was 78.3 percent. Over the years, we observe a
gradual reduction of the estimated misallocation measure. By 2017, the average misalloca-
tion measure was reduced by half, reaching 36.2 percent. If we look at the state-level, we can
observe from Table 3.16 that in the 1960s, Alabama, South Carolina, Louisiana, Mississippi
and Georgia have the highest overall misallocation measure, while Vermont, Nebraska, lowa,
Wisconsin, and Minnesota have the lowest. By 2017, we again find Louisiana, Mississippi,
and Alabama to have the largest overall misallocation measure along with South Dakota and
West Virginia. Given the large number of states and years that we cover in our study, Fig-
ures 3.5 to 3.13 provide a better understanding of the overall misallocation measure and its

decomposition for each state over the period under study'”.

We systematically find that the gender wage gap is systematically the main contributor to
the overall misallocation measure. In the 1960s, the average gender wage gap was about
56 percent while wage differentials related to race were around 23 percent. Despite the
significant reduction for both wage gaps, by 2017 we still find an average gender wage gap

of around 24 percent that is twice the wage gap of 12 percent related to race.

In line with our theoretical model, we view the above-constructed aggregate wage gap as
a measure of talent misallocation within each state. To assess this hypothesis, we investi-
gate the link that our micro-based talent misallocation measure has on state-level economic
outcomes. We use Pearson correlations of our estimated misallocation measures with ag-
gregate outcome measures such as real GDP per worker, TFP and Technical Efficiency, as
shown in Table 3.23. Overall, we find a significant negative relation between our misallo-
cation measure with these aggregate measures. These results are in line with Hsieh et al.
(2019) who show the important role that labor misallocation plays for US economic out-
comes. Rather than focusing at the US economy as a whole, we look at the relation of
our micro-based estimated misallocation measure aggregated for each state with state-level

aggregates of economic outcomes.

As shown in Figure 3.14 and Table 3.23 for 1980 to 2017, the correlation between real GDP
per worker and our estimated misallocation measure is equal to -0.680, significant at the 1%

level. A negative correlation is also found for our micro-based estimated talent misallocation

16This specification has the better goodness of fit as shown at the bottom of Table 3.3 to 3.9.
17Note that we group the states according to the region and division they are part of.
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measure and TFP. As illustrated in Figure 3.16 and Table 3.23 for 1980 to 2000, the correla-
tion coefficient is equal to -0.316, significant at the 1% level. Extending this period by using
another database provided from Cardarelli and Lusinyan (2015) covering 2000 to 2010, we
find again a negative correlation coefficient of -0.356, significant at the 1% level, as shown
in Figure 3.15. Thus, using data from two different databases we confirm a robust nega-
tive relationship between productivity and our micro-based estimated talent misallocation
measure. Finally, Figure 3.17 and Table 3.23 show a negative relation between Technical
Efficiency and our misallocation measure for 1980 to 2000. The correlation coefficient is

equal to -0.182, significant at the 5% level.

The above findings are in line with the literature arguing that input misallocation can have
long-term negative effects for aggregate economic outcomes. Noting that our goal is not
to identify a causal link, we argue that the negative relation found here between aggregate
economic outcomes and our estimated misallocation measure based on microeconomic data,
is suggestive of a potentially important role played by talent misallocation in determining

aggregate outcomes across states and over time.

Labor Force Weighted Measure

So far, we have constructed the talent misallocation measure by simply adding the coeffi-
cients of gender and race. We now construct the aggregate misallocation measure for each
state, taking into account the fact that the share of females or non-whites differs across states.
Using data from the U.S. Census Bureau for the number of females or non-whites that are
part of the labor force in each state for the period under study, we weight each factor by
multiplying with the corresponding number of workers and then dividing by the labor force
as follows:

Misallocation = Bfn—]\J; + ann%.

where n ¢ is the number of active female in each state and period, 7., is the number of active

individuals who are of non-white race, and N = ns + ny,,.

Having constructed the talent misallocation measure weighted with the labor force for each
state and period, we compute Pearson correlations with state-level economic outcomes. The
second row of Table 3.23 presents the results of the correlation between our talent misallo-
cation measure and aggregate measures such as GDP, TFP, and Technical Efficiency. Once
again, we find a negative relationship between our micro-based estimated misallocation mea-
sure and these aggregate outcomes. In particular, the correlation coefficient between the mis-
allocation measure thus constructed and GDP per worker equal -0.791, significant at the 1%
level. The respective correlations with TFP and Technical Efficiency over the period 1980-
2000 are -0.364 and -0.431, also strongly significant at the 1% level. All three correlations
are higher than the ones using the equally weighted measure as can be seen by comparing
the first and second rows of Table 3.23.
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3.5 Conclusion

We have used individual data across the United States over an extended period from 1960 to
2017, to provide quantitative evidence about the misallocation effects arising due to barriers
related to race and gender. Our empirical findings indicate that being a female or of a race
other than white is associated with lower wages for individuals with otherwise identical

observed economic characteristics.

We find that our state-level talent misallocation measure based on these micro-level data has
aggregate economic effects. A negative relation exists between our micro-based misalloca-
tion measure and state-level Technical Efficiency, Total Factor Productivity, and GDP per

worker over time.

Overall, having linked wage gaps to talent misallocation within a search model of the labor
market, we have shown that talent misallocation matters for aggregate economic outcomes.
Our work thus has clear implications about the aggregate economic importance of policies
that address any remaining existing labor market barriers applying to specific population

groups.

In terms of future work, one could focus on exploring the misallocation effects by focusing
on a restricted sample. Specifically, by restricting the sample only to white versus black
men. As explained already in chapter 2, by considering both channels, gender and race, we

increase the possibility of having sample selection issues.
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3.6 Tables

Table 3.1: Summary statistics from the final sample

Wave 1960 1970 1980 1990 2000 2010 2017
Female(%total) 40.88 44.12 45.26 48.01 48.55 49.36 49.08
Non-white(%total) 12.78 14.23 17.717 19.65 26.10 28.86 31.66
Private(%total) 87.02 83.55 81.38 83.67 84.35 83.27 84.47
Low-education(%total) 31.60 20.00 10.29 5.27 431 3.34 2.95
Middle-education(%total) 48.67 54.91 51.21 42.97 46.01 38.78 35.66
High-education(% total) 19.73 25.09 38.50 51.76 49.68 57.87 61.38
Age 25-34(% total) 29.44 29.50 37.14 34.35 27.23 23.18 24.65
Age 35-44(% total) 29.14 25.59 24.63 30.71 31.61 24.69 23.43
Age 45-54(% total) 24.58 25.61 20.81 20.30 26.27 28.97 25.85
Age 55-64(% total) 16.85 19.30 17.42 14.64 14.90 23.16 26.06
Part-time(%) 33.48 35.00 21.45 20.76 20.06 25.20 22.41
Married(%) 79.60 78.34 72.74 68.37 63.87 61.73 59.14
Children under age 5(%) 26.03 20.31 16.87 17.41 15.41 13.56 12.88

Median Earning,Ratio

Median Female 8.77 11.24 10.91 11.20 12.02 12.73 12.98
Median Male 14.05 18.10 18.15 16.29 15.81 15.73 15.64
Female-Male Ratio 62.44 62.10 60.11 68.75 76.03 80.93 82.99
Median Nonwhite 8.43 11.87 12.14 11.63 12.02 11.98 11.98
Median White 12.80 16.13 14.94 14.22 14.58 14.98 15.24
Nonwhite-White Ratio 65.86 73.59 81.26 81.79 82.44 80 78.61
Median Private 12.08 15.40 14.26 13.23 13.46 13.48 13.58
Median Public 13.48 17.11 15.45 15.53 16.06 16.69 16.28
Private-Public Ratio 89.61 90 92.30 85.19 83.81 80.77 83.42
Number of states 51 51 51 51 51 51 51
Total obs 8,965,606 4,060,019 11,343,120 12,501,046 14,081,466 3,061,692 3,190,040
Obs in regressions 3,105,144 1,461,597 4,397,316 5,492,116 6,353,277 1,391,357 1,390,390

Data are from the US decennial census and the annual ACS. The samples include employees, the
unemployed, self-employed and individuals working in full-time and part-time occupations aged
between 25 to 64. Earnings are converted to constant 1999 dollars using the CPI, which render

them comparable across time.
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Table 3.2: Probit selection equation results for the waves from 1960 to 2017

Variables (1960) (1970) (1980) (1990) (2000) (2010) (2017)

Female 075084 0.556%F%  0.140%%%  0209%F*  (0239%k% (. 088Fk  (,]77%k*
(0.002) (0.004) (0.003) (0.003) (0.003) (0.005) (0.005)

Non-white 0.215%%%  0.110%%*  0.002 0.088%% _0.129%%% _0.016%**  0.006

(0.003) (0.005) (0.004) (0.003) (0.003) (0.005) (0.006)

Private -0.063%%%  0.025%%%  0.019%*  0.020%%*  0.004 0.164%%%  (0.236%**
(0.004) (0.005) (0.003) (0.003) (0.003) (0.007) (0.007)

Educ L 0.015%+%  _0.080%#% _0.105%** _0.057%%% _0.106%%F 0.042%%%  (0.034%%*
(0.003) (0.004) (0.004) (0.005) (0.005) 0.011) (0.013)

Educ H 0.013%%%  0,023%%% (. [31%%  (.]53%%%  (.156%k%  (.146%%% 0. ]8]***
(0.004) (0.005) (0.003) (0.003) (0.003) (0.005) (0.006)
Age 35-44 0.190%+%  0.190%*%*  0.058**  0.009%**  -0.000 0.001 -0.013*
(0.003) (0.005) (0.004) (0.003) (0.003) (0.007) (0.007)

Age 45-54 0.192%%%  0.161%%%  _0.108%** _0.134%%% Q087+ _0.060%%* -0.063%%*
(0.003) (0.005) (0.004) (0.004) (0.004) (0.007) (0.008)

Age 55-64 0.053%k% 0. 112%%%  0498%k% _(.548%kF 0454k 05]6FRF 057k
(0.004) (0.005) (0.004) (0.004) (0.004) (0.007) (0.007)
Occupscor 0.001%%%  0.002%%%  0.002%%%  0.002%%%  0.002%%*  0.001*%*  -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Part_time D11HRE 23]2%k D 8OQREE 3 000%KF 3683k 3TQPEEE 4 (74%Hk
(0.002) (0.004) (0.005) (0.006) (0.015) (0.065) (0.083)

Married 0.124%%%  _0,085%% -0.041%%* -0.003 0.012%%%  0.021%%%  .0.021%**
(0.003) (0.004) (0.003) (0.003) (0.003) (0.005) (0.005)

nchilds 0.176%F%  L0.207%FF  0.316%FF  _0261%FF  LQ228%E  0.234%kx () 257HHk
(0.002) (0.003) (0.003) (0.002) (0.002) (0.005) (0.005)

welf_inc L0.087HF% Q077+ FF  0.067FF%  -0.034%k% 0027k 0.032%%*
(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)

exg.inc 0.018%%%  0.012%%%  0.017#%  -0.003%%* -0.009%**
(0.001) (0.000) (0.000) (0.001) (0.001)

Constant 25128k 2.666%FF 3 TTRFE 3306%kE  3985kkE 4428k 4 55]Hkk

(0.011)  (0.015)  (0.013)  (0.013)  (0.019)  (0.069)  (0.087)

Observations 3,105,144 1,461,597 4,397,316 5,492,116 6,353,277 1,391,357 1,390,390
Number of states 51 51 51 51 51 51 51
State-fixed effects  Yes Yes Yes Yes Yes Yes Yes

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.3: Selection-corrected hourly wage regression for the period 1960, US Decennial
Census

Variables (1 2) 3) () 5)

Female -0.596%**  -0.531***  -0.550*** -0.376%**  -0.378%%*
(0.003) (0.001) (0.002) (0.003) (0.003)

Non-white -0.284%*% (0 287%**  _(0269%**k  _(,13]*** -, ]3]%%*
(0.001) (0.001) (0.002) (0.004) (0.004)

Private -0.046%*%*  -0.043%**  _0,038*** (.054%**  (.054%**
(0.001) (0.001) (0.002) (0.002) (0.002)

Educ L -0.198***  _0,191%**% Q. 177**%* -0.165%** -0.165%**
(0.001) (0.001) (0.003) (0.003) (0.003)

Educ H 0.145%**% (. 145%*%*  (,113%**  (,128%** (), ]28%**
(0.001) (0.001) (0.003) (0.003) (0.003)

Age 35-44 0.129%** 0. 114%*%* (. 114%**  (Q.115%**%  (.117***
(0.001) (0.001) (0.001) (0.001) (0.001)

Age 45-54 0.129%**% Q. 111%*%* Q. 111%** Q. 111%%*  (.113%**
(0.001) (0.001) (0.001) (0.001) (0.001)

Age 55-64 0.062***  0.061***  0.060%**  0.060%**  (0.060%***
(0.001) (0.001) (0.001) (0.001) (0.001)

Occupscor 0.005***  0.005%**  0.005%**  0.005%**%  (0.005%**
(0.000) (0.000) (0.000) (0.000) (0.000)

Part-time -0.124%%% 0, 125%** 0, 141%***  -0.160%**
(0.004) (0.004) (0.004) (0.005)

Private *Educ L -0.016%**  -0.031%**  -0.032%**
(0.003) (0.003) (0.004)

Private *Educ H 0.013***  0.010***  0.010%%**
(0.003) (0.003) (0.003)

Female *Educ L 0.029%#**  (,037***  (),038%***
(0.002) (0.002) (0.002)

Female *Educ H 0.058***  0.013***  (,013%%*
(0.003) (0.003) (0.003)

Non-white *Educ L -0.050%**  -0.036%**  -0.036%**
(0.003) (0.003) (0.003)

Non-white *Educ H 0.066***  0.021***  (.020%%*
(0.004) (0.005) (0.005)

Private *Female -0.203%%*  -0.203%**
(0.003) (0.003)

Private *Non-white -0.167%%*  -0.167***
(0.004) (0.004)

Female *Non-white 0.014%**  0.016%***
(0.003) (0.003)

Female *Part-time -0.021%%*
(0.004)

lambda 0.283*#*  (3]3%*k*  (3]4%**  (336%**k  (.37]%**
(0.006) (0.005) (0.005) (0.005) (0.008)

Constant 0.812%**  (.844%**  ().844%** (0, 764%**  (.762%**

(0.004) (0.004) (0.004) (0.004) (0.004)
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Total effect Female
Total effect Non-white
Total effect Private
State-fixed effects

Adj.R?
Observations

-0.596%**
(0.003)
-0.284%%*%*
(0.001)
-0.046%**
(0.001)
Yes

0.235
3,105,144

-0.531%%#%*
(0.001)
-0.287%%*
(0.001)
-0.043%%%*
(0.001)
Yes

0.240
3,105,144

-0.530%%**
(0.001)
-0.272%%*
(0.002)
-0.041%**
(0.001)
Yes

0.240
3,105,144

-0.537%%*%*
(0.001)
-0.278%%*%*
(0.002)
-0.058%*%*
(0.001)
Yes

0.242
3,105,144

-0.545%%#%*
(0.002)
-0.277%%*
(0.002)
-0.059%%*%*
(0.001)
Yes

0.242
3,105,144

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.4: Selection-corrected hourly wage regression for the period 1970, US Decennial
Census

Variables ) ) 3) “4) )
Female -0.463%**  -0.507***  -0.530*%**  -0.404***  -0.405%%*
(0.003) (0.002) (0.002) (0.004) (0.004)
Non-white -0.206%**  -0.206%**  -0.199%*%*  _(.162%** -0, 162%**
(0.002) (0.002) (0.003) (0.005) (0.005)
Private -0.038***  -0.040%**  -0.042%**  (0.040%**  (0.040%**
(0.002) (0.002) (0.002) (0.003) (0.003)
Educ L -0.166%**  _Q,175%**% (0. 195%*%*  _(,182%** -0, 18]***
(0.002) (0.002) (0.005) (0.005) (0.005)
Educ H 0.150%**  0.149%**  (, 113%**  (,132%**  (,]33%**
(0.002) (0.002) (0.004) (0.004) (0.004)
Age 35-44 0.097***  0.106***  (0.108***  (0.108***  (.103***
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.104%#*% Q. 116%** Q. 117%**  (0.118%**  (,]]14%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.076***  0.077**%*  0.077*%%*  (0.078%**  (.078%***
(0.002) (0.002) (0.002) (0.002) (0.002)
Occupscor 0.006***  0.006%**  0.006%**  0.006%**  (0.006%***
(0.000) (0.000) (0.000) (0.000) (0.000)
Part_time 0.039%**  (0.033***  (0.030%**  (0.077*%*
(0.007) (0.007) (0.007) (0.008)
Private *Educ L 0.026***  0.009* 0.010*
(0.005) (0.005) (0.005)
Private *Educ H 0.009** -0.004 -0.005
(0.004) (0.004) (0.004)
Female *Educ L 0.026%**  0.024%***  (),024%%*
(0.004) (0.004) (0.004)
Female *Educ H 0.071%*%  0.041***  (0.040%%*
(0.003) (0.003) (0.003)
Non-white *Educ L -0.053%**  -0.037***  -0.038%**
(0.004) (0.004) (0.004)
Non-white *Educ H 0.056%**  0.041***  (.040%%*
(0.005) (0.005) (0.005)
Private *Female -0.159%**  -0.160%**
(0.004) (0.004)
Private *Non-white -0.085%***  -(.086%**
(0.005) (0.005)
Female *Non-white 0.071%*%  0.071%%*
(0.004) (0.004)
Female *Part_time 0.061%**
(0.005)
lambda -0.051**#*  0.060%**  0.068***  (0.074%*%*  -0.02]1**
(0.008) (0.008) (0.008) (0.008) (0.011)
Constant 1.289%#**  1266%** [ 274%%%  1200%** ] 2]2%**

(0.006) (0.005) (0.006) (0.006) (0.006)
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Total effect Female
Total effect Non-white
Total effect Private
State-fixed effects

Adj.R?
Observations

-0.463%%%*
(0.003)
-0.206%*%*
(0.002)
-0.038%%#%*
(0.002)
Yes

0.238
1,461,597

-0.507%%*%*
(0.002)
-0.206%%*
(0.002)
-0.040%%**
(0.002)
Yes

0.240
1,461,597

-0.507%%**
(0.002)
-0.196%%**
(0.002)
-0.034%%*
(0.002)
Yes

0.241
1,461,597

-0.512%%*%*
(0.002)
-0.199%*#%*
(0.002)
-0.042%%*
(0.002)
Yes

0.243
1,461,597

-0.493%**
(0.002)
-0.200%*%*
(0.002)
-0.042%%**
(0.002)
Yes

0.243
1,461,597

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.5: Selection-corrected hourly wage regression for the period 1980, US Decennial
Census

Variables ) ) 3) “4) )
Female -0.358***  -0.466%**  -0.496%**  -0.430%*F*  -0.415%%*
(0.001) (0.001) (0.001) (0.002) (0.002)
Non-white -0.101%%* -0, 107%**%  -Q.117*%*%* -0.179%**% -0, 182%**
(0.001) (0.001) (0.001) (0.003) (0.003)
Private -0.029%**  -0.027***  -0.029%**  (0.040%**  (.038***
(0.001) (0.001) (0.002) (0.002) (0.002)
Educ L -0.154%%*  _Q,197***%  .(0.244%** () 225%*%k () 227***
(0.002) (0.001) (0.004) (0.004) (0.004)
Educ H 0.119%***  0,130%**  (0.094%**  (,105%**  (,102%**
(0.001) (0.001) (0.002) (0.002) (0.002)
Age 35-44 0.150***  0.170%*%*  0.170%**  (0.169%***  (.170***
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 45-54 0.205%**%  (215%*%*  (2]15%**  (2]14%*%  (2]5%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 55-64 0.299***  (0.216%*%*  (0216%**  (.215%**%  (.2]7***
(0.001) (0.001) (0.001) (0.001) (0.001)
Occupscor 0.006***  0.007***  0.007***  0.006%**  0.006%***
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time 0.038*#*  (.033%**  (052%**  (.2]10%**
(0.004) (0.004) (0.004) (0.005)
Private *Educ L 0.029%**  0.015%**  (0.014%%*
(0.004) (0.004) (0.004)
Private *Educ H 0.005%* -0.005**  -0.003
(0.002) (0.002) (0.002)
Female *Educ L 0.086%**  (.052%***  (),057*%*
(0.003) (0.003) (0.003)
Female *Educ H 0.058***  0.048***  (,047*%*
(0.002) (0.002) (0.002)
Non-white *Educ L -0.027**%*  (0.000 0.002
(0.003) (0.003) (0.003)
Non-white *Educ H 0.039%**  0.041%***  (.04]1%%*
(0.002) (0.002) (0.002)
Private *Female -0.115%** -0, 114%*%*
(0.002) (0.002)
Private *Non-white -0.035%** (., 035%**
(0.003) (0.003)
Female *Non-white 0.182%*% (. 184%%%*
(0.002) (0.002)
Female *Part-time -0.157%%*
(0.003)
Constant 1.693#*%  1.615%*%*  ].633%** ] 589%** ] 586%**

0.004)  (0.003)  (0.004)  (0.004)  (0.004)

Total effect Female -0.358%**  -0.466%**  -0.465%**  -0.468%**  -0.485%**
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(0.001) (0.001) (0.001)

Total effect Non-white  -0.101%%*  -0.107***  -0.104%**

State-fixed effects

(0.001) (0.001) (0.001)

Total effect Private -0.029%%*  _0.027%**  -(0.024%%*
(0.001) (0.001) (0.001)
Yes Yes Yes
0.174 0.171 0.171

Adj.R?

Observations

4,397,316 4,397,316 4,397,316

(0.001)
-0.109%**
(0.001)
-0.019%*%*
(0.001)
Yes

0.174
4,397,316

(0.001)
0.1 11%%*
(0.001)
-0.019%%#%*
(0.001)
Yes

0.175
4,397,316

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.6: Selection-corrected hourly wage regression for the period 1990, US Decennial
Census

Variables ) ) 3) “4) )
Female -0.317#*%*  -0.381#F**  _0411%** -0.356%** -0.363%%*
(0.001) (0.001) (0.001) (0.002) (0.002)
Non-white -0.118%** (0, 132%**  _Q,151%***% -0,185%**  -(,]184%%*
(0.001) (0.001) (0.001) (0.003) (0.003)
Private -0.043%**  .0,044%**  _0.073*%**  -0.006*** -0.005%**
(0.001) (0.001) (0.002) (0.002) (0.002)
Educ L -0.128%***  _0,168***  -(0.165%*%*  -(.151%** -0, 150%**
(0.002) (0.002) (0.006) (0.006) (0.006)
Educ H 0.147***%  0.169%**  (0.097***  (0,103%**  (,103%**
(0.001) (0.001) (0.002) (0.002) (0.002)
Age 35-44 0.147***%  0.163***  (0.164%**  (0.163***  (.163***
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 45-54 0.224%%% (23] %%*  (232%*k% () 232%*%k (23] *H:*
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 55-64 0.364%**%  (0.249%%* () 248***  (.248%**  (.246%**
(0.002) (0.001) (0.001) (0.001) (0.001)
Occupscor 0.008***  0.009%**  0.009*%**  0.009%**  (0.009%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.065%*%  -0.070%**  -0,050%**  -Q,]37%***
(0.003) (0.003) (0.003) (0.004)
Private *Educ L -0.027#*%%  -0,029%**  -(,028%**
(0.006) (0.006) (0.006)
Private *Educ H 0.048***  (0.043*%*%*  (,042%**
(0.002) (0.002) (0.002)
Female *Educ L 0.106***  0.055%**  (),052%%*
(0.003) (0.004) (0.004)
Female *Educ H 0.047**%  0.044***  (,046%**
(0.001) (0.001) (0.001)
Non-white *Educ L -0.024***  -0.000 -0.002
(0.003) (0.003) (0.003)
Non-white *Educ H 0.044%#*%  (0,034%***  (),034%%*
(0.002) (0.002) (0.002)
Private *Female -0.101%** -0, 102%*%*
(0.002) (0.002)
Private *Non-white -0.052%%*  -(.,052%**
(0.002) (0.002)
Female *Non-white 0.163%**  (.162%%%*
(0.002) (0.002)
Female *Part-time 0.075%*%*
(0.002)
Constant 2.093%*% 1 9Q7*k*k D (37HFE 1,993 %kEk ] 995k

0.004)  (0.003)  (0.004)  (0.004)  (0.004)

Total effect Female -0.317%%*  -0.381***  -0.381***  -0.382%**  -0.375%**
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(0.001) (0.001) (0.001)

Total effect Non-white  -0.118%*%*  -0.132%*%*  -0.130%**

State-fixed effects

(0.001) (0.001) (0.001)

Total effect Private -0.043%%*  -0.044%**  -0.050%**
(0.001) (0.001) (0.001)
Yes Yes Yes
0.202 0.203 0.203

Adj.R?

Observations

5,492,116 5,492,116 5,492,116

(0.001)
-0.133%%*
(0.001)
-0.044%*%*
(0.001)
Yes

0.205
5,492,116

(0.001)
-0.133%%*
(0.001)
-0.044 %
(0.001)
Yes

0.205
5,492,116

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.7: Selection-corrected hourly wage regression for the period 2000, US Decennial
Census

Variables ) ) 3) “4) )
Female -0.247#*%* - .0.315%**%  -0.340%**  -0.316%** -0.33]%%*
(0.001) (0.001) (0.001) (0.002) (0.002)
Non-white -0.100%** Q. 121%**  -0,142%*%  _(,142%**  .(,14]%%*
(0.001) (0.001) (0.001) (0.002) (0.002)
Private -0.006***  -0.011%**  -0.075%** -0.022***  -0.020%%%*
(0.001) (0.001) (0.002) (0.002) (0.002)
Educ L -0.121%%% - _0,180%**%  -0.201%***  -0.205%**  -(0.203%***
(0.002) (0.002) (0.008) (0.008) (0.008)
Educ H 0.152%**%  (.176%*%*  (0.055%**  0.061***  (.062%***
(0.001) (0.001) (0.002) (0.002) (0.002)
Age 35-44 0.148***  0.164%**  (0.164%**  (0.163***  (.163***
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 45-54 0.200%**  Q.212%**  (2]13%**  (2]2%*%k  (,2]2%*:*
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 55-64 0.366%***  (0.244%%* () 244%*%*  (244%*%  (,24Q%***
(0.002) (0.001) (0.001) (0.001) (0.001)
Occupscor 0.008***  0.009%**  0.009*%**  0.009%**  (0.009%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.107*%*  -0.115%**  -0.100%**  -0.309%**
(0.004) (0.004) (0.004) (0.005)
Private *Educ L -0.015*%*  0.002 0.004
(0.007) (0.007) (0.007)
Private *Educ H 0.104%**  0.098***  (.097*%*
(0.002) (0.002) (0.002)
Female *Educ L 0.041%**%  -0,008%*  -0.015%**
(0.004) (0.004) (0.004)
Female *Educ H 0.045%**  0.046***  (.050%%*
(0.001) (0.001) (0.001)
Non-white *Educ L 0.042%**  0.060%**  0.056%**
(0.004) (0.004) (0.004)
Non-white *Educ H 0.040%**  0.029%***  (),029%%**
(0.002) (0.002) (0.002)
Private *Female -0.062%**  -0.064%**
(0.002) (0.002)
Private *Non-white -0.061%**  .0.061%**
(0.002) (0.002)
Female *Non-white 0.113%*% (. 112%%%*
(0.002) (0.002)
Female *Part-time 0.155%*%*
(0.002)
Constant 2.384#%% D SIEEE D 3PFwAkEk D PROFAEK D DOk

(0.005)  (0.003)  (0.003)  (0.004)  (0.004)

Total effect Female -0.247*%% -0.315%%*  -0.316%**  -0.317*%**  -0.300%**
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(0.001) (0.001) (0.001)

Total effect Non-white  -0.100%*%*  -0.121%*%*  -0.120%**

State-fixed effects

(0.001) (0.001) (0.001)

Total effect Private -0.006%**  -0.011%**  -0.024%%%*
(0.001) (0.001) (0.001)
Yes Yes Yes
0.182 0.185 0.186

Adj.R?

Observations

6,353,277 6,353,277 6,353,277

(0.001)
-0.127%%*
(0.001)
-0.019%*%*
(0.001)
Yes

0.187
6,353,277

(0.001)
-0.121%%*
(0.001)
-0.019%%#%*
(0.001)
Yes

0.187
6,353,277

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.8: Selection-corrected hourly wage regression for the period 2010, ACS

Variables €))] 2) 3) @ (@)
Female -0.220%%* Q. 215%**%  -(0.222%%* (. 274%%%k () 348%**
(0.003) (0.002) (0.003) (0.005) (0.005)
Non-white -0.141%%%  -0.148%** (0. 155%*%*  -0.115%** -0.108%***
(0.003) (0.002) (0.003) (0.006) (0.006)
Private -0.083%**  -0.052%**  -Q.174%*%* 0. 171%%*  -0.149%**
(0.003) (0.002) (0.004) (0.005) (0.005)
Educ L -0.069%**  _0.064%**  -0.201%*%*  -(0.222%%% (2] ]***
(0.007) (0.005) (0.024) (0.025) (0.024)
Educ H 0.176%**  0.215%*%*  0.060%**  (0.064***  (0.062%**
(0.003) (0.002) (0.005) (0.005) (0.005)
Age 35-44 0.201%**%  (0.218%*%*  Q.217*%%  (0.216%*%* (.21 ]1%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.248%**  (0.263**%*  (0.261%**  (0.261**%*  (.258%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.407%**  (0.273%**  (.272%**  (271**%*  (.259%**
(0.005) (0.003) (0.003) (0.003) (0.003)
Occupscor 0.011%*%  0.011*%*  0.011%**  0.011**%*  0.011%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.700%**  -0.700%** -0 701***  -],133%**
(0.008) (0.008) (0.008) (0.009)
Private *Educ L 0.066%**  0.097***  (.100%**
(0.023) (0.023) (0.023)
Private *Educ H 0.172%*% (0. 166%***  (.156%**
(0.005) (0.005) (0.005)
Female *Educ L 0.039***  (0.008 -0.009
(0.010) (0.010) (0.010)
Female *Educ H 0.009%*%* 0.016%**  0.041%%**
(0.004) (0.004) (0.004)
Non-white *Educ L 0.089***  (.099%***  (.086%**
(0.012) (0.012) (0.012)
Non-white *Educ H 0.009%*%* -0.003 -0.002
(0.004) (0.004) (0.004)
Private *Female 0.039%**  (.012%**
(0.005) (0.005)
Private *Non-white -0.075%%*  -0.072%**
(0.005) (0.005)
Female *Non-white 0.055%**  (0.049%*%*
(0.004) (0.004)
Female *Part-time 0.482%*%%*
(0.005)
Constant 2.276%*%%  2205%** 2 316¥FEk D 320F*F 2 .350%**

(0.013) (0.009) (0.009) (0.010) (0.010)

Total effect Female 0.220%%%  Q215%k%  _0216FFF  0.216%FF  (,]79%k*
(0.003) (0.002) (0.002) (0.002) (0.002)
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Total effect Non-white
Total effect Private
State-fixed effects

Adj.R?

Observations

-0.141%%*
(0.003)
-0.083***
(0.003)
Yes

0.201
1,391,357

-0.148%**
(0.002)
-0.052%**
(0.002)
Yes

0.226
1,391,357

-0.147%%*
(0.002)
-0.072%%*
(0.002)
Yes

0.227
1,391,357

-0.148%*%**
(0.002)
-0.074%**
(0.002)
Yes

0.227
1,391,357

-0.142%%*
(0.002)
-0.070%**
(0.002)
Yes

0.227
1,391,357

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.9: Selection-corrected hourly wage regression for the period 2017, ACS

Variables €))] 2) 3) @ (@)
Female -0.305%**  _0.267***%  -0.288**%*  _(.307*** -(0.355%%*
(0.002) (0.002) (0.003) (0.005) (0.005)
Non-white -0.128%%* Q. 131%%*% (0. 142%%* (. 121%%*% -0, 117*%*
(0.002) (0.002) (0.003) (0.005) (0.005)
Private 0.034%**  (0.058***  -0.034*** -0.003 0.008
(0.002) (0.002) (0.004) (0.005) (0.005)
Educ L -0.068***  -0.066%**  -0.159%**  _(,172%**% -0, 168%***
(0.005) (0.005) (0.023) (0.023) (0.023)
Educ H 0.188***  (0.203***  (.073*%**  (0.078***  0.076%**
(0.002) (0.002) (0.005) (0.005) (0.005)
Age 35-44 0.240%**%  (0237**%*  (.237*%%k  (236%*k*  (,232%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.310%**  0.307**%*  0.306%**  (0.306%*%*  (0.303%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.365%**  (0.326%*%*  0.326%**  (.325%*%*  (.312%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Occupscor 0.012%**% (0.012%*%*  0.012%**  (0,012%*%*  (.012%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.502%%*  -0.502%**  -0.501***  -0.875%**
(0.007) (0.007) (0.007) (0.008)
Private *Educ L 0.044%*%* 0.067%**  0.069%%**
(0.022) (0.022) (0.022)
Private *Educ H 0.126%** (. 122%** (., ]118***
(0.005) (0.005) (0.005)
Female *Educ L 0.055***  0.016* 0.011
(0.010) (0.010) (0.010)
Female *Educ H 0.030%**  0.036***  (.052%**
(0.003) (0.003) (0.003)
Nonwhite *Educ L 0.052%*%  (,063***  (.055%**
0.011) 0.011) 0.011)
Nonwhite *Educ H 0.016%**  0.002 0.003
(0.003) (0.003) (0.003)
Private *Female -0.013***  -0.026%**
(0.004) (0.004)
Private *Non-white -0.066***  -0.065%**
(0.005) (0.005)
Female *Non-white 0.086%**  (0.085%*%*
(0.003) (0.003)
Female *Part-time 0.354 %%
(0.004)
lambda 0.355%**  0.130%**  0.131%**  (.133***  (.4]18%**
(0.023) (0.013) (0.013) (0.013) (0.013)
Constant 2.174%%% D 19Q9%**k D 2Q3HkEk D DYTHREE D DQQH*E

(0.009) (0.008) (0.008) (0.009) (0.009)
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Total effect Female
Total effect Non-white
Total effect Private
State-fixed effects

Adj.R?
Observations

-0.305%%#%*
(0.002)
-0.128%%#%*
(0.002)
0.034 %%
(0.002)
Yes

0.201
1,390,390

-0.267%**
(0.002)
-0.131%%%*
(0.002)
0.058%***
(0.002)
Yes

0.226
1,390,390

-0.268%%**
(0.002)
-0.130%%**
(0.002)
0.045%**
(0.002)
Yes

0.227
1,390,390

-0.268%#*
(0.002)
-0.131%%%*
(0.002)
0.047%*%*
(0.002)
Yes

0.227
1,390,390

-0.238%%*%*
(0.002)
-0.127%%%*
(0.002)
0.049%**
(0.002)
Yes

0.231
1,390,390

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.10: Selection-corrected hourly wage regression for the period 1960, US Decennial

Census. Race decomposition

Variables (1) ) 3) 4 (5)
Female -0.593%**  .(0.528***  _0.547*F**  _0.376%**  -0.376%%*
(0.003) (0.001) (0.002) (0.003) (0.003)
African-Americans -0.318%** 0. 32]*** Q3] 7***k _(,]155%**  -(,]155%%*
(0.002) (0.002) (0.003) (0.005) (0.005)
Hispanic -0.175%*%* 0. 178***  -0.116%**  -0.047***  -0.047*%*
(0.003) (0.003) (0.005) (0.009) (0.009)
American Indian/Alaska Native -0.348%**  -(0.328***  -(0.269%**  -0.082%**  -(0.082%**
(0.011) (0.011) (0.018) (0.030) (0.030)
Asian -0.217%%% .0,224%*% (0, 172%** Q. 111%** Q. 111%**
(0.007) (0.007) (0.010) (0.017) (0.017)
Mixed races -0.239%**  .0.226%**  -0.171*** -0.071* -0.071*
(0.017) (0.017) (0.025) (0.036) (0.036)
Private -0.047#*%% -0.044%**  0,039%**  (.053**%*  (.053%**
(0.001) (0.001) (0.002) (0.002) (0.002)
Educ L -0.199%**  _0,193%**  _0,178***  -0.168***  -(0.168%**
(0.001) (0.001) (0.003) (0.003) (0.003)
Educ H 0.146***  0.146%**  Q.115%**  (Q.131%**  (Q.131%***
(0.001) (0.001) (0.003) (0.003) (0.003)
Age 35-44 0.130%**  0.114%%* Q. 115%**  (0.116%**  (.116%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 45-54 0.131%**% Q. 112%*%* Q. 112%** (. 113%**  (,113%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Age 55-64 0.064***  0.063***  0.061%**  (0.062%**  (.062%**
(0.001) (0.001) (0.001) (0.001) (0.001)
Occupscor 0.005%**  0.005%*%*  (0.005%**  (0.005%**  (,005%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.115%*%* 0. 115%**  -0.130%**  -(.133%**
(0.004) (0.004) (0.004) (0.005)
Private *Educ L -0.015%*%*  -0.030%**  -0.030%**
(0.003) (0.003) (0.003)
Private *Educ H 0.014***  (0.009%**  (.009%**
(0.003) (0.003) (0.003)
Female *Educ L 0.030%**  0.036%**  0.036%**
(0.002) (0.002) (0.002)
Female *Educ H 0.056%***  (0.011%**  (.0]1%**
(0.003) (0.003) (0.003)
African-Americans *Educ L -0.029%**  -0.011%**  -0.011%**
(0.003) (0.003) (0.003)
African-Americans *Educ H 0.103***  (0.032*%**  (.032%%*
(0.005) (0.006) (0.006)
Hispanic *Educ L -0.112%*%% -0, 100%**  -0,100%*:*
(0.006) (0.006) (0.006)
Hispanic *Educ H -0.032%#**  0,037***  -(,037%**
(0.009) (0.009) (0.009)
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American Indian/Alaska Native *Educ L

American Indian/Alaska Native *Educ H

Asian *Educ L

Asian *Educ H

Mixed races *Educ L

Mixed races *Educ H

Private *Female

Private * African-Americans

Private *Hispanic

Private * American Indian/Alaska Native

Private *Asian

Private *Mixed races

Female *African-Americans

Female *Hispanic

Female * American Indian/Alaska Native

Female *Asian

Female *Mixed races

Female *Part-time

lambda 0.279%**  (.303%*%*
(0.006) (0.005)
Constant 0.812%**  (.844%%%*
(0.004) (0.004)
Total effect Female -0.593%**  _(,528%**
(0.003) (0.001)
Total effect African-American -0.318%**  -0.32]%**
(0.002) (0.002)
Total effect Hispanic -0.175%%%  -0.178%**

(0.003) (0.003)
Total effect American Indian/Alaska Native -0.348*** -0, 328***
(0.011) (0.011)
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-0.132%%%
(0.023)
0.074%
(0.041)
-0.095%*
(0.013)
-0.075%**
(0.015)
0.052
(0.036)
-0.160%*
(0.041)

0.304 %
(0.005)
0.844##%*
(0.004)

0.527%
(0.001)
-0.306%**
(0.002)
~0.158%
(0.003)
-0.296%#
(0.012)

-0.095%
(0.024)
0.034
(0.041)
-0.062%**
(0.013)
-0.078%*
(0.015)
-0.040
(0.036)
-0.174%%x
(0.041)
~0.202% %
(0.003)
-0.196%
(0.005)
-0.109%*
(0.009)
0268
(0.029)
-0.130%#*
(0.016)
-0.148 %%
(0.035)
0.011 %%
(0.003)
0.0927#%
(0.006)
0.052%*
(0.026)
0.153 %%
(0.013)
0.048
(0.033)

0.325%%*
(0.005)
0.764***
(0.004)

-0.533%#%
(0.001)
0.318%**
(0.002)
-0.143%%%
(0.003)
-0.317%%%
(0.013)

-0.095% %
(0.024)
0.034
(0.041)
~0.062%**
(0.013)
-0.078%**
(0.015)
-0.041
(0.036)
L0.174%#%
(0.041)
-0.202%*
(0.003)
-0.195%*
(0.005)
-0.109%*
(0.009)
-0.268%+*
(0.029)
~0.130%**
(0.016)
-0.148%#*
(0.035)
0.01 1%
(0.003)
0.0927#%
(0.006)
0.052%*
(0.026)
0.152%%%
0.013)
0.047
(0.033)
-0.004
(0.004)
0.33] %%
(0.008)
0.764%%%
(0.004)

-0.535%#*
(0.002)
~0.317%%*
(0.002)
-0.143 %5
(0.003)
-0.317%%%
(0.013)



Total effect Asian

Total effect Mixed races

Total effect Private

State-fixed effects

Observations

-0.217%%*
(0.007)
-0.239%%*
(0.017)
-0.047%%*
(0.001)
Yes
3,105,144

-0.224 %%
(0.007)
-0.226%**
0.017)
-0.044%%**
(0.001)
Yes
3,105,144

-0.217%%*
(0.007)
-0.219%%#%*
(0.017)
-0.042%%**
(0.001)
Yes
3,105,144

-0.197%**
(0.007)
-0.227%%*
(0.018)
-0.059%%**
(0.001)
Yes
3,105,144

-0.197*%*
(0.007)
-0.227%%%*
(0.018)
-0.059%*%*
(0.001)
Yes
3,105,144

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.11: Selection-corrected hourly wage regression for the period 2017, ACS. Race

decomposition
Variables (1) 2 (3) “4) )]
Female -0.305%**  -0.265%**  -0.285%**  -0.309***  -0.356%**
(0.002) (0.002) (0.003) (0.005) (0.005)
African-Americans -0.217%%%  -0.220%**  -0221%***  -0,161***  -0.150%%*
(0.003) (0.003) (0.004) (0.008) (0.008)
Hispanic -0.119%** (0, 122%**  -0,093***  -0.042%**  -0,045%%%*
(0.003) (0.002) (0.004) (0.008) (0.008)
American Indian/Alaska Native -0.219%%%  .0,223%%% (0, 2]3%%*k  _(226%**  -(.2]4%**
(0.009) (0.009) (0.012) (0.020) (0.020)
Asian 0.004 -0.000 -0.092#** (0, 108***  -(,108%**
(0.003) (0.003) (0.007) (0.012) (0.012)
Mixed races 0. 112%%% Q. 111%**%  -0.126%**  -0.124%** (0, 119%**
(0.006) (0.006) (0.010) (0.017) (0.017)
Private 0.026***  0.050%**  -0.043*** -0.003 0.009*
(0.002) (0.002) (0.004) (0.005) (0.005)
Educ L -0.082%**  -0,080%**  -0.162***  -0.181%** -0, 177%**
(0.005) (0.005) (0.023) (0.023) (0.023)
Educ H 0.186***  0.199***  (0.077***  (0.089%**  (.087***
(0.002) (0.002) (0.005) (0.005) (0.005)
Age 35-44 0.240%**  0.236%**  (.236%**  (.236%**  (.232%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.312*%**%  0.307**%*  0.307*%**  (0.307*%**%  (.304%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.361%***  (0.328***  (.329%**  (.328*%**%  (.316%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Occupscor 0.012%**  0,012%**  (0.012%**  (.012%**  (.0]2%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part-time -0.496***  -0.497***  _(0495%**  _(),859%**
(0.007) (0.007) (0.007) (0.008)
Private *Educ L 0.044** 0.068***  (0.070%**
(0.022) (0.022) (0.022)
Private *Educ H 0.126%** (0. 116%**  (.112%**
(0.005) (0.005) (0.005)
Female *Educ L 0.056***  0.033%*%*  (.024%*
(0.010) (0.010) (0.010)
Female *Educ H 0.031#*#*  (.036%**  (.052%**
(0.003) (0.003) (0.003)
African-Americans *Educ L 0.026 0.039* 0.039*
(0.022) (0.022) (0.022)
African-Americans *Educ H 0.000 -0.031#%*  -0.031%**
(0.005) (0.006) (0.006)
Hispanic *Educ L 0.020* 0.028** 0.023*
(0.012) (0.012) (0.012)
Hispanic *Educ H -0.064#**  -0.078%**  -(,075%**
(0.005) (0.005) (0.005)
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American Indian/Alaska Native *Educ L

American Indian/Alaska Native *Educ H

Asian *Educ L

Asian *Educ H

Mixed races *Educ L

Mixed races *Educ H

Private *Female

Private * African-Americans

Private *Hispanic

Private * American Indian/Alaska Native

Private *Asian

Private *Mixed races

Female *African-Americans

Female *Hispanic

Female * American Indian/Alaska Native

Female *Asian

Female *Mixed races

Female *Part-time

Jlambda

Constant

Total effect Female

Total effect African-American

Total effect Hispanic

Total effect American Indian/Alaska Native

-0.309%**
(0.023)
2.183 %%
(0.009)

-0.305%#%*
(0.002)
L0.217#%%
(0.003)
-0.119%%%
(0.003)
-0.219%*
(0.009)
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0.122%%*
(0.013)
2.217%%*
(0.008)

-0.265%%*
(0.002)
-0.220%*
(0.003)
-0.122%%%
(0.002)
-0.223 %
(0.009)

0.151%*
(0.068)
-0.036%*
(0.017)
0.002
(0.019)
0.120%%%*
(0.008)
0.063
(0.044)
0.020
(0.012)

0.122%%%*
(0.013)
2.306%**
(0.008)

0.264% %
(0.002)
-0.220%
(0.003)
013 1%
(0.003)
.23 *#
(0.009)

0.165%*
(0.068)
-0.052%%%
(0.017)
0.009
(0.019)
0.115%%%
(0.008)
0.073*
(0.044)
0.004
(0.012)
-0.010%*
(0.004)
-0.144%%%
(0.007)
-0.082%*
(0.007)
0.031%
(0.018)
-0.036%#%*
(0.010)
0,052
(0.015)
0.140%%%*
(0.005)
0.058%+%*
(0.005)
0.097#%%
(0.017)
0.105%+%*
(0.006)
0.106%+*
0.011)

0.125%%%*
(0.013)
2.282%%%
(0.009)

-0.264%%%
(0.002)
0.231 %%
(0.003)
-0.130%#*
(0.003)
-0.232%%
(0.010)

0.162%*
(0.067)
-0.050%#*
(0.017)
0.008
(0.019)
0.114%%x
(0.008)
0.078*
(0.044)
0.004
(0.012)
-0.023 %
(0.004)
0,142
(0.007)
-0.08 15
(0.007)
-0.033*
(0.018)
-0.035%*
(0.010)
-0.048%**
(0.015)
0.133%%%
(0.005)
0.0627%%%
(0.005)
0.083%%
(0.017)
0.106%+*
(0.006)
0.097%%
(0.011)
0.345%%
(0.004)
0.401 %%
(0.013)
2.303%%%
(0.009)

-0.355 %%
(0.002)
~0.203 %
(0.003)
-0.128%#*
(0.003)
-0.226%%*
(0.010)



Total effect Asian 0.004
(0.003)
Total effect Mixed races -0.112%%*
(0.006)
Total effect Private 0.026%**
(0.002)
State-fixed effects Yes
Observations 1,390,390

0.000
(0.003)
-0.111%%*
(0.006)
0.0507%**
(0.002)
Yes
1,390,390

-0.018%%*%*
(0.004)
-0.112%%%*
(0.006)
0.035%**
(0.002)
Yes
1,390,390

-0.017%**
(0.004)
0. 11 1%%*
(0.006)
0.038%#**
(0.002)
Yes
1,390,390

-0.015%%*%*
(0.004)
-0.108%*%*
(0.006)
0.041***
(0.002)
Yes
1,390,390

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.12: Selection-corrected hourly wage regression for the period 1960. Race and coun-

try of origin.

Variables ) ) 3) “4) )

Female -0.510%*%*  -Q.531%**  -0.550%**  -0.377***  -0.379%%*
(0.001) (0.001) (0.002) (0.003) (0.003)

Nonwhite -0.294%*% (0 287***  _(0269%**k  _(,]33%*k (), ]32%%*
(0.001) (0.001) (0.002) (0.004) (0.004)

Migrant 0.013***  (0,012%*%*  -0.013*** -0.020%** -0.020%**
(0.002) (0.002) (0.003) (0.007) (0.007)

Private -0.041%%*  -0.043%**  -0.038*** (0.054%**  (.053%**
(0.001) (0.001) (0.002) (0.002) (0.002)

Educ L -0.194%*% (0, 192%** 0, 181***  -0,170%**  -0.170%%*
(0.001) (0.001) (0.003) (0.003) (0.003)

Educ H 0.145%**%  0.145%*%* Q. 115%**  (0.130%**  (.130***
(0.001) (0.001) (0.003) (0.003) (0.003)

Age 35-44 0.107#**% Q. 114%%* Q. 115%%*  (Q.116%**  (.117%***
(0.001) (0.001) (0.001) (0.001) (0.001)

Age 45-54 0.102%*** 0. 110%** Q. 111%**  Q.112%*%  (,]14%**
(0.001) (0.001) (0.001) (0.001) (0.001)

Age 55-64 0.057***%  0.060%**  (0.058***  (0.058%**  (.059%**
(0.001) (0.001) (0.001) (0.001) (0.001)

Occupscor 0.005%***  0.005%**  (0.005%**  (0.005%**  (.005%**
(0.000) (0.000) (0.000) (0.000) (0.000)

Part-time -0.124%%% (. 123%** (0, 139%**  _(,]159%**
(0.004) (0.004) (0.004) (0.005)

Private *Educ L -0.019%**  -0.035%**  -0.035%**
(0.003) (0.004) (0.004)

Private *Educ H 0.017***%  0.013***  (.0]14%%*
(0.003) (0.003) (0.003)

Female *Educ L 0.028***  0.035***  (.036%**
(0.002) (0.002) (0.002)

Female *Educ H 0.058***  (0.013**%*  (.013%**
(0.003) (0.003) (0.003)

Nonwhite *Educ L -0.050%**  -0,036%**  -0.036%**
(0.003) (0.003) (0.003)

Nonwhite *Educ H 0.072%**  0.026%**  (0.026%%*
(0.004) (0.005) (0.005)

Migrant *Educ L 0.081***  (,082%***  ().082%:**
(0.004) (0.004) (0.004)

Migrant *Educ H -0.080%**  -0.071%**  -0.071%**
(0.005) (0.005) (0.005)

Private *Female -0.202%**  -(0.203%**
(0.003) (0.003)

Private *Nonwhite -0.166%**  -(,165%**
(0.004) (0.004)

Female *Nonwhite 0.016%**  (0.018%%*%*
(0.003) (0.003)
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Private *Migrant

Female *Migrant

Female *Part-time

lambda

Constant

Total effect Female

Total effect Non-white

Total effect Migrant

Total effect Private

State-fixed effects
Observations

0.173%%%
(0.001)
0.847%%%
(0.004)

-0.510%%*%*
(0.001)
-0.294%%*%*
(0.001)
0.013%**
(0.002)
-0.041%%*
(0.001)
Yes
3,091,603

0.312%
(0.005)
0844
(0.004)

-0.531%%**
(0.001)
-0.287%%*
(0.001)
0.012%*%*
(0.002)
-0.043%%*%*
(0.001)
Yes
3,091,603

0.312%%%
(0.005)
0842
(0.004)

-0.530%%**
(0.001)
-0.270%%*
(0.002)
-0.003%%*%*
(0.002)
-0.041%**
(0.001)
Yes
3,091,603

0.003
(0.007)
0.012%%%
(0.004)

0.334%%
(0.005)
0.763%%%
(0.004)

-0.537*%**
(0.001)
-0.277%%%*
(0.002)
-0.001
(0.002)
-0.059%#%*
(0.001)
Yes
3,091,603

0.003
(0.007)
0.012%
(0.004)
-0.023%*
(0.004)
0.372
(0.008)
0.761 %%
(0.004)

-0.546%**
(0.002)
-0.275%#%*
(0.002)
-0.001
(0.002)
-0.059%%*%*
(0.001)
Yes
3,091,603

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.13: Selection-corrected hourly wage regression for the period 2017, ACS. Race and
country of origin

Variables ) ) 3) “4) )
Female -0.311%%*  -0.266%**  -0.288***  -0.308***  -0.356%%*
(0.002) (0.002) (0.003) (0.005) (0.005)
Nonwhite -0.149%**  _(,153%**  -0.166%** -0.138***  -(,132%**
(0.002) (0.002) (0.003) (0.006) (0.006)
Migrant 0.064***  0.067**%*  0.072%**  0.070%**  (0.062%***
(0.002) (0.002) (0.004) (0.008) (0.008)
Private 0.031%**%  0.054**%*  -0.040%** -0.007 0.004
(0.002) (0.002) (0.004) (0.005) (0.005)
Educ L -0.091***  -0.090%**  -0,162%**  -0,176%**  -0.17]1%%*
(0.005) (0.005) (0.023) (0.023) (0.023)
Educ H 0.190***  0.201**%*  0.069%**  0.075%**  (.074%***
(0.002) (0.002) (0.005) (0.005) (0.005)
Age 35-44 0.238***  (.233%*k*  (,233%k%*k () 233%%k*  (),220%%*
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.309***  (0.303***  (.302%** (0. 301%***%  (.299%**
(0.002) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.352%**  (0.324%** (. 323%**  (322%*%k (. 3]10***
(0.003) (0.002) (0.002) (0.002) (0.002)
Occupscor 0.012%**  0.012%*%*  (0.012%**  (0,012%**  (.0]2%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part_time -0.497#%%  .0.498%**  _(0497*F**  _(,863%**
(0.007) (0.007) (0.007) (0.008)
Private *Educ L 0.042* 0.065***  0.067***
(0.022) (0.022) (0.022)
Private *Educ H 0.129%#*  (,123%*** (), ]]8***
(0.005) (0.005) (0.005)
Female *Educ L 0.055%**  (0.023** 0.016
(0.010) (0.010) (0.010)
Female *Educ H 0.031#**  (0.038***  (.054%**
(0.003) (0.003) (0.003)
Nonwhite *Educ L 0.044%**%  0,056***  (.053%%*
(0.015) (0.015) (0.014)
Nonwhite *Educ H 0.018***  0.002 0.002
(0.004) (0.004) (0.004)
Migrant *Educ L -0.023* -0.026* -0.028%:*
(0.013) (0.013) (0.013)
Migrant *Educ H -0.005 -0.001 0.002
(0.005) (0.005) (0.005)
Private *Female -0.011%%*  -0.024%**
(0.004) (0.004)
Private *Nonwhite -0.079%**  -0.078%**
(0.005) (0.005)
Female *Nonwhite 0.096%**  (.093%%*%*

(0.004) (0.004)

101



Private *Migrant

Female *Migrant

Female *Part_time

lambda

Constant

Total effect Female

Total effect Non-white

Total effect Migrant

Total effect Private

State-fixed effects
Observations

-0.259 %
(0.023)
2.157%%
(0.009)

-0.311%%*
(0.002)
-0.149%**
(0.002)
0.064***
(0.002)
0.031***
(0.002)
Yes
1,390,297

0.123%%*
(0.013)
2.200%#*
(0.008)

-0.266%**
(0.002)
-0.153%%#%*
(0.002)
0.067%***
(0.002)
0.054**%*
(0.002)
Yes
1,390,297

0.123%%%
(0.013)
2.005 %
(0.008)

-0.267%**
(0.002)
-0.153%%%*
(0.002)
0.068***
(0.002)
0.040%#*
(0.002)
Yes
1,390,297

0.015%*
(0.007)
-0.020%**
(0.005)

0.125%%%
(0.013)
2.277%%
(0.009)

-0.267*%*
(0.002)
-0.154%%*%*
(0.002)
0.071%**
(0.002)
0.042 %%
(0.002)
Yes
1,390,297

0.016%*
(0.007)
0.014%%*
(0.005)
0.349%x
(0.004)
0.4027
(0.013)
22095
(0.009)

-0.238%%*%*
(0.002)
-0.150%%*%*
(0.002)
0.069%**
(0.002)
0.045%**
(0.002)
Yes
1,390,297

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.14: Selection-corrected hourly wage regression without exclusion restrictions for the
period 1960, US Decennial Census.

Variables (1 2) 3) () 5)

Female -0.492%%*  _(,524%*% () 544%*k* () 372%*%k () 363*H*
(0.006) (0.001) (0.002) (0.003) (0.003)

Nonwhite -0.289%** (. 289%**k (0 272%*k* (), 132%**k (), ]35%**
(0.001) (0.001) (0.002) (0.004) (0.004)

Private -0.036***  -0.042%**  -0,038*** (.054***  (.055%**
(0.001) (0.001) (0.002) (0.002) (0.002)

Educ L -0.188***  _0,191%** 0. 177**%* -0.166%** -0.166%***
(0.001) (0.001) (0.003) (0.003) (0.003)

Educ H 0.146%***  0.145%*%*  ( 112%**  (,127%*%  (,127%***
(0.001) (0.001) (0.003) (0.003) (0.003)

Age 35-44 0.106***  0.112%*%* (. 112%**  Q.114%**  (.107***
(0.002) (0.001) (0.001) (0.001) (0.001)

Age 45-54 0.101%**%  0.109***  0.109%**  (0.110%*%*  (.102%**
(0.002) (0.001) (0.001) (0.001) (0.001)

Age 55-64 0.059***  0.061***  0.060%**  0.061%***  (.058%**
(0.001) (0.001) (0.001) (0.001) (0.001)

Occupscor 0.005***  0.005%**  0.005%**  0.005%**%  (0.005%**
(0.000) (0.000) (0.000) (0.000) (0.000)

Part_time -0.075%*%*  -0.075%**  -0.097**%*  -0.027%**
(0.005) (0.005) (0.005) (0.008)

Private *Educ L -0.016%**  -0.031%**  -0.031%**
(0.003) (0.003) (0.003)

Private *Educ H 0.014%**  0.011***  (0.011%**
(0.003) (0.003) (0.003)

Female *Educ L 0.031***  (,039%***  (),037%*%*
(0.002) (0.002) (0.002)

Female *Educ H 0.057***%  0.012***  (.012%%*
(0.003) (0.003) (0.003)

Nonwhite *Educ L -0.050%**  -0.035%**  -0.036%**
(0.003) (0.003) (0.003)

Nonwhite *Educ H 0.065%**  0.020%**  (.020%%*
(0.004) (0.005) (0.005)

Private *Female -0.202%**  -(0.201%**
(0.003) (0.003)

Private *Nonwhite -0.168%***  -(,169%***
(0.004) (0.004)

Female *Nonwhite 0.013%**  (0.008%*%*
(0.003) (0.003)

Female *Part_time 0.058%***
(0.005)

lambda 0.064%**  (0.249%**  (,249%** () 278**¥*  (,16]%**
(0.012) (0.005) (0.005) (0.005) (0.011)

Constant 0.847***  (0.845%**  (.845%** (., 765%** (. 771***

(0.004) (0.004) (0.004) (0.004) (0.004)

103



Total effect Female

Total effect Non-white

Total effect Private

State-fixed effects
Observations

-0.492%**
(0.006)
-0.289%*#%*
(0.001)
-0.036%**
(0.001)
Yes
3,105,144

-0.524%%#%*
(0.001)
-0.289%%#%*
(0.001)
-0.042%%**
(0.001)
Yes
3,105,144

-0.523%%%*
(0.001)
-0.274%%*
(0.002)
-0.040%%**
(0.001)
Yes
3,105,144

-0.531%%*%*
(0.001)
-0.28 1%%*%*
(0.002)
-0.058%*%*
(0.001)
Yes
3,105,144

-0.503%#%*
(0.003)
-0.286%**
(0.002)
-0.056%%**
(0.001)
Yes
3,105,144

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.15: Selection-corrected hourly wage regression without exclusion restrictions for the
period 2017, US Decennial Census.

Variables ) ) 3) “4) )
Female -0.386%**  -0.269%**  _0.289***  _0.306%**  -0.354%%%*
(0.004) (0.002) (0.003) (0.005) (0.005)
Nonwhite -0.118%** Q. 131%**  -0,142%**  _0,120%**  -0.116%%*
(0.002) (0.002) (0.003) (0.005) (0.005)
Private 0.053***  0.057***  -0.036*** -0.004 0.007
(0.002) (0.002) (0.004) (0.005) (0.005)
Educ L -0.065%**  -0.066%**  -0.157**%*  -0.170%**  -0.167***
(0.005) (0.005) (0.023) (0.023) (0.023)
Educ H 0.224%**% 0201 **%*  0.071%**  0.076%**  (.075%**
(0.003) (0.002) (0.005) (0.005) (0.005)
Age 35-44 0.263***  (0237**k*  (237*k*  (237k¥Ek  (.233%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Age 45-54 0.341%***%  (0.307**%*  (0.306%**  (0.306%**  (.303%**
(0.003) (0.002) (0.002) (0.002) (0.002)
Age 55-64 0.241%**%  (0.33]1**%*  (330%**  (.329%**%  (,3]16%***
(0.006) (0.002) (0.002) (0.002) (0.002)
Occupscor 0.014***  0.012%*%*  (0.012%**  (0.012%**  (.012%**
(0.000) (0.000) (0.000) (0.000) (0.000)
Part_time -0.441%%%  .0.442%*% Q. 44]%*% -, 840%**
(0.008) (0.008) (0.008) (0.009)
Private *Educ L 0.041* 0.065***  (0.068*%**
(0.022) (0.022) (0.022)
Private *Educ H 0.126%** (. 122%** (), ]118***
(0.005) (0.005) (0.005)
Female *Educ L 0.054***%  0.017* 0.011
(0.010) (0.010) (0.010)
Female *Educ H 0.029%#*  (,035%**  (,052%%*
(0.003) (0.003) (0.003)
Nonwhite *Educ L 0.051***  (0.062*%**  (.055%**
(0.011) (0.011) (0.011)
Nonwhite *Educ H 0.017***  0.003 0.003
(0.003) (0.003) (0.003)
Private *Female -0.015%**  -0.026%**
(0.004) (0.004)
Private *Nonwhite -0.066***  -0.066%**
(0.005) (0.005)
Female *Nonwhite 0.085%***  (),084%*%*
(0.003) (0.003)
Female *Part_time 0.347%*%*
(0.004)
lambda 0.816***  0.015 0.015 0.018 0.356%:*
(0.050) (0.015) (0.015) (0.015) (0.015)
Constant 1.957%*%  2,199%** D DQ3*kk D DYGEEE D DQGHHE

(0.013) (0.008) (0.008) (0.009) (0.009)
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Total effect Female

Total effect Non-white

Total effect Private

State-fixed effects
Observations

-0.386%*%*
(0.004)
-0.118%%%*
(0.002)
0.053%*%*
(0.002)
Yes
1,400,027

-0.269%**
(0.002)
-0.131%%%*
(0.002)
0.057%*%*
(0.002)
Yes
1,400,027

-0.289%**
(0.003)
-0.142%%%*
(0.003)
-0.036%%**
(0.004)
Yes
1,400,027

-0.269%**
(0.002)
-0.130%*%*
(0.002)
0.043 %%
(0.002)
Yes
1,400,027

-0.270%**
(0.002)
-0.130%%**
(0.002)
0.045%*%*
(0.002)
Yes
1,400,027

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1

106



Table 3.16: Misallocation Measure and its decomposition across the United States for the
period 1960

State Female Nonwhite Misallocation Measure
Alabama 0.611%%*% (.49]%** 1.102%%%*
South Carolina 0.460%**  (.638*** 1.097 %
Louisiana 0.626***  (.465%** 1.0971%%**
Mississippi 0.443*%**  (),633%** 1.076%**
Georgia 0.516%**  (.534%** 1.050%%**
Texas 0.620%**  (.365%** 0.985%%*%*
Arkansas 0.512%%*%  (.469%%** 0.9817%**
Delaware 0.615%**  ().333%** 0.948%***
Virginia 0.527***  (0.415%** 0.941%%**
West Virginia 0.724%%% (.21 7%** 0.940%**
Arizona 0.650%** (). 285%** 0.935%**
Alaska 0.589%**  ().324%*** 0.912%%**
Oklahoma 0.600%** (.31 1%** 0.911%%*
Florida 0.592%%* (), 319%** 0.9117%%*
Tennessee 0.506%**  (.392%** (0.898**%*
New Mexico 0.639%** (). 255%** 0.895%%*%*
Maryland 0.5817%**  (.304%*** 0.885%#*
North Carolina 0.386%**  (0.497*** 0.883%%**
Kentucky 0.520%**  (.327*** 0.847%%*
Montana 0.616%**  (.218*** (0.833%%*
Utah 0.696***  (.120%** 0.816%%*
North Dakota 0.521%**  (0.269%** 0.790%%**
Ohio 0.620%**  (.156%** 0.776%**
District of Columbia 0.424%*%* () 349%** 0.773%#*
Washington 0.595%**  (.168*** 0.763%%**
New Jersey 0.538%**  ().222%*%* 0.760%**
Michigan 0.591*%* (,153%** 0.744 %%
Rhode Island 0.502%** (.24 1%** 0.743%%*
Pennsylvania 0.574%**  (0.167*** 0.741%%*
Oregon 0.635%**  (.100%** 0.735%%#*
Missouri 0.532%**  (),193%** 0.725%%*
Illinois 0.555%**  (.170%** 0.725%%**
California 0.562%*%*  (.157*** 0.718%%**
Nevada 0.584*%* (), 129%** 0.713%**
Idaho 0.576***  (.135%** 0.711%%*
Colorado 0.588***  (.113%** 0.701%**
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Wyoming 0.6227%%* 0.078 0.700##*

Hawaii 0.588***  ().093%** 0.681#**
New York 0.471%*%*  0.210%** 0.681%#**
Connecticut 0.523%%* ()] 54%*%* 0.677%#**
Massachusetts 0.508%**  (.153%** 0.661%%**
South Dakota 0.500%**  (.159%** 0.660%***
Kansas 0.602#**  (.048%* 0.650%**
Indiana 0.612%**  (.036%** 0.647#**
Main 0.530%*** 0.083 0.613%**
New Hampshire 0.5071*** 0.079 0.580#**
Minnesota 0.495%%* 0.039 0.534%#**
Wisconsin 0.539***  -0.007 (0.532%%*%*
Iowa 0.542%**  -0.043 0.498#**
Nebraska 0.491%**  -0.069** 0.427%#%*
Vermont 0.437**%*  -0.112 0.324%#%*
Average 0.557 0.226 0.783

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.17: Misallocation Measure and its decomposition across the United States for the
period 1970

State Female Nonwhite Misallocation Measure
Alabama 0.519%**  ().395%** 0.914%#*
Louisiana 0.550%**  (.359%*** 0.909%**
South Carolina 0.445%*%  (0.416%** 0.861%**
Mississippi 0.447%%*  (.4]12%** 0.859%#*
Georgia 0.470%**  (.386%** 0.856%**
Delaware 0.563***  ().283*** 0.846%**
North Dakota 0.487***  (0.330%** 0.817%%*
Texas 0.539%**  (.269%** 0.808%%**
Virginia 0.472%%*  (.301%** 0.773%%*
Wyoming 0.597***  0.174* 0.7717%%*
West Virginia 0.586***  (.169%** 0.755%%*
Montana 0.572%**  (.170%** 0.742%%**
Maryland 0.501%**  (.238*** 0.738%%**
Arkansas 0.452%** (). 285%** 0.737%**
Florida 0.489%**  ().225%** 0.714%%*
Tennessee 0.440%**  (.274%*%* 0.714%%**
New Jersey 0.524%%*  (.185%** 0.709#%*
New Mexico 0.567***  (.14]1%** 0.708%%**
Oklahoma 0.494%** (. 210%** 0.704%**
Kentucky 0.467*%*  (.235%*%* 0.703%**
Idaho 0.524%**  (.176%** 0.700%%**
Ohio 0.567*** (.132%** 0.699%**
North Carolina 0.373%%%  ().325%** 0.698%*%**
District of Columbia 0.397*** (). 298%** 0.696%**
Nevada 0.494%** (), 195%** 0.689%%**
Illinois 0.513%** (. 153%** 0.666%**
Connecticut 0.501#**  (.165%** 0.665%**
Kansas 0.528***  (.135%** 0.663%**
Oregon 0.535%*% (. 127%** 0.663%%**
Michigan 0.548%**  (.104%*%* 0.652%%*%*
Rhode Island 0.455%**  (.191%** 0.646%**
Missouri 0.499%** (. 147*** 0.646%**
Washington 0.51%%%  (.125%%** 0.644%**
Indiana 0.549%**  ().094%** 0.643%**
Iowa 0.537***  0.106%* 0.642%%**
Arizona 0.518%**  (.121%** 0.639%%**
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Alaska 0.545**%  (0.093* 0.638##*

Utah 0.562%%* 0.065 0.627#**
Pennsylvania 0.492%%*  (.127%** 0.620#**
Main 0.422%%* 0.196 0.619%**
California 0.488%**  (.126%** 0.614%#%*
Massachusetts 0.453%%*  (.147%** 0.6071#**
New Hampshire 0.458** 0.140 0.598#*
Hawaii 0.587%** 0.004 0.5971%#**
Colorado 0.489%***  (.099%** 0.588%**
New York 0.428%**  (.155%%* 0.583##*
South Dakota 0.422%**  0.161** 0.5827%**
Wisconsin 0.493***  (.088%** 0.58 1%
Minnesota 0.487***  0.083*%* 0.570%#%*
Nebraska 0.464%**  0.086%** 0.550%**
Vermont 0.427%** 0.055 0.4827%#%*
Average 0.499 0.190 0.689

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.18: Misallocation Measure and its decomposition across the United States for the
period 1980

State Female @ Nonwhite Misallocation Measure
Louisiana 0.580%**  (.197*** 0.777%%*
Alabama 0.508***  (.202%** 0.709%**
Texas 0.550%**  (.148%*** 0.698%***
Mississippi 0.475%**  (0.215%** 0.690**
New Jersey 0.532%**  (,137*** 0.669%%**
Utah 0.550%**  (0.078*** 0.628%%**
New Mexico 0.535%**  (0.090%** 0.625%%*%*
Ohio 0.530%**  (0.094*** 0.624%%**
North Dakota 0.448%**  (,175%** 0.623%%**
Washington 0.523%*%*  (.099%** 0.622%%**
Wyoming 0.593%*%* 0.029 0.622%%*
Oklahoma 0.514%*%  (0.105%** 0.619%%**
Georgia 0.454%*%  (.163%*** 0.616%**
South Carolina 0.434*%* (. 181%** 0.615%**
Delaware 0.518%**  (0.089%** 0.607%%**
West Virginia 0.541%*%  0.064*** 0.605%**
Virginia 0.479%**  0.126%** 0.605%%**
Kentucky 0.486***  (.119%*** 0.604***
Pennsylvania 0.497%*%  (0.105%** 0.602%%**
Illinois 0.516%** .08 1%*** 0.597%%**
Montana 0.438%**  (,]153%*** 0.592%%*%*
South Dakota 0.412%** (. 177*** 0.589%%*%*
Maryland 0.485%*%*  (.102%** 0.587%%**
Tennessee 0.459*#* (. 127%** 0.586%**
Connecticut 0.506***  0.080%*** 0.586%**
Michigan 0.500%**  0.085%** 0.585%%*%*
Oregon 0.475%*%  (0.105%** 0.580%*%*
Arizona 0.511%**  0.066*** 0.577%%*
California 0.469%**  (.104*** 0.574%%**
Minnesota 0.458%*%*  (.113%** 0.5717%%**
Rhode Island 0.416%**  (.154*** 0.570%%**
Arkansas 0.430%**  (.139%** 0.570%%**
Missouri 0.482%*%*  (.085%** 0.567%%**
North Carolina 0.400%**  (.155%** 0.564%**
Indiana 0.548***  (0.015%* 0.563%%**
Kansas 0.515%*%  0.046%** 0.561%%**
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Colorado 0.506%***  0.050%** 0.556%**

Florida 0.460%**  0.096%** 0.555%#**
Iowa 0.505***  0.037* 0.541#**
Nevada 0.461%**  (0.065%** 0.526%**
Massachusetts 0.432%*%  (.083%** 0.515%%**
Hawaii 0.565%**  -0.051*** 0.514%**
New York 0.408***  (0.096*** 0.504#**
Nebraska 0.479%%* 0.019 0.498#**
Idaho 0.459%%* 0.037 0.496%#**
Alaska 0.433%**  (.058** 0.491#**
Main 0.400%**  (0.086* 0.486%+**
New Hampshire 0.440%** 0.044 0.484 %%
Wisconsin 0.474%*% 0.005 0.4807%**
District of Columbia 0.309%**  (.132%%* 0.441%%**
Vermont 0.366%** 0.054 0.420%#**
Average 0.480 0.098 0.578

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.19: Misallocation Measure and its decomposition across the United States for the
period 1990

State Female @ Nonwhite Misallocation Measure
Montana 0.361%**  (.294%%** 0.655%#*
Louisiana 0.438%** (.21 1*** 0.649%%**
South Dakota 0.355%**%  0.260%*** 0.615%%**
Wyoming 0.498***  (.115%** 0.613#**
Mississippi 0.420%**  (.188*** 0.609%**
Alabama 0.427%*%  (.158%*** 0.585%%*%*
New Jersey 0.389%**  (.173%%** 0.563%%**
Texas 0.389%**  (.170%*** 0.558%%*%*
Delaware 0.386%**  (.155%** 0.541%%**
West Virginia 0.442%*%  (0.096%** 0.538%%*%*
Georgia 0.387***  (.148*** 0.535%%%*
Illinois 0.423%*%  (,112%** 0.535%%*%*
South Carolina 0.391%**  (.138%*** 0.528%%*%*
North Dakota 0.355%#**  (.173%** 0.528%#*
New Mexico 0.396***  (0.130%*** 0.526%%**
California 0.362%*%*  (.155%** 0.517%%*
Wisconsin 0.378***  (.138%** 0.516%**
Utah 0.441%**  (0.073%** 0.514%%**
Virginia 0.394%*%*  (,119%** 0.512%%**
Ohio 0.405%**  0.105%** 0.510%%**
Alaska 0.402%**  (0.108*** 0.509%%*%*
Oregon 0.391%**  (.115%** 0.506%%**
Washington 0.403%**  (.102%** 0.505%%*%*
Kentucky 0.404***  0.100%** 0.504 %
Indiana 0.435%**%  (0.068*** 0.503%%**
Oklahoma 0.380%**  Q.121%*** 0.501%%**
North Carolina 0.369*#** (), 132%%** 0.501*%**
Arizona 0.364%**  (,]132%** 0.495%%**
Michigan 0.410%**  (0.084%** 0.494%%**
Arkansas 0.369%** (. 121%*** 0.4907%**
Nebraska 0.415%**  (0.075%** 0.490%%**
Rhode Island 0.299%**  (,183%** 0.482%%**
Connecticut 0.334%*%*  (,138%*** 0.473%%*
Maryland 0.361%** Q. 111%*** 0.471%%*
District of Columbia 0.192%**  (.278%*** 0.470%%**
Tennessee 0.371%*%  0.095%** 0.466%**

113



Missouri 0.380***  (.08]*** 0.462%**

Idaho 0.419%*%*  0.040* 0.458%#%*
Florida 0.341%%*  0.115%** 0.455%#*
Massachusetts 0.283*#*  ().168%** 0.457%**
Pennsylvania 0.362%**  (.081%** 0.444%#%*
Iowa 0.405%**  (0.037* 0.442%%%*
Kansas 0.401%%*  0.040%** 0.441#%*
Nevada 0.352%%*  (.084%** 0.437%#%*
New York 0.322%*%  (.108%*** 0.430%#%*
Minnesota 0.319%**  0.102%** 0.4271%**
Colorado 0.345%%*  (0.074%** 0.419%**
New Hampshire 0.316%**  0.091%*** 0.406%#**
Hawaii 0.437%**  -0.035%** 0.402%#*
Main 0.300%**  (0.092%** (0.392%#%*
Vermont 0.269%** 0.087 0.357%#**
Average 0.376 0.122 0.499

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.20: Misallocation Measure and its decomposition across the United States for the
period 2000

State Female Nonwhite Misallocation Measure
Louisiana 0.394 %% (), 182%** 0.577%**
North Dakota 0.295%** (). 273%** 0.568%**
Wyoming 0.408%**  (.153%** 0.561%%**
Mississippi 0.366%**  ().148*** 0.514%**
Alabama 0.367*%*  (.123%** 0.4971#**
Texas 0.349%** (. 137*** 0.486%**
New Jersey 0.295%*%*  (.190%** 0.486%**
Montana 0.288*** (), 187*** 0.475%%*
Utah 0.366%**  (.103%** 0.469%%**
Alaska 0.244%*% (). 220%** 0.464%**
South Dakota 0.268%**  (),194%** 0.462%%*
Rhode Island 0.251%**  (0.208%** 0.459%%**
South Carolina 0.330%**  (.127%** 0.457%**
Georgia 0.318%**  (.128*** 0.446%**
Indiana 0.351%**  (0.087*** 0.438%%**
Connecticut 0.266%**  (0.167*** 0.433%%*
California 0.277*%*%  (0.157%** (0.433%#*
District of Columbia 0.132%**  (0.300%*** 0.432%%*
[llinois 0.333%%*  ().099%*** 0.432%%*
Arizona 0.296%**  (.130%** 0.426%**
New Mexico 0.333%**  ().,083%** 0.416%%*
North Carolina 0.296%**  (.120%** 0.415%%**
Washington 0.288***  (.126%** 0.415%%**
Ohio 0.311%%*  (0.100%** 0.4171%**
Virginia 0.307***  0.100%** 0.406%**
Kentucky 0.332%%%  (.069%** 0.401%%**
Florida 0.283%**  (.116%** 0.398%%**
Oklahoma 0.332%**  (.064%** 0.396%**
Michigan 0.321%**  (0.068*** (0.389%%**
Tennessee 0.320%**  (0.068*** 0.388%%**
Massachusetts 0.245%%*%  (.140%** Q. #%*
New Hampshire 0.283***  (.102%** 0.385%%**
Delaware 0.279%**  (0.106%** (0.385%%**
Pennsylvania 0.285%***  (0.099%** 0.384#%*
Missouri 0.314%%*  (0.064%** 0.378%%**
West Virginia 0.328***  (0.049%%* 0.377%%*
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Idaho
Wisconsin
Arkansas
Maryland
Colorado
New York
Minnesota
Kansas
Oregon
Towa
Vermont
Nevada
Main
Hawaii
Nebraska

Average

0.319%*
0.282%%*
0.305%*
0.269%*
0.296%**
0.24 5%
0.255%%*
0.3207%*
0.269%*
0.297**
0.226%**
0.267%#*
0.266%**
0.278%*
(0.293 %

0.299

0.056%**
0.0907%**
0.065%**
0.100##*
0.068%**
0.114%#%*
0.098##*
0.015
0.072%#%*
0.035%*
0.101**
0.0327%#%*
0.023
-0.007
-0.023

0.110

0.375%%*
0.373%**
0.369%**
0.369%**
0.365%**
0.360%**
0.3527#%*
0.344 %%
(0.3427%#%*
(0.3327#%*
0.327#%*
0.2997%**
0.2897%*
0.2771%#%*
0.270%**

0.409

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.21: Misallocation Measure and its decomposition across the United States for the
period 2010

State Female Nonwhite Misallocation Measure
South Dakota 0.173*%% (), 377%** 0.5497%#*
Louisiana 0.315%**  (0.216%** 0.531%%**
North Dakota 0.269%**  ().259%*** 0.527%%**
Mississippi 0.284*%* (), 237%** 0.520%**
Alabama 0.261%**  (0.207*** 0.469%%**
South Carolina 0.241%%*  (.185%** 0.426%**
Kentucky 0.228*%* (), 187%** 0.415%%**
Texas 0.253%%* (), 145%** 0.398%%**
District of Columbia  -0.012  0.387*%** 0.375%%**
Oklahoma 0.267***  (0.100%** 0.366%**
Wyoming 0.330%** 0.035 0.365%%*%*
Connecticut 0.173%%*  (.188*** 0.361%%**
Georgia 0.199%**  (.160%** (0.359%%**
Arkansas 0.239%%* (), ]14%** (0.353%#*
Indiana 0.201%%*  (.152%** (0.353%%*
Alaska 0.088%*  (0.264%** (0.352%%*%*
Illinois 0.190%**  (0.160%** 0.3507%**
North Carolina 0.198***  (.15]1%** 0.349%%*
Montana 0.169%**  (.177*** 0.346%**
Nebraska 0.180%**  (.164%** 0.344%**
New Jersey 0.167***  (.175%** 0.343%%*
West Virginia 0.250***  0.086* 0.336%%**
Virginia 0.209%**  (.120%** (0.329%%**
Missouri 0.189*#* (), 138%** 0.327%#*
New Mexico 0.214%** (. 113%** 0.327%%*
Utah 0.215%**  (0.105%** 0.320%%**
Wisconsin 0.145%%*  (,174%** 0.319%**
Ohio 0.151%**  0.166%** 0.317%%*
Arizona 0.173%%%  (.144%** 0.316%%**
Rhode Island 0.119%**  (0.196%** 0.314%%**
Tennessee 0.214%**  (.098*** 0.312%%*
Pennsylvania 0.171%%*  (.139%** 0.309%%**
Kansas 0.224%*%  ().073%** 0.296%**
California 0.150%%*  (.145%** (0.295%%#*
Colorado 0.170%**  (0.118%** 0.288%%**
Iowa 0.223***  0.065* 0.288%%**
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Main 0.133***  (.143%%* 0.276%**

Maryland 0.134%%% (. 141 %** 0.275%%**
Michigan 0.135%#%  (.140%** 0.275%%#*
Delaware 0.181***  0.087** 0.268%**
Florida 0.147%%%  (0.116%** 0.263%%**
New York 0.118%**  (.145%** 0.262%%**
Hawaii 0.213%%** 0.045 0.258%%*
Washington 0.176***  (0.076%** 0.252%%*%*
Minnesota 0.152%*%  (.085%** 0.237%%*
Vermont 0.1507%** 0.079 0.229%*
Massachusetts 0.105*#*  (Q.121%** 0.225%%**
Idaho 0.203%*%* 0.019 (0.222%%%*
New Hampshire 0.1871%** 0.021 0.2027#%*
Nevada 0.119%#*  (0.050%** 0.169%**
Oregon 0.110%**  0.049%%* 0.159%%*%*
Average 0.186 0.142 0.328

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.22: Misallocation Measure and its decomposition across the United States for the
period 2017

State Female Nonwhite Misallocation Measure
Louisiana 0.339%#* (), 228%** 0.566%**
Mississippi 0.330%**  (.171%** 0.501%%**
South Dakota 0.313%%*  (.184%** 0.496%**
West Virginia 0.255%%* (.23 *** 0.4867#%*
Alabama 0.319%**  (.140%** 0.459%%**
Alaska 0.099%**  ().356%** 0.455%%*%*
District of Columbia 0.100%** (. 353%** 0.453%%#*
Texas 0.296%**  (.14]1%** 0.438%%*
Wyoming 0.299%#* (). 134%** 0.433%%*
South Carolina 0.261%**  (.164%** 0.425%%**
New Jersey 0.242%%*  (.16]1%** 0.404%*%**
Georgia 0.246%**  (.155%** 0.402%%**
Montana 0.201%**  (0.200%** 0.4071%**
Ohio 0.230%**  (.164%** (0.393%#*
North Carolina 0.249%** (). 135%** 0.384*%**
New Mexico 0.240%**  (.142%** 0.381%%**
Oklahoma 0.312%**  (0.066%** 0.378%**
Indiana 0.283***  ().093%** 0.376%%**
Pennsylvania 0.249%**  (.119%** 0.368%%**
Illinois 0.255%*%  (0.110%** 0.365%%**
Connecticut 0.188*** (.176%** 0.364%%**
Utah 0.281%**  (0.080%** 0.361%%**
Arkansas 0.273%%%  (.087*** (0.359%%#%*
Missouri 0.257%*%  (0.100%** 0.356%**
Florida 0.221%%*  (.129%** 0.350%%**
Wisconsin 0.259%*%*  (0.090%*** (0.349%%**
Virginia 0.242#%*%  (,106%** (0.349%#*
Michigan 0.240%**  (0.107%** 0.347%%*
North Dakota 0.244%*%  (0.102%* 0.347%%*
California 0.202%*%*  ().143%*%* 0.345%%**
Arizona 0.212%%* (. 133%** 0.345%%*
Iowa 0.272%*%  0.071%* (0.343%%*
Minnesota 0.209%**  (.130%** (0.339%%*
Maryland 0.198*#* (), 133%** (0.332%#*
Kansas 0.275%**  0.050%* 0.326%%**
Hawaii 0.284%%*%* 0.039 (0.323%%*
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Vermont 0.153***  0.168** 0.32]#%*

Idaho 0.2817%%*%* 0.040 0.320%%**
Tennessee 0.238***  (0.076%** 0.315%%**
Nebraska 0.265%** 0.043 0.309%%**
Kentucky 0.252%*%  (.055%** 0.307%%**
Washington 0.246%**  (.058*** 0.303%%**
Massachusetts 0.182%#%* (. 12]%** 0.303%**
Colorado 0.222%**  (.076%** 0.298%%**
Delaware 0.186%**  (.111%** 0.297%%**
New York 0.184%**  (.107*** 0.292%*%*
Main 0.218%%** 0.073 0.291%%**
Rhode Island 0.164%**  (.124%** 0.288%**
Nevada 0.184%**  (.079%** 0.264%**
Oregon 0.185%**  (.059%*** 0.244%%**
New Hampshire 0.217***  -0.021 0.196%**
Average 0.238 0.123 0.362

Note: Standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1
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Table 3.23: Correlations between the estimated talent misallocation measure and aggregate
measures

GDPperworker TFP TFP Technical Efficiency
Talent Misallocation Measure -0.680*** -0.316%** -0.356%** -0.182%%*
Talent Misallocation Measure yeighted -0.791%%* -0.364%***k () 29 %** -0.431%**
Period 1980-2017 1980-2000  2000-2010 1980-2000
Observations 255 141 102 144

Note: *** p<0.01, ** p<0.05, * p<0.1 In this table we report the Pearson correlations of our estimated

misallocation measures with aggregate outcome measures.
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3.7 Figures
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Figure 3.1: Gender-earnings-ratio
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Figure 3.2: Earnings-ratio
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Figure 3.3: Wage gaps in the US over time
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Figure 3.4: Wage gaps in the US over time without instruments
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Figure 3.5: Northeast Region, New England Division
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Figure 3.6: Northeast Region, Middle Atlantic Division
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Figure 3.7: Midwest Region, East North Central Division
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Figure 3.8: Midwest Region, West North Central Division
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Figure 3.9: South Region, South Atlantic Division
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Figure 3.10: South Region, East South Central Division
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Figure 3.11: South Region, West South Central Division
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Figure 3.12: West Region, Mountain Division
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Figure 3.13: West Region, Pacific Divisio
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Figure 3.14: Correlation of the real GDP per worker with the talent misallocation measure
for the period from 1980-2017
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Figure 3.15: Correlation of Total Factor Productivity the with misallocation measure 2000-
2010
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Figure 3.16: Correlation of Total Factor Productivity with the misallocation measure for the
period from 1980 to 2000.
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Figure 3.17: Correlation of Technical Efficiency with the talent misallocation measure for
the period 1980-2000.
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Conclusions

The aim of the present dissertation is to provide both theoretical and empirical contributions
in the existing literature that study talent misallocation and its effects on aggregate economic

outcomes.

In the first chapter, we propose a search and matching model, where the presence of under-
privileged workers relating to, e.g., female gender, immigrant status or private sector affilia-
tion, leads to lower wages and talent misallocation, resulting in significant income losses. We
proceed in calibrating the model to match the data from five different European economies
(France, Spain, the Netherlands, Italy, and Greece) and the US economy with the goal of
quantifying the effect of discrimination on net income. Our simulation exercise implies that
reducing the gender wage gap alone by 50 percent leads to an increase of both measures of
net income by more than three percent per quarter relative to the benchmark case for France,
by more than four percent for Spain, by more than one percent for the Netherlands, by more
than two percent for Italy, and by more than three percent for Greece, implying economi-
cally significant aggregate effects arising from talent misallocation. In addition, calibrating
our theoretical model to match the US economy over the most recent period used in our
estimation, 2010-2017, we find that a 50 percent reduction in the wage gap between African-
Americans and whites increases net income by more than 0.4 percent per month, and that
eliminating race discrimination results in a substantially larger increase in net income of
around 4 percent per month. The simulation exercises suggest that talent misallocation has

important aggregate effects for the economy.

In chapter 2, we use microeconomic data on wages and individual characteristics across Eu-
ropean economies in order to detect patterns of misallocation arising in these economies
based on individuals’ gender, immigrant status, or private versus public sector affiliation.
Our micro-econometric estimates suggest that being a female or immigrant, and working in
the private sector, exert a negative impact on one’s wages beyond that explained by individ-
ual characteristics, suggestive of persistent talent misallocation in Europe during the period
under study. Notably, countries which have been at the heart of the European Crisis are

systematically found at the high end of the overall talent misallocation measure we estimate.
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Chapter 3 explores the misallocation effects arising due to frictions related to race and gender
and quantify their impact on state-wide economic outcomes. We systematically find that
women and non-whites receive lower wages compared to their counterparts. State-level
misallocation implied by these wage gaps correlates negatively with total factor productivity,

technical efficiency and output.

Our research provides new cross-country micro-econometric evidence in support of a surg-
ing new literature, including Hsieh et al. (2019), Jaimovich and Rud (2014), Cavalcanti and
Tavares (2016), Santos and Cavalcanti (2020), and Cuberes and Teignier (2016), regarding
the importance of various forms of talent misallocation for aggregate economic outcomes
and economic growth. Furthermore, our theoretical model serves to highlight the shared na-
ture of the different facets of talent misallocation considered in this literature and to reiterate
the considerable aggregate effects of talent misallocation on economic welfare. While our
work suggests that talent misallocation remains an important concern even in the case of de-
veloped economies, we would expect it to be a crucial concern for less developed economies
hampering their economic growth prospects. Understanding talent misallocation should then
be key to understanding cross-country income differences, with potentially important policy

implications.

In terms of future work, a natural extension of the theoretical model would be to explore
the effect of barriers to human capital accumulation and how it will affect the allocation of
talent and economic growth. According to Gradstein (2019) who investigate barriers to skill
acquisition along with other barriers that affect the occupation decision of specifics popula-
tion groups can have large economic costs. The extension would rely on incorporating in the
existing model the human capital accumulation decision in the period prior to entering the
labor market. Barriers that would affect the incentives to invest in human capital accumu-
lation intuitively would possibly result in larger talent misallocation and adverse economic

growth.

In the third chapter, we constructed state-specific estimated misallocation measures and we
provided some correlations with aggregate variables, without focusing on providing a causal
relationship. In terms of future research, it would be interesting to investigate empirically
through growth regression, the causal relationship between our state-specific estimated mis-

allocation measures, and economic growth.
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Appendix A

A.1 Appendix A

A.1.1 Proofs of Propositions

Proof of Proposition 1. First, we show that equations (21) and (22) yield a unique pair of
(0, 0). Having shown the existence of such a pair, we can obtain unique values for the

variables up, uy, and ¢ by substituting in equations (23), (24) and (25), respectively.

Let (21) and (22) define two functions 0, = fy(0y) and 0, = f.(0y), respectively. It
follows that f5(0) = co > f1(0). Also, simple differentiation of (25), (16) and (17) yields

dqb de d(TUP> d(TUU>
d0L<0,d0H>O, & > 0, . > 0.
Moreover, if y;, > (Tf«?gi%gﬁ %yH , then
d(’f’Up) d(TUU>
>0 >0
do;, " dl;

Also, as shown in Proposition 2 below, rUp > rUy. Simple differentiation then of each of
(21) and (22) shows that, for a sufficiently high value of 1, f;; < f; < 0. It follows then that
the graphs of the two functions intersect at most once. Finally, for a sufficiently high value

of ¢, they intersect in the positive orthant.

Proof of Proposition 2. Comparing (16) and (17), we see that rUp > rUy. Using this and

equation (15), yields the remaining of the results.
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Proof of Proposition 3. Denote equations (21) and (22) as F'(0y,01,1m7) = 0and G(0y, 01, 1) =
0, respectively. At least for sufficiently high 7 the following hold: Fy,, > 0, Fy, > 0, F, <
0,Go, > 0,Gy, > 0,andF, > 0. Applying Cramer’s rule, it follows that (df /dn) > 0 and
(dfr/dn) < 0. Next, differentiate (18) and (19) to show that (dup/dn)/up > (duy/dn)/uy
and hence ¢ decreases. Finally the limiting values of ¢, w;; and u;,i = L, H and j = P,U
as 1) approaches 1, follow easily by substitution in (16), (17), (15), (18), (19) and (20).
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B.1 Appendix B

Table B1: Selection-corrected hourly wage regression for the period 2005-2015, sample with
full-time workers, EU SILC wave

Variables €)) 2) 3) (@) (®))
Private -0.087#*%  -0,070%**  -0,083%***  -(,104%** -(0.083%**
(0.005) (0.005) (0.002) (0.003) (0.003)
Fem -0.165%*% 0, 172%**  -0,184***  -(0,202%**  -(,]158%**
(0.004) (0.004) (0.001) (0.002) (0.004)
MigrantEU -0.121%F%%  -0.102%**  -0.105%**  -0.145%**  -0.055%**
(0.007) (0.007) (0.003) (0.004) (0.012)
Migrant -0.207%%% 0, 172%*%  -Q,173%%*  _(0,223%**  _(.064%**
(0.007) (0.007) (0.003) (0.004) (0.011)
Educ L -0.197%*%% 0. 142%**  _0,157***  -0.109%**  -0.109%**
(0.005) (0.005) (0.002) (0.005) (0.005)
Educ H 0.325%**  (0.194***  (.198***  (.108***  (.104%**
(0.004) (0.004) (0.001) (0.004) (0.004)
Age 35-44 0.160***  0.150%** (0. 157**%*  (0.160%**  (.16]1%**
(0.005) (0.004) (0.002) (0.002) (0.002)
Age 45-54 0.245%**  (0,229%** () 239%** () 242%** (), 242%**
(0.005) (0.005) (0.002) (0.002) (0.002)
Age 55-64 0.288***  (0.265%**  (.265%%*  (268%**  (,268%**
(0.006) (0.005) (0.002) (0.002) (0.002)
Occup b 0.061***  0,054%***  (057**%*  (.057***
(0.004) (0.002) (0.002) (0.002)
Occup ¢ 0.289***  (0.200%**  (.289%**  ().289%**
(0.004) (0.002) (0.002) (0.002)
Occup d 0.431%%%  0.430%**  (.433%*%* () 433%**
(0.006) (0.003) (0.003) (0.003)
Permanent 0.222%**  (,233%** () 235%**
(0.005) (0.005) (0.005)
Private *Educ L -0.040%**  -0.043%**
(0.005) (0.005)
Private *Educ H 0.062%**  (0.066%**
(0.004) (0.004)
Fem *Educ L -0.042%**  _0,037%**
(0.003) (0.003)
Fem *Educ H 0.061***  0.060%**
(0.003) (0.003)
MigrantEU *Educ L -0.013* -0.011*
(0.007) (0.007)
MigrantEU *Educ H 0.098***  (0.097***
(0.006) (0.006)
Migrant *Educ L 0.071%*%  0.070%%*
(0.006) (0.006)
Migrant *Educ H 0.081***  (,085%%%*
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(0.006) (0.006)

Private *Fem -0.044%**
(0.004)
Private *MigrantEU -0.093#**
(0.012)
Private *Migrant -0.125%%*
(0.011)
Fem *MigrantEU -0.007
(0.005)
Fem *Migrant -0.100%**
(0.005)
lambda -1.261%%%F  J1112%¥%  .0.299%**  0.214%**  -(.]183%**
(0.097) (0.086) (0.028) (0.028) (0.028)
Constant 2.746%F*  2.623%Fk D 3EHHkE D ITLHEE D 344wk

0.013)  (0.012)  (0.007)  (0.007)  (0.008)

Total effect Private -0.087*%**  -0.070***  -0.083***  -0.089***  -0.097***
(0.005) (0.005) (0.002) (0.002) (0.002)
Total effect Fem -0.165%**  -0.172%**  -0.184***  -0.187***  -0.188***

0.004)  (0.004)  (0.001)  (0.001)  (0.001)
Total effect MigrantEU ~ -0.121%%%  0.102%%%  _0.]105%#% -0.110%%* _0.]06***
0.007)  (0.007)  (0.003)  (0.003)  (0.003)

Total effect Migrant -0.207***  -0.172%**  -0.173%**  -0.177%**  -0.169%**
(0.007) (0.007) (0.003) (0.003) (0.003)
Country-fixed effects Yes Yes Yes Yes Yes
Year-fixed effects Yes Yes Yes Yes Yes
Observations 666,826 666,826 666,826 666,826 666,826

Note: Pooled estimates for 18 European countries. Standard errors in parentheses *** p<0.01, ** p<0.05, *

p<0.1.
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Table B2: Talent Misallocation Measure derived from the sample with full-time workers

Country Private Female MigrantEU  Migrant Misallocation Measure
Cyprus 0.205%%*  0.252%**  (.177*** 0.613%*** 0.878***
Spain 0.172%%%  0.167*** (0.150%** 0.225%%* 0.544 %
Luxembourg 0.117%%*  0.114%%*%  (0.24]1%*%* 0.368** 0.491 %
Ireland 0.146%**  0.139%** (.19]*** 0.098%**#* 0.4507%3**
Italy 0.110%**  0.129%** (.192%** 0.215%** 0.447#%*
Greece 0.057#%*  0.175%** (0.116%** 0.170%** 0.392%7%*
Austria 0.007 0.186%**  (0.108*** 0.179%*%* 0.346%**
Czech Republic ~ 0.117#**  (0.273*** -0.036%** -0.069%** 0.339%**
Sweden -0.020* 0.290*** 0.016 0.0971*** 0.337%%*
Iceland -0.039%**  (0.226%** (). 123F***xEk () 167 *** 0.327%%*
Finland 0.015 0.244*** -0.002 0.109%** 0.320%**
United Kingdom  0.114%***  (0.192%** (0.066%*** -0.026%** 0.3171%**
Portugal 0.163***  (0.153*** -0.002 -0.022%* 0.299%*
Switzerland 0.096%**  0.144*** (.006 0.063*** 0.270%**
France -0.006 0.178***  -0.041%#** 0.016%** 0.173%*%*
Denmark -0.018 0.163*** 0.033 0.023 0.1771%**
Netherlands 0.064***  0.086*** -0.035 0.029* 0.165%**
Belgium -0.003 0.121%*%*  -0.067*** 0.033%#** 0.105%***
Average 0.072 0.180 0.069 0.127 0.354
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Table B3: Selection-corrected hourly wage regression for the period 2005-2015, alternative
occupation categories, EU SILC wave

Variables (1) ) 3) 4) (5) (6)

Private -0.097#%%  _0.100%**  -0.110%%%  -0.128%%k Q. 117%k*  0.116%%*
(0.005) (0.005) (0.002) (0.003) (0.003) (0.003)

Fem 20.192%%%  L(0.179%k%  0.164%¥*  _0.168%**F  -(.]53%k*  0.]62%**
(0.003) (0.003) (0.001) (0.002) (0.004) (0.004)

MigrantEU S0.115%#%  20.096% %% -0.104%%F -0, 134%k%  0,069%**  -0,069%**
(0.007) (0.008) (0.003) (0.004) (0.012) (0.012)

Migrant 20.192%%%  L(0.156% k% -0.164%%%  L0.208%%%  _0.081%*k*  -0.079%x*
(0.007) (0.007) (0.002) (0.004) (0.011) (0.011)

Educ L S0.198%#%  _(0.148% sk  0.158% %k Q. 111%k% 0. ]13%%x (. ]3%k
(0.005) (0.005) (0.002) (0.005) (0.005) (0.005)

Educ H 0.322%%% (. 147%%%  0.145%k%  0,073%*k%  0.071%%k  0.072%%*
(0.004) (0.004) (0.001) (0.004) (0.004) (0.004)

Age 35-44 0.153%#% (. 137%%%  (.149%%k  (.150%%*%  0.150%**  (.]149%%*
(0.004) (0.005) (0.002) (0.002) (0.002) (0.002)

Age 45-54 0.233%%%  (0208%%*%  0.220%k%  (22]%*kx  (22]%%k  (.22]%%*
(0.005) (0.005) (0.002) (0.002) (0.002) (0.002)

Age 55-64 0.277#%%  0.244%%%  0.249%k%  (250%*%  (250%%%  (.25]%%*
(0.005) (0.005) (0.002) (0.002) (0.002) (0.002)

Occupation_b 0.213%%%  (213%%k  02]1%k*  (.2]10%*k*  (2]]%**
(0.005) (0.002) (0.002) (0.002) (0.002)

Occupation_c 0.373%%%  (38]%%k  (.379%kx  ().378%kx (380
(0.005) (0.002) (0.002) (0.002) (0.002)

Occupation_d 0.433%55k (0 426%F%  0427%%k  (AQTHEE (427
(0.007) (0.003) (0.003) (0.003) (0.003)

Part-time 20.069%#%  _0.066%*%  -0.066%k*  -(.]53%**
(0.002) (0.002) (0.002) (0.004)

Permanent 0.198%#%  (0202%%%  0.202%%*  (),]199%**
(0.004) (0.004) (0.004) (0.004)

Private *Educ L 20.035%%% _0,034%%%  0,034% %%
(0.005) (0.005) (0.005)

Private *Educ H 0.054%%%  0.057%%%  (.057%%*
(0.004) (0.004) (0.004)

Fem *Educ L -0.036%*%  -0,035%k%  _0.036%**
(0.003) (0.003) (0.003)

Fem *Educ H 0.030%#*  0.030%**  0.030%%*
(0.002) (0.002) (0.002)

MigrantEU *Educ L 20.027#%%  -0.025%%%  0.026%**
(0.006) (0.006) (0.006)

MigrantEU *Educ H 0.086%%  0.086%#*  (,085%%**
(0.005) (0.005) (0.005)

Migrant *Educ L 0.070%#%  0.070%%  0.070%%*
(0.006) (0.006) (0.006)

Migrant *Educ H 0.066%%  0.066%**  0.066%**

(0.005) (0.005) (0.005)
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Private *Fem -0.015%**  -0.018%**
(0.004) (0.004)

Private *MigrantEU -0.078%**  -0.077***
(0.011) (0.011)
Private *Migrant -0.108*** -0, 107%**
(0.010) (0.010)
Fem *MigrantEU 0.018***  0.017*%%*
(0.004) (0.004)
Fem *Migrant -0.051%%*  -0.053%**
(0.004) (0.004)
Fem *Part-time 0.109%**
(0.004)
lambda -1.431%%% 1. 444%%%  .0.465%F*F  -0.438%¥*F  -0.429%**  -(0.428%**
(0.038) (0.038) (0.026) (0.026) (0.026) (0.026)
Constant 2775%F*  2719%FF D ARGFHFF  2.501%FF  2489%¥* D A404%**

(0.011) (0.011) (0.006) (0.007) (0.007) (0.007)

Total effect Private 20,097 0.100%F%  0.110%%% -0.115%%F 0. 121%%% 0. 121
(0.005) (0.005) (0.002) (0.002) (0.002) (0.002)
Total effect Fem 20.192%%%  0.179%k%  _0.164%F%  -0.165%F*%  -0.165%F*  -(.]57**

(0.003) (0.003) (0.001) (0.001) (0.001) (0.001)
Total effect MigrantEU ~ -0.115%**  -0.096***  -0.104***  -0.107***  -0.103***  -0.103%**
(0.007) (0.008) (0.003) (0.003) (0.003) (0.003)

Total effect Migrant -0.192%%*  -0.156%**  -0.164***  -0.168*** -0.163*** -0.161%**
(0.007) (0.007) (0.002) (0.002) (0.002) (0.002)
Country-fixed effects Yes Yes Yes Yes Yes Yes
Year-fixed effects Yes Yes Yes Yes Yes Yes
Observations 806,190 806,190 806,190 806,190 806,190 806,190

Note: Pooled estimates for 18 European countries. Standard errors in parentheses *** p;0.01, ** p;0.05, *

p;O0.1.
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Table B4: Talent Misallocation Measure derived from using alternative occupation categories

Country Private Female MigrantEU Migrant Misallocation Measure
Cyprus 0.236%** (.239%**  (.169%** 0.61 1#** 0.891***
Spain 0.197#%*  (0.162%**  (.129%** 0.206%#** 0.545%%*
Luxembourg 0.143*%*  (0.069%**  (.258*** 0.384 %% 0.489#:#*
Italy 0.146%** (0.118*** (.189%** 0.217%#** 0.473 %%
Ireland 0.170%%**  0.126%**  0.164%** 0.093#** 0.4407%**
Greece 0.105%%*  (0.159%**  (.119%** 0.176%** 0.429#%*
Austria 0.034%*%* (0. 176%** (.092%*%* 0.185%** 0.3627#%*
Czech Republic ~ 0.142%%*  (0.243%** -0.024* -0.046%* 0.3527%#%*
Iceland -0.033**  (0.225%**  (.110%** 0.155%** 0.3207%#**
Portugal 0.181*** 0.156*** -0.011 -0.020* 0.319%#%*
United Kingdom  0.140%**  0.160*** (0.046%** -0.029%#** 0.2957%%#*
Finland 0.032%%** (0.194*** 0.015 0.086%** 0.2871%#%*
Switzerland 0.104*** 0.116*** 0.001 0.076%** 0.2527%#%*
Sweden -0.029*%  0.181***  (0.004*** 0.104 0.224 %%
Netherlands 0.095#**  (0.110%**  -0.042%** 0.036%*** (0.223#%*
France 0.036*** 0.149*** -0.031***  0.005 0.180%#**
Denmark -0.010 0.118*** 0.038 0.025 0.138#**
Belgium 0.018*** 0.077*** -0.043***  (.045%** 0.100%#**
Average 0.095 0.154 0.066 0.128 0.351
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