The Spillover Effects of Top Income Inequality®

Jeffrey Clemens! Joshua D. Gottlieb* David Hémous®
Morten Olsen’

November 2016 - Preliminary

Abstract

Since the 1980s top income inequality within occupations as diverse as bankers,
managers, doctors, lawyers and scientists has increased considerably. Such a broad
pattern has led the literature to search for a common explanation. In this paper,
however, we argue that increases in income inequality originating within a few oc-
cupations can “spill over” into others creating broader changes in income inequality.
In particular, we study an assignment model where generalists with heterogeneous
income buy the services of doctors with heterogeneous ability. In equilibrium the
highest earning generalists match with the highest quality doctors and increases
in income inequality among the generalists feed directly into the income inequal-
ity of doctors. We use data from the Decennial Census as well as the American
Community Survey from 1980 to 2014 to test our theory. Specifically, we identify
occupations for which our consumption-driven theory predicts spill-overs and oc-
cupations for which it does not and show that patterns align with the predictions
of our model. In particular, using a Bartik-style instrument, we show that an
increase in general income inequality causes higher income inequality for doctors,
dentists and real estate agents; and in fact accounts for most of the increase of

inequality in these occupations.
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1 Introduction

Since the 1980s the share of total earnings going to the top of the income distribution
has increased considerably. At the same time income inequality within the top has also
increased with a higher share of top earnings going to the very high earners. Moreover
this pattern holds within high-earning occupations so that the overall growth of top
income inequality is not simply due to the growth within particular occupations (Bakija,
Cole, and Heim, 2012). As argued by Kaplan and Rauh (2013), this broad pattern
suggests that a plausible explanation whether it be globalization, deregulation, changes
to the tax structure, or technological change, would have to apply to occupations as
diverse as financial managers, doctors, and CEOs. In this paper we argue that this need
not be the case by showing that exogenous increases in income inequality within one
occupation “spill over” into others through the former’s consumption, driving up income
inequality for a broader set of occupations.

This paper provides a model where changes in within-occupation income inequality
propagates to other occupations through consumption rather than competition for skill
in the broader labor market. We study an assignment model where generalists with
heterogeneous income buy the services of doctors with heterogeneous ability. In equilib-
rium the highest earning generalists match with the highest ability doctors and increases
in income inequality among the generalists feed directly into the income inequality of
doctors. Two conditions on the services provided by doctors are necessary for the equi-
librium to feature an assignment mechanism and thereby income inequality spillovers:
heterogeneity and non-divisibility in output (one high-ability doctor is not the same as
two decent-ability doctors). We focus on physicians, dentists and real estate agents who
meet these conditions and contrast them with occupations who do not. Using data from
the Decennial Census and the American Community Survey, we find that an increase in
general income inequality causes an increase in inequality for these occupations, with a
spillover elasticity ranging from 0.5 to 2.7. These occupations are important within the
top 1%, in fact Physicians are the most common Census-occupation in the top 1% in
2014.

We first present our baseline model and demonstrate that for occupations of hetero-
geneous ability where production is not scalable (that is, no mechanism exists that would
allow the more talented to scale up output) and consumption is non-divisible, the income
distribution is tightly linked to that of the general population. Specifically, generalists of

heterogeneous ability produce a homogeneous product in quantity proportional to their



skill level. Besides this homogeneous product, each generalist consumes the services of
one doctor. Doctors also have heterogeneous ability but their ability translates propor-
tionately into the quality of the services they provide and not the quantity. Instead, all
doctors service the same number of patients. The abilities of both generalists and doc-
tors are Pareto distributed but with different parameters. The result is an assignment
model with positive assortative matching in which the highest ability generalists match
with the highest ability doctors. An exogenous mean-preserving spread in the income
inequality of generalists increases the number of high-earning generalists, increases the
demand for the best doctors and increases top income inequality among doctors as well.
In fact, in the special case of Cobb-Douglas utility, top income inequality of doctors
is entirely driven by the earnings distribution of generalists and is independent of the
underlying ability distribution of doctors.

We extend the model in three directions. First, we allow for occupational mobility
at the top: high-ability doctors can choose to be high-ability generalists and vice-versa.
Since changes in top income inequality for generalists completely translate into changes
in top income inequality for doctors when there is no occupational mobility, allowing
doctors to switch occupation or not has no impact on doctors’ inequality and the two
settings are observationally equivalent. Second, we consider two regions in one nation
that differ only in the top income inequality of generalists and allow patients to import
their medical services. We show that top income inequality among doctors for each
region must follow generalist top income for the most unequal region. This distinction
will be important for the empirical test: When a service is local, i.e. non-tradable,
spill-over effects will happen at the local level, whereas for tradable services the spill-
over effect will happen at the national level. Finally, we let doctors move across regions
and show that the most unequal region will attract the most able doctors, but, as in
the baseline model, doctors’ inequality is determined by general inequality in the region
where they eventually live. Hence the observed top income inequality of doctors is the
same whether they can move or not.

To test our model we take as a starting point the fact that top income inequality has
increased broadly across occupations. The solid line of Figure 1 shows that the relative
income of those in the top 0.1% relative to the 1% of the income distribution has risen
from 3.1 in 1979 to 4.3 in 2005. The pattern is similar for occupations as diverse as
doctors, real estate agents, and scientists and in fact holds for a number of occupations

with incomes mostly below the top 1% such as college professors and secretaries (this is



not a result of large changes in the occupational distribution in the top 1% and top 0.1%.
Except for financial professionals whose weight in the top has increased substantially, the
distribution of the largest occupations in the top has remained relatively constant from
1979 to 2005). We test our theory using a combination of the Decennial Census and the
American Community Survey for every decade since 1980 and we focus on labor market
areas (an aggregation of commuting zones, Dorn; 2009) as the unit of analysis.! We con-
struct measures of top income inequality that are specific to the year/occupation/labor
market area, but since the income data are top-coded for around 0.5 per cent of observa-
tions — and therefore significantly more for high-earning occupations — we impose an
assumption of a Pareto distributed right tail of the income distribution and use the expo-
nential parameter of the estimated Pareto distribution as an (inverse) measure of income
inequality. Our theory predicts which occupations will feature spill-overs: those with
non-divisibility in output. Furthermore, since we will focus on geographical variation
across the United States, our estimation methodology will only pick up spill-over effects
if they are local, that is if workers mostly service local clients. We classify occupations
into two groups: Those that meet these conditions (such as physicians, dentists and real
estate agents) and those that do not (such as financial managers, college professors and
secretaries.) Using panel data, in OLS regressions, we find that an increase in general
income inequality (excluding the occupation of interest) is positively correlated with an
increase in inequality for occupations in the first group, but mixed results for the other
occupations. Naturally state-specific changes in regulation, labor demand or taxes might
cause both occupation-specific income inequality to increase at the same time as general
income inequality. To establish a causal link, we use a Bartik (1991)-style instrument.
We construct a weighted average of nationwide inequality for the 20 occupations that are
the most represented in the top 5% nationwide (excluding the occupation of interest).
The weights correspond to the labor market area-specific relative importance of each
occupation in the beginning of our sample. In other words, we only exploit the changes
in labor market income inequality that arises from the occupational distribution in 1980
combined with the nationwide trends in occupational inequality. This weighted average
serves as our instrument for general inequality in the area in question.

Using this instrument, we find a very clear distinction between the first group and

other occupations. An increase in general income inequality at the local level causes an

LAt the moment we use the publicly available data downloaded from IPUMS (Ruggles et al., 2015).
We are in the process of obtaining access to the uncensored data from the Decennial Census as well as
the American Community Survey.



increase in inequality for physicians, dentists and real estate agents, who operate in local
markets. The parameter estimates are consistent with the majority of the increase in
income inequality for these occupations being explained by increases in general income
inequality. On the other hand, we find that local general income inequality does not
spill over to financial managers, college professors and secretaries. This contrasts our
theory of consumption-driven spill-overs of income inequality with a theory driven by
broad increases in demand for skills: Such a theory would predict spill-over effects across
a broad set of occupations, whereas we predict such changes only for local non-divisible
occupations, in line with the empirical evidence.

The increase in top income inequality has inspired substantial scholarship (see no-
tably Piketty and Saez, 2003 and Atkinson, Piketty and Saez, 2011). This literature
has established that at the top, the income distribution is well-described by a Pareto
distribution (see Guvenen, Karahan, Ozkan, and Song, 2015, for some of the most re-
cent evidence, and Pareto, 1896, for the earliest). Further, Jones and Kim (2014) show
that the increase in top income inequality is linked with a fattening of the right tail of
the income distribution, which corresponds to a decrease in the shape parameter of the
Pareto distribution. This literature is related, but distinct from the large literature on
skill-biased technological change and income inequality which seeks to explain changes in
income inequality throughout the income distribution and primarily across occupations
(Goldin and Katz, 2010; Acemoglu and Autor .)

More specifically, our paper builds on the literature on “superstars”, which originated
with Rosen (1981), who explains how small differences in talent may lead to large differ-
ences in income. The key element in his model is an indivisibility of consumption result
which arises from a fixed cost in consumption per unit of quantity. This leads to a “many-
to-one” assignment problem as each consumer only consumes from one performer (singer,
comedian, etc.), but each performer can serve a large market (see also Sattinger, 1993).2
In that framework, income inequality among performers increases because technological
change or globalization allows the superstars to serve a much larger market, that is to
scale up production. Specifically, if w(z) denotes the income of an individual of talent
z, p(z) denotes the average price for his services, and ¢(z) is the quantity provided, such
that w(z) = p(2)q(2), “superstars” are mostly characterized by very large markets (a
large ¢(z)). This makes such a framework poorly suited for occupations where output is

not easily scalable, such as doctors. In contrast we focus on such occupations and study

2Adding network effects, Alder (1985) goes further and writes a model where income can drastically
differ among artists of equal talents.



an assignment model that is “one-to-one” (or more accurately “a constant-to-one”) where
superstars are characterized by a large price for their services p(z). This makes our paper
closer to Gabaix and Landier (2008) who build a “one-to-one” assignment model to study
CEOQO’s compensation. They argue that since executives’ talent increases the overall pro-
ductivity of firms, the best CEQ’s are assigned to the largest firms, and show empirically
that the increase in CEO’s compensation can be fully attributed to the increase in firms’
market size (Grossman (2007) builds a model with similar results). Along the same line,
Masttanen and Tervio (2014) build an assignment model to study house price dispersion
and income inequality, they calibrate their model to six US metropolitan areas and find
that the increase in inequality has led to an increase in house price dispersion. Gabaix,
Lasry, Lions and Moll (2015) argue that the fast rise in both the share of income held
by the top earners and income inequality among these earners requires aggregate shocks
to the return of high income earners (“superstars shocks”). Our analysis suggests that
even if such shocks only directly affect some occupations they will spill over into other
occupations. The original shock may arise from technological change in occupations
where span of control features are pervasive as suggested by Geerolf (2015).2 In addi-
tion, several papers have looked at how globalization can increase the share of income
going to the top earners and also increase inequality among these earners (see Manasse
and Turini, 2001; Kukharskyy, 2012; Gesbach and Schmutzel, 2014 and Ma, 2015%).
Beyond “superstars” effects, the economic literature has investigated several possible
explanations for the rise in top income inequality: for instance, Jones and Kim (2014)
and Aghion, Akcigit, Bergeaud, Blundell and Hémous (2015) look at the role played
by innovation;®> Piketty (2014) argues that top income inequality has increased because
of the high returns on capital that a concentrated class of capitalists enjoy; Piketty,

Saez and Stantcheva (2014) argue that low marginal income tax rates divert manager’s

3Geerolf (2015) builds a span of control model to micro-found the fact that firms’ size distribution
follows Zipf’s law. His model naturally leads to “superstars” effects and a bounded distribution of talents
can lead to an unbounded distribution of income. Similarly, Garicano and Hubbard (2012) build a span
of control model which features positive assortative matching as the most skilled individuals become
the most skilled managers who manage large firms which employ the most skilled workers. They use
data from the 1992 Census of services on law offices to find support for their model. Yet, span of control
issues do not seem directly relevant for doctors or real estate agents.

4Yet, none of these papers are able to generate a change in the shape parameter of the Pareto
distribution of top incomes through globalization.

Jones and Kim (2014) build a model close to the superstars literature where the distribution of
income for top earners is Pareto and results from two forces: the efforts of incumbents to increase their
market share and the innovations of entrants who can replace incumbents. Using a panel analysis of US
states, Aghion et al. (2015) show empirically that an increase in innovation leads to more top income
inequality.



compensation from perks to wages and increase their incentive to bargain for higher
wages and Philippon and Reshef (2012) emphasize the role played by the financial sector.
Section 2 presents the theoretical model, Section 3 describes our empirical strategy

and data, Section 4 gives our empirical results and Section 5 concludes.

2 Theory

We first present our baseline model and demonstrate that for occupations of heteroge-
neous ability where production is not scalable (that is, no mechanism exists that would
allow the more talented to scale up output) and consumption is non-divisible, the in-
come distribution is tightly linked to that of the general population. To help guide our
empirical analysis and demonstrate when we would expect to see spill-over effects in the
data, we then relax a number of assumptions. Throughout “doctors” will represent occu-
pations where the most skilled workers can produce a good of higher quality but cannot
serve more customers than the less skilled, and where customers cannot divide their
consumption across several producers: one high-ability doctor is not the same as two
low-ability doctors. Besides doctors, prominent examples are dentists, college professors,

and real estate agents.

2.1 The baseline model

We consider an economy populated by two types of agents: generalists of mass 1 and
(potential) doctors of mass fi4.

Production. Generalists produce a homogeneous good, x, which serves as the
numeraire. They differ in their ability to produce such that a generalist of ability x can
produce z units of the homogeneous good. The ability distribution is Pareto such that

a generalist is of ability X > x with probability:

P(X > ) = (%m)% ,
X

with lower bound z;, = 17 and shape o, > 1, which keeps the mean fixed at Z

Qg

when «, changes. The parameter o, is an (inverse) measure of the spread of abilities.

We will keep a,, exogenous throughout and will capture a general increase in top income
inequality by a reduction in «,. Doctors produce health services and can each serve

A customers, where we impose A > max (1,1/p4) such that there are enough doctors



to serve everyone. Potential doctors differ in their ability z, according to a Pareto

distribution of shape a, such that they will have ability Z > z with probability:

Zmin \ @
P(Z>z) = ( " ) ,
where all potential doctors can alternatively work as generalist and produce the homoge-
neous good with ability z,,, (see Section 2.2 for a model where doctors’ and generalists’
abilities are perfectly correlated). Though the ability of a doctor does not change how
many patients she can take care of, it increases the utility benefit that patients get from
the health services that are provided.
Consumption. Generalists consume the two goods according to the Cobb-Douglas
utility function
u(z,c) = 2P (1)

where ¢ is the consumption of homogeneous good and z is the quality of the health
care (equal to the ability of the doctor providing it).® The notion that medical services
are not divisible is captured by the assumption that each generalist needs to consume
the services of exactly one doctor. This implies that there will not exist a common
price per unit of quality-adjusted medical services. For simplicity, doctors only consume
the homogeneous good, an assumption that can easily be generalized (see section 2.4.1
below).

2.1.1 Equilibrium

Generalists. Since a generalist of ability « produces x units of the consumption good,
their income must be distributed like their ability. The consumption problem of gener-

alist of ability x can then be written as:

maxu(z,c) = 2% Pz,

stw(z)+c=ux, (2)

where w (z) is the price of one unit of medical services by a doctor of ability z.

Taking first order conditions with respect to the quality of the health services con-

SFor our purpose, one should think of z as the perceived quality of health care by the consumers at
the time when they decide on a doctor. Whether this is the “true” quality of the health care provided
or not does not matter for the predictions of the model.



sumed and the homogeneous good gives:

B.
1_52

W' (2) 2 = (z —w(z)). (3)
Since no generalist spends all her income on health, this equation immediately implies
that in equilibrium, w (z) must be increasing such that doctors of higher ability earn
more per unit of medical services. Importantly, the non-divisibility of medical services
implies that doctors are “local monopolists” in that they are in direct competition only
with the doctors with slightly higher or lower ability. As a consequence, doctors do not
take prices as given implying that w(z) will in general not be a linear function of z.

As a result, the equilibrium involves positive assortative matching between general-
ists” income and doctors’ ability. We denote by m (z) the matching function such that a
doctor of ability z will be hired by a generalist whose income is = m(z) and m(z) is
an increasing function (see Appendix A.1 for a proof).

Doctors. Since there are (weakly) more doctors than needed the least able doctors
will choose to work as generalists. We denote by z. the ability level of the least able
doctor who decides to provide health services so that m (z) is defined over (z., 00) and
m (2.) = Tmin (the worst doctor is hired by a generalist with income x,;,). Then, market

clearing at all quality levels implies that
P(X >m(2)) = MNP (Z > 2), V2 > zyn (4)

There are pugP (Z > z) doctors with an ability higher than z, each of these doctors can
serve A\ patients, and there are P (X > m(z)) patients whose income is higher than
m (z). If Apug > 1 then z. > zyin and if Aug = 1 then z. = 2.

Using the assumption that abilities are Pareto distributed, we can use (4) to obtain

the matching function as:

Qz

o (2) = s O ()7 5)

min

Intuitively if a, > «,, so that top talent is ‘scarcer’ among doctors than generalists then

the matching function is convex because it must assign increasingly relatively productive

generalists to doctors. As m (2.) = min, We obtain the ability of the least able doctor
1

working as a doctor: z. = (Aig)®* Zmin, which is independent of the generalists’ income

distribution.



We denote by w (z) the income of a doctor of ability z and note that w(z) = Aw(z)
since each doctor provides A units of health services. Furthermore as a potential doctor
of ability z. is indifferent between working as a doctor and in the homogeneous good
sector earning a wage equal to T, we must have w(z.) = xp,. Now plugging the
matching function in (3), we obtain the following differential equation which must be

satisfied by the wage function w (2):

: B. _ B AN Er o &
w' (2) 2z + 1 _ﬂzw(z) | _ﬁzmmin (—Md ) (me) ) (6)

using the boundary condition at z = 2., we obtain a single solution for the wage profile

of doctors which obeys (see Appendix A.2):

W (2) = T [ AB:a (i)giJraz(l—ﬁz)Jrﬁzax(l—)\) <@>1ﬁ%z
o, (1= 8.) + B.ax \ 2 a; (1= B.) + B.a, z

(7)

One can show that w (z) is increasing in doctor’s ability z as expected, with w (z.) =

Tmin- Intuitively, equation (7), consists of two parts: The first term which dominates

for large z/z. and ensures an asymptotic Pareto distribution and the second term which

fulfills the indifference condition for the least able active doctor. Hence, for z/z. large,

we get that

Qz

o AB. 0y z\ e
wlz) ~ i (1= B.) + Bea, (zc> ' ®)

Therefore, the wage schedule must be convex in z if o, > «,. To understand the

intuition, consider again the case where top-talented doctors are scarce (o, > ;). This
implies a fatter tail among generalists than doctors, such that a generalist of twice the
income does not have a doctor of twice the ability. Hence, a linear schedule w(z) x z
cannot be an equilibrium as the Cobb-Douglas utility function would require a constant
share spent on medical services, which would imply double the payment to a doctor
that is not twice as good. For the same reason, the schedule cannot be concave when
a, > Q.

We define Py, (W > wy) as the probability that the wage of an actual doctor is
higher than w (that is we only take into account the potential doctors who actually
choose to work as doctors). We get that Pa. (Wyq > wy) = (z./w™! (wq))™, so that



using (8), for w, large enough:

(9)

xmin)\ 20y 1 o
Pdoc(Wd>wd)%( p ) .

(0% (1 - Bz) + ﬁzo% w_d

That is, the income of (actual) doctors is distributed in a Pareto fashion at the top, with
a shape parameter inherited from the generalists, independent of the spread of doctor
ability, c,. Similarly, the income distribution of potential doctors (denoted P,o doc)

x

Tmin A8z 1 In

must then obey for wy large enough Pot gor (Wa > wy) ~ A%d <az i s
particular, a decrease in «, directly translates into a decrease in the Pareto parameter
for doctors’ income distribution: an increase in inequality among generalists leads to
an increase in inequality among doctors. In other words, the increase in top income
inequality spills over from one occupation (the generalists) to another (doctors). At the
top it also increases the income of doctors—as a decrease in o, leads to an increase in

P (W4 > wy) for wy high enough.” Formally:

Proposition 1. Doctors’ incomes are asymptotically Pareto distributed with the same
shape parameter as the generalists’. In particular an increase in top income inequality

for generalists increases top income inequality for doctors.

Further, a decrease in the mass of potential doctors py (or an increase in the mass
of generalists which here has been normalized to 1) does not affect inequality among
doctors at the top but it increases the mass of active doctors (z. decreases) and their
wages (as w (z) increases if z. decreases).

Health expenditures. Health care prices increase sharply at the top, in fact,
thanks to the Cobb-Douglas assumption, we obtain that rich generalists spend close to a
constant fraction of their income on health. Formally, a generalist with income z spend
w (m™ (z)) /A in health services. Using (5), we obtain that his health spending of & (z)

must obey:

_ Gz Bz

_ B0 La, (1—8.)+ B.a, (1—N) ¢\ aiTh
T (o)t TN (I B+ ey <_) - (10)

h(z)

Lmin

Note that health care is a necessity if a, (1 — 3,) + B.a, (1 — A) > 0. This follows from

"Not all doctors benefit though, as we combine a decrease in «, with a decrease in ., to keep
the mean constant. As a result the least able active doctor, whose income is i, sees a decrease in
her income. Had we kept z.,;, constant so that a decrease in o, also increases the average generalist
income, then all doctors would have benefited.

10



the price gradient consumers face (equation 7) which follow from the prices low-quality
doctors charge — determined by the indifference condition for the lowest doctor z. —
and the pricing the high-quality doctors charged — which is determined purely by the
parameters of the utility function and the ability distributions. Specially, consider the
case in which a, (1 — B,)+ 5., (1 — X) > 0: a doctor in the right end of the tail servicing
a patient of income, x, earns \G,a, /(a.(1 — 5,) + B.a,)z. If the lowest quality doctor
were to charge the same, she would earn AS,a, /(. (1 — 5.) + .04 ) Tmin < Tmin, Which
would be insufficient to compensate her for not working as a generalist and earning
Tmin- Consequently, she must be charging a larger share of patient income, and since
everybody consumes the services of exactly one doctor, medical services are a necessity.
This is more likely to be the case when the number of patients a doctor can service, A,
is low or when a, > «, such that generalists have fatter tails than doctors and doctors
can charge a smaller part of patient income.

Welfare inequality. The lack of a uniform quality-adjusted price implies that
prices vary along the income distribution. Deaton (1998) argued that heterogeneity in
consumption patterns implies that people at different points of the income distribution
can face price changes that are different from that faced by a “Consumer Price Index-
representative household”. In the following we show that taking this into account implies
that a given increase in income inequality translates into a lower increase in welfare
inequality. The assignment mechanism implies that as inequality increases, the rich
generalists cannot obtain better health services (in fact they pay more for health services
of the same quality), this mechanism limits the welfare increase in inequality. Moretti’s
2013 work on real wage inequality across cities can be viewed as proposing a similar
assignment mechanism causing high earners to locate in high-cost cities.

To assess this formally, we use as a consumption-based measure of welfare the ho-
mogeneous good consumption eq () which, when combined with a fixed level of health
quality (namely z.) gives the same utility to the generalist as what she gets in the mar-
ket. That is we define eq (z) through u (z, eq (x)) = u (2 (z),c(x)). We then obtain (see
Appendix A.3):

Remark 1. For x large enough, the welfare measure eq is Pareto-distributed with shape

_ « dlnoeq 1 . . . .
parameter g = W so that Tho, = o5 implying that an increase in
az 1=z Qaz 1l—DPz

wequality for gemeralists’ income translates into a less than proportional increase in
their welfare inequality. The mitigation is stronger when health services matter more

(high B, ) or when doctors’ abilities are more unequal (low a ).
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Taking stock. Proposition 1 establishes the central theoretical result of our paper.
However, for the empirical analysis it is important to establish what assumptions are
necessary for the “spill-over” result and which are not. Consequently, in the following, we
first establish the necessity of the “non-divisibility” assumption by introducing brewers
who produce a divisible good, beer, and show that income inequality of brewers is
independent of that of generalists. Second, we show that the predictions of our model
are unchanged if we allow mobility across occupations such that high-earning doctors
can work as high-earning generalists. Third, in preparation for our empirical analysis, we
introduce a multi-region model. Naturally, without trade or migration between regions
top income inequality among doctors must be determined by local generalist income
inequality. However, this remains true even if we allow doctors to move across regions.
If we instead, allow for the cross-region trade of medical services income inequality for
doctors will be the same for all regions. This distinction between “local” services that
cannot be traded across regions and “non-local” services that can will be important for the
empirical section which is guided by local variation in general income inequality. Finally,
we allow doctors to consume medical services and use a more general utility function
and ability distributions that are only Pareto in the tail and show that the spill-over
effect survive, although it demonstrates that the prediction of a spill-over elasticity of 1

from Proposition 1 does not generalize.

2.1.2 The role of the assortative matching mechanism

To highlight the specificity of our mechanism, we add “brewers” to the system. Potential
brewers can produce the divisible good, beer. They differ in their ability such that
a brewer of ability y can produce quantity y of (quality-adjusted) beer. Their ability
distribution is Pareto with shape o, that is a brewer is of ability Y > y with probability

Ymin \
o= (220",
Y
and o, is kept constant. If potential brewers do not produce beer they produce
units of the homogeneous good. We modify the utility function such that u(z,c,y) =
2P=ct=P==PuyPv_ The first order condition for beer consumption together with a market
clearing equation determine the price of beers. As beer is divisible, the beer price p
must be taken as given by each producer and their income will simply be given by py.

As a result, the income of active beer producers is Pareto distributed with a shape

12



parameter ;. A change in inequality among generalists can only affect active producers
proportionately.® Moreover since beers are divisible, the distribution of the “real” income
inequality is unaffected by the presence of beer and the difference between nominal and
real income is only driven by the presence of doctors: Remark 1 still applies and o, does

not change. Consequently, divisibility is essential for spill-overs through consumption.

2.2  Occupational mobility

Above we assumed that a potential doctor working as a generalist makes the minimum
amount possible as a generalist: x,,;,. In reality it is quite plausible that those succeeding
as doctors would have succeeded in other occupations as well. To capture this we assume
that there is perfect correlation between abilities as a doctor and as a generalist. We
keep the model as before, except we assume that there is a mass 1 of agents who decide
whether they want to be doctors or generalists. We rank agents in descending order
of ability and use i to denote their rank (so that the most able agent has rank 0 and
the least able has rank 1). For two agents i and ¢ with ¢ < 4, ¢ will be better both
as a generalist and as a doctor than i/. We assume that both ability distributions are
Pareto with parameters (i, ;) for generalist and (2, ) for doctors. An agent
i can choose between becoming a generalist earning z (i) or being a doctor providing
health services of quality z (7) and earning w (z (7)). Those working as doctors also need
the services of doctors. We assume that A > 1 to ensure that everyone can get health
services. By definition of the rank we have that the counter-cumulative distribution

functions (1- the cumulative distribution function) for x and z obey:

For individuals of a sufficiently high level of ability, some will choose to be doctors
and others to be generalists. That is for ¢ low enough, agents must be indifferent between
becoming a doctor or a generalist: w (2 (i)) = x (i), which directly implies that, for z

high enough, the wage function must satisfy:

w(z) = 5;1 (G.(2)),

8 As showed in Appendix A.4, a decrease in a, increases p for parameters where all potential brewers
are actively producing beer. If the extensive margin of brewers is operative the (mean-preserving) in-
crease in income inequality will lower x,,;, and encourage a supply increase of brewers. As a consequence
the effect on beer prices, p, from a decrease in «, is ambiguous.

13



which — since both ability distributions are Pareto — can be written as:

w(z):xmm( : )az. (11)

Zmin

Doctor wages grow in proportion to what they could earn as a generalist.

Let w(z) € (0,1) denotes the share of individuals able to provide heath services of
quality z who are doctors. the share of agents with ability z that work as doctors. For z
sufficiently high that individuals of rank G, (z) and below and their patient work both

as generalist and doctors, market clearing implies

( i ) -/ Q) g (O dc, (12)

where m (z) denotes the income (earned either as a generalist or a doctor) of the patient
of a doctor of quality z.

The first order condition on health care consumption (3) still applies, and together
with (11) and (12) it implies that:

| n@agetig =t (fj— +1 f}z)_ :

Differentiating with respect to z, we obtain that p is a constant given by i = \®=~1 (3—; + %) o .
Intuitively, with a constant u, doctors’ wages grow proportionately with the patient’s
income, which is in line with the Cobb-Douglas assumption.

Therefore, we have that Py, (Wy > wy) = P(Z > w ! (wy)) for wy high enough
so that the observed distribution for doctor wages is Pareto with a shape parameter
a,: Proposition 1 still applies (in fact the distribution is now exactly Pareto above a
threshold). In Appendix A.7, we solve the full model and show that individuals of a
sufficiently low ability will all choose one occupation, while above a given threshold,
they work in both occupation but with a constant p. Further, if the distributions of x
and z are only asymptotically Pareto, then our results remain true asymptotically, so
that Proposition 1 applies.

Note, that in terms of observed top income inequality the model where agents can
move and the one where agents cannot are observationally equivalent: doctor top income
inequality perfectly traces that of the generalists. This is so because even when doctors

are not allowed to shift occupation, the relative reward to the very best doctors adjusts
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correspondingly with the shift for generalists.

2.3 DMobility and open Economy

So far we assumed a closed economy. With our empirical analysis driven by local varia-
tion in income inequality, we here consider an economy with more than one region and
analyze a case in which medical services can be traded between regions and a case in

which doctors can move across regions.

2.3.1 Tradable health care

We consider the baseline model of section 2.1. We now assume that there are several
regions, s = 1,..,.5 and we allow some patients (a positive share of generalists in all
regions) to purchase their medical services across regions to get health care services.
The distribution of potential doctors’ ability is the same in all regions (and so is the
parameter ). The other parameters, and in particular the Pareto shape parameter of
generalists’ income «, is allowed to differ across regions. The cost of health care services
must be the same everywhere, otherwise, the generalists who can travel would go to

the country with the cheapest health care. Since top talented potential doctors work

S
min

as doctors (instead of being generalists with income z2 ), they must all earn the same
wage. In all regions, the income distribution of patients is asymptotically Pareto with
parameter mina;, because at the very top, overall income income inequality follows the
income ineqliality of the most unequal region. Using a logic identical to that in section
2.2, we get that in all regions, doctors’ income is asymptotically Pareto with shape
parameter mine. In other words, income inequality for generalists in the most unequal
region spills Sover to doctors in all regions.

Empirically, whether the service provided is “local”, i.e. non-tradable or “non-local”,
i.e. tradable, will depend on the occupations of interest and we will use the results of

this section and the previous ones to guide our empirical analysis.

2.3.2 Doctors moving

Here as well, we consider the baseline model of section 2.1, but we now assume that
there are 2 regions A and B (although the results can be generalized) and that doctors
can move across regions, but that medical services are non-tradable and patients cannot

move (when doctors are mobile and medical services tradable the geographic location

15



of agents is undetermined and we have no empirical predictions). The two regions are
identical except for the ability distribution of generalists, which is Pareto in both but

with possibly different means and shape parameters.”

Without loss of generality, we
assume that a2 < a8, that is region A is more unequal than region B.

With no trade in goods between the two regions, we can normalize the price of
the homogeneous good to 1 in both. As doctors only consume the homogeneous good,
doctors’ nominal wages must be equalized in the two regions. As a result the price of
health care of quality z must be the same in both regions, which from the first order
condition on health care consumption, implies that the matching function is the same:
doctors of quality z provide health care to generalists of income m (z) in both regions.
Moreover, the least able potential doctor who decides to become a doctor must have the
same ability z. in both regions.

We define by ¢ (z) the net share of doctors initially in region B with ability at least
z who decide to move to region A. Then, labor market clearing in region A, implies that

for z > z.,
(2 /m ()™ = Mta (14 0 (2)) (a2 (13)

There are initially jig (2min/2)"* doctors with ability at least z in each region and by
definition, a share ¢ (z) of those move from region A to region B. Since each doctor
can provide services to A patients we obtain that, after doctors have relocated, the total
supply over a quality z in region A is given by the right-hand side. Total demand
corresponds to region A patients with an income higher than m(z), of which there are

P (X > m(z)). The same equation, replacing ¢ by —¢, holds in region B:

(2B ()™ = Mt (1= 9 (2)) (2min/ 2)° (14)

Since the two regions are of equal size, total demand for health services must be the
same and on net, no doctors move: ¢ (z.) = 0. On the other hand, most rich patients

are in region A (as a2 > of

), as doctor’s income increases with the income of their
patient, then nearly all the most talented doctors will eventually locate in region A, that
is: lim ¢ (z) = 1. Therefore, we obtain that in region A, the distribution of doctors’
abil?t_})foszter relocation is asymptotically Pareto, so that as in the baseline model, doctors’

income will be asymptotically distributed in a Pareto way with a shape parameter equal

90ur results directly generalize to a case where the two regions do not have the same mass of potential
doctors and generalists.

16



to al.

In region B, doctors of a given quality level earn the same as in region A. That is the
income of doctors initially in region B is still distributed in a Pareto way with coefficient
a2, However, after the move, the share of doctors that stay in region B decreases with
their quality. Using (13) and (14), we get that 1 — ¢ (2) gos(1-ad/ad), Therefore, the
ex-post talent distribution of doctors in region B is still Pareto but with a coefficient
o’ now given by o/, = a.a/a?. As in the baseline model, the distribution of income
for doctors who stay must be asymptotically Pareto with a shape Parameter o.1% We

obtain (formal proof in Appendix A.7.1):

Proposition 2. Once doctors have relocated, the income distribution of doctors in region
A is asymptotically Pareto with coefficient o, and the income distribution of doctors in

region B is asymptotically Pareto with coefficient 5.

Consequently, whether doctors can move or not does not alter the observable local
income distribution, although it does matter considerably for the unobservable local
ability distribution. Consequently, for our empirical analysis we need not take a stand on
which assumption is the most reasonable and we cannot empirically distinguish between
them using data on income inequality.

Finally, we show that our analysis does not depend on the simplifying assumptions
made in the baseline model of Section 2.1, although the result of Proposition 1 that the

spill-over must have an elasticity of 1 does not carry through.

2.4 Utility Function and Ability Distribution

2.4.1 Doctors consume medical services and ability distribution is only
Pareto distributed in the tail

We now alter the model so there is a mass 1 of agents a fraction, pg, of which are
potential doctors. The technology for health services is the same as before (and we now
assume that A > 1/u4). Agents not working as doctors produce a composite good which
we take as the numeraire. Contrary to the baseline model above all agents have the

same utility function (1).

10Ty see that there is no contradiction, note that the baseline model predicts that the income of

individual z, w (z) & z°¥ but

’
Qy Qz

Lz
“% = 2% s0 we also have w (z)  z°% and doctors do indeed earn the

same in both regions.
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The equilibrium results in a wage distribution. We assume that this distribution and
also the distributions of skills for potential doctors are asymptotically Pareto. Therefore

we can write

P.(X >2)=G, (@) G,z (z),

where G,z () is the conditional counter-cumulative distribution above T and G, (Z) is

the unconditional counter-cumulative distribution, and for x large enough we have
G, (2,7) ~ (T/2)™,

with a, > 1. The same holds for doctors’ talents z (moreover, potential doctors can
work as generalists with the lowest productivity o, as an alternative).

As before solving for the consumer problem leads to the differential equation (3).
Furthermore since health care services are not divisible, the equilibrium also features
assortative matching and we still denote the matching function m (z). Market clearing
at every z can still be written as (4). The least able potential doctor who actually works
as a doctor will have ability z. = @;1 (1/Apa). Therefore z. is independent of a,. As a
result we get that (4) implies that m (z) is defined by m (z) = @;1 (G.... (2)).

For z above some threshold, Z, both doctors’ talents and incomes are approximately

Pareto distributed, which allows us to rewrite the previous equation as:

Go (m (2)) (m (2) / (m ()™ ~ Gz, (2) (3/2)*

which gives

m (z) ~ Bz with B =m (z) (%); :

Plugging this in (3) we can rewrite the differential equation as:

5.
1_Bz

w(z) ~ B \par

w' (2) 2z + ~175

Therefore for z large enough, we must have (see Appendix A.5 for a rigorous derivation):

~ Bzax ZJ
w(z) ~ o (1= 5) T foos ABzas . (15)

From this we get (as above) that for w, large enough, doctors’ income is distributed
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according to

P(Wd > wd|wd > wd) ~ <%> , (16)

wq
that is doctors’ income follows a Pareto distribution with shape parameter «,. Proposi-

tion 1 still applies: a decrease in «, will directly translate into an increase in top income

inequality among doctors.

2.4.2 The role of the Cobb-Douglas utility function

We keep the same model as just introduced, but we replace the utility function of

equation (1) with:

u(z,0) = (8.2 + 802 ) an

with € # 1. As before, the first order conditions gives the differential equation:
Ou/dz = w' (z) Ou/oc. (18)

Since CES exhibit positive cross partial derivatives, we know that the equilibrium fea-
tures positive assortative matching. Therefore, with income and ability asymptotically
Pareto, the matching function still obeys (5). Using (17), combining (18) and (5), and
using that w (z) = Aw (z), we find that for high levels of z the wage function obeys a
differential equation given by

1
€

2t (B —w(n) (19)

w' (z) m A e

C

We solve for this equation in Appendix A.6 and we prove:

Proposition 3. i) Assume that € > 1. Then for a,, > v, wages of doctors are asymp-
totically Pareto distributed with exponential parameter o, = ay.. For a, < a,, wages of

doctors are asymptotically Pareto distributed with o, = W

ag

ii) Assume that € < 1. Then for a, > =, wages of doctors are bounded. For o, = 1=,

wages of doctors are asymptotically exponentially distributed. For o, < a, < =, they

For a, < ., they are asymptoti-

are asymptotically distributed with o, = m

ag €

cally Pareto distributed with o, = oy

Therefore, when doctors’” income distribution is Pareto, we still obtain that a reduc-
tion in a, leads to a reduction in «, (that is an increase in general top income inequal-

ity increases top income inequality among doctors), although the elasticity may now be
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lower than 1 (it can naturally not be asymptotically higher than 1 since that would imply
high-paying generalists spending more than their income on medical services). Further,
a decrease in «, also reduces the size of the parameter space for which doctors’” wage
distribution is bounded (which corresponds to a situation where top income inequality
for doctors is very low).

To understand intuitively the results of Proposition 3, consider first the case where
a, > «: that is where the tail of the ability distribution of generalists is fatter than that
of doctors, implying a shortage of doctors at the top. This must mean a convex pricing
schedule for medical services. If ¢ > 1, health services and the homogeneous good are
substitute, so that the expenditure share on health services declines with income. As a
result, w (z) cannot grow as fast as the income of the generalist who pays the services
of doctor z, namely m (z), which grows as z%azc, implying less income inequality among
the top doctors than the top generalists (a higher Pareto exponential parameter). On
the contrary if ¢ < 1, then richer generalists are forced to spend an increasing amount
(eventually all their resources) on health services, m (z) and w (z) grow at the same rate,
so that doctor’s income is Pareto distributed with coefficient «v,. The reverse holds when
doctors are relatively abundant at the top (i.e. when a, < a,), except that with ¢ < 1,

doctors’ income can even be bounded.

2.5 Empirical prediction

To summarize, our model makes the following predictions:

1. An increase in general inequality will lead to an increase in inequality for doctors

if they service the general population directly and their services are non-divisible.

2. This is true, whether doctors can move across regions or not, and whether doc-
tors’ ability is positively correlated with the income they would get working in

alternative occupations or not.

3. If patients can easily travel, doctors’ income in each region does not depend on

local income inequality.
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3 Empirical Strategy and Data

3.1 Empirical strategy

We are centrally interested in the causal effect of general top income inequality in a
region s on the top income inequality of a particular subgroup ¢ in region s. Since our
data are top censored, we make the distributional assumption that the right tail of the
income distribution is Pareto distributed: P(X > z) = (x/2pm)”“ above some cut-off
Tmin and use 1/a as a our measure of income inequality. Specially, for such a distribution
the relative income of somebody at the 99th percentile relative to somebody at the 95th
percentile is 5% and the Gini-coefficient is (2 — 1)7'. Guvenen, Karahan, Ozkan,
and Song (2015) and Jones and Kim (2014) also employ 1/a as a measure of income
inequality.

Using this, the regression of interest is:
log(l/aoﬂf,s) = ’YS + 7t _I' BlOg(l/a—o,t,s) + Xt,sé + Eo,t,87 (20)

where 1/a, s is top income inequality for occupation 7 at time ¢ for geographical area s
and 1/a_,; s is the corresponding value for the general population except i at time ¢ in
geographical area s, v, is a dummy for the geographical area, ; is a time dummy, and
X s are a vector of controls, in particular population of labor market area and average
income. We are centrally interested in 8 which measures the elasticity of top income
inequality for our occupation of interest with respect to the general income inequality.
We will focus on labor market areas, which are aggregations of commuting zones (Dorn,
2009) and can generally be driven through in a matter of a few hours, i.e. Los Angeles
or New York City. Central results carry through if we instead use States as the unit of
analysis.

We focus on a number of occupations, but are limited by the fact that our analysis
requires a relatively high number of observations. We split these occupations into two
groups: First, we focus on occupations whose output is non-divisible and who primar-
ily operate in local markets: physicians, dentists and real estate agents. Admittedly,
some patients do travel for special medical treatment. To the extent that this creates an
integrated market, this would create a downward bias in our estimate of the spill-over ef-
fects. We contrast these with other occupations who have also seen increases in income

inequality, but that do not satisfy these conditions: college professors who, although
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they do provide a non-divisible, do not operate in a local market (at least not in the
right tail of the distribution), secretaries, who although they do operate in local mar-
kets do not service the general population directly, and financial managers. According
to the Standard Occupational Classification scheme financial managers “Plan, direct, or
coordinate accounting, investing, banking, insurance, securities, and other financial ac-
tivities of a branch, office, or department of an establishment.” Hence, such fall into two
categories: those who manage financial matters for corporations and who are unlikely
to be affected by higher local income inequality, and those that manage the financial
means of private individuals who are likely to operate in more integrated markets. In
either case we expect to see no local spillover effect. Figure 2 shows the increase in the
99th / 90th percentile for selected occupations and demonstrates that the increase in
within-occupation top income inequality is a trend outside of the very top of the income
distribution as well.

We will use estimate (20) using the Publicly available Decennial Census and American
Community Survey to estimate both 1/a,;s and 1/a_,; . This allows us to examine
the time period 1980 to 2014 and consider a relatively broad set of occupations. Due to
possible concerns about endogeneity we will use an instrumental variable approach, using
a “shift-share” instrument (following Bartik, 1991) based on the occupational distribution
across geographical areas in 1980. We first show some summary statistics in Section 3.3.
We then perform our regression analysis on the income data in Section 4. A number of

plots are contained in the Data Appendix D

3.2 Income data

Our central data set is a combination of the Decennial Census for 1980, 1990 and 2000
and add the IPUMS Combined American Community Survey (ACS) for 2010-2014 as
one year, which we will henceforth refer to as 2014 (Ruggles et al. 2015).!* This leaves us
with between 5.4 million observations in 1980 and 7.4 million observations in 2014 with
positive wage income. We use 2010-2014 as opposed to the perhaps more natural 2008-
2012 to avoid the immediate aftermath of the Great Recession which had large impact
on top income. IPUMS does have data from farther back but it is a substantially smaller

sample and we exclude it from the analysis. Throughout we use the 1990 census occupa-

" The Decennial Censuses are each 5 per cent of the population, whereas the ACS each are 1 per
cent. Combining the years 2010-2014 creates an ‘artificial’ sample of 5 per cent for 2014. The IPUMS
inflates all numbers to 2014 using the consumer price index.
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tional classification from IPUMS which consistently assigns occupations throughout the
1980-2014 period. The publicly available income data are censored, generally at a level
at around top 0.5 per cent of the whole income distribution, which complicates our es-
timation of the parameter of the Pareto distribution.'? In particular, suppose X follows
a Pareto distribution P(X > ) = (Z/Zmin) %, but the observed wage is & = maz{z, 7}
for some censoring point, . Then we can write the maximum likelihood function as:
Wicnr,, .x™ @Ot g8 (T /2, )~ Neen | where Ny, is the set of uncensored observations and
Neen is the number of censored observations. Armour, Burkhauser and Larrimore (2014)
use the same methodology on the Current Population Survey (March edition) to show
that trends in income inequality match those found by Kopczuk, Saez and Song (2010)
using uncensored social security data. The resulting maximum likelihood estimate is

l _ Ziej\func 10g(%i/Tmin) + Neenlog(ZT/Tmin) (21)

A~ )
(0% Nunc

where N,,. is number of uncensored observations. Note, that even without the assump-
tion of a Pareto distribution, equation (21) is a measure of income inequality: It is the
average log-difference from the minimum possible observation for the uncensored obser-
vations plus the product of the relative number of censored observations times the log
distance of the censoring point to the minimum. This will be our measure of income
inequality throughout.

In estimating equation (20), we will (for some specifications) control for average

income and population.

3.3 Summary statistics

We will be focusing on the combined pre-tax wage and salary income throughout.!?

Table 1 below shows the mean, median, 90th, 95th and 98th percentile for for positive
wage income for each year all in 2014 dollars (we choose 98th as the censoring doesn’t
allow for the calculations of 99th for all years). As discussed in the introduction, income

inequality measured as the ratio of the 98th to 95th percentile or the ratio of the 95th

128pecially, the censoring takes place at 75,000 for 1980, 140,000 for 1990, 175,000 for 2000 and at the
99.5 pct ratio at the state level for each individual year 2010-2014. What information is given about
the censored variables varies from year to year.

13The census includes other measures of income, in particular business income which would be relevant
for some occupations. Unfortunately, since wage income and business income are censored separately
estimating a joint distribution for the two would be substantially more complicated. We are in process
of getting access to the full uncensored data which would allow us to use total income.
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to the median has increased during the period. The table also shows the estimate of
1/« on the top 10 per cent of observations with positive wage income for each year and
the 98/95th and 95/90th ratios from the estimated Pareto Distribution in parentheses.
There is a high level of agreement between the predicted and the actual ratios consistent
with a good fit of the Pareto distribution.

Although the censoring point is sufficiently high to allow standard measures of top
income inequality to be calculated for most occupations, the high average income of
some occupations leads to a larger share being censored. Whereas the censoring has
little impact on the overall distribution, slightly more than 26 per cent of Physicians with
positive income are censored in 2000. This implies that we cannot calculate measures
of income inequality using high percentiles. But we can still calculate 1/« using the
assumption of a Pareto distribution. Table 2 shows the result using the top 65 per
cent of the uncensored observations.!® Consistent with Figures 1, 1/« has increased
for most occupations in the top during this period. Table D.1 in the Appendix shows
the calculated measures of income inequality (using top 10 per cent of the population)
for a number of other occupations along with the fraction of observations with positive
income that are censored. The table shows the same general trend, but with some notable
exceptions. In particular there has been little upward trend in top income inequality for
truck drivers, sales people, and computer software developers, but substantial increases
for financial managers and chief executives.!> Table D.2 shows which occupations were
in the top 1, 5 and 10% for 1980 and 2014. What is particularly noteworthy is that
Physicians are increasingly important in the high end of the income distribution and
that this importance has grown from 1980 to 2014. In fact, Physicians are the most
common (Census) occupation in the top 1% in 2014.

Each observation in the data is associated with a particular geographical area (for
1980 ‘County groups’ from 1990 onward ‘Public Use Microdata Area’). As argued in
Dorn (2009) these are statistical areas created to ensure confidentiality and have little
economic meaning. Alternatively, one could use states, but some local economies, say

greater New York City or Washington D.C. span several states, some states are too

4 Throughout the paper we follow the following rule of thumb when calculating occupation, year, labor
market specific measures of income inequality: If there are very few censored observations —say for
secretaries— we use the top 10 per cent of the distribution. For occupations that are heavily censored
— physicians and dentists — we move the cut-off until we have around twice as many uncensored
observations as censored for all labor market areas we use. For Physicians that is the top 65 per cent,
for dentists it is top 50 per cent and for Real Estate agents it is top 20 per cent.

5Table D.2 in the appendix shows the 10 most prominent occupations in the top 1, 5 and 10% of the
population for 1980 and 2014.
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large to meaningfully capture a local economy and some states are too small to have
sufficient number of observations. Dorn instead uses commuting zones of which there
are 741. We take a similar approach but use labor market areas. Both commuting zones
and labor market areas are defined based on the commuting patterns between counties
(Tolbert and Sizer, 1996). But whereas commuting zones are unrestricted in size, labor
market areas aggregate commuting zones to ensure a population of at least 100,000.
Given that our estimation strategy relies on a relatively high number of observations of
a particular occupation, labor market areas are a more natural choice. Table 3 shows
the size distribution of number of total observations with positive wage income and
physicians with positive wage income across labor market areas.

To asses the fit of the Pareto distribution at the labor market area, year, occupation
level, we use the fact that a Pareto distribution implies a linear relationship between
value and frequency. Figure 3 shows this relationship for the biggest labor market area
for both all occupations (Los Angeles) and physicians specifically (New York City). The
line shows the predicted number of observations in each bin whereas the orange dots
give the actual number of observations in each bin, both on the left hand side. The right
hand axis gives the corresponding values for the censored values, scaled to ensure that
the predicted censored values are on the same line as the uncensored predicted values.'6

Figure 3.a below uses the biggest labor market area (Los Angeles) for the year 2000
and bins the income interval between that of the 90th percentile and the censoring point
of 175,000 into 20 evenly sized bins and plots the (linear) predicted number of observa-
tions from the associated Pareto distribution with the observed number of observations
in each bin (the choice of bins in the figure does not influence any estimation results).
The figure further shows the actual and predicted number of censored observations on
the right hand side scaled to fit a linear line. The fit for the general population is very
close to a straight line and therefore a Pareto distribution. We perform an analogous
analysis for the physicians (where New York City is the biggest labor market), although
with the lower number of observations overall and the much higher number of censored

observations we use the top 65 per cent of the positive uncensored observations.!” The

16Formally, we use the fact that for a dataset with N observations on wages drawn from a Pareto
distribution P(X > &) = (2/mim)~* with a corresponding pdf of f(z) = ax= @tz . the expected

N
number of observations that have wage income in the interval [z'— £, 2/+ 5] is Ny = N ff, jﬁ f(z)dz ~
@ —4

NAaz~(@thge  siving a negative linear relationship between logN,» and logx. The predicted number
of censored observations is P(X > &) = (Z/xmin)”~* to which we (arbitrarily) assign the value z + A /2
and scale to fit on the same predicted line.

1"Though we carry out the main analysis using the top 65% of observations, Table B.5 in the Appendix

25



fewer observations implies a fit that is less tight, but there are no systematic deviations
from the straight line. Figures D.1 and D.2 in the Appendix give equivalent figures for
the 20 biggest labor markets in the United States.

3.4 Instrument

One might worry about endogeneity when estimating equation (20). In particular, even
controlling for labor market area and year fixed effects, a positive correlation between
general income inequality and income inequality for a specific occupation might reflect
deregulation, changes in the tax system or common local economic trends and not reflect
a causal effect from general income inequality to inequality for the occupation of interest.

To address this issue, we use a Bartik (1991)-style instrument. Namely we define:

l0g] o =10g | Y wenosos(1/any)| , fort = 1980, 1990, 2000, 2014.

keEK_,

K_, is the set of the 20 most important occupations in the top 5 per cent of the in-
come distribution nationwide in 1980 (excluding occupation o). wy 19805 is the share of
individuals in occupation x among individuals in an occupation belonging to K_, in
1980 in LMA s. In other words our instrument is a weighted average of nationwide
occupational inequalities for the most important occupations in the top of the income
distribution, where the weights correspond to the initial occupational composition of each
LMA. The instrument has strong predictive power: the correlation between logl_,; ; and
log(1/a_,t+s) for Physicians is between 0.39 and 0.55 for each year (depending on the
number of LMAs considered). It is practically the same for all occupations as each occu-
pation represents a relatively small share of total top income holders.'® In other words,
in the IV regression we only exploit the changes in labor market income inequality that
arises from the occupational distribution in 1980 combined with the nationwide trends
in occupational inequality. Furthermore, by using nationwide trends, our instrument is
more likely to capture the effects of globalization, technological change or deregulation,
which affect local inequality but are exogenous to the LMA, which is in line with a

decrease in «a, in our theoretical model.

shows that the parameter estimate is relatively insensitive to the choice of cut-off.
18The qualitative conclusions of our analysis remain unchanged by using a different number of top
occupations than 20, although the point estimate of 5 is somewhat sensitive.
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4 Empirical Analysis

4.1 Testing the model for occupations with positive predicted
spill-overs

Having estimated the Pareto distributions described above we next estimate equation
(20). We start out by conducting the analysis for physicians. Table 4 presents summary
statistics for the regressors of interest. We restrict ourselves to the biggest 253 labor
market areas — those with at least 8 observations of physicians in 1980 — for a total of
1,012 observations. Table B.6 moves this cut-off between the top 100 LMAs and using
all. The parameter estimate, 3, remains significant and between 0.8 and 1.7.

The result is shown in Table 5.1 The first column shows an OLS regression of
physicians’ income inequality on general income inequality including year and LMA
fixed effects and shows an elasticity of around 1/3. To take account of the fact that the
variables of the estimation are themselves estimated, confidence intervals are calculated
using bootstrap sampling, stratified at the occupational-labor market area-year level
using 300 replications.?® This estimate remains unchanged in column (2), where we
include controls for labor market population and the average wage income among those
with positive wage income. Neither control has a significant impact on physicians’ income
inequality. Column (3) shows the first stage of the instrumental variable regression using
the instrument as constructed in (21). The instrument has a strong predictive power
and along with the time trends accounts for 82 percent of the variation in the variation
for general income inequality (R? is computed excluding the LMA fixed effects). The
F-statistic for the first stage is 40 for our preferred specification and higher than 20
for all regressions in this paper. The fourth and fifth columns give the second stage IV
results, which show point estimates of the coefficient of interest of 1.19 or 1.33 depending
on controls. This is strongly significantly different from 0, and not significantly different
from the predicted value of 1 from the simplest model of Section 2.1. With our measure
of general top income inequality increasing by 27 percent and top income inequality for

physicians increasing by 31 percent (Tables 1 and 2) an elasticity of 1 suggests that a

90ne can show that the inverse of the variance of the MLE estimator of equation 21 is proportional
to the number of uncensored observations and we correspondingly weigh the equation by the number
of uncensored observations of physicians.

20That is for each draw we resample person-observations, recalculate the a’s and reestimate the
regressions. For computational reasons we do restrict attention to the top end of the redistribution,
i.e. we only resample from top 10 per cent of the income distribution in a given labor market area to
calculate general income inequality.
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large share of the rise of income inequality among doctors can be explained by the general
increase in income inequality, although the exact fraction is measured with uncertainty.
Moreover, note that neither the controls nor the year fixed effects are significant in the
IV regressions, which is consistent with our mechanism explaining most of the changes
in income inequality for doctors.

The medical industry in the United States is not perfectly described by the simple free
market model of Section 2.1: the government plays a substantial role through Medicare
and Medicaid, the insurance sector has an important role as an intermediary, there
is substantial asymmetric information between patients and doctors and patients are
often willing to travel to seek medical attention. However, these features are unlikely
to substantially affect our analysis. The government sets administrative prices for those
whose care it pays for directly, but providers’ negotiations with private insurers generally
lead to higher prices (Clemens and Gottlieb, forthcoming) . Even in the presence of
asymmetric information, patients often have clear beliefs about who the “best” local
doctor in a special field is (even though these beliefs may be incorrect). And although
patients occasionally travel for care, a patient in Dallas is vastly more likely to seek
medical care in Dallas than Boston. Furthermore, our empirical strategy more heavily
weights large metropolitan areas, which are more likely to have a full portfolio of medical
specialties implying less need to travel. Finally, the extent to which the medical industry
is described by a national market would bias our parameter estimate downwards, but
we still find a significantly positive effect.

Nevertheless, we analyze two other occupations that are much less regulated and
more local: dentistry and real estate. We perform an analogous examination of dentists
in table 6 and reach broadly similar conclusions. Again we focus on labor market areas
with at least 8 observations in 1980, which severely reduces the number of labor market
areas from 253 to 40. Yet, we see a pattern broadly similar to that of physicians, albeit
with less precision (the OLS coefficients have p-values of 12 per cent). Both OLS and
IV point estimates are around twice as high for dentists as for physicians. Though this
might reflect the fact that dentistry is more local and prices are less regulated, the point
estimates are not significantly distinct and we cannot rule out a difference purely due
to sampling error. With a spill-over elasticity of 2.8 and a rise in income inequality for
dentists that has mirrored that of the general population we substantially “over-explain”

the rise in income inequality for dentists, though with this few observations there is
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substantial imprecision in the estimate.?!

Finally, we use an occupation outside the medical industry: real estate agents. The
fee structure in real estate is often proportional to housing prices (Miceli, T., Pancak,
K. and Sirmans, C., 2007) and the increase in the spread of housing prices is consistent
with the increase in income inequality (Mé&étténen and Tervio, 2014). Real estate is
a difficult business to scale up, as each house still needs to be shown individually and
each transaction negotiated separately. Consequently, one would expect to see spill-over
effects from general income inequality to real estate agents. Table 7 shows that this is
indeed the case. Though the OLS estimates are somewhat lower than for the physicians,
the IV estimates are very close. Income inequality for Real Estate agents has increased
from 0.45 to 0.69, an increase of 50%. With general income inequality increasing by
around 27% the IV estimate suggests that more than half the increase in agents’ income

inequality can be attributed to the general increase in income inequality.

4.2 Testing the model for occupations with zero predicted spill-

overs

Whereas our theory predicts local spill-over effects from general income inequality to the
income inequality for occupations such as physicians, dentists and real agents it predicts
no such spill-overs for other occupations. We perform analogous regressions for financial
managers, who, as argued above, do not fit the conditions required for local spill-overs.
Table 8 shows that this is the case. Though the OLS estimate is positive, the IV estimate
is close to zero (and in fact the point estimate is now negative). This also shows that
spurious correlation between general inequality and occupational inequality at the local
level is likely but that our instrument can address this concern.

Finally, we perform the analysis for two other occupations with substantial increases
in top income inequality from Figure 2 but where our model predicts to spill-overs:
College Professors and Secretaries.?? Universities with faculty in the top 10% operate in

a very national market and secretaries are not hired by private citizens. In either case

2'We also perform the analogous analysis on nurses for whom top inequality has grown as well (See
Figure 2) though it is less clear that our model would apply to this occupation. Whereas the OLS
estimates are similar to physicians, the IV estimate is lower and estimated with more imprecision and
we cannot clearly establish spill-overs as a cause for the increase in income inequality for nurses. See
Table B.1 in Appendix B.1 for details.

22There is a data break in the IPUMS data: For 1980 to 1990 Post-Secondary teachers (those teaching
at higher level than high-school) are partly categorized by subject of instruction (code 113-154). From
2000 onward they are not. We collapse all codes 113-154 into 154 for 1980 to 1990.
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we see no effect. See Tables B.2 and B.3.

Interestingly income inequality for secretaries correlates strongly with income in-
equality for “Chief Executives and Public Administrators” in an OLS regression. Though
we cannot establish causality this is consistent with a theory analogous to the one pre-
sented in 2.1 where CEOs compete for the most skilled secretaries. At slightly more than
10% the implied elasticity is substantially lower than for other occupations considered
here. See Table B.4 in the Appendix.

It is important to distinguish the predictions of our theory of consumption-driven
spill-overs with alternative theories of spill-overs through increased demand for skill in the
local labor market. Even if these were driven by the original distribution of occupations,
and therefore captured by our instrument, one would expect income inequality to spill
over broadly into other occupations. In contrast, our theory predicts that this will only
happen for a subset of occupations, in particular those that provide non-divisible local

services, in line with the empirical evidence.

5 Conclusion

In this paper, we established that an increase in income inequality in one occupation can
spill over through consumption to other occupations, such as physicians, dentists and
real estate agents, that provide non-divisible services directly to customers. We show
that changes in general income inequality at the level of the local labor market area
do indeed spill-over into these occupations. We distinguish this with other occupations
that have seen rises in top income inequality, but that either do not fit the conditions or
operate in a national labor market such as financial managers and college professors and
show that there are no spill-over effects. This contrasts our consumption-driven theory
with different theories of changes in the relative demand for skills which would predict
broader spill-overs of income inequality.

The magnitude of the estimate suggests that this effect may explain most of the
increase in income inequality for occupations such as doctors, dentists and real estate
agents. As a result, the increase in top income inequality across most occupations
observed in the last 40 years may not require a common explanation: in particular,
increases in inequality for, say, financial managers or CEOs because of deregulation or
globalization may have spilled over to other occupations in the top causing a broader

increase in top income inequality.
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Further, even though our analysis has been purely positive, it clearly has normative
implications, that we plan on exploring in future work. In particular, our analysis could
be relevant to the study of top income taxation (see for instance, Scheuer and Werning,

2015).
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Figure 1: Relative income of top 0.1% to top 1% of income distribution for selected occupa-
tions
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Notes: Relative earnings of those in the top 0.1% compared with those in top 1% across occupations for
selected occupations “All” refers to all in the top 1% or top 0.1%, not just the occupations shown here.
Source: Bakija, Cole and Heim (2012)
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Figure 2: The ratio of the 99th to 90th percentile for selection occupations
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distribution as well as for college professors.
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Figure 3: Fit of the Pareto Distribution for the year 2000
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Table 1: Wage income 1980-2014 for general population

percentile p95/p90 p98/p95
Year Median p90 p95  p98  (predicted) (predicted) 1/
1980 25.9 68.1 85.2 1149 1.25(1.26) 1.35( 1.35) 0.33
1990 290 76.1 96.8 137.6 1.27 ( 1.30) 1.42 ( 1.42) 0.38
2000 33.0 839 1114 165.0 1.33 (1.32) 1.48 ( 1.44) 0.40
2014 30.5 90.0 120.0 177.9 1.33 (1.34) 1.48 ( 1.47) 0.42

Notes: Real wage income for observations with positive income (1000s of 2014
dollars using CPI). p95/p90 is the relative income of top 5 and top 10 per cent
(predicted values in parenthese). Censoring prevents the calculation of 99th
percentile wages

Table 2: Wage income 1980-2014 for Physicians

Year median 1/a  p95/p90 (pred)

1980 100.6  1.29 1.71
1990 126.8 1.49 1.59
2000 1375 1.58 1.55
2014  160.9 1.70 1.50

Notes: Real Wage Income (1000s of
2014 dollars using CPI) calculation
of a uses top 65 per cent of non-
censored positive income

Table 3: Number of observations across labor market areas

All Physicians
Year Mean 25th Median 75th Mean 25th Median 75th
1980 39584 17500 24560 37269 70 17 28 54
1990 43772 21207 29393 43286 89 22 37 70
2000 47541 21829 31786 46297 105 26 42 87
2014 51495 22789 34212 49489 138 29 56 115

Notes: Number of observations for labor market areas (all and physicians)
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Table 4: Summary Table For Regression Variables

Variable Obs. Mean Std. dev. Min Median Max
Physicians
log(1/a(0)) 1,012  0.28 0.50 -2.17 0.33 2.34
log(1/a(—0)) 1,012 -1.11 0.14 -1.60 -1.10  -0.70
log(T) 1,012 -1.00 0.06 -1.25 -1.00 -0.84
Dentists
log(1/a(0)) 160  -0.22 0.33 -1.11 -0.22 0.91
log(1/a(—0)) 160  -0.98 0.14 -1.34 -0.96  -0.67
log(I) 160  -0.96 0.06 -1.14 -0.95 -0.81

College Professors

log(1/a(0)) 703 -1.67 0.55 -7.10  -1.60  -0.60

log(1/a(—0)) 704 -1.05 0.14 -1.49  -1.04 -0.66

log(I) 704 -0.96 0.07 -1.24  -096  -0.72
Financial managers

log(1/a(0)) 1421 -1.76 181  -1646 -141  0.72
log(1/a(—0)) 1432 -1.08 015  -1.64 -1.07 -0.58

log(T) 1,432 -0.98 0.07 -1.26 -0.98  -0.79
Real estate sales occupations
log(1/a(0)) 1,448 -0.41 0.32 -3.32 -0.38  0.72
log(1/a(—0)) 1,448 -1.08 0.15 -1.58  -1.08 -0.60
log(I) 1,448 -1.00 0.07 -1.25  -1.00 -0.79
Secretaries
log(1/a(0)) 1,576  -1.55 0.27 -2.60  -1.55  -0.49
log(1/a(—0)) 1,576 -1.08 0.15 -1.63  -1.07  -0.58
log(T) 1,676 -0.98 0.08 -1.26  -0.98  -0.77

Notes: For labor market areas with at least 8 uncensored observa-
tions for MLE estimation.
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Table 5: Regression Table for Physicians

O ) G) @ ©)
OLS OLS 1st Stage 2S5LS 2SLS
log(1/a(o)) log(1/a(0) log(1/a(~0)) log(1/a(0)) log(1/a(o))
log(1/a(—0)) 0.347%** 0.32%* 1.19%* 1.33%*
[0.06,0.50] [ 0.05, 0.49] [0.35, 2.20] [0.38, 2.46]
Instrument 1.067%**
[0.91, 1.23]
Log of Population -0.02 -0.09%** 0.10
[-0.13, 0.08] [-0.11,-0.08] [-0.06, 0.23]
Log of Income 0.12 0.06%** 0.06
[-0.04, 0.24] [0.04, 0.09] [-0.13, 0.17]
1990 0.09%** 0.02 -0.03%%* -0.01 -0.07
[0.07,0.14]  [-0.06,0.15]  [-0.06-0.01]  [-0.12, 0.11] [-0.20, 0.09]
2000 0.10%** -0.01 0.10%** -0.09 -0.20
[0.07,0.17]  [-0.13, 0.19] [0.07, 0.12] [-0.32, 0.11] [-0.44, 0.08]
2014 0.217%** 0.06 0.06** -0.00 -0.15
[0.17,0.28]  [-0.09,0.31]  [0.01, 0.09] [-0.24, 0.20] [-0.41, 0.20]
LMA FE Yes Yes Yes Yes Yes
R? (ex. LMA FE) 0.21 0.21 0.82 . .
Observations 1,012 1,012 1,012 1,012 1,012

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table 6: Regression Table for Dentists

(1) (2) (3) (4) (5)
OLS OLS 1st Stage 2SLS 2SLS
log(1/a(o)) log(1/a(o)) log(1l/a(—o)) log(1l/a(o)) log(1/a(0))
log(1/a(—0)) 0.60 0.54 2.17* 2.77*
[0.12,1.21]  [-0.16, 1.20] [-0.11, 3.79] [-0.19, 5.20]
Instrument 1.66%**
[1.20, 2.04]
Log of Population -0.04 -0.12%** 0.30
[0.35,0.35]  [-0.14,-0.08] [0.21, 0.83]
Log of Income 0.42 0.03 0.38
[-0.15, 0.85) [-0.01, 0.08] [-0.20, 0.87]
1990 -0.20%* -0.47** -0.10** -0.42%* 1.56%*
[-0.30,-0.04]  [-0.80,-0.05] [-0.17,-0.02] -0.66,-0.07] [0.36, 2.58)
2000 -0.17 -0.60 0.11%** -0.56* 0.77**
[-0.34,0.04]  [-1.11, 0.07] [0.03, 0.17] -0.97, 0.03] [0.19, 1.30]
2014 -0.38%** -0.92** 0.04 -0.79** 0.38%**
[0.55-0.15]  [-1.57,-0.09]  [-0.06, 0.13] [-1.24,-0.19] [0.15, 0.58]
LMA FE Yes Yes Yes Yes Yes
R*(ex. LMA FE) 0.19 0.20 0.87 . )
Observations 160 160 160 160 160

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table 7: IV Regressions for Real Estate Agents (top 20 per cent)

0 2 G) @ &)
OLS OLS 1st Stage 2S5LS 2SLS
log(1/a(0))_log(1/a(0)) los(1/a(~0)) lox(1/a(0)) __lox(1/a(o)
log(1/a(—0)) 0.17* 0.17* 1.02% 1.32%*
[0.03,0.30]  [-0.03, 0.30] [0.20, 2.09] [0.29, 2.56]
Instrument 0.647%%*
[0.51, 0.76]
Log of Population 0.05%* -0.04%** 0.11%**
0.00,0.10]  [-0.05,-0.03] [0.04, 0.20]
Log of Income 0.23%%* 0.03%* 0.19%*
[0.13,0.33] [ 0.00, 0.05] [0.08, 0.31]
1990 0.01 -0.14%%* 0.03*** -0.09 0.57***
[0.01,0.04]  [0.21-008)  [0.01,0.05  [-0.21,0.01] [0.34, 0.90]
2000 0.06%** -0.20%%* 0.18%** -0.13 0.31%%*
[0.01,0.10]  [-0.30-0.100  [0.15,0.20]  [-0.38, 0.04] [0.19, 0.50]
2014 0.01 -0.30%** 0.17%** -0.20%* 0.14%%*
[0.03,0.06]  [-0.43-0.19]  [0.14,0.20]  [-0.48,-0.01] [0.10, 0.19]
LMA FE Yes Yes Yes Yes Yes
R2(ex. LMA FE) 0.05 0.05 0.82 . .
Observations 1,448 1,448 1,448 1,448 1,448

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table 8: Regression Table for Financial Managers (top 10 per cent)

(1) (2) (3) (4) (5)
OLS OLS 1st Stage 2SLS 2SLS
log(1/a(0)) log(1/a(o)) log(l/a(—o)) log(1/a(o)) log(1/a(0))
log(1/a(—0)) 0.27%%* 0.27%5* -0.25 -0.29
[0.10,0.37] [ 0.08, 0.36] [1.13, 0.57] -1.23, 0.58]
Instrument 0.78%**
[0.64, 0.90]
Log of Population 0.00 -0.06*** -0.04
0.07,0.06]  [-0.08,-0.05] -0.11, 0.06]
Log of Income 0.04 0.03%%* 0.05
[0.06, 0.13] [ 0.01, 0.05] [:0.05, 0.13]
1990 0.05%** 0.03 0.01 0.12** 0.09
[0.03,0.08  [-0.03,0.10]  [0.02 003  [0.020.21] [-0.03, 0.20]
2000 0.14%** 0.11** 0.15%** 0.26** 0.22%*
[0.12,0.19]  [0.0L,0.22  [0.13,0.18  [0.08, 0.44] [ 0.00, 0.40]
2014 0.18%** 0.13** 0.13%** 0.31%** 0.26**
[0.15,0.22]  [0.01,0.28  [0.10, 0.16] [0.11, 0.51] [0.01, 0.46]
LMA FE Yes Yes Yes Yes Yes
R2(ex. LMA FE) 0.31 0.31 0.80 . .
Observations 1,432 1,432 1,432 1,432 1,432

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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A Appendix: Theory

A.1 Positive assortative matching in equilibrium

Here we show that the equilibrium must feature positive assortative matching between
the income of the patient and the skill of the doctor. To do so, we assume that there
are 2 individuals 1 and 2 with income x; < x5 whose consumption bundles are so that
21 > 29 and ¢ < ¢o. For simplicity we write the utility function as a function of health
services and the income left for other goods (z — w (2)).

Note that since consumer 1 chooses a doctor of quality z;, it must be the case that:
u(zy, 1 —w(z1)) > u(ze, 21 —w(22)).
Further, we have:

u (21,9 —w(z1)) — u (29,22 — w(29))
=u(z,00—w(z1)) —u(z, 21 —w(z1)) +u(z, 01 —w(z1)) —u (22,21 —w(22)) + u(ze, 21 —w(22)) —
v2=w(z) oy ou
= — (21,¢) — =— (29, c)) +u(z, 21 —w(z1)) —u(ze, 71 —w(22)).
/xlw(zl) <aC dc
If the utility function has a positive cross-partial (which is the case for a Cobb-Douglas),
then the first term is positive as z; > 2. Since the second term is also weakly positive,
then it must be the case that w (21,22 —w(21)) > w (22,22 —w(22)), in other words,

consumer 2 would rather pick a doctor of ability z;. Therefore there is a contradiction

and it must be the case that z; < 2.

A.2 Solving (6)

We look for a specific solution to(6) of the type w (z) = Kz . We find that such a K,

must satisfy

Oz

Ko B0z (l)aw
CMMa (-8 e =)
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8
fzﬁzw (z) = 0 are given by Kz~ 1-5=

for any constant K. We get that all solutions to (6) take the form:

As the solutions to the differential equation w’ (2) z+

xminﬁzaaj)\ z %i — Bz
= — K 1-8z |
w(z> ay (1 _5,2) +ﬁzaz (Zc) * ©

We then obtain (7) by using that w (z.) = &y, which fixes

fz (0% (1 - Bz) + Bzam (1 - )\)
K = min c1 - .
v - (075 (1 - ﬁz) + ﬁzax

A.3 Proof of remark 1

Using (1), (2), (5) and (10), we get that the utility of a generalist with income z is given
by

u(@) = (z—h(@) % (m™ ()™

B a, (1-0.) Lo (1= 5.)+ Beay (1= N) r \ TR o z \ o
B ay (1 - 52) + ﬁz@mx a X Q. (1 - 52) + Bzaac Fmin (m) . (xmin)

Therefore eq (x) obeys

Bz

_ox Bz ar
6q(a:): (Oé (Oéz(l_ﬁz) x_lOéz(l—ﬁz)‘i‘ﬂzOéw(l—)\)xmin( X ) az —ﬁ2> ( T )az —Bz’

1— ﬁz) + ﬁzax )\ (0% (1 - ﬁz) + ﬂzax min Lmin

which implies that for x large enough

_og Bz

( ) ay (1 B 62’) xmi(;z e
eqlr)~

1 o (1 _6z)+ﬁza:c

ag Bz
1+ oz 1-B2 .

T

Then the distribution of real income obeys Pr (EQ > €) = Pr(X > eq ! (e)), so that for

e large enough, we obtain:

Lminz (]- - 57;) 1 1+L§Z Bz
Pr(EQ >e¢) =~ — ) e
Therefore asymptotically, real income is distributed in a Pareto way with a shape pa-
dlnoeq 1

= -
dlnag 1+£1_2Z

5. 7 Moreover we obtain:
+£ 1-82

rameter qg, =
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A.4 Brewers’ case

Taking first order conditions with respect to ¢ and y, we obtain that expenditures on

beers and on the homogeneous good are related by

___ B
by = mc- (22)

The first order condition with respect to the quality of the health services consumed and

the homogeneous good similarly imply

B

W(z) 2
Together with the budget constraint equation
w(z) +py+c=u,

(22) and (23) give (3) so that all results concerning w (z) including (10) still apply, and

= 1—61/ Xr — X
y(r) = 3 (= h(@). (24)

Market clearing imposes
| @G, @)= [ udGy ). (25)
ZTmin Ye

where y (x) denotes the consumption of beer by a generalist of income x and G, the cdf

of variable a. Plugging (24) in (25) we obtain:

Y ( Ye >%
PYe = — )
Hm Ymin

, _a—lazgy(i—i_)‘_l)/\
with ¢ = yozy )\(5Z+az(1_ﬁz))x.

This implies that there are two possible scenarios. If ¢ > i, Tmin then pymin = Tmin

so that all possible brewers end up working as brewers. We then have

_ Y
HmYmin

p
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Since 1 is decreasing in «,, a decrease in the shape parameter of generalist income is
associated with a proportional increase in brewer’s income.

Note that
v a,fy (ay — 1) I+(A—1)a,

Lmin B >\ (62 + Q. (1 - /Bz)) ay Qyp — 1

is decreasing in a,. Therefore as «a, decreases then this situation becomes more and

more likely.

Otherwise, y. > Ymin With

( Lmin ) %
Ye = Ymin | Um 5
(0

so that as «a, decreases (and consequently z,,;, to keep mean income of generalists
constant), y. decreases and more and more potential brewers decide to become brewers.
This leads to

(@z})%(%—h)aiy 1
p={— z
om, Oy Ymin
_<L .8, (ay — 1) >é<1+(x—1)%)iyax—1 z
Hm A (ﬁz + % (1 - Bz)) 04y Oy — 1 Oy ymin‘
Note that
(0 —1)
d 1 (o — 1) o
1 A—1)ay)w —m——
(1 (A= D)

—1

(1+ A —Da)™ ' (a, — 1)@

2
o0

= [+ A =1az) (e —1) = (= 1)]

)

the sign of which is ambiguous since A can be close to 1 and we may have o, > a,.
Therefore in this case, a decrease in «, increases the supply of beers but as a result the
impact on brewers’ income is ambiguous.

For any price level p, we can define the real welfare measure similarly as the income
which gives the same utility in the market and when the agent is forced to consume (for

free) z. while having y prices at p. That is we now have:

1— 68— By ﬁyeq—(x)—uzx c(x x
u<zc,1_—ﬁzeq(x),l_52 5 >— (z(2),c(x),y(x)).
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We then obtain:

C(VTE (a5 la(-p)ife(on)  ( \TETE) (g \E
“ (x> B (5) Qy (1 - /Bz) + 6zam$ B X a, (1 - 52) + ﬁzaac Fmin ($min> (xmin)

Therefore the analysis of real income inequality is the same whether 3, = 0 or not.

A.5 Deriving (15)

Using that both doctors talents and income are approximately Pareto distributed, we

can rewrite (3) as:

=l (o)) +((25))

From this we get that m (2) is of the order of zo: and therefore

oz

m(z) = Bzas + o (z@>

with B defined as in the text. We can then rewrite (3) as

w' (2) 2z = : /Bzﬁ ()\Bz%fc —w (z)> +0 (z%x) : (26)
We then define w (z) = WAB%& which is a solution to the differential equa-

tion without the negligible term, and w (2) = w (2) — w (2), which must satisfy

@’(z)z:—lfzﬁzzﬂ(z)—Fo(zx).

This gives

Integrating we obtain:

Oz

w(z) = Kz_% +o0 (za?>

for some constant K, therefore w (2) is negligible in front of w (z).
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A.6 Appendix: proof of Proposition 3

We rewrite (19) more precisely as:

W (2) = )\Eel%zl <)\Bz§f Cw (z))i Y (x\Bzai — w(z)> : | o

c

Since consumption of the homogeneous good must remain positive then lim ABzer —
w () > 0, which means that w (z) cannot grow faster than zo: . We can then distinguish

2 cases: w(z) =o0 ngZa> and w (z) o zos .

Case with w(z) =0 (z%x) . Then for z high enough, one obtains that
w' (z) = )\&Bé,z(%ffl)é +0 (2(37;*1&) : (28)

Integrating, we obtain that for (g—z - 1> 141

B% Oz 1 Qz 1
w (Z) =K+ )\& z(E_l)E'H +0 Z(@—l)g-l-l 7
Bc (% — 1) 1 + 1

T

where K is a constant. Note that to be consistent, we must have <g—; - 1> % +1< g—z,
that is («, — o) (¢ — 1) > 0: this case is ruled out if o, > o, and e < 1 or if o, < @,
and € > 1.

If <g—; - 1) 1 +1 <0 then w(z) is bounded by K.

It <‘;—j — 1) % + 1> 0, then we get that

wie) = ) =22 e Bl> e (),

T

where the notation " is introduced to help notation. Therefore one gets, for w large:

Pr(W >w) =Pr(Z> (f*)" (w)) = G, (W) (9) (&-)en (w(zzl);+1> ’
w
so that w is Pareto distributed asymptotically with a coefficient «;,, = —<7_0‘Z) —, which

is increasing in «, (and we have a,, > ay).
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If <3—j — 1) 1 +1=0, then a, = a, (1 —¢), and integrating (28), one obtains

w(z)==f"(z) = A%Bi Inz+o(lnz).

C

Therefore

Pr(W > w) =Pr <Z> (exp(

)

Zozzﬁc w) + o (exp (—a,w))

A3, B=

.. (2) 7 exp (—

In that case, w is distributed exponentially.

Case where w (z) x zo: . That is we assume that
w(z) = Azer +o0 <z%§> (29)

for some constant A > 0. Then, we have that

P%@V>UO:P%<Z><(%yx+o@w$))
=G, (W) <§>% + o (w)e=

That is w is Pareto distributed with coefficient .
Plugging (29) in (27), we get:
A3@£?4+o(iﬁ*):arfgiQB-u@iA$f02+oQAB-u@iz@$4ﬁ).@m
(67 c
First, assume that a, = a,, then we get that the solution is characterized by A =
5 (AB - A)-.
Consider now that a,, # . If AB # A then (30) is impossible when ¢ # 1, therefore

we must have that A\B = A. This equation then requires that

A

——1<<%—1>—<:>(ozz—ozm)(5—1)<0.
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In fact, for (o, — a,) (e — 1) < 0, one gets that

15

w(z) = ABzor — \ (B%&) L(8E-1)+ +o (25(%* )H)
o B2

satisfies (27) provided that the function o (25(%_1>+1) solves the appropriate differential

equation.

Collecting the different cases together gives proposition 3.

A.7 Appendix: different adjustment margin

In this appendix we fully solve the model described in section 2.2. We obtained that
when individuals of a certain rank choose both careers then the share that does so must
be constant. Therefore, we guess and verify that the equilibrium takes the following
form: individuals above a certain rank choose only one occupation and those below that
rank choose both.

Case 1. Consider first the case where there exists a z. such that individuals of rank
higher than G, (z.) all choose to be generalists. Then (12) applies for z > z, and we

Aazfl

know that for z > 2., u = (Eom ) Since m (2.) = Tmin, We obtain:

ax Bz

A az
Z¢ = Zmin | 7 15 - ’ 31
<%i+1> ( )

Qg ﬁz

which is only possible if A > z—i% + 1.

Case 2. Consider now the opposite case. Individuals ranked above G, (z,,) all choose
to be doctors, those ranked below all choose to be generalists. Since A > 1, the supply
of health services by agents ranked higher than G (z,,) is enough to cover their own
demand for health services. Therefore, if one denotes by r (z) the rank of the patient
of a doctor of quality z, we obtain that there exists a z, < z,,, such that r (2,) = z,:
doctors with ability lower than z, only provide health services to doctors and those with

ability above z provide health services to both doctors and generalists. Since z,,, > z,, we
Aazfl

ay 1-8»
ax Bz +1

have that for z > z,,, (12) applies which directly leads to p = ( i for z > z,,.
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We then get to further write for z < z,,:

1= [ e ©dc+ /oo A () g: () dC = X ((‘“) (- p) (fﬂ)) -

For z > z,, m(z) = @;1 (r(2)), so that (32) implies

1

_ 1 Zmin \ “* Zmin N\ e
m(z):xmin oz (( > ) _(1_M)(Z ) ) fOI'ZG(Zp,Zm).

m

(3) still applies and now gives the differential equation:

Qz

Using that w (2,,) = Zmin (ZZ"} ) “*_ the solution to this differential equation is then given
by:

_ Bz _ oz %‘i’ Ez ag—1
w(2) =2 7% Ty (Zmin) o (zﬁii” =P 2 Nar

-2 ) ) ).

oz

For this to be an equilibrium, we need to check that w (z) > xpm (%) E, which is the

income that a doctor of rank G (z) would obtain as a generalist. We can rewrite:

Qz
z
w(2) — Tmin (—

min

Qz Bz

) agc = Tmin (Zmin)_a 2 18T (Z)

1_/62 z

1 agp—1
-0y 1 _ —Qz ax Z)\ ag _1-28, _ 1
() = (1_(2 0 s)s) )51_5 S (e - (1 )
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Further for z < z,, we get that 27 — (1 —pu)z,* > puz=*, so that 7' (z) < 0.
Since T (z,) = 0, then we get that T'(z) > 0 for z < z,,, which ensures that w (z) >

Qz

z xx
Tmin <m> for z, <z < 2.

Finally, we consider what happens for z < z,. Denote by d(z) the doctor’s ability of
the individual of rank r (z), then using (32) we get:

1

d(z) = Aas (27 = (L= p) z,%°) == . (34)

m

To close the market, it must be that d (zin) = Zmin, which implies that

1

1 — az
Zm = Zmin (—/fl> . (35)
L=3

Therefore z,, > zZn is only possible if 1 < 1/A, which corresponds to A < g—;% +1
(the opposite from case 1). Therefore, as long as the equilibrium exists in this case for
1 < 1/X; we will have found the overall equilibrium for all possible parameters. We can
henceforth assume that in case 2, p < 1/A.

Further, by definition again, we must have d(z,) = 2z, so that:

1

Zm 1—p

= T = Zmin i i - 36
(145 —p) <(1—x)(1+x—u)> (36)

It is direct to verify that for p < 1/A, Zmin < 2p < Zm.

Now the patient of the doctor of quality z will have an income given by w (d (2)).

Therefore (3) gives that for z < z,, w (2) must satisfy:

Bz . . .
Multiply this equation by z7-%: ' and integrate over (2, 2,) to obtain that the solution

must satisfy:

Bz 28,—1

w) = (0T - [T @) ) T fors < s,

Oz

Once again, we need to verify that w(z) > Zy, (%)E for z < z,. Taking the
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difference we can write:

Oz

V4 Gz
w (2) — Tmin ( )
Zmin
Qz 5 5 P AB 2Bz—1
ag 2 . Lz Z azy z P z 1-82 —
- ((w (o) = i ( 22 ) S T (e ) - [T ) dg) %
min Zo‘w z z

min

Qz Qz

e ze® . Moreover for ¢ € (2, z,), d(() < 2, since

We already know that w (2,) > Tmin?

w (z) is increasing we get

Therefore, we get:
Q2 _ B%

z @ TminZ 1Pz
) s Tnin? T

Zmin

w (2) — Tpin (
min

with

az Bz az Bz B

+ = az | Bz =Z =
T2 (2) = <Zp°‘m 1=Pz _Zam+1—ﬁz> — Az (Zpl Bz _Zl—ﬁz) .

Differentiating, we get:

T2/ <Z> = <)\1 fzﬁ Zrc;?; - <% + 1 fzﬁ ) Zg‘;) Zlf%z_l.

Qz

Therefore T3 (z) has the sign of /\1%2 ZaE — <g‘—z + %) za: , which is more likely to be

negative for a higher z and can change sign at most once on (zmn, 2,). Using (36) and
(33) we get that

a2;1 ’i 5 az 1 i
Ty (2p) zﬁz)\l_—;zlﬂﬁzlz” (((l—l—x— ))\,u) —1) :

Note that (143 — p) Aw=1—(1— p) (1 — Ap), since Au < 1 and A > 1 (which implies
1 < 1), then we get (1+ 5 — p) Au < 1. Therefore T} (z,) < 0, so that over (zym, 2,)

either T, is everywhere decreasing or T5 is initially increasing and afterwards decreasing.
In the former case since 15 (z,) > 0, we directly get that 15 (2) > 0 for z € (2min, 2,). In

the latter case, a necessary and sufficient condition to get 75 (z) > 0 over the interval

o4



(Zmin, 2p) 18 that Ty (zmm) > 0.
Using (35) and (36), we now compute

1 1 1

Qz Bz 1 J— ag 1 ag 1 — ag
T2 (Zmirl) = zrigicn—’—l_ﬁz A ( /f> —1-1A- ( 1 > < /it) 1
1—3 L+5—p -3 (1—-1

1

- T o i 1 =
Note that A (Hi—u) > 0 since ¢ > p and that =) > 1 so that
a1
S 7R B )
((1—§)(1+i—ﬂ)> > 1, therefore:

B 1

1 1
az . _B: 1 — o 1 o 1— o
Ty (2min) > 200 © | A < lf) o (/\ - ( L ) ) ( ﬁb) ]
— X I+x-n -3

2z y B 1—pu o
> g -1
- ((F%)(H%—u))

> 0,

since —vt+— > 1. This guarantees that we always have T3 (2) > 0 over (Zuwin, 2p),
(1-3) (1+3-n) .

so that we obtain w (z) > T (%)7 for z € (zmin, #m), which ensures that we do
have an equilibrium: no doctor of rank higher than G (2,,) would like to switch and be

a generalist.

A.7.1 Appendix: Proof of Proposition 2

Since w (2) is equalized between the two regions, then the threshold z. of the least

3

able potential doctor must also be the same in the two regions.?® Summing up the

market clearing equations (13) and (14), we obtain that as in the baseline model, z. =
()\ud)?lz Zmin- Next combining (13) and (14), we get that

Qz Qz

oB ol _

(Ut o (2) o =B, (—) ) (37)

“c

23Here potential doctors who decide to work in the homogeneous good sector would go to region B
since a2 > af implies that 24, < xB, . This is without consequences: alternatively, we could have
assumed that the outside option of doctors is to produce Z, which is identical between the two regions.
In that case potential doctors who work in the homogeneous sector would not move.
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Qz Qz

Since o > o, we get that <i) °¥ % tends towards 0. As a net share ¢ (2) € (—1,1),
if ¢ (2) — —1, then the left-hand side would tend toward infinity and the right-hand side
toward 0, which is a contradiction. Therefore 1 + ¢ (z) must be bounded below, which
ensures that the left-hand side is bounded above 0. If ¢ (z) /4 1, then the right-hand
side would be asymptotically 0, this is also a contradiction. Therefore asymptotically,
we must have that ¢ (z) — 1: nearly all the best doctors move to the most unequal
region.

Plugging (13) in (3), we get that in region A:

ﬁz Bz)\ -1 Ze\ T LA
/ . a,zq ~c ay
W (@) et g e = 125 (1 () (=) .
Therefore, asymptotically:
1 s
A\B.a42 off A
— = — 38
v (Z) a, (1 - ﬁz) + 6za£ (ZC) ( )

Since ¢ (z) — 1, after the location decision, doctors’ talent is asymptotically distributed
with Pareto coefficient «, in region A: for z high enough, there are 2414 (2min/2)“* doctors
eventually located in region A. We then directly get that doctor’s income distribution
is asymptotically Pareto distributed with coefficient a4

From (37), we get that:

1= (=) = (B /o)™ (L4 (2)2F/% (227 (1708 /)

of o —ay /o
— QOCE/QQ‘ (‘Tﬁin/xéin) ’ (Z/Zc> Z(l E/ ?) ] (39)

Then we can write that in region B, the probability that a doctor earns at least w is

Biven b P(Z > w (@) (1 - o () (@)
B ~  Md >w (W —(w (w

where w above denotes the wage function. Indeed, there are originally p P (Z > w™! (w))
doctors present in region B with a talent sufficient to earn w. Out of these doctors,
1 — ¢ (w™! (w)) stay in region B. Moreover, the total mass of active doctors in region

B is given by pqsP (Z > z.), since overall there is no net movement of actual doctors.
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Using (38) we get that,

oft

-1/~ ~Cty (1 — 62) + Bzaﬁ 4 =
w (W) = 2z (w .ol 208 :

Using this expression and (39) we get that:

phw )= () (- @) - (e A 1)‘”5.

wil ('lU) ‘rmin a (1 - ﬁz) + 52@;045

This establishes Proposition 2.

B Empirical Appendix

B.1 Additional Regressions for other occupations

We perform an analysis like that of Tables 5 and 6 for nurses, College professors and
Real Estate agents (occupation code 254). Real Estate agents are censored at around
top 7 per cent and we use top 20 per cent uncensored observations.

And finally, we show that income inequality for chief executives and public adminis-

trators positively predict the income inequality for secretaries in Table B.4.

B.2 Robustness Checks for Physicians

We perform robustness checks for the the regression in Table 5. In particular, Table
B.5 shows the regression for different cut-offs. The parameter estimate is generally not
far from 1 and remains significant at the 10% level throughout the regressions. Table
B.6 shows that the choice of how many LMAs to include does not affect the parameter

estimate much.

C Construction of Data on Labor Market Areas

The publicly available data from TPUMS gives information on “country group” in 1980
and “Public Use Microdata Area” (PUMA) for 1990 and onward. We wish to assign
these to labor market areas. Dorn (2009) uses a probabilistic approach using the ag-

gregate correspondence between county groups/PUMAs and counties and counties and
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Table B.1: IV Regressions for Nurses (top 10 per cent)

0 ) 3 ) 6
OLS OLS 1st Stage 2S5LS 2SLS
los(1/a(0)) log(1/a(0)) log(1/a(~0) log(1/a(e) _log(1/a(o)
log(1/a(—0)) 0.46%%%  (.49% 0.86 1.04
[0.10,0.59] [ 0.11, 0.64] [0.61, 2.27] -0.72, 2.61]
Instrument 0.82%F*
[0.63, 0.96]
Log of Population 0.09 -0.07*** 0.14
0.04, 0.21]  [-0.08,-0.06] -0.03, 0.30]
Log of Income 0.28%* -0.01 0.28%*
[0.04, 0.43] [:0.02, 0.02] [0.04, 0.44]
1990 -0.07** -0.26%** 0.03*** -0.12 -0.34%%*
[0.10-0.00]  [-0.32,-0.06]  [0.01,0.05]  [-0.33, 0.07] [0.58,-0.06]
2000 0.11°%** -0.21 0.19%%* 0.01 -0.35
[0.07,021]  [-0.33,000  [0.17,0.22]  [-0.35, 0.36] [:0.77, 0.11]
2014 0.16*** -0.24 0.19%** 0.06 -0.41
[0.13,0.28)  [-0.40,0.12]  [0.16,0.23]  [-0.37, 0.46] [-0.90, 0.14]
LMA FE Yes Yes Yes Yes Yes
R%(cx. LMA FE) 0.27 0.28 0.82 . .
Observations 1,176 1,176 1,176 1,176 1,176

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table B.2: IV Regressions for College Professors (top 10 per cent)

(1) (2) (3) (4) (5)
OLS OLS 1st Stage 2SLS 2SLS
log(1/a(0)) log(1/a(o)) log(l/a(—o)) log(1/a(o)) log(1/a(0))
log(1/a(—0)) 0.35 0.42 -0.82 -0.70
[0.18,0.63]  [-0.12, 0.71] [-2.64, 1.07] -2.59, 1.31]
Instrument 0.95%**
[0.70, 1.15]
Log of Population 0.25%*% -0.05%** 0.19%*
[0.10,0.41]  [-0.07,-0.03] [0.01, 0.41]
Log of Income -0.12 0.03%* -0.10
0.39,0.21]  [0.01, 0.06] -0.37, 0.26]
1990 0.03 0.07 -0.02 0.17 -0.70**
[0.02,0.11]  [0.14,0.26]  [-0.06,0.01]  [-0.06, 0.39] [-1.27,-0.07]
2000 (0.21%** 0.25 0.14%** 0.47** -0.50%**
[0.13,0.35]  [-0.07,0.58)  [0.10,0.17]  [0.04, 0.88] 0.81,-0.17]
2014 0.38%** 0.43** 0.11%*%* 0.67*** -0.20%**
(031,053 [0.03,083]  [005015  [0.20, 1.13] 0.29,-0.10]
LMA FE Yes Yes Yes Yes Yes
R%(cx. LMA FE) 0.43 0.44 0.83 . .
Observations 703 703 704 703 703

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table B.3: IV Regressions for Secretaries (top 10 per cent)

O © ®) ) &)
OLS OLS 1st Stage 2S5LS 2SLS
log(1/a(o)) log(1l/a(o)) log(l/a(—0)) log(1/a(o)) log(1/a(0))
log(1/a(—0)) 0.03 0.06 0.39 0.41
[0.11,0.21]  [-0.09, 0.24] 0.69, 1.3] -0.68, 1.30]
Instrument 0.697%**
[0.57, 0.81]
Log of Population 0.13*** -0.06*** 0.16***
[0.05,0.22]  [-0.07,-0.04] [0.04, 0.27]
Log of Income 0.16%** 0.02%%* 0.15%*
[0.03,0.31]  [0.00, 0.04] [0.01, 0.31]
1990 -0.05%** -0.17%%* 0.02* -0.09 0.28%*
[0.08-0.02]  [-0.27-0.00]  [0.00,0.04]  [-0.21, 0.04] [0.01, 0.57]
2000 0.12%** -0.09 0.17%%* 0.04 0.08
[0.06,0.15]  [-0.25,0.01]  [0.14,0.19]  [-0.20, 0.26] [-0.08, 0.22]
2014 0.07** -0.20%* 0.16%** -0.02 0.12%%*
[0.01,0.12]  [-0.39-0.06]  [0.13,0.19]  [-0.27, 0.23] [0.07, 0.16]
LMA FE Yes Yes Yes Yes Yes
R2(ex. LMA FE) 0.13 0.14 0.80 . .
Observations 1,576 1,576 1,576 1,576 1,576

Bootstrapped standard errors based on 300 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,
except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table B.4: OLS regressions for secretaries on Chief executives and public administrators for
2000 and 2014

(1) (2) (3) (4)

Secretaries Secretaries Secretaries Secretaries

Chief executives and public administrators  0.178"** 0.177 0.136** 0.136**
(4.24) (4.28) (2.02) (2.00)
2014 -0.0953**  -0.0968*** -0.0892
(-4.50) (-4.64) (-1.21)
Log of Inc. -0.0446
(-0.18)
Log of Pop. 0.0391
(0.19)

Observations 769 769 769 769
Adjusted R? 0.022 0.046 0.095 0.090

t statistics in parentheses

“p < 0.10, ** p < 0.05, ** p < 0.01
Notes: Regressions limited to 2000 and 201/ due to insufficient information on CEOs in 1980

and 1990. Weighted by number of secretaries by LMA. For 8 observations or more. Column

(1) is univariate OLS, Column (II) includes
time dummy for 2014, Column (III) further includes labor market area fized effects and
Column (IV) controls for average wage income as well as population.
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Table B.5: IV Regressions for Physicians for different cut-offs of Pareto Distribution

(1) (2) (3) (4) (5) (6)
2SLS 2S5LS 2SLS 2S5LS 2SLS 2SLS
cut-off 35 40 45 55 65 75
log(1/a(—0)) 133065 48%* 1.41% 1.07* 1.17* 1.82*
[0.25,2.42] [0.06,2.23] [-0.35,2.86] [-0.10,2.00] [0.12,2.41]  [-0.14, 3.67]
Log of Population 0.10 0.13 0.17* 0.17* 0.20%* 0.31%*
0.09, 0.22] [-0.11, 0.26] [-0.02, 0.34] [-0.02, 0.35] [0.02,0.47]  [0.02, 0.48]
Log of Income 0.06 -0.03 -0.25%** -0. 31k -(.32% -0.25%*
0.1, 0.17] [-0.23, 0.12] [-0.45-0.05] [-0.56-0.17] [0.66.-0.16]  [-0.71,-0.06]
1990 -0.07 -0.04 -0.20 -0.38%** -0.41%%* 0.20**
0.19, 0.11] [0.14, 0.15] [-0.70, 0.03] [-0.92,-0.21] [-0.97,-0.23] [ 0.08, 0.60]
2000 -0.20 -0.17 -0.08 -0.17%* -0.16%* 0.00
[0.40, 0.12] [-0.33, 0.19] [-0.36, 0.06] [-0.45-0.08] [-0.45-0.04]  [-0.17, 0.66]
2014 -0.15 -0.09 -0.13%** -0.21%** -0.25%** 0.18*
0.37,0.22] [-0.27,0.31] [-0.19-0.10] [-0.28-0.18] [-0.34-0.21]  [-0.03, 0.94]
Observations 1,012 1,012 1,012 1,012 1011 1011

Bootstrapped standard errors based on 100 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,

except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Table B.6: IV Regressions for Physicians for different number of LMAs

(1) (2) (3) (4) () (6)
2SLS 2SLS 2SLS 2SLS 2SLS 2SLS
LMAs 100 150 200 253 300 All
log(1/a(—0)) 1.70%%* 1.35%%* 0.83* 1.33%%* 1.21%* 1.17%*
[0.76,2.45] [0.27,2.01] [-0.16, 1.57] [0.25,2.42] [0.09,2.10]  [0.05, 1.87]
Log of Population 0.17 0.07 0.02 0.10 0.12 0.09
[0.03,0.33] [-0.12,0.20] [-0.14,0.17] [-0.09, 0.22] [-0.05,0.21]  [-0.05, 0.21]
Log of Income -0.04 0.03 0.09 0.06 0.07 0.08
[-0.22, 0.15]  [-0.16, 0.17] [-0.08, 0.19] [-0.11,0.17] [-0.09,0.22]  [-0.11, 0.24]
1990 0.16 0.13 0.05 -0.07 0.14 0.11
[-0.22, 0.39] [-0.25, 0.26] [-0.30, 0.24] [-0.19,0.11] [-0.26,0.32]  [-0.24, 0.26]
2000 0.09 0.07 0.02 -0.20 0.07 0.05
[-0.11,0.22] [-0.13,0.14] [-0.16, 0.11] [-0.40,0.12] [-0.14,0.18]  [-0.12, 0.15]
2014 -0.02 -0.04%* -0.05%** -0.15 -0.06*** -0.08%***
[-0.10, 0.03] [-0.10,-0.01] [-0.11,-0.02] [-0.37,0.22] [-0.13,-0.03]  [-0.13,-0.04]
Observations 400 600 800 1,012 1,200 1,573

Bootstrapped standard errors based on 100 draws, stratefied at the occupation/year/labor market level. 95 pct

confidence interval in brackets. Income is average wage income for those with positive income. log(1/a(0))

refers to income inequality for the occupation of interest. log(1/a(—o)) refers to all occupations,

except the occupation of interest. 1/« calculated using MLE * p <= 0.10, ** p <= 0.05, *** p <= 0.01
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Labor market areas for the United States, 1990

Figure C.1: Labor Market Areas as defined for 1990

commuting zones and creates a “crosswalk” assigning weights for each country group in
1980 to 1990 commuting zones and for each PUMA to 1990 commuting zones. If a given
county group or PUMA is assigned to multiple commuting zones we “split” all individuals
in the county group or PUMA and give each weights from the crosswalk. The IPUMS
data from 2012 onward uses the PUMA2010 (updated from the 2010 federal census)
and we construct a new crosswalk along the same lines as Dorn (2009). Counties are
very stable across town and we manually correct for county changes between 2000 and
2010. Finally, since our unit of analysis is labor market areas we use Missouri Census
Data Center (http://mcdc.missouri.edu/websas/geocorr2k.html) to aggregate commut-
ing zones into labor market areas. Each commuting zone is uniquely assigned to a labor
market area. If a single individual had been split into two commuting zones within the
same labor market area using Dorn’s algorithm we combine the two into one observation

aggregating their weights. Figure C.1 shows the labor market areas for 1990.
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Table D.1: Top occupations and income inequality (1/a)

1/«
Occupation 1980 (pred. 95/90 ) 1990 2000 2014 (pred. 95/90)
Chief executives and public administrators 0.24 ( 1.18) 0.34 0.65 0.57 ( 1.48)
Financial managers 0.32 ( 1.25) 0.43 048 0.52 ( 1.44)
Managers and specialists in marketing,
advertising, and public relations 0.30 (1.23) 0-33  0.36 0.37 (1.29)
Managers in education and related fields 0.19 ( 1.14) 0.24 0.23 0.29 ( 1.22)
Managers and administrators, n.e.c. 0.43 ( 1.34) 0.45 0.36 0.38 ( 1.30)
Accountants and auditors 0.27 ( 1.21) 0.32 0.38 0.44 ( 1.35)
Cgmp.uter systems analysts and computer 0.16 ( 1.12) 021 025 0.25 ( 1.19)
scientists
Physicians 0.47 ( 1.39) 0.78  0.55 0.62 ( 1.54)
Registered nurses 0.17 ( 1.13) 0.17  0.20 0.23 ( 1.17)
Subject instructors (HS/college) 0.20 ( 1.14) 0.24 0.28 0.33 ( 1.26)
Lawyers 0.42 ( 1.34) 0.53  0.58 0.58 ( 1.49)
Computer software developers 0.18 ( 1.13) 0.19 0.23 0.24 ( 1.18)
Supervisors and proprietors of sales jobs 0.40 ( 1.32) 0.45 0.44 0.44 ( 1.36)
Insurance sales occupations 0.42 ( 1.34) 0.50 0.52 0.58 ( 1.49)
Real estate sales occupations 0.45 ( 1.37) 0.59 0.67 0.69 ( 1.61)
Salespersons, n.e.c. 0.35 ( 1.27) 0.40 0.39 0.42 ( 1.34)
Supervisors of construction work 0.30 ( 1.23) 0.33  0.29 0.30 ( 1.23)
Production supervisors or foremen 0.20 ( 1.15) 0.20 0.26 0.29 ( 1.23)
Truck, delivery, and tractor drivers 0.20 ( 1.15) 022 0.24 0.26 ( 1.20)
Military 0.28 (1.21) 025 0.28 0.25 ( 1.19)

Notes: Estimates of 1/« for top 20 occupations using top 10 per
cent of population

D Pareto Fit and Tables for Top Occupation s

Table D.1 gives the change in « for the top occupations. The top occupations for 1980
and 2014 are given in Table D.2.
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Table D.2: Top occupations in 1%, 5%, 10%, for year 1980 and 2014

1980 2014
rank top 10 pct top 5 pct top 1 pct top 10 pct top 5 pct top 1 pct
Managers and Managers and Managers and Managers and Managers and
1 administrators, administrators, administrators, administrators, administrators, Physicians
n.e.c. n.e.c. n.e.c. n.e.c. n.e.c.
Chief executives Managers and
2 Salespersons, n.e.c.  Salespersons, n.e.c. Physicians and public Physicians administrators,
administrators n.e.c.
Production Production Chief executives Chief executives
. . Real estate sales Computer software . .
3 supervisors or supervisors or . and public and public
occupations developers . . ..
foremen foremen administrators administrators
Managers and
. specialists in
Truck, del . .
4 FUCK, GeHVeLY, marketing, Salespersons, n.e.c. Physicians Lawyers Lawyers
and tractor drivers ..
advertising, and
public relations
Managers and Managers and
ialists i alists i
SPECIANSES 1 Real estate sales SPECLatists 1l Real estate sales
5 marketing, . marketing, Lawyers Salespersons, n.e.c. .
. . occupations .. occupations
advertising, and advertising, and
public relations public relations
Supervisors and Supervisors and
Real estate sales .. . .
6 . Physicians Lawyers Salespersons, n.e.c.  proprietors of sales  proprietors of sales
occupations . .
jobs jobs
. Supervisors and Supervisors and Supervisors and
Supervisors of . . . Computer software
7 . proprietors of sales  proprietors of sales  proprietors of sales Salespersons, n.e.c.
construction work . . . developers
jobs jobs jobs
Managers and
. . P . alists ; '
Supf)rmsors and Truck, delivery, rodl}ctlon Computer systems specia 1s.ts mn Other financial
8 proprietors of sales . supervisors or analysts and marketing, -
. and tractor drivers .. .. specialists
jobs foremen computer scientists advertising, and
public relations
.. Airplane pilots and . . . . .
9 Physicians Lawyers . Registered nurses  Financial managers Financial managers
navigators
Managers and
. . alists i
10 Primary school Supervisors of Dentists Accountants and Real estate sales Sﬁ;;i;:fﬁgl’n

teachers

construction work

auditors

occupations

advertising, and
public relations

Notes:



The paper uses the assumption of Pareto for physicians on the LM A-year-occupation
level, for LM A-year for the general population and for occupation-year level for the top
20 occupations. Figure 3 in the main text shows the fit with Pareto distribution for the
biggest LMA for the whole distribution and for physicians specifically. Figures D.1 and
D.2 show analogous figures for the 20 biggest labor market areas for physicians and for
the all other occupations than physicians both for the year 2000. Whereas the general
population fits the Pareto assumption remarkably well, there is more noise around the
line for the physicians, though no systematic deviation.

Figure D.1: Fit to the Pareto Distribution for general income distribution for Physicians for

20 biggest labor market areas for 2000 (using top 65 per cent of uncensored
observations)
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Figure D.2: Fit to the Pareto Distribution for general income distribution excluding Physi-
cians for 20 biggest labor market areas for 2000 (using top 10 per cent of un-
censored observations)
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