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Abstract

In 1960, 94 percent of doctors were white men, as were 96 percent ofla wyers
and 86 percent of managers. By 2008, these numbers had fallento 63, 61, a nd 57
percent, respectively. Given that innate talent for these p rofessions is unlikely
to differ between men and women or between blacks and whites, the alloca-
tion of talent in 1960 suggests that a substantial pool of innate ly talented black
men, black women, and white women were not pursuing theircom  parative ad-
vantage. This paper estimates the contribution to U.S. econo mic growth from
the changing occupational allocation of white women, black  men, and black
women between 1960 and 2008. We nd that the contribution is signica  nt:
17 to 20 percent of growth over this period might be explained si  mply by the
improved allocation of talent within the United States.
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1. Introduction

Fifty years ago, there were stark differences in the occupation al distribution of white
men versus women and blacks. Virtually all doctors and lawye rsin 1960 were white
men (94 and 96 percent, respectively). In contrast, 58 percen t of white women were
employed as nurses, teachers, sales clerks, secretaries, and food preparers; 54 per-
cent of black men were employed as freight handlers, drivers, machine operators,
and janitors. Only 2 percent of women and blacks worked in hig  h skilled occupa-
tions (de ned as executives, managers, architects, engine ers, computer scientists,
mathematicians, natural scientists, doctors, and lawyers ). The number for white
men, in contrast, was 18 percent.

The segregation of white men versus women and blacks across o ccupations in
1960 is quite remarkable. If we believe that every person has talent drawn from a
similar distribution of ability, the fact that there were vir  tually no black or female
doctors and lawyers in 1960 suggests that many blacks and wom en with a compar-
ative advantage in high skill occupations were somehow prev ented from realizing
that advantage in 1960. Conversely, some of the white male do ctors and lawyers in
1960 may not have had a comparative advantage in medicine ori n the legal profes-
sion despite their having sorted into these occupations.

This has changed over the last 50 years. By 2007, only 63 percent of doctors and
61 percent of lawyers were white men. Similarly, the share of women and blacks in
skilled occupations increased from 2 percent in 1960 to 15 per cent for women and
11 percent for black men by 2007. These shrinking occupationa | gaps suggest that
the forces that resulted in blacks and women not becoming doct ors and lawyers
have diminished over the last 50 years.

This paper measures the effect of the change in the occupationa | distribution of
white men versus blacks and women since 1960 on aggregate pro ductivity growth
in the United States. At the heart of our approach is a canonic al model of occu-
pational choice driven by comparative advantage. We assume that every person is
born with a range of talents across all possible occupations . In a frictionless world,

each person chooses the occupation where she earns the highe streturn. We depart
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from the standard model of occupational choice in that we allo  w for frictions. To
generate the gaps in the occupational distribution between  groups, we do not need
to take a stand on exactly what these frictions represent. For example, they can
take the form of occupation-speci ¢ discrimination in the la bor market. Or they
can be interpreted as barriers to human capital accumulatio  n (e.g. lack of quality of
schools or discrimination in admission to professional degr  ee programs). The fric-
tions could even be “culture” or “norms” about what are accep  table professions for
blacks and women. Finally, declining fertility may have made it easier for women
to work outside the home. All these forces will generate differe nces in the occupa-
tional distribution and gaps in the wages of white men vs. oth  ers.

To measure the effect of these occupational choices on aggrega te productivity,
we do need to take a stand on whether there is misallocation in the| abor market or
simply different (though possibly distorted) human capitali  nvestments. For exam-
ple, if the main friction is that blacks had worse access to qua lity schooling in 1960,
the gaps in the occupational distribution in 1960 re ect diffe  rences in the marginal
product of labor between blacks and whites in high-skilled o  ccupations. With this
interpretation, all workers are paid their marginal produc  t and the allocation of la-
bor across occupations, conditional on these marginal products , is ef cient. In this
case, gains in aggregate productivity are closely related t o changes in the familiar
wage gaps for blacks and women vs. white males.

If the main friction is instead labor market discrimination fa  ced by blacks and
women in high skilled occupations, then the occupational se  gregation of blacks and
women vs. white males requires gaps in the marginal product o  f blacks and women
(respectively) across occupations. Because the marginal pr oduct is no longer equal
to the wage for all workers, the wage gaps are no longer so inform ative about the
impact of frictions on aggregate productivity. Instead, a ke y parameter is the dis-
persion of a person's ability across occupations at birth. T o infer this parameter
from the data, we use the result that if the distribution of abi  lity follows an extreme
value distribution, the distribution of the maximum of a per  son's ability also obeys
that distribution. Thus, we can back out the dispersion of ab ility from the observed

distribution of wages within an occupation. This allows ust o recover the gaps in
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marginal products implied by the gaps in the occupational di  stribution, and thus
measure the effects of frictions on aggregate productivity.

We do not know which of the two interpretations of the friction S is correct, sowe
provide estimates for both polar models. Our main ndingisth  at 17 to 20 percent
of the growth in aggregate productivity in the United States  between 1960 and 2008
was due to the declining frictions in occupational choice for w  omen and blacks.
Our point estimate is somewhat sensitive to parameter value s for the model where
we interpret the frictions as marginal product gaps, but not fo  r the model where
we interpret the frictions as differences in marginal products  between groups. We
also show that aggregate productivity growth would have bee n negative inthe 1970s
in the absence of the decline in labor market frictions facing w omen and blacks.
Additionally, we show that the convergence in occupational  choices was more pro-
nounced in the U.S. South. As a result, we estimate, 25% of the income convergence
of the South to the Northeast between 1960 and 1980 was due to d eclining labor
market frictions in the South vs. the North. For our aggregate productivity results,
most of the productivity gains are driven by declining fricti  ons for white women.
This is not surprising given that white women comprise a much  larger fraction of
the population than do black men and black women. However, for ~ our regional con-
vergence results, most of the convergence is driven by decli ning frictions for black
men and women. Finally, our results indicate that almostall ~ of the convergence in
the educational attainment of women relative to white menfro  m 1960 to 2008, and
about a third of the convergence of schooling of black men rel ative to white men
over the same time period, can be explained by the declineint he occupational fric-

tions facing each group.

2. Related Literature

Under construction.
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3. Basic Setup of the Model

The economy consists of a continuum of people workingin N possible occupations.
Importantly, one of these occupations is “work at home,” whi  ch includes raising
kids. Each person possesses an idiosyncratic ability in each occupation — some
people are good economists while others are good nurses. The basic economic al-
location to be determined in this economy is how to match work  ers with occupa-

tions.

3.1. People

The economy consists of a unit measure of people. These peopl e are divided into a
total of G distinct groups, such as “black men” and “white women.” Thep  arameter
gy denotes the fraction of the population that is part of group  g.

Each person has 2 units of time. The rst unit can be used eithe r for leisure or
for schooling, s, while the second unit of time is solely used for working (thin  k of
the rstunit as occuring when young and the second when middl  e-aged). A person

with consumption cand leisuretime 1 s gets utility
U=c (1 5s): D

parameterizes the tradeoff between consumption and schooli ng: a lower thus

implies that future wages must rise more steeply with schooli  ng in equilibrium.
Each person chooses to work in one of the N occupations. The home sector is

considered one of the N occupations.These occupations differ in several ways, one
of which is how useful schooling is in generating human capita I. This will give rise
to differences in schooling by occupation, which will ultimat  ely lead to differences
in wages across occupations. A person's human capital is pro duced by combining
goods e and schooling time s. In particular, the production function for human

capital in occupation i ist

1We can allow for a multiplicative group-speci ¢ term in the h uman capital equation de ned by
(2). This can represent differences in the ability of differ ent groups to accumulate human capital
for a given amount of time investment and a given amount of edu  cational spending. This term is
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h(e;sji)=s'e: 2)

Finally, people are part of different groups, such as race and g ender, denoted
g. A person in occupation i and group g is paid a wage equal to jgw;. Thatis, w;
denotes the wage per ef ciency unit of labor paid by the rm. Wh at a worker in
group greceives, however, is jgWw;.

The parameters g are the occupational frictions in the model and ultimately a
key force behind the changing occupational distribution ove  rtime. They are exoge-
nously given in this economy and can be interpreted in severa | different ways. We
we will explicitly distinguish between two of these interpr  etations, as “Model 1” and
“Model 2.” In Model 1, 5 denotes the ef ciency units of labor supplied by a per-
son in group g. This could re ect, for example, differences in human capitala  cross
groups because of discrimination in schooling. In Model 2,i  ncontrast, g functions
like a “discrimination tax” on members of group g in occupation i: rms pay w; to
such workers, but the workers only receive the fraction iy of the wage payment. We
will elaborate on possible interpretations of Model 1 versu s Model 2 below.

Let denote a worker's idiosyncratic talent in his or her chosen oc  cupation, to

be discussed further below. An individual's consumptionist hen given by
c= wh(e;9 e 3)

That is, consumption equals labor income less expenditures on education. Labor
income is the product of the wage received per ef ciency unito  flabor, the idiosyn-
cratic talent (to be discussed in more detail below), and the individual's human cap-

ital h.

isomorphic to the occupational ‘s that we de ne below. As a result, we cannot tell how much oft  he
group differences in occupational frictions we identify ar e actually resulting from frictions in human
capital attainment versus frictions in the labor market its  elf. For expositional simplicity, we set the
multiplicative frictions in the human capital equation to o ne for all groups.
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3.2. Occupational Skills

In setting up the occupational choice problem, we follow McFa  dden (1974) and,
more recently, Eaton and Kortum (2002). The latter used extr eme value theory, and
in particular the Fr échet distribution, to make an N -country trade model of com-
parative advantage tractable. We apply their insight to the problem of choosing
among N occupations.

Each person gets an iid skill draw | for each of the N occupations. These draws

come from a Fr échet distribution:

Fi()=exp( Ti ): 4)

The parameter governs the dispersion of skills, with a higher value of corre-
sponding to smaller dispersion. As in Eaton and Kortum (2002), for tractability w e
assume that is common across occupations. The parameter T;, however, can dif-
fer across occupations: talent is easy to come by in some occup ations and scarce in
others. As we discuss below, there is an observational equiv alence between T; and
a production technology parameter that varies across occup ations. We will there-
fore end up normalizing T; = 1 without any loss of generality. Notice that our iid
assumption means that we do not allow any correlation of across occupations for

a given individual.

3.3. Aggregation

To simplify aggregation, we assume the N occupations combine in a CES fashion to

produce a single aggregate output Y according to

W =
(AiHi) ()
i=1

Y

where H; denotes the total ef ciency units of labor employed in occupa  tion i and A;
is the exogenously-given productivity of the occupation. A s mentioned above, the

A; and T; (the mean-shift parameter of the Fr échet distribution) are observationally
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equivalent in our setup, so we willset T; = 1 from now on without loss of generality.
The total ef ciency units of labor in each occupation differacc  ording to whether
we are studying Model 1 or Model 2. In Model 1, recall, the g parameters affect the
ef ciency units of labor explicitly, so we have
NG Z
Hi = iglg  hijg ijg di: (6)
g=1
To understand this equation, start from the right. First, wei ntegrate over all people
j ingroup g, adding up their ef ciency units, which are the product of the ir human
capital and their idiosyncratic ability. Next, group  g's ef ciency units get reduced by
the factor g in occupation i, and there are gy people belonging to group g. Finally,
we add up across all the groups.
In Model 2, recall, the occupational frictions function only a s discrimination

taxes and do not affect productivity. Hence, the aggregation o ver ef ciency units

is just like in the previous equation, but without the ig -
N Z
Hi=  qg hig ijg di (7)
g=1

What are some possible forces that would act like g in Model 1 versus Model 2?7
In Model 1, groups enter the labor market with different ef cien Cy units to supply
a given occupation. But all workers are paid their marginal p  roduct in all occu-
pations. Thus Model 1 could be called the Human Capital Model , as differences
in wages and occupational choices re ect differences in skill s brought to the labor
market. Groups might obtain different amounts of human capita | for a variety of
reasons, such as discrimination at school or in access to qua lity schools. The latter
might stem from differences in public school quality or discrim  ination in admis-
sions to schools. Even discrimination in the labor marketin ~ a previous generation
could, indirectly, lower the human capital of the current ge  neration. Parental lig-
uidity constraints could affect their children's health and n  utrition. And parents

denied access to a profession may be less helpful at guiding the ir children to that
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profession. More benignly, some people might choose to acqui re less human capi-
tal for their market occupation because they plantowork only  part-time or for fewer
years, say to help raise children. Any differences in innate ab ility between men and
women in different occupations (e.g. in physical strength or ch ildbearing) would
contribute to the  jg's in Model 1.

In Model 2, in contrast, all groups arrive in the labor market  with the same dis-
tribution of ef ciency units as do white men. This is true with in and across occu-
pations. In Model 2, however, the j4's drive wedges between the marginal product
of workers and the wages they receive. As they are group-occu pation speci c, these
wedges can generate not only wage gaps across groups but also inequality in occu-
pational choices across groups. This might be called the Lab or Market Discrimina-
tion Model, because two possible interpretations are discr imination by employers
and discrimination by customers. Employers may be willingt 0 sacri ce some of
their pecuniary return to discriminate in how they compensa te their employees.
And customers may boycott sellers who employ particular gro  ups in certain occu-
pations. The latter might affect the pecuniary returns from hir  ing workers from a
particular group in a certain occupation, but not the physica | marginal product of
workers.

The world could feature a combination of the  ig's in Models 1 and 2, of course.
But we treat them as distinct models to underscore their dive rgent properties. In
Model 2, there is misallocation of talent in the labor market  with variation in the

ig's across occupations and groups. Gains in aggregate produc tivity can be real-
ized simply from reallocating workers across occupations in  Model 2. In Model 1,
in contrast, there is no misallocation in the labor market it  self. Workers are ef -
ciently allocated to occupations given their skills in Model 1. But variation in the
ig's can arise from misallocation in schooling —and in human cap ital investments
more generally — in Model 1. In Model 1, gains in aggregate pro ductivity can be
reaped from more and better-directed investment in human cap ital.

That completes the basic setup of the model. We cannow de nea nequilibrium

and then start exploring the model's implications.
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Equilibrium

A competitive equilibrium in this economy consists of indiv  idual choices fc;e; g,

an occupational choice by each person, total ef ciency units  of labor in each occu-

pation Hj, naloutput Y, and an ef ciency wage w; in each occupation such that

1.

4.

Given an occupational choice, the occupational wage w;, and idiosyncratic

ability in that occupation, each individual chooses c;e; sto maximize utility:

Uu(;w; )=rr61%;é(1 s)c sit:c= ws ‘e e (8)

Each individual chooses the occupation that maximizes hi s or her utility: i =

argmax; U( i;w;i; i), taking f i;wi; jgasgiven.

. Arepresentative rm chooses labor inputin each occupati on, H;, to maximize

pro ts:

I,

X BRI
max (AiHD wiHj %)
fHig i=1

The occupational wage w; clears the labor market for each occupation:

8
2Pe Ry d Model 1
Y. = g=1 igly Nig ijg (10)

= sP R _
' g=1°g hiig ijg di Model 2

. Total output is given by the production function in equatio  n (5).

Solving the Model

The details of the solution are discussed in the appendix. We summarize the results

in a series of propositions, based loosely on the order of the problems as presented

in the de nition of equilibrium.

Proposition1 (Individual Consumption and Schooling ): The solution to the indi-
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vidual's utility maximization problem, given an occupational choice, is
< = 1
i 1+ l—f
1
elg( ) = igWiS; '
P I
Gg( )= (igwis;' )t ; @ ):

UCiswi; )= (g )T 5 Tg igwWis' (1 Si)li

This result is an intermediate one, with the key piece coming in the last line
describing the equation for Ujg. In particular, the individual's occupational choice

problem then reduces to picking the occupation that deliver s the highest value of

79 i
Proposition2  (Occupational Choice ): Letpjg denote the fraction of people in group
g that work in occupation i in equilibrium. Aggregating across people, the solution

to the individual's occupational choice problem leads to

~ , 1
Pg = P—— Where 5 igwis'(1 s) (11)
s=1 sg

Moreover, the equilibrium labor supply by group g to occupation i in Model 2 is

I 1 1
1 - X! o
Hig = dgPig — (1 s) © mg where mqg "sg (12)
had s=1
and (1 ! 1) isrelated to the mean of the Fréchet distribution for abilities.

(For Model 1, it is nearly the same equation: just multiply both sides by g.)

To understand this proposition, notice that 7y can be interpreted as the effective
utility bene t per unit of talent in occupation i for group g. That s, it is the wage
per unit of talent received by the person,  jgw;, multiplied by the terms re ecting
human capital and leisure. Occupational choice then depend s on the value of g in

an occupation relative to all other occupations.
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Equation (12) gives the equilibrium ef ciency units of labor supplied to o  ccu-
pation i by group g. The rstterm in this equation captures the number of people

working in the occupation; the remaining terms capture the *  quality” of those peo-

ple. For example, the second mainterm, ﬁ is a selection effect: a higher wage per
ef ciency unit of labor attracts lower ability people tothe o ccupation, other things
equal. The third term captures the fact that occupations with  higher schooling will
have more human capital. Finally, the lastterm, mg, captures a general equilibrium
misallocation effect: the average quality of workers from grou p g going into all oc-

cupations depends on the average post-friction wages they fac e.

Proposition 3  (Occupational Wage Gaps): Let wage, denote the average earnings

in occupation i by group g. Its value in equilibrium is

igWi Hig

GPe =1 s) ¥ myg (13)

wage

Importantly, this implies that the occupational wage gap between any two grou psis

the same across all occupations. For example,

P P11
NYETeTS ~ 1
Wage€.yomen _ S S;women _ Mwomen . (14)
= P = 7.
Wage;men s s;men Mmen

The rst equation of the proposition reveals that average ea rnings only differs
across occupations because of the rstterm, (1 s;) ¥ . Occupations in which
schooling is especially productive (a high ; and therefore a high s;) will have higher
average earnings, and that is the only reason for earnings diffe rences across occu-
pations in the model. For example, occupations that face less discrimination or a
better talent pool or higher ef ciency do not yield higher aver  age earnings. The rea-
son is that each of these factors leads to lower quality (i.e. | ower ) workers entering
those jobs. This composition effect exactly offsets the directe ffect on earnings. This
leads to the novel prediction, given in equation (  14), that the earnings gap between
two groups (men and women, for example, or blacks and whites) w ill be constant

across occupations. We test this proposition in the empiric  al work that follows.
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Proposition4  (Solving the General Equilibrium ): The general equilibrium of the
model is f pig; His“pp'y; H demand w; g and Y such that
1. pig satis es equation (11).

2. HUPPY aggregates the individual choices:

8
2 1 N 1)= P 1 @1 )
H_supply — W (1 SI)( @)D Si o g% igMg Model 1
I
7 wp H1os)t@ ) DT s 9% ig 1mé @) Model 2
(15)
3. Hgemand gatis es rm pro t maximization:
1
Hidemand — A_| ! Y (16)
Wi

4. w; clears each occupational labor market: H“PPY = p demand

5. Total output is given by the production function in equation  (5).

5. Data and Estimation

5.1. Data

We use data from the 1960, 1970, 1980, 1990, and 2000 Decennial Censuses as well
data from the 2006-2008 American Community Surveys (ACS) for al | analysis in the
paper. When using the 2006-2008 ACS data, we pool all the year s together and treat
them as one cross section.? We make only four restrictions to the raw data when
constructing our analysis samples. First, we restrict the an alysis to only include
white men, white women, black men and black women. These will  be the four

groups we analyze in the paper. 3 Second, we restrict the sample to include only

2A full description of how we process the data, including all t he relevant code, is available at
http://faculty.chicagobooth.edu/erik.hurst/research ~ /chad _data.html .

3We think an interesting extension would be to include Hispan ics in the analysis. In 1960 and 1970,
however, there are not enough Hispanics in the data to provid e reliable estimates of occupational
sorting. Such an analysis can be performed starting in 1980. We leave such an extension to future
work.
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individuals between the ages of 25 and 55 (inclusive). This r estriction helps to fo-
cus our analysis on individuals after they nish schooling and  prior to considering
retirement. Third, we exclude individuals on active milita  ry duty. Finally, we ex-
clude currently unemployed individuals. Our model is not we |l suited to capture
transitory movements into and out of employment. Appendix Ta  ble Al reports the
sample size for each of our six cross sections, including the fr action of the sam-
ple comprised of our four groups (white men, white women, blac  k men and black
women). 4

A key to our analysis is to use the Census data to create consist ent and system-
atic measures of occupations over time. We treat the home sec tor as a separate
occupation. Anyone in our data who is not currently employed  or who is employed
but usually works less than ten hours per week is considered t 0 be working exclu-
sively in the home sector. Those who are employed but usually  work between ten
and thirty hours per week are classi ed as being part-time wo rkers. We allocate
part-time workers half to the home sector and half to the occu  pation to which they
are working (i.e., we split their sampling weight into these  two sectors). Individuals
working more than thirty hours per week are considered to be w  orking full-time in
an occupation outside of the home sector.

For our base analysis, we de ne the non-home occupations usin g the roughly 70
occupational sub-headings from the 1990 Census occupationa | classi cation sys-
tem.® We use the 1990 occupation codes as the basis for our occupatio nal de ni-
tions because the 1990 occupation codes are available in all Census and ACS years
since 1960. We start our analysis in 1960, as this is the earlie st year for which the
1990 occupational cross walk is available. Appendix Table A 2 reports the 67 oc-
cupations we analyze in our main speci cation using the 1990 o  ccupational sub-
headings. Example occupations include “Executives, Admin istrators, and Managers”,
“Engineers”, “Natural Scientists”, “Health Diagnostics” , “Health Assessment”, “Teach-

ers, Except Postsecondary”, “Teachers, Postsecondary”, “La wyers and Judges”, etc.

“When computing the fraction of people working in each occupa  tion as well as average earnings
in each occupation, we weight our data using the sample weigh ts available in the different surveys.
Shttp://usa.ipums.org/usa/volii/99occup.shtml.
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Appendix Table A3 gives a more detailed description of some o f these occupational
categories. For example, the “Health Diagnostics” occupat ion includes physicians,
dentists, veterinarians, optometrists, and podiatrists, and the “Health Assessment
and Treating” occupations include registered nurses, phar macists, and dieticians.
The way the occupations are de ned ensures that each of our oc cupational cate-
gories has positive mass in all years or our analysis.

As seen with the examples above, there is some heterogeneity within our 67 base
occupational categories. To assess the importance of such h eterogeneity, we per-
form a robustness exercise. Speci cally, we use the roughly 3 40 occupations that
are consistently de ned (using the 1990 occupation codes)i n 1980, 1990, 2000, and
2006-8. The reason we start this in 1980 is that the occupatio nal classi cation sys-
tem is roughly similar across the Censuses and ACS starting i n 1980. We perform
our main analysis using the 340 detailed occupation codes fort he 1980-2008 pe-
riod and show that the quantitative outcomes are very simila  r to what we get using
our 67 base occupation codes for the same period. Additionall 'y, we show that much
of our quantitative results can be generated if we use only 20 broad occupation cat-
egories as opposed to the roughly 67 occupation codes in our b ase analysis. The
20 occupation categories we use for this robustness analysis a re shown in Appendix
Table A4. The 20 broad occupation categories include the sam e universe of 67 oc-
cupations just aggregated to broader categories.

Our measures of earnings throughout the paper sum together t he individual's
labor, business, and farm income. The earnings measures in th e Census are from
the prior year. Implicitly we assume that individuals who ar e working in a given
occupation in the survey year also worked in that same occupa tion during the prior
year which corresponds to their income report. When measuri  ng earnings, we only
focus on those individuals who worked at least 48 weeks during the prior year and
who had at least 1000 dollars of earnings during the prior yea r (in year 2007 dollars).
We de ne wages of the individual as individual earnings fromt  he prior year divided
by the product of the weeks worked by the individual during th e prior year and the

reported current usual hours worked by the individual.  ©

%In some census years, weeks worked during the prior year and u  sual hours worked are reported as
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We impute average earnings for the home sector by extrapolati ng the relation-
ship between average education and average earnings for the 6 6 non-home occu-
pations, and taking into account group xed effects. Using thi s year-speci c rela-
tionship and the actual year-speci c average education and  group composition of
participants in the home sector, we predict the average earn ings of participants in
the home sector. We only use these imputed average earnings i n the home sector
when we weight estimates by the wage bill in each sector.

Appendix Table Al also shows the estimated wage gap between w hite men and,
respectively, white women, black men, and black women for our  base occupational
speci cation. To obtain these estimates, we regress log wag es of the individual on
group dummies, a quadratic in potential experience, a cubic  in usual hours worked
and occupation dummies. We estimated this regression separ ately for each of the
years. Appendix Table Al reports the coef cients onthe group  dummies from these
regressions. In 1960, the conditional log differences in wage s for white women,
black men, and black women compared to white men are, respect ively, -0.58, -0.38,
and -0.88. The corresponding gaps in 2006-8 are, respective ly, -0.26, -0.15, and -
0.31.

5.2. Estimation

Our estimation treats each decade separately. For each deca de, we have 5N pa-
rameters of the model to be estimated. For each ofthe i = 1;:::;N occupations
there are Aj, i, and g, where g stands for white women, black women, or black
men. The ‘s are identi ed only up to a normalization, and our normaliz ation here
is iwm =1;thatis, we setthe value of to one for white men in all occupations.

To identify these 5N parameters, we match the following 5N moments in the

data, decade by decade (numbers in parentheses denote the nu mber of moments):

(4N 4) The fraction of people from each group working in each occupa-

tion, pig. (We lose 4 moments since these pig sum to one for each

categorical variables. In these instances, we use the midpo int of the range when computing the wage
rate. See the full details of our data processing in the detai led online data appendix available on the
author's web sites.
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group.)
(N) The average wage in each occupation.
(3) Wage gaps between white men and each of our 3 other groups.

(1) The average years of schooling in one occupation.

As we discuss in more detail later, the iy parameters are easy to identify in the data
given our setup. The A; and ; parameters involve the general equilibrium solution
of the model.

The remaining parameters of the model — assumed to be constan t over time for
parsimony —are , , ,and .We discuss our baseline values for these parameters
brie y below.

The parameter denotes the elasticity of human capital with respect to educ a-
tion spending. Related parameters have been discussed in th e literature, for exam-
ple by Manuelli and Seshadri (2005) and Erosa, Koreshkova an d Restuccia (2010). In
our model,  will equal the fraction of output spent on accumulating human cap-
ital in equilibrium, separate from time spent accumulating h ~ uman capital. Absent
any solid evidence on this parameter, we set = 1=4in our baseline and explore
robustnessto =0 and = 1=2. In general, this parameter affects the level of the

ig parameters, but not much else in the results.

The parameter is a key parameter that governs the dispersion of wages. Give n
the occupational choice model developed above, one can show that the dispersion
of wages across people within an occupation-group obeys a Fr échet distribution
with the shape parameter (1 ): the lower is this shape parameter, the more wage
dispersion there is within an occupation. Wage dispersiont herefore depends on the
dispersion of talent (governed by 1= ) and ampli cation from accumulating human
capital via spending (governed by 1=(1 )). Inparticular, the coef cient of variation

of wages within an occupation-group in our model satis es

Variance _ (1 &)

Mean? (1 =)

1: (17)
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Toestimate (1 )inagivenyear, we rsttake residuals from a cross-sectional
regression of log worker wages on 66 occupation dummies and 3 group dummies
(one each for white women, black men, and black women). The wag e is the hourly
wage, and the sample includes both full-time and part-time wo  rkers. The occupa-
tion dummies capture the effect of schooling requirements ( i levels) on average
wages in an occupation, and the group dummies absorb the wage gaps created by
frictions (the average g across occupations for each group). We calculate the mean
and variance across workers of the exponent of these wage res iduals. We then solve
equation ( 17) for the value of (1 ). Sampling error is trivial here because there
are 300-400k observations per year for 1960 and 1970 and 2-3 mi llion per year for
1980 onward. The point estimatesfor (1 ) hover around 3. They drift down over
time, from 3.25 in 1960 to 2.84 in 2006-2008, as one would expec t given rising wage
inequality. For our baseline model, we use the simple averag e of the point estimates
across years, namely (1 ) =3:11 We will explore robustness to setting it as low
as 2 or as high as 15.

The parameter governs the elasticity of substitution among our 67 occupat ions
in aggregating up to nal output. We have little information o n this parameter and
choose = 2=3for our baseline value. In the empirical section we will explo re the
robustness of the estimates to different values of

The parameter is the geometric weight on consumption relative to time in an
individual's utility function ( 1). As schooling trades off time for consumption, the
model implies that wages increase more steeply with schooli  ng the loweris . Work-
ers must be more heavily compensated for sacri cing time to sc  hooling the more
they care about time relative to consumption. To be specic, the average wage of
group g in occupation i is proportional to (1 si)_l. If we take a log linear approx-
imation around average schooling s, then s inversely related to the Mincerian
return to schooling across occupations (call this return Y =( @ 9s) L we
estimate in each year in this way. We calculate s as years of schooling divided by
a pre-work time endowment of 25 years, and nd the Mincerianr  eturn  from a
regression of log wages on average occupation schooling (wi th group dummies as

controls). We set = 0:693 the simple average of the estimates across years. This
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method has the advantage that the model roughly matches the M incerian return
to schooling across occupations, which averages 12.7% acro ss the six decades. For
robustness we will consider a low value of = 0:5and a high value of =0:8.
Finally, we need to set ;, the impact of time spent in schooling on human cap-

ital for each occupation i. Recall from equation ( 13) that wages are increasing in
schooling across occupations. And, from Proposition 1, we kn ow that schooling in-
creases with ;. Thus we caninfer from wages in each occupationthe relative values
of | across occupations. But we cannot determine their levels, a s wage levels are
also affected by levels of the productivity parameters A;. This leaves us in need of
one nal normalization that will set the i levels. Once we have one i, we can infer
all of the others from relative wages across occupations. We ¢ hoose to normalize the
level of in the lowest wage occupation across most years, “Farm Non-M anagers.”
We set this iy in each year to match the observed average schooling in thiso ccu-

pation in the same year: min = 1—%

6. Estimates of Occupational Frictions Over Time

6.1. Occupational Wage Gaps

A prediction of our model is that the wage gaps between variou s groups should be
constant across occupations due to the sorting that takes pl ace in response to occu-
pational frictions: an occupation that pays a high wage peruni t of ability will attract
less talented workers. The sorting is what makes the wage gap in a given occupation
a poor measure of any friction in that single occupation. Ther e are, however, at least
three reasons why the estimated wage gaps between groups wil | not be exactly equal
across all occupations. First, there is obviously some meas urement error. Second,
although we expect sorting will help offset the effect of differenc  es in wages per abil-
ity on the average wage in an occupation, the exact offset due to  sorting is a feature
of the extreme value distribution. We would not get the compl ete offset if ability is
not exactly distributed according to an extreme value distr  ibution. Third, we focus

on occupational sorting due to heterogeneity in ability, bu t some of the occupa-
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Table 1: Occupational Wage Gaps versus pi.g =p.wm

1960 1980 2006-8

ww bm bw ww bm bw WW bm bw

SD Increase in P//P/"™ 0.006 -0.038 0.037 0.001 -0.030 -0.008 -0.008 -0.050 -0.017
Standard Error 0021 0015 0.037 0.011 0010 0015 -0.008 0011 0015

R-squared <0.01 0.09 <0.01 <0.01 010  <0.01 <0.01 022 <0.01

Note: The table reports the results of regressing the log of o ccupational wage gaps on
pig =pwm for various groups and years. The rst row reports the regres sion coef cient as
the effect of a one standard deviation increase in the relati ve propensity on the log wage
gap. Each column is a regression.

tional sorting might be driven by heterogeneity in tastes or  preferences. High wage
(per unit of ability) occupations might induce the entry of pe  ople with high disutil-
ity for an occupation rather than individuals with low abilit y in the occupation. All
three forces will generate variation in wage gaps across occu pations.

Therefore, a key test of the plausibility of our framework isto  examine the vari-
ation in the wage gap with the variables measuring the frictio ns facing women or
blacks in an occupation. Figure 1 plots the (log) occupational wage gap for white
women in 1980 against pi.ww =P.wm - The latter variable is the relative propensity of a
white woman to work in a particular occupation, versus a whit e man. As an exam-
ple, in 1980, a white women was 65 times more likely than a whit e man to work as
a secretary, but only 0.14 times as likely to work as a lawyer. Given this enormous
variation, the differences in the wage gaps are remarkably sma Il. White women sec-
retaries earned about 33 percent less than white men secreta ries, while the gap was
41 percent for lawyers. Figure 1 con rms the relatively small slope more generally.
Notice that, within the model, it is the relative propensity  that pins down the fric-
tion facing a group (relative to white men) in that occupation . As seen from Figure 1
there is relatively little difference in occupational wage ga ps across occupations but
there are much bigger differences in the relative p;'s.

Table 1 shows these slopes for other years and other groups as well. Th ere s little

correlation between the relative propensity of a grouptowo  rkin an occupation and



THE ALLOCATION OF TALENT 21

Figure 1: Occupational Wage Gaps for White Women in 1980
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Note: The gure shows that there is little correlation betwe  en the (log) occupational wage
gap for white women compared to white men and the relative pro  pensity to work in the

occupation between white women and white men,  piww =pwm - Secretaries (with a rela-
tive propensity of 65 and a log wage gap of 0.33) are excluded f rom the graph to make it

easier to read.
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Table 2: Occupational Wage Gaps versus Log Income

Independent Variable White women  Black Men  Black Women
2006-8
SD increase in In(income') 0.034 0.055 0.056
Standard Error (0.009) (0.007) (0.013)
<<0.18>> <<0.48>> <<0.21>>
1980
SD increase in In(income') 0.064 0.024 0.057
Standard Error (0.009) (0.007) (0.009)
<<0.42>> <<0.14>> <<0.36>>
1960
SD increase in In(income') 0.079 0.053 0.111
Standard Error (0.014) (0.013) (0.025)
<<0.35>> <<0.19>> <<0.26>>

Note: The table reports the results of regressing the log of o ccupational wage gaps on log
earnings in that occupation for various groups and years. Th e rst row reports the re-
gression coef cient as the effect of a one standard deviatio nincrease in logincome. Each
column is a regression, and the last row reports the R? from each regression.

that group's occupational wage gap — precisely as suggested by our model.

Table 2 shows that this invariance of the wage gap to occupation char acteristics
does not completely hold when we look at the average income in  the occupation.
On average, high income occupations tend to have larger wage gaps. This suggests
that the extreme value distribution might not entirely corr  ect for high income oc-
cupations. Nonetheless, the magnitude of this correlation is small. For example,
in 2006-2008, white working women had a 3.4 percentage point larger wage gap in

response to a one-standard deviation increase in occupatio nal log income.
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6.2. Estimating Occupational Frictions: ig

Using equations ( 11) and (14), it is straightforward to show that the value of 5 can

be recovered directly from the data as

1
Pig wage,

Pi:wm wage,,,

(18)

That is, up to exponents, the friction parameters are the prod uct of the relative
propensity of a group to work in an occupation and the overall  wage gap for that
group. When, say, more women work in an occupation relative t o men, or when
women are paid closer to what men are paid, the higheris iy for women in that
occupation. And the closeris ig to 1, the smaller is the friction in that occupation.

Table 3 reports the parameters that we recover in this way for white women
for a subset of our baseline occupations. To compute these, we use the average
wage gaps reported in Appendix Table Al and the pi.g=p.wm computed directly from
each of the census waves.” First, consider the results for 1960, recalling that the

's for white men are normalized to one in all occupations. Whit e women in the
“home” occupation havea  justoverone. In contrast, the ‘s for managers, lawyers,
doctors, and college professors range from 0.27 to 0.44. The lo w participation of
white women in these occupations in 1960 is interpreted as ar ising from low values
of . Interestingly, the for teachers is appreciably less than one in 1960 for this
group. While white women were 1.7 times more likely than whit e men to work as
teachers, this propensity is more than offset by the overall wa ge gap in 1960, where
women earned exp( :578) 0:56times what men earned.

Contrast this with secretaries in 1960. A white womanin 1960 was 24 times more
likely to work as a secretary than was a white man. The model ca n only explain this
enormous discrepancy by assigninga  of 1.4 for white women secretaries. Thus the
model interprets these data patterns as either white women s ecretaries had more
human capital or there was discrimination against white  men being secretaries. For

example, if there were discriminatory norms in 1960 prevent ing white men from

"As a reminder, our base speci cation assumes that (1 ) is equal to 3.11 with  being equal to
0.25.
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Table 3: Estimated for White Women

1960 | 1970 1980 1990 2000 | 2008
Home 105 | 099  1.03 102 098 | 102
Executives/Admin 040 | 042 053 066 070 | 073
Lawyers 027 | 030 044 057 065 | 071
Doctors 030 | 033 040 053 062 | 070
Teachers, Post Second. 0.44 047 057 0.68 078 | 081
Teachers, Others 074 | 071 080 0094 1.07 i1
Secretaries 1.40 141 192 207 1.82 1.81

Note: Author's calculations based on equation ( 18) using baseline parameter values.

being secretaries, the model treats this as akin to a subsidy for white women in this
occupation relative to white men.

Next, consider howthe 'schange overtimein Table 3. Forthe home occupation,

for white women stays right around 1.0. However, for managers, | awyers, doctors,

and college professors, the 's approximately doubled, rising from around 0.3 or 0.4
to around 0.7 or 0.8. School teachers (i.e., Teachers, Other) also see a substantial
increase in their average from 0.74 to a value exceeding one. Interestingly, the
for secretaries also rises, from 1.4 in 1960 to over 2.0 in 1990 b efore retreating to 1.8
in 2008. Remarkably, a white woman is even more likely than aw hite man to work
as a secretary in 2008 than in 1960: the propensity rises from 2 4 to 26.5.

The s for black men and black women for these same select occupatio ns are
shown in Table 4. A similar overall pattern emerges, with the  's being substantially
less than one in general in 1960 and rising appreciably throu gh 2008, though typi-

cally remaining below one, especially for the high-paying occ upations.
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Table 4: Estimated for Black Men and Women

1960 | 1970 1980 1990 2000 | 2008
Black Men

Home 0.91 0.95 1.06 1.13 1.11 1.08
Executives/Admin 047 | 058 066 071 071 | 073
Lawyers 0.48 0.52 0.58 0.64 0.63 0.65
Teachers, Others 0.72 0.75 0.77 0.82 0.87 0.89
Secretaries 0.65 0.78 0.89 1.01 0.91 0.93
Black Women

Home 0.82 0.87 0.99 1.01 0.97 0.95
Executives/Admin 0.25 0.35 0.47 0.60 0.63 0.65
Lawyers 0.18 0.25 0.38 0.49 0.55 0.59
Teachers, Others 0.59 0.67 0.81 0.92 0.99 102
Secretaries 0.81 1.04 1.71 1.95 1.66 1.63

Note: Author's calculations based on equation ( 18) using baseline parameter values.

Figures 2, 3, and 4 provide a different perspective onthe s, plotting the densi-
ties across the 67 occupations in 1960, 1980, and 2008 for whit e women, black men,
and black women, respectively. These gures are based on the unweighted esti-
mates of the 's across occupations. Summary statistics for the mean and st andard
deviation of the s, weighted by the occupations share of the wage bill, are sh own
in Table 5.

For white women, a few main features stand out from Figures 2 and Table 5.
First, as seen in Figures 2, there is the general rightward shift in the distribution of

over time. This means that, on average, the frictions facing wh ite women have
been declining. This can also be seen in Table 5, where the weighted average for
white women increases from 0.65 in 1960 to 0.83 in 2006-2008. T his factis identi ed
from both the declining wage gaps and the more equal occupatio nal sorting from
1960 through 2006-2008. Second, the standard deviation oft he 's for white women
are falling over time. Both the increase in the mean and the dec line in the standard

deviation are essentially monotonic. When computing the pr  oductivity gains under
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Figure 2: The Distribution of s for White Women

Note: The graph shows a kernel density plot, calculated usin g a Epanechnikov
smoother.

Figure 3: The Distribution of s for Black Men

Note: The graph shows a kernel density plot, calculated usin g a Epanechnikov
smoother.
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Table 5: Weighted Means and Standard Deviations of , by Group, Region, and Time

Note: Author's calculations based on equation ( 18). To compute the mean and standard devia-

tion of across occupations for a given group in a given year, we weigh t the occupations by the
occupation's income share out of total income across all occ upations. We use standard Census
classi cations when de ning Census regions.
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Figure 4: The Distribution of s for Black Women

Note: The graph shows a kernel density plot, calculated usin g a Epanechnikov
smoother.

Model 2 in the subsequent section, it is the standard deviati on of the s relative to
the mean of the 's that drives misallocation. As seen from Table 5, this statistic has
fallen sharply for white women over time from 0.53 in 1960 to 0.32  in 2008.

The changing distribution of ‘s for black men and black women are shown in
Figure 3 and 4. Similar to white women, there have been sharp increases int he
average s and sharp declines in the standard deviation of the delta be tween 1960
and 2008. As shown in Table 5, for black men, the mean increased from 0.71 in
1960 to 0.87 in 2006-2008. The standard deviation of the s relative to the mean of
the s fell by 12 percentage points and 22 percentage points, respe ctively, for black
men and black women over our sample. There is one difference int he trends
for black men relative to women. For black men, the trends inth e s are almost
exclusively due to changes between 1960 and 1980. After 1980, there was essentially
no movement in the average  for black men. Conversely, white and black women
continued to experience increasing 's and a declining standard deviation oftheir 's
between 1980 and 2008. These results will underlie our ndin  gs in the next section

that changes in the occupational frictions facing black men di  d not add much to
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overall U.S. growth between 1980 and 2008.

6.3. Changing 'sbyU.S. Region

One goal in the next section will be to assess how much of the co nvergence be-
tween the North and the South during the last 50 years can be ex plained by differ-
ential trends in occupational frictions across the regions.  As seen from Table 5, for
white women the  trends were nearly identical across the four census regions. All
regions experienced increasing ‘s that were close to our estimates for the country
as a whole. For black men and black women, however, there are ¢ lear differences
between regions. The average 's started much lower in 1960 for blacks in the South
than for blacks in other regions. For example, the average  in 1960 for black men in
the North was 0.83 versus 0.69 in the South. By 1980, the differe nces in these aver-
age s were smaller (0.90 versus 0.82). In summary, blacks in the S outh faced bigger
frictions in 1960 than did blacks in other regions. And the dec line in occupational
frictions from 1960 to 2008 was more pronounced for blacks in the  South than for
blacks in other regions. Consistent with the overall trends , most of the convergence
in occupation frictions for blacks across regions occurred pr  ior to 1980.

These trends will form the basis of our model's predictionsab  outhow declinesin
occupational frictions for blacks contributed to income grow  th in the South relative
to the north during the 1960-1980 period.

6.4. Human Capital of Workers by Occupation
Using equation ( 12), the amount of human capital per worker — including innate
ability — for group gin occupation i in Model 2 is given by

H;i 1 _
—ng?g = g @ s) ¥ mg (19)

The amount of human capital per worker for a group  relative to white men in
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Figure 5: Human Capital per Worker for White Women
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Model 2 is therefore

1 Wwage,

Hig=hPig  _
Wage,

20
Hi:wm =0vm Pi;wm ig (20)

That is, relative quality in an occupation is simply the wage gap divided by the oc-
cupational frictions.

For Model 1, the expressions are similar: we simply multiply  both sides of each
equation by ig. Equation ( 20) then implies that the amount of human capital per
worker for a group relative to white menis the same across all occupationsin Model
1. In particular, relative quality is precisely equal to the  wage gap.
Figure 5 shows the average amount of human capital per worker for white ~ women
for select occupations, in Model 1 and Model 2. These measures are shaped by sev-
eral forces. First, there is the general rise in human capital over time. These forces
are especially apparent[b] for Model 1.

Second, however, are the substantial selection effectsthato ccurasthe 'schange,
evident in Model 2. For example, human capital per worker amo ng women doc-
tors has declined over time: in 1960, only the most able women became doctors,

according to the model, while in 2008 far less able women have e ntered this pro-
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Figure 6: Human Capital per Worker for White Men
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for white men, in both Model 1 and Model 2. Computed using equa  tion ( 19).

fession, lowering the overall human capital per doctoramong  women. For teachers
and managers, this same selection effect is roughly offset by the general rise in ed-
ucational attainment, leading to a relatively stable amoun t of human capital per

female worker.

For white men, the results are shown in Figure 6. Importantly, notice that the
average quality of white men is the same in Model 1 and Model 2; this re ects our
normalization that ; = 1 for white men. In both models, the general rise in human
capital per worker is dominant. But the selection effects are a Iso apparent in some
occupations, such as school teachers, for example.

Figure 7 shows the relative amounts of human capital between white wo men
and white men for these same occupations, as in equation (  20). For Model 1, as
mentioned above, relative qualities are equated for all occu  pations. The graph shows
that the relative quality of women to men in each occupationr  ose substantially be-
tween 1960 and 2008, from 0.56 to 0.77.

Model 2 presents a very different view of the data. Relative qua lities are not the
same across occupations, as shown in the right panel. In 1960 , human capital per
worker was substantially higher for women relative to men for d  octors and man-

agers. Only the most talented women overcame frictions to bec ome doctors and



32 HSIEH, HURST, JONES, AND KLENOW

Figure 7: Relative Human Capital per Worker, White Women vs. White Men
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managers in 1960, and some lesser talented white men entered these professions
instead. According to Model 2, this difference in quality hasfa ded substantially over
time due to declining frictions, but remains presentevenin2  008.

Of course, the real world could re ect forces in both Models 1 a nd 2. To this
end, independent information on quality trends for occupatio  n-groups could be
quite helpful in discriminating between the models empirica  lly (or quantifying their

relative contribution).

7. Productivity Gains from Changing Frictions

Given our model and the parameter values, we can now answer on e of the key ques-
tions of the paper: how much of overall earnings growth betwe  en 1960 and 2008 can
be explained by the changing frictions?

In answering this question, the rst thing to note is that out  put growth in our
model is a weighted average of earnings growth in the market s ector and in the
home sector. Earnings growth in the market sector can be meas ured as real earnings

growth in the census data. De ating by the NIPA Personal Cons umption De ator,,
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real earnings in the census data grew by 1.32 percent per year between 1960 and
2007. As for the home sector, we impute the wage by extrapolati ng the relationship
between average education and average earnings in the marke t sectors to average
education in the home sector. (See the discussion in section 5.1. for additional de-
tails.) Taking a weighted average of the imputed wage in the h ome sector and the
wage in the census data, we estimate that output (as de ned by  our model) grew by
1.45 percent per year between 1960 and 2008. Note that this is lower than standard
output growth measures because it is calculated solely from w ages; for example, it
omits employee bene ts.

How much of this growth is accounted for by changing 's? One way to answer
this question would be to hold the A’s (productivity parameters by occupation), S
(schooling parameters by occupation), and gs (group shares of the working popu-
lation) constant over time and letthe ‘s change. But at which year's value should
we hold the A's, s, and gs constant? We follow the standard approach in macroe-
conomics and use chaining to answer our question. That is, we compute growth
between 1960 and 1970 allowing the ‘s to change but holding the other parame-
ters at their 1960 value. Then we do the same thing holding the other parameters at
their 1970 value. We take the geometric average of these two e stimates of the growth
that results from changing 's. We do the same for other decadal comparisons (1970
t01980 and so on) and cumulative the growth to arrive at an est imate for our entire
47 year sample from 1960-2007.

When the frictions are interpreted as differences in marginal p  roducts across
groups (Model 1), this calculation indicates that the chang e in occupational fric-
tions contributed an average of 0.298 percentage points to g rowth per year. This
would explain 20.2 percent of overall earnings growth overt he last half century.

Could these Model 1 gains be inferred from the declining wage ga ps alone? To
a close approximation, yes. The faster wage growth for blacks a nd white women
contributed 0.32 percentage points per year to overall wage growth from 1960 to
2007. This is indeed similar to our estimate of the productiv ity gain from changing

's. The reason is that Model 1 assumes all workers are paid the ir marginal product.

If we instead interpret the frictions as gaps in marginal prod  ucts across occupa-
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Figure 8: Counterfactuals in Model 1
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Note: The left panel shows the counterfactual path of output  in the model if the ‘s were kept
at their 1960 values in every period. The right panel shows th e counterfactual where the 's
are kept at their 2008 values.

tions (Model 2), the wage gaps no longer provide an accurate e stimate of the effect
of changing frictions on aggregate productivity. Here, chai n-weighted growth from
changing 'sis 0.241 percent per year. According to Model 2, the changi ng frictions
account for 16.7 percent of the cumulative earnings growth fro  m 1960 to 2008.

An alternative calculation is to hold the  's constant and calculate the hypothet-
ical growth rate due to the change inthe A's, 's, and ¢s. Figure 8 plots the results
of this calculation for Model 1. The left panel considers the ca se when the occu-
pational frictions are held constant at 1960 levels; the righ t panel presents the case
whenthe 'sarekeptat2008 levels. Holding the 's xed attheir 1960 level, outputin
2008 would be 15.4 percent lower than it actually was. Holdin g the 's xed at their
2008 level, output in 1960 would be 12.4 percent higher thani n the data. Figure 9
presents similar estimates, this time for Model 2. Here, hold ing the ‘s xed at their
1960 level would result in output being 12.5 lower in 2008. Ho Iding the ‘s xed at
their 2008 level, output in 1960 would be 10.3 percent higher . Note that both models
predict output growth would have been negative inthe 1970si n the absence of the
reduction in s for blacks and women in that decade.

Tables 6 and 7 probe the robustness of our estimates to different parameter
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Figure 9: Counterfactuals in Model 2
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Note: The left panel shows the counterfactual path of output  in the model if the ‘s were kept
at their 1960 values in every period. The right panel shows th e counterfactual where the 's
are kept at their 2008 values.

choices for Model 1 and 2, respectively. The rst row checks se nsitivity to the as-
sumed value of the elasticity of substitution () between the different occupations;
the second row considers different values of the elasticity of human capital with re-
spect to goods invested in human capital (), the third row allows for different values
of the degree of comparative advantage ( ); and the fourth row reports sensitivity to
different estimates of the weight placed on time vs. goods inut ility ().

As Table 6 shows, the productivity effect of changing frictions is remark ably ro-
bust to altering the parameter values when the frictions are i  nterpreted as produc-
tivity differences between groups (Model 1). This is because, again, wage gaps are
almost a suf cient statistic for the productivity effect of the o ccupational frictions
in Model 1. And the wage gaps are the same regardless of our par ameter values —we

choose the ‘s to tthe wage gaps conditional on the assumed values of , , ,and

In contrast, Table 7 shows that the estimates are more sensitive to the param-

eter values for Model 2. The share of earnings growth explaine d by changing s
ranges from 12.7 percent when the occupations are almost Leon tief ( = 90) to

19.1 percent when they are almost perfect substitutes (= 0:95). This compares to
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16.7 percent with our baseline value of = 2=3. In Row 2 the gains are lower than

baseline when goods are not inputs to human capital accumula tion (15.0 percent
gainswhen =0), and higher than baseline when goods are more importanttoh  u-
man capital accumulation (17.9 percent gains when = 0:5). Row 3 indicates that
the estimates are also sensitive to the degree of comparativ e advantage. The share
of earnings growth explained by changing frictions ranges fro m 8.8 percent when

the dispersion of skills is low and occupations are compleme ntary ( (1 ) =15
and = 90 to 20.1 percent when the degree of comparative advantage is high
(@ )=15and =2=3).

For Model 2, like for Model 1, we re-estimate the s for any set of parameter val-
ues to ensure that the model matches observed wage gaps by yea r. Yet in Model 2
this does not tightly pin down the productivity gains from cha  nging 's. The reason
is that wage gaps are due to high labor market discrimination  in Model 2, not low
average productivity for women and blacks. There are no direc t effects on aggregate
output of low average s fora given group. Instead, in Model 2 the damage to aggre-
gate productivity is done by the dispersion in the 's across occupations for a given
group. Itis this dispersion that leads talented women and bl acks to be misallocated
away from the professions in which they have a comparative adva ntage, dragging
down output per worker.

How much of the productivity gains re ect changesinthe occu  pational frictions
facing women vs. those facing blacks? Tables 8 and 9 answer this question for Mod-
els 1 and 2 with baseline parameter values. The second column presents the overall
wage growth for each time period and the third column replicat  es the estimates (al-
ready shown in Figures 8 and 9) of setting the s of all the groups to their level at
the end of each period (1960-1980, 1980-2008, and 1960-2008for Rows 1, 2, and
3). Take Model 1. Almost three-quarters ( 15:1=20:2) of the total gains from reduced
occupational frictions over the last fty years can be explain  ed by the change in the
frictions faced by white women (row 3). Falling frictions faced b y black men ac-
count for less than 10 percent of the overall gains, with the re mainder (almost 16
percent) due to the lower frictions for black women. We would na  turally expect the

share of white women to be larger than that of blacks because t he share of white



THE ALLOCATION OF TALENT

Table 6: Robustness Results: Percent of Growth Explained in Model 1

Note: Entries in the table represent the share of earnings gr owth that is explained by the
changing 'susing the chaining approach. Each entry changes one ofthe parameter values
relative to our baseline case.
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Table 7: Robustness Results: Percent of Growth Explained in Model 2

Note: Entries in the table represent the share of earnings gr owth that is explained by the
changing 'susing the chaining approach. Each entry changes one ofthe parameter values
relative to our baseline case.
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Table 8: Contribution of Each Group to Total Earnings Growth , Model 1

Note:

women in the labor force is larger than that of blacks. But whit e women account
for less than 50 percent of the non-white-male labor force, sot he fact that almost a
three-quarters of the overall gains are associated with whi te women suggests their
frictions have fallen farther than those for blacks.

The share of gains associated with falling frictions for white w omen vs. blacks
differs across the time periods. Again, consider Model 1. Blac ks accounted for a
larger share of the gains in the 1960s and 1970s than in later d ecades. From 1960
to 1980, reduced frictions for blacks account for 43 percent ((5 .1 + 3.4)/19.6) of the
overall gains from reduced frictions. From 1980 to 2008, reduc ed frictions for blacks
account for only 13.5 percent of the overall gains. This timin g might link the gains
for blacks to the Civil Rights movement of the 1960s and laws pa ssed in response.

What was the consequence of shifting occupational frictions fo  r the wage growth
of different groups? Tables 10 and 11 try to answer this question. The rst col-
umn presents the actual growth of real wages for the different gr oups from 1960
to 2008. Real wages increased by 77 percent for white men, 126 p ercent for white
women, 143 percent for black men, and almost 200 percent for bla ck women. For
brevity, consider the predictions of Model 1. Inthe absence ofthe change in occupa-

tional frictions, the Models say real wages for white men would  have been 6 percent
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Table 9: Contribution of Each Group to Total Earnings Growth , Model 2

Note:

higher. Put differently, real income of white men declined due  to the changing op-
portunities for blacks and women. But at the aggregate level, this loss is swamped
by the resulting income gains for blacks and women. Almost 42 p ercent of the in-
come gain for white women was due to the change in occupational frictions. For
black men, 45 percent of their earnings growth was due to incr  eased opportunities,
according to Model 1.

Tables 12 and 13 look at the regional dimension of the decline in frictions con -
fronting blacks and women. Here, we assume that workers are im mobile across
regions. With this assumption, a decline in occupational fri ~ ctions in the South rel-
ative to the North will increase average income in the South r elative to the North.
From 1960 to 2008, incomes in the South increased by 10 percen trelative to incomes
in the Northeast. According to Model 1, about 7 percentage po ints of this income
convergence was due to reduced occupational frictions facing  blacks and women in
the South relative to the Northeast — with the bulk of the effect  due toreduced s for
blacks in the South. This effect appears stronger inthe rsttw o decades after 1960,
when incomes converged by 20 percentage points between thet wo regions. This is
consistent with the hypothesis that lower occupational frict  ions in the South raised
output per worker in the South.

From 1980 to 2008, we see a reversal of the North-South income convergence,



Note:

Note:
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Table 10: Group Changes in Wages, Model 1

Table 11: Group Changes in Wages, Model 2
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Table 12: Contributions to Northeast - South Convergence, M odel 1

Note:

perhaps driven by the reverse migration of blacks to the U.S.  South. In turn, the re-
verse migration is exactly what one would expect to see if wor kers are responding to
the improved labor market outcomes in the South by relocatin g to the South. Ina
long run with higher labor mobility, the main effect of declini ng occupational fric-
tions for blacks in the South relative to the North mightbetoi  ncrease the number of
blacks living in the South relative to the North. Persistent income gaps might re ect
skill differences between regions. Of course, to the extent mo bility is costly even in
the long run, frictions can contribute to wage gap differencesa cross regions evenin
the long run.

Finally, we try to address how the changing ‘s might have affected the educa-
tional attainment of blacks and women relative to white male s. As we report in
Table 14, gaps in average years of schooling narrowed from 1960 to 2008 for all three
groups vs. white males: by 0.41 years for white women, 1.81 yea rs for black men,
and 1.55 years for black women. As the s rose faster in occupations with above-
average schooling, the models predict n women and blacks wil | have increased their

representation in high-schooling occupations in response .2 How much did this

8In both Models 1 and 2, schooling varies only across occupati ons. As both models are calibrated
to toccupational choices by year, they have the same predic tions for education.
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Table 13: Contributions to Northeast - South Convergence, M odel 2

Note:

contribute to the shrinking education gaps? For white women , our model predicts
that all of the schooling convergence can be “explained” by t he decline in the fric-
tions they faced (as the model predicts a 0.81 year increase in white womens years
of education relative to white men). For black men, the fallin g frictions might have
narrowed the schooling gap with white men by 0.71 years, abou t one-third of the
convergence observed in the data. For black women, we estima te declining distor-

tions could explain almost 80 percent (1.23/1.55) of their ¢ atch-up in schooling.

8. Conclusion

Under construction

A Derivations and Proofs

The propositions in the paper summarize the key results fromt he model. This ap-

pendix shows how to derive the results.

Proof of Proposition 1. Individual Consumption and Schooling
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Table 14: Education Predictions, All Households (Age 25-55 )

Note:

Proposition 1 comes directly from the rst order conditions for the individu al's

optimization problem.

Proof of Proposition 2. Occupational Choice

As given in Proposition 1, the individual's utility from choosing a particular oc-
cupationis U( i;wi; i)= (Tg i)T ,where T4 igWis; ' (1 si)li. The solution
to the individual's problem, then, involves picking the occ  upation with the largest
value of Ty i. To keep the notation simple, we will suppress the g subscript in what
follows.

Let p; denote the probability that the individual chooses occupat ion i. Then

pi=Pr[7i>7%ss] 8 6s
= ssiFs(T i) (21)

if ; is known for certain. Since it is not, we must also integrate ov er the probability
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distribution for  j: 7
pi = s6iFs(T i=s)fi(i)di; (22)

where fi( )= T; @ Jexpf T, gisthe pdf of the Fr échet distribution. Substi-

tuting in for the distribution and pdf, additional algebralea  dsto

z
p= Ti siexpf To(7i=%) g ; “lexpf T gdy
8 I 9
z < X ~ =
= T, " exp Ts — Cody (23)
' s=1 S ’
Now, de ne T, <1 Is = . Thenthe probability simpli es considerably:
z
T.
pi = ?' Ti ; (L )expf T od;
|
z
S dri( i)
Ti
_ T
=7
ol
= P—— (24)
sTS S

where Fi( ) is the cdf of a Fr échet distribution with parameters T; and . The rst
main result in Proposition 2 then comes from our normalizationthat T; =1 forall i.

Total ef ciency units of labor supplied to occupation i by group gare
Hig = ypig E[h; i j Person choosesi]:

Recall that h(e;s) = s ‘e . Using the results from Proposition 1, it is straightforward

to show that
1

hii=mCiw)T [

where iy~ =@ Js!  Therefore,

1

1

Hig = gpighi( iwi)T  E [ jPersonchoosesi : (25)
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To calculate this last conditional expectation, we use the e xtreme value magic
of the Fréchet distribution. Let y; 7 i denote the key occupational choice term.
Then

y  maxfyig=maxf i ig=
| |
Sincey; is the thing we are maximizing, it inherits the extreme value  distribution:
Priy <z]= [Prly <z]

= L Pr[7i<z]

= N, Pr[i<z=7]

= Lexp T

—N

X
= expf T5 z ¢
i=1

—expf Tz g (26)

That is, the extreme value also has a Fr échet distribution, with a mean-shift param-
P
etergivenby T ST
Straightforward algebra then reveals that the distribution  of , the ability of peo-

ple in their chosen occupation, is also Fr échet:
G(x) Pr[ <x]=expf Tx ¢ 27)

P _~—
where T o1 Ti =
Finally, one can then calculate the statistic we needed abov e back in equation ( 25):

the expected value of the chosen occupation's ability raise d to some power. In par-
ticular, let i denote the occupation that the individual chooses, and let be some
positive exponent. Then,

Z,

E[i]= . dG( )
Zy
= T WX eT 4 (28)
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R
Recall that the “Gamma function”is () 01 x e Xdx. Using the change-of-

variable x = T , one can show that
Z,
E[;]1=T ~ X T e *dx
0
=T~ (1 =) (29)
Applying this result to our model, we have
. . 11 1 1
E , |jPersonchoosesi =T 1 - T
1.1 1 1
—_ 1
= Py - (30)

Substituting this expression into ( 25) and rearranging leads to the last result of the

proposition.

Proof of Proposition 3. Occupational Wage Gaps

The proof of this proposition is straightforward given the re  sults of Proposi-

tion 2.

B Data Appendix
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Table 15: Sample Statistics By Census Year

Note:
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Table 16: Occupation Categories for our Base Occupational Sp eci cation

Note:
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Table 17: Examples of Occupations within Our Base Occupatio nal Categories

Note:
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Table 18: Occupation Categories for our Broad Occupation Cla ssi cation

Note:
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