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APPENDIX A: THEORY APPENDIX
A.1. Positive assortative matching in equilibrium

Since CES and Cobb-Douglas functions have positive cross-partial derivatives and weakly
diminishing marginal utility of consumption, the following lemma applies to the utility func-
tions considered in our paper:

LEMMA 1: The equilibrium features positive assortative matching between the income of the
patient and the skill of the doctor if the utility function has a positive cross-partial derivative
and weakly diminishing marginal utility of consumption.

PROOF: We prove the result by contradiction. Consider two individuals, 1 and 2, with in-
come x; < T whose consumption bundles are such that z; > z, and ¢; < ¢,. Utility depends
on z and the remaining disposable income = — w (z). Because utility is increasing in both argu-
ments, the equilibrium price schedule must be nondecreasing: otherwise, a higher-quality doc-
tor charging a lower price would strictly dominate a lower-quality doctor. Since widget maker 1
chooses a doctor of quality z;, it must be that u (21,21 —w (21)) > u (22,21 — w (22)) . Further,
we have:

u(zl,xQ - W<Zl)) - U(Z2ax2 —w (22))
= (21, m2 —w(21) = u (21,2 —w (21) + U (21,00 —w (21)) = U (22,81 —w (2))

+ u(z2,1:1 —w (Zz)) —u (22,72 —w(22))

_ / (glc‘ (71,2 — w(z1)) — % (22,2 —w (zg))> d+u (21,21 — w(21)) — u (22,71 — w (22)).

Forall # € (21, ), the term under the integral is positive: 2% (21,2 — w (21)) > 2% (22,2 — w (21))

Cc
because u has positive cross partial derivatives (and z; > z5), and 2% (20,2 —w(z)) >
Q4 (23, — w(z)) because u has weakly diminishing marginal utility of consumption and

w(z1) > w(z2). Since x5 > x4, the first term is positive. The second term is weakly positive,
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sO U (21,29 —w(21)) > u (22,22 — w(22)). In other words, widget maker 2 would rather pick
a doctor of ability z;. This is a contradiction and it must be that z; < z,.

Assume now that z; = 2, = 2*. Then, by weak monotonicity, all individuals with income
in (x1,2,) would choose the same quality z*. This would match a positive mass of patients
with an atomistic mass of doctors, violating market clearing. Therefore, we must have z; < 2,
which establishes the lemma. Q.E.D.

A.2. Proofs for the baseline model
A.2.1. Solving equation (5)

We look for a specific solution to equation (5). We find that w (z) = K 12% is one if

Xz

B Bag A 1) ez
H = i T B) + e <z> '

The solutions to the differential equation w’ (z) z + %w (z) = 0 are given by K 27195 for
any constant K. We get that all solutions to (5) take the form:

w(z)

Tnin Bz A 2\ oo __B8_
= = + Kz 15,
azu—ﬁ)waz( ) ’

Ze
We then obtain (6) by using that w (z..) = i, Which fixes

B £sa.(1-0)+ pa, (1= N)
K_xminzc ° o, (1*B)+Baw .

A.2.2. Proof of Proposition 2

Combining (4) and (6), we can derive spending on health care as

- ﬁaz (6% (1_5)+Bam (1_)\) Lmin ﬁfﬁ)
h(x)_az(l—ﬁ)waf”mm Ao (1—B) + Bas) ( x ) -
Combining (19) with (1) and (4), we obtain the utility of a widget maker with income x:
)= (e=(0=B)r (=) +Ba (= N)twin (Zmn) 52 5) s (2 o
"=t Ae-mae) () “Nown)

Therefore eq () obeys

eq<I):<azo¢z(15)x < . )ﬁizlﬁﬂ_(az(lﬁ)Jrﬁaz(l)\))xmin> (z>%

(1= B) + Bae \ Zmin Ala: (1=5) + faz) 2

which implies that for = large enough:

ZC) - & (1 — /8) xminz 14’73”L

a(@) ( (=B +pa ©




SUPPLEMENT TO “SPILLOVER EFFECTS OF TOP INCOME INEQUALITY” 3

The distribution of real income, EQ, obeys Pr(EQ >¢e) = Pr(X > eq* (e)), so that for e
large enough, we obtain:

X

B T
Zc> =B Zpma, (1—70) 1 il e

a, (1—0)+pay e

Zr

Pr(EQ >e)~ (

Therefore asymptotically, real income is Pareto distributed with a shape parameter o, =

. dlna,
22— Moreover, we obtain: ot = — 1 ——
R R

A.3. Generalization to other utility functions

We now consider a generalized version of the model. There is a mass 1 of patients and a
mass v of potential doctors. Potential doctors may consume medical services with the same
utility function as other agents (in which case the mass of widget makers is 1 — ) or not (the
mass of widget makers is 1). The technology for health services is the same as before and we
keep A > max{1, u~*}. Agents not working as doctors produce a composite good which is the
numeraire, and potential doctors can work as widget makers with the lowest productivity z,;,
as an alternative.

Patients’ income is asymptotically Pareto distributed:' P, (X > 1) = G, (%) G,z (7),
where G, ; () is the conditional counter-cumulative distribution above 7, G, (Z) is the un-
conditional counter-cumulative distribution, and for Z large enough, G, » (z) ~ (Z/z)** with
o, > 1. The ability distribution of potential doctors is also asymptotically Pareto distributed.

We assume that patients’ utility features a positive cross-partial derivative and weakly dimin-
ishing marginal utility of consumption (and put more structure in the following subsections), so
that the equilibrium still features assortative matching and we still denote the matching func-
tion m (z). Market clearing at every z can still be written as (3). The least able potential doctor

who actually works as a doctor will have ability z, = @;1 (1/ (Ap)), which is independent of

o, Therefore, equation (3) implies that m (z) is defined by m () = G, | (G....(2)). For z
above some threshold, Z, both doctors’ talents and patients’ incomes are approximately Pareto
distributed, which allows us to rewrite the previous equation as:

G m@) ((23) o ((22) ) =ce@ ((5) +o((2) ).

= m(z) = Bro: +o<z%i) with B = m (%) (W) o (20)

A.3.1. Cobb-Douglas case

We now assume a Cobb-Douglas utility as in the baseline model. Solving the patient’s prob-
lem still leads to the differential equation (2). Plugging (20) in (2) gives:

'If potential doctors do not consume health care services, this is an assumption on an exogenous object, the
income distribution of widget makers. If potential doctors do consume health care services, this is an assumption
on the equilibrium, which will be verified if the (exogenous) income distribution of widget makers is asymptotically
Pareto.
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Up to a constant, the problem is identical to the baseline for high z, so that Proposition 1
applies. Doctors’ income is asymptotically Pareto distributed with shape parameter «,.

PROOF: We can rewrite (2) as

__P
-5

We define w (z) = __Bas___)\Bz4ar which is a solution to the differential equation without
az(1-B)+Bag

the negligible term, and w (z) = w (z) — W (2), which must satisfy

()\Bz%fc — w(z)) +o (z%j) . 21

w' (2)z

Qxz

ﬁ’(z)z:—7~(z)+o(z@).
This gives
- B8 5 - B ax B4
W (2)2T-F + ——w(z)2T-P :0(2%21—[3 )

Integrating we obtain: w (z) = Kz =7 + o (z%) for some constant K, so that w (z) is
negligible relative to w (z). This ensures that

_ Bag

Therefore, for w, large enough, doctors’ income is distributed according to

w (2) ABﬁf+oG%). 22)

P(Wd > wd|Wd > wd) =~ (Ed/’wd)agC . (23)

Doctors’ income follows a Pareto distribution with shape parameter a.,,. When potential doctors
consume medical services, this result is consistent with the initial assumption that patients’
income is asymptotically Pareto distributed with shape parameter «,. Q.E.D.

A.3.2. CES case and Proof of Proposition 3
We now assume that patients’ utility is CES as in equation (9) with € # 1. The first order

condition for the patient’s problem can be written as:
ou , . Ou
—=w (2) =—.
0z (2) Jc

Using (9), (20), and w (z) = Aw (z), we find that for high levels of z the wage function obeys a
differential equation given by

(24)

e—1

AEp
1-p5

The asymptotic distribution of doctors’ wages is given either by Proposition 3 or by the
following proposition, which studies the remaining cases.

o=

w' (2) = P ()\Bz%; to(zen) —w (z)) . (25)

PROPOSITION 6: 1) If either (i) e > 1 and a;' < o', or (ii) e <1and a;' < o', then
doctors’ wages are asymptotically Pareto distributed with the same shape parameter as widget
makers: o, = a,. Further, asymptotically, widget makers spend all their income on health.
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2) Assume that € < 1. Then for o' < (1 — &) a !, doctors’ wages are bounded. For o' =

4

(1 —e)azt, doctors’ wages are asymptotically exponentially distributed. In both cases, the
elasticity of health expenditures with respect to income tends to 0, % — 0.

PROOF: We now establish Propositions 3 and 6. Since consumption of the homogeneous

good must remain positive, ABzo: —w (z) > 0 for all sufficiently large z. Hence w (z) cannot

grow faster than z = . We can then distinguish 2 cases: w (z) = o (Zﬁ) and w (2) o z oz 2

Case with w (z) = o (z%) . Then for z high enough, one obtains that

w’ (z):/\iB%z<%;_l)% +0(z(%_1)%) . (26)
1-p5
Integrating, we obtain that for (g—z — 1) 1#£-1
1
w(z)=K+A b B+ z(%fl)%“%—o(z(%*l)%H) ;

1-— o' 1
p ( — 1) -+1
o’ €
where K is a constant. Note that to be consistent, we must have (g—z — 1) é + 1< 2=, thatis

(o, — o) (e — 1) > 0: this case is ruled out if v, > v, and e < 1 orif ., < v, and € > 1.
1If (% - 1) 1 41 <0 then w(z) is bounded by K.

If (g—z — 1) 1 +1>0, then we get that

;i B

- 1
’8(%—1)“
Oy €

where the notation f* is introduced for clarity. Therefore one gets, for w large:

w(z)=f"(2) =X

Xz

Pr(W >w) =Pr(Z > ()" (w)) = Pr(W > ) (Z) (G2-im |, (w_ (?vialz)i“) :

so that w is Pareto distributed asymptotically with a coefficient o' = 2o + (1 — 1) aj?

which is increasing in o, ' (and we have a;' <« ?'). v
If (3—; — 1) i +1=0, then a, = o, (1 — €), and integrating (26), one obtains
w B
w(z)=f"(z)= )\ﬂBs Inz+o(lnz).

Consequently,

2QOne can establish that A(z) = “{Z must have a limit by studying the differential equation that A(z) satisfies

oz

z Cx
and using barrier arguments—proof omitted.
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Using the asymptotically Pareto tail of doctors’ ability, we obtain
Pr(W >w)=Pr(Z > (o) (w))
N a.(1-75)
= GZJc (Z)Z exp <—Wﬂ) + O(’LU)) .
Equivalently,
InP —
lim B r(W>w) (1 6).
w— 00 w )\ﬂBl/E

Thus, doctors’ wages have an asymptotically exponential upper tail.

Case where w (z) o za: . That is, we assume that
w(z) = Azas +o(z%> (27)

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

Pr (W > w) = Pr <z> ((j) +o(w)>> = Pr(W > @) (;”)a (1+o0(1))

That is w is Pareto distributed with shape parameter a.,. Plugging (27) in (25), we get:

1

A%z?mil+o(z?él)zxssll_ﬁ5(AB A2 o (B - ) (5570,
(28)

Ay

First, if ., = .., then we obtain A = A"z 156 (AB — A)%.
Second, assume that o, # «,. If AB # A then (28) is impossible when € # 1, and we must
have that AB = A. This equation then requires that

I <%_1> 1 & (o, —a,) (e —1) <0.

oy Oy €

Collecting the different cases together gives Propositions 3 and 6. In addition, since the
income distribution of doctors never has a fatter tail than a Pareto with shape parameter «,,
the results are always consistent with patients’ income being Pareto distributed with shape
parameter «, for the case where potential doctors consume medical services. O.E.D.

A.3.3. Homothetic utility function

We now consider a general homothetic utility function . In that case, the ratio of marginal
utilities % / % only depends on the ratio ¢/z. Using the patient’s budget constraint and the

matching function, we can then write (24) as

w'(z) = au/%—v (Bziil—wz(;)). (29)

We assume that the utility function admits positive and finite limits to its elasticity of substitu-
tion when z/c goes to either 0 or infinity. That is:
Ou ,0u
dn| —/—
0z' Oc 1

dln(?zu/gu> 1
lim —— % 9/ and lim —— 92 ¢/ T (30)

z/c—r00 dln(z/c) foo z/c—>0 dln(z/c) €o
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where ¢}, € (0,00) for k € {0,00}. In fact, we make the slightly stronger assumption that for
z/c arbitrarily large (k = oo) or small (k = 0):

ou Ou 2\ "
S me=r(2) T (o), G31)

where ky, is a constant (but may differ for &k = 0 and k& = c0).? In these two cases, we can then
rewrite (29) as:

W (2) =25 (Amiz)— wiz)) (1+40(1), 32)

which is similar to (25) in the CES case. We obtain:

PROPOSITION 7: Propositions 3 and 6 apply to any homothetic utility function that admits
positive and finite local elasticities of substitution as the ratio z/c tends to 0 or infinity with the
regularity condition (31). The relevant elasticity is £g when o, > «, and £, when o, < o
(Proposition 1 applies when €, = 1).

PROOF: If o, < o, then z/c — o0, regardless of w (z), and the logic of Propositions 3 and
6 immediately applies with €., (and Proposition 1 applies if €, = 1).

Consider now the case o, > «,. We can use the same logic as in Propositions 3 and 6 with
€, but need to verify that z/c — 0 in all cases. If €5 = 1, wages are Pareto distributed and
health expenditures are an interior share of total income. If €, > 1, then, following Proposition
3, health expenditures become a negligible share of total income. In both cases, using (20), we
get that ¢/z ~ ABza: ' — % — 00.

If £9 < 1, then, following Proposition 6, health expenditures are asymptotically equal to total

income. Therefore, ¢(z) = o(m(z)), and using (20), ¢(z) = o (z%;> Substituting w(z) =
Am(z) — Ae(z) into (32) gives:

c(z

>>%<1+O<m.

m(z)—c(z):mo< p,
If ¢(2)/z were bounded, this equation and m’'(z) ~ (o, /o, ) Bz*#/*~1 would imply ¢/(2) ~
m/'(z), contradicting ¢(z) = o(m(z)). Thus ¢(z)/z is unbounded. At any fixed bounded value
of ¢(z)/z, the same equation implies d(c(z)/z)/dz > 0 for all sufficiently large z. Hence
¢(z)/z — o0, as required. Q.E.D.

A.4. Generalized ability distribution

We consider the set-up of the baseline model with a Cobb-Douglas utility function but gen-
eralize the ability distribution to any unbounded distribution with a counter-CDF denoted G ..
(We keep the widget makers’ income distribution Pareto but this could be generalized as well.)

We assume that lim %gzi((z)) exists—an asymptotically Pareto distribution corresponds to the
z—o0 G z(Z

3(30) does not directly imply (31), because a slowly varying x, in (31) is consistent with (30). Assuming (31)
directly simplifies the proof of Proposition 7. Nevertheless, Proposition 7 can still be further generalized when (31)
is violated (except for the knife-edge case a; ' = (1 — e0o) af 1).
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case where that limit is positive and finite. As before, there is a cut-off value z. above which all
potential doctors choose to be doctors. We then define G (z) = G, (2) /G, (z.) = MG, (2),
which is the counter-cumulative ability distribution of individuals who actually choose to be
doctors (and g is the corresponding conditional PDF). We have hm Zcf ((Z)) = ZIL n Zgj ((ZZ)) . Equa-
1

tion (4) is then replaced by m (2) = Zin (é (z)) % which allows us to derive the differen-
tial equation for the wage function as:

ww@z_lfﬂ<x%m(égﬁ_”%—wuo, (33)

instead of (5). We then establish:

PROPOSITION 8: If the ability distribution has a tail at least as fat as Pareto ( hm Zgz((:))

exists and is finite), doctors’ income is asymptotically Pareto distributed with shape parameter

. If the ability distribution has a tail thinner than Pareto ( hm == (( )) = 00), doctors’ income

need not have a tail asymptotically proportional to a Pareto tall but W decreases with
Qg for w > 1.

For a Pareto distribution, In (P (W > w)) /Inw = —av,, so the statement that In (P (W > w)) /Inw
decreases with a, for high w directly generalizes Proposition 1: top income inequality spills
over from the consumers’ distribution to the doctors’ income distribution even when the ability
distribution has a tail thinner than Pareto.

PROOF: Define A (z) = % Budget feasibility implies that 0 < A(z) < 1. Us-
AZmin (G(2) e
ing (33), we get that A(z) satisfies:

129(2) 4 _BO-A()
A()+%G@AU* 1-5

(34)

Case 1: Suppose first that lim Zgé(z> is finite and equal to ¢,. Define A(z) = A(z) —

Z—> 00 z

Bog . Then (34) implies:

Baz+(1-Bleg
A (2) 2+ <Zi + 1_%) A(z) = o% (59 - ?((j;> A(z).

Knowing that A(z) is bounded above and integrating, we get:
z(ai Lﬁ)g( ) K+O(2(%+%)),

for some constant K. Therefore, A(z) — 0, so that A (z) tends toward A = Baf(+ﬁ)s
1 * g

(which is equal to 1 if ¢, = 0). Therefore, w (2) ~ AAZpin (é (z)) “*, and

w e
P(W>w)N<A/\xA> ,
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so that the doctors’ income distribution is Pareto distributed with shape parameter c,.
Case 2: Suppose now that lim %(z) = 00. Assume that A(z) does not tend toward 0 and

Z—>00

consider some € > 0. If A(z) > ¢, then for all sufficiently large z, (34) implies that zA’(z)
is negative and bounded away from zero. Thus A(z) eventually falls below €. Moreover, at
A(z) = e the derivative is negative, so A(z) cannot subsequently cross that level upward. Then
for z, large enough we must have A(z) < €. As this holds for every ¢ > 0, A(z) — 0, that is

1

w(z)=o0 </\xmin (é (z)) o ) Then, (33) leads to

=7 fﬁkmmmi (é(z))fa (1+0(1)). 35)

Since G (z) decreases faster than any power of z, this implies that w(z) — co. Integrating (33)
and using that w (z.) = Zyin, We can write:

w'(2)

—1

_B_ z ~ —ay
w (Z,Ot:c) = 2_% |:xminzclﬁ + :&Axmin /ZC 3%_1 (G(S)) ds:| )

where we explicitly note the dependence of the solution on the parameter o,. AS T, and 2.

are independent of «, and since (6’(3)) T s decreasing in a, (recall that G(s) < 1), we

get that w (z, ) is decreasing in «,,. We then immediately get that, for a given w, P(W > w)

decreases with o, and so does W when w > 1. Q.E.D.

A.5. Scalability in health care: proof of Proposition 4

This section presents the proof of Proposition 4. * Health care market clearing now takes into
account that doctors serve different numbers of patients. Still denoting by z. the ability of the
least able doctor and using the Pareto assumptions, we get:

(m(2) o)™ = / Y0 azé (¢J20)0" de, (36)

Cobb-Douglas case. In the Cobb-Douglas case, we combine (2), (11) and (36), and we
obtain the differential equation:

oo ES 1 —Qz _i
w'(z)z+ 1—Bﬁw (2) = 1 fﬁxmin (/Z <wl(f)> azz (i) dg) ) 37

We verify that a solution to the problem of the form w (z) = C, 2" exists. Plugging this expres-

sion in (37), we obtain a solution with 1) = — "J:E = and some constant C. In fact, the solution

must asymptotically behave like C, 2%, otherwise the left-hand and right-hand sides of (37)
cannot be of the same order. Doctors’ income can then be written as

(xz(1+ss)

w(z)=A(2)w(z) ~Coz azte’ |

“4For the cases not covered by Proposition 4, doctors’ income distribution is also asymptotically Pareto distributed
with a;l = 1_'_1:3‘271 a;l if either (i) e < 1 and o, > €° + a,, or (i) € > 1 and o, < €° + a. In addition, it is

bounded if e < 1 anii 1—-¢)a; > a..
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where C'; is another constant. Therefore for w large enough, we obtain:

QI+ES « +ES
x

Pr(W >w)~Pr (Z > (w/Cg)az(HES)) 20 (w)/Cy) 1465

Doctors’ incomes are asymptotically Pareto distributed with inverse Pareto parameter o, *:

—1 1+¢° —1

1
atl=—F—a .
v 1 +ssa;1 *

>,

1

We note that o' is increasing in o' and in 9 (since o, > 1). Besides, we get \(z) =

C=° 2¥¢% Jk=7 | so that

am+es

az+as
PﬂA>Apﬂ%<Z>(M¢70f)aﬂs>aAﬁ.

S,—1
ey,

Tra iose which is increasing in

A is Pareto distributed with inverse Pareto parameter oy ' =

Oéil

CES case. We now consider the CES case. We can rewrite the first-order condition (24) as

_ B
=155

We assume (and verify) that when eitheri) e < 1 and (1 —¢)a, < a, <& + a,, orii) e > 1
and o, > % + a,, we are in the empirically relevant case in which health care expenditures
rise less fast than income, so that w (z) /m (z) — 0. In that case, we get that for z sufficiently
high:

w' ()

=
I
=
o=

W' (z)~ (38)

1-p
We guess and verify that the solution features m (z) = mgz™! + o(2™!) with m; > 0 and
my # 1 — &.° Integrating (38) gives

1 l mq — mq—
zlﬁﬁm T mg z E 1+1—1—K—i—0(z E 1“), 39)
_ =

3

w(2)
+1

for some constant K. Plugging that expression in (36) and using (11) gives

mq—

L

1
R € 7S o B méc
m@) " win = 25 [ |

- -Ff(+-o(cnﬂfl+1) ¢=td¢.
e

+1
(40)

SFor mi1 = 1 — €, we would get w(z) ~ %mé/s (In(2)), and therefore A(z) ~ C (111(,2)53) for some

constant C' > 0. Plugging this expression in (36) leads to a contradiction with the assumption that (1 — €) a, # .
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We need to consider three cases. 1) First, assume that ml*l + 1> 0. Then K is negligible

relative to C S+ for sufficiently large ¢, and we can rewrite (40) as
ES
1 mq—1
iy —as o azzgéz B mg Z(A 1E —+1>gs_az
(’ITLOZ ) xm:ivn ~ ES 1 _ ﬁ ml _ 1 m, — 1 . (41)
k —+1 o, — ( ! + 1) e®
€ €
This integration is only possible if (mlT_l + 1) g% — a, < 0 and this (approximate) equality
can only hold if
1
o, + < — 1) e
mq — 1 S £
ozxmlzaz<+1>5 S my = 5 .
€

€
Qy + —
€

For this value of m,, we can verify that m; > 0 since we assumed that oo, > % + o, when
€ > 1. In addition,

ml—l

+1:az+(571)ax

>0
€ 50%4—55 ’

since we have assumed that when £ < 1 then (1 — ) o, < cr,. Moreover,

S R J—
(ml6 1+1> az:am [E (e—1) aze]’

eQ, + g’

which is negative if € < 1 but also if € > 1 as in that case we have assumed that o, > £ + .
Finally, we get that

1 1
8 mg myp—1 +1 I} mg azt(e—lag

€ capteS
w(z) =~ 1_/8m1—1+1z ST g1 2z +
€ €

+1

‘We have that

1_ azfssfaa;
w(z) 8 mg ! z< aﬁf)(i—l)
m(z) 1-gmi—1 +1

since we have assumed that o, < e¥ 4+, when e < 1 and o, > ¢+ a,, when € > 1. Therefore

health care expenditures rise less than proportionately with income and become a negligible

income share asymptotically, as assumed initially. This case is therefore internally consistent.
ii) Assume that mlel + 1< 0and K # 0. Then (40) leads to

Az
—ag

m Z_mlaarxar ~

min

(42)

Therefore, we must have m; = g—z This implies that

1 1 (a.
m +1:<0‘—1+a> >0,
€ e\ oy,
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since we have assumed that o, > (1 — €) a, when £ < 1. This leads to a contradiction, so that
this case is impossible.

iii) Assume now that mlT_l + 1< 0and K =0. Then (39) implies that w(z) < 0 for large z,
which is impossible.

Therefore only case i) is possible. We then get that doctors’ income is

1
:kas

for some constant C;, so that doctors’ income is asymptotically Pareto distributed with

(@ ()" ~ Or " res e (1427

w(z) :

EO&Z+ES
Z(az—l—(s—l)az)(l—%—es)’

Qy =

which we can rewrite as (12). We get that

da ! S41 1
Y SE + . {1 - (1 — ) a;les} >0,
daz I 1 13

e ?Odz —+ 1

which is obvious if ¢ < 1 and holds if € > 1 since o, > £ + o,.. Moreover,

at 1 1
1_ x 1_7 —1 7—1
i () ((1-2) e+ 2a)

de® s 2
<€aml + 1)
3

which is positive if and only if ec, > 1. Finally, we get that \(z) x w (z x

2ztle—lag 5 . - _ —1 2 ((1-L)azt+iazt)
z cawted , so that \ is Pareto distributed with inverse Pareto parameter o, ~ = 5 15 2,
et

)

)as/(1+ss)

which is increasing in o, *. This completes the proof.

A.6. Occupational mobility

We now analyze the model briefly described in Section 3.3.2. Individuals’ abilities as doctors
and widget makers are positively (in fact perfectly) correlated so that there can be occupational
mobility along the entire ability distribution. Formally, we keep a similar set-up as in the base-
line model but we assume that there is a mass 1 of agents who decide whether to be doctors or
widget makers. We rank agents in descending order of ability and use ¢ to denote their rank.
For two agents ¢ and ¢’ with ¢ < ¢, ¢ will be better both as a widget maker and as a doctor
than ¢'. Both ability distributions are Pareto, with parameters (% iy, @, ) for widget makers and
(Zmin, @) for doctors. An agent i can choose between becoming a widget maker earning (%)
or being a doctor providing health services of quality z (7) and earning w (z (%)). 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 for 2 and z obey G, (z (i)) = G, (2 (1)) = 1.

Assume that below a certain rank, some individuals choose to be widget makers and some
doctors. This holds in equilibrium under a condition specified below. Then, individuals must
be indifferent between the two occupations, so that for 7 low enough, we have w (z (7)) = z (4).
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Therefore the wage function must satisfy w (2) = G, | (G. (2)) for z high enough. As both
ability distributions are Pareto, we get:

W (2) = Tunin (2/ Zmin) **/** 3)

Doctor wages grow in proportion to what they could earn as a widget maker.
Let 1 (z) € [0,1] denote the share of individuals with medical ability z who choose to be
doctors. Market clearing in medical services implies that:

(im0 (2)) = / T (O . (€) d, (44)

where m (z) denotes the income of the patient of a doctor of quality 2.
The first-order condition for health care consumption in equation (2) still applies. For suffi-
ciently high 2, p is interior, and (43) holds. Combining these expressions with (44), we obtain:

Jw@ae g = (212040 )

o
. . . : sy = N\l [az1=8
Differentiating with respect to z, we find that p is a constant: p = \* (az 5 T 1) .

Intuitively, with a constant g, doctors’ wages grow proportionately with patients’ incomes, in
line with the Cobb-Douglas assumption. To be consistent with our assumption of an interior

equilibrium, we must have \%=~! (g—z% + 1) IS

With a constant share p of individuals choosing to be doctors (above a threshold) and a mass
1/ of doctors in equilibrium, we get that Py, (W4 > wg) = AuP (Z > w™! (w,)) for w, high
enough so that the observed distribution for doctor wages is Pareto with a shape parameter .
Therefore, Proposition 1 still applies:’

o
PROPOSITION 9: [If \@=~1 (g—z% + 1) < 1, then doctors’ income is Pareto dis-

tributed above a threshold with the same shape parameter as widget makers’ income. Therefore,
an increase in widget makers’ top income inequality increases doctors’ top income inequality.

Therefore the models with and without occupational mobility are observationally equivalent
for top income inequality: doctors’ top income inequality perfectly traces that of widget mak-
ers. Finally, note that with occupational mobility, doctors and widget makers interact through
two channels: a demand side and an outside option side. Appendix A.6.1 below presents an
additional model that separates the two. It highlights that the demand effect drives the result.
Intuitively, if top income inequality increases for the outside option, higher-ability doctors will
move to the outside option. This generates an increase in the relative pay of the remaining high-
ability doctors, which, under Cobb-Douglas preferences, exactly compensates for the change
in ability distribution of active doctors, leaving the observed income distribution unchanged.?

OIf \o=—1 % % + 1> T > 1, then all individuals above a certain ability threshold choose to be doctors

while all those below it choose to be widget makers. This is counterfactual.

"If the distributions of & and z are only asymptotically Pareto, then Proposition 1 applies asymptotically.

8This intuition does not generalize to the CES case, in which part of the effect of a rise in income inequality on
doctors’ income inequality results from the outside-option effect rather than purely from the demand-side effect.
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A.6.1. Disentangling supply-side and demand-side effects

To disentangle demand-side and outside-option effects, we now assume that doctors have an
outside option positively correlated with their ability, whereas patients form a separate group.
There are two types of agents: a mass 1 of consumers and a mass M of potential doctors.
Consumers have the same utility as in equation (1), and their income, z, is Pareto distributed
with shape parameter «,. Potential doctors only consume the homogeneous good. They are
ranked in descending order of ability and agent 7 can choose between being a doctor providing
health services of quality z (i) and earning w (z (7)) or working in the homogeneous good
sector earning y (7). y and z are distributed according to the counter-cumulative distributions:

Gy (y () =G, (2(1)) =i with G, (y) = (Ymin/¥)** and G.(2) = (2min/2)""

Further AM > 1, so that all consumers can get health services.

Assume that the equilibrium is such that for individuals of a sufficiently high level of ability,
some choose to be doctors and others to work in the homogeneous good sector. Then, for 7 low
enough, agents must be indifferent between becoming a doctor or working in the homogeneous
good sector, so that w (z (7)) = y (7). Hence, the wage function obeys:

W (2) = Yumin (2/ Zmin) =7V . (45)

Market clearing for health care services above z implies:

-Tmln
(m( ) _/\M/ O)d¢, (46)

where p (¢) denotes the share of potential doctors who choose to be doctors. Plugging this
expression into the first-order condition in equation (2), together with (45), we obtain:

oo 1 m Tmin 5 0w

(O)d¢ = — . 47
| r@a@ic=5y; o (=) @)

ay 1 —B ymll’l

Taking the derivative with respect to z, we get:
B o
(z) = o 1 1- BAxmin Z az(l_ﬁ> (48)
: a Qy AM Oéz + /6 Zmin
1 _ ﬁ ymln
Since p () € (0,1), this case is possible only if o, < v, (or a, = v, an o o L ( (lay;iwﬁmin)y )
az(l— Ay )Ymin

1), that is, consumers’ income distribution has a tail no fatter than the potential doctors’ outside-
option distribution. Then, for w high enough, doctors’ income distribution obeys:

Zmin o dCﬁ O‘yﬁ)‘xmin o —ag
Pr(W>w) AM/ )Zz“‘Z““)<c) C_<az(1—5)+ﬁay> Yo

z
min
yrnln

Therefore, for w high enough, doctors’ income is distributed like their patients’ income.
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Qg
_ ag 1 oy BAZTyin o
If oy > a, or oy = v, and o N ((az(l—ﬁ)way)ymin) > 1, then, above a certain

threshold, all potential doctors choose to be doctors. Therefore, the model behaves like that
of Section 3.1, and the outside option is “mute”.

Therefore, in all cases, doctors’ income is Pareto distributed at the top with shape parameter
o, Changes in «,, have no impact on doctors’ top income inequality.

A.7. Doctors moving: Proof of Proposition 5

With no trade in goods between the two regions, we can normalize the price of the homoge-
neous good to 1 in both. As doctors only consume the homogeneous good, doctors’ nominal
wages must be equalized in the two regions and the price of health care of quality z must be the
same in both regions. From the first-order condition for health care consumption, the matching
function is also the same: doctors of quality z provide health care to widget makers of income
m (z) regardless of their region of origin (because the income supports differ across regions,
for low z, all widget makers with income m(z) live in the same region). Moreover, the least
able potential doctor who decides to become a doctor must have the same ability z. in both
regions. ’

We define by ¢ (2) the net share of doctors initially in region B with ability at least z who
decide to move to region A (note that ¢ (z) may be negative on part of the support). Labor
market clearing in A implies that, for z > z.,

(5 /m () = A (149 (2)) (2amin/ 2)° 49)

There are initially p (Zm%)az doctors with ability at least z in each region and a share ¢ (z)
of those move from region B to region A. As each doctor serves A patients, after doctors have
relocated the total supply above a quality z in region A is given by the right-hand side of (49).
Total demand corresponds to region A patients with an income higher than m(z), of which
there are P (X >m (z)). Since o < o, the assumption that average incomes are equal in
the two regions implies that z2, < xZ. . Consequently, doctors of a sufficiently low quality
serve patients only in region A. Hence, there exists a threshold zp, such that doctors born in B
with ability z € (z., z5), move to A. For z > zp, the same equation as (49), replacing ¢(z) by

—(z), holds in region B:

(@B /m ()% =Mt (1= 9 (2)) (2amin/ 2)°* (50)

Since the two regions are of equal size, total demand for health services must be the same

and on net, no doctors move: ¢ (z2.) = 0. Using (49) for z = z,, we obtain z, = ()\p)i Zmins
as in the baseline model.
Similarly, combining (49) and (50) for any z > zp, we obtain

A o B Z\ew el -5

Qz

ag

‘ 2
I3

wy

tends towards 0. Because ¢(z) is a net share,

T

Since af > o, we find that (f) “

¢ (2) € [-1,1]. If 1 4+ ¢ (2) is not bounded away from 0, then the left-hand side is arbitrarily

°Potential doctors who decide to work in the homogeneous good sector earn the same outside option T < Az,
in the two regions.
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large on some interval while the right-hand side is arbitrarily close to 0, which is a contradic-

tion. Therefore 1 + ¢ (z) must be bounded away from zero, which ensures that the left-hand

side is bounded above and bounded away from 0. If ¢ (z) /4 1, then the right-hand side is arbi-

trarily close to O on some interval, which is also a contradiction. Therefore asymptotically, we

must have that ¢ (z) — 1: nearly all the best doctors move to the most unequal region.
Plugging (49) in (2), we get that in region A:

A _ oz
W) e+ pgw(e) = S (14 () o ()7
Therefore, asymptotically:
B2 of g oA
v () &

As ¢ (z) — 1, doctors’ ex-post ability distribution in region A is asymptotically Pareto with
shape parameter .. For high z, the mass of doctors with ability at least z who are eventually
located in A is asymptotic to 2 (z"““) . Then, as in the baseline model, doctors’ income is
asymptotically Pareto distributed with coefficient o' in A. Further, using (51), we get:

B
T

1— ¢ (2) ~ 200/ (zB,,/zA.)" (z/zc)az(l—af/aﬁ) , (53)

Therefore, the ex post talent distribution of doctors in region B is still Pareto but now with a

B ~ ~
coefficient o/, = azz—;ﬁ. In region B, the probability that a doctor earns at least w (for w >
w (zp)) satisfies:

pP (Z>w™! (W) (1—¢ (w' (9)))

(@
uwP(Z > z.) ’

(W >w) =

doc

where w denotes the wage function. Indeed, there are initially 4P (Z > w~"' (w)) doctors in
region B with a talent sufficient to earn w. A share of 1 — ¢ (w™! (w)) of these doctors stay
in B. Moreover, the total mass of active doctors in region B is given by uP (Z > z.), since
overall there is no net movement of actual doctors. Using (52), we get:

s, (0B B )
w (w)wzc<w N 2 m) :

Using this expression and (53) we get that:

mln

rr.ov>0= (i) 0o~ ()

Therefore, doctors’ income in region B is Pareto distributed with shape parameter 'Z, as in
the baseline model. This establishes Proposition 5.
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A.8. Quality-quantity tradeoff

We consider the model of Section 3.3.4."° With w (z) the price per unit of health care of
quality z, the budget constraint faced by a consumer with income x is:

w(z)g+c<um.

We restrict attention to the case # < 1: for § > 1, the problem is ill-defined because consumers
can achieve infinite utility by purchasing an infinitesimal amount of health care of infinite
quality. We establish:

PROPOSITION 10: 1) In the Cobb-Douglas case, 8 = 1, there is no positive assortative
matching. Doctors’ income is Pareto distributed with inverse Pareto parameter ﬁaz_l, in-
dependent of widget makers’ top income inequality.

2) When quality and quantity are complements (0 < 1), and o, > o, — 1, there is positive
assortative matching; doctors’ income is asymptotically Pareto distributed with inverse Pareto
parameter

-1 _ -1 —1 -1 —1
o, =, (1—1—042 )—az <a, .

Doctors’ top income inequality is increasing in widget makers’ top income inequality.
3) When quality and quantity are complements (0 < 1), and o, < o, — 1, there is positive
assortative matching but doctors’ income is bounded.

PROOF: We solve in turn the complement and then Cobb-Douglas cases.

Complement case: 6 < 1. We solve for the consumer maximization problem in two steps.
First, we solve for the optimal allocation between quantity and quality for given healthcare
expenditures. Second, we solve for the consumer’s problem taking into account the relationship
between quality and quantity. In a first step, a consumer maximizes:

o
H= ((1 *7)% ¢ +'y$z9a%l) ™" such that w (z) ¢ < h.

Plugging the budget constraint into the objective function, we get that the consumer solves:

max H (2, h) = (1—~)7 (%)9 T P . (54)
We obtain the first-order condition:
aa—i[:(7%2757(177)%h%w(z)%w’(z))H%:O (55)
which leads to the optimal z satisfying:
= ity ()7 W (%) 77 (56)

10Utility functions where the quality and quantity of goods do not aggregate in a Cobb-Douglas way have been
considered by Rosen (1974) or Becker and Lewis (1973) in the context of fertility and education decisions. In the
latter case, Mogstad and Wiswall (2016) specifically look at the CES case. None of these papers, however, consider a
matching mechanism like ours.
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The solution is interior and is a maximum provided that the second-order condition holds. At
. 2
the optimum, we must have 2, < 0. We have that

(92)7
6‘2H 1 ! * _1 1
Gap ==t L) ()b
11120 w(z)W ()
with g(Z ) - 6 > (Z*) + 9 + (UJI (Z*) 2 (57)

/
where we defined ¢, (2) = =2 S ) as the elasticity of the price function. Therefore at an interior

w(
optimum, we must have g (z*) > 0. Differentiating (55), we obtain:

0*H .
Lf_ 0hoz _ 1—v\? 1-90 ol =t 152
") gy )
(02)°

Therefore, for an interior solution, health care quality increases with health care expenditures,

‘f}: > 0, since 6 < 1. Taking that relationship into account, we can rewrite
0
H)=oytt (1) (58)
<Z> =z €w (Z) )
dH OH 0Hdh OH 1 | Ho0

ith—=—+—F——=—F———=70g(z") (") ¢ . 59

M = Tands - an e VI E) T >0 9

dh

In addition, the quantity of health care demanded by a consumer consuming quality z is then
given by
L\
— - 6
q(z)==z2 (fy’y) (6o (2))T-0 . (60)

Using (56), we can then rewrite the original problem as

56
6—1
maxu(z,c):zﬁfyf’él w/(z) +1 P
2w’ (2)

1
]_ _ B -0
s.t. < 7w (2)' 7> W (z)9> +c=ux.
Y
Taking the ratio of the two first-order conditions, we obtain:
dH ]
e (o)l

- % dz

(1-p)H
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As before, we denote by m (z) the income of patients of a doctor of quality z. Then plugging
in the budget constraint in the previous expression, we get:

e <m<z> - (e (@9)1‘19) (6

y
We note that

d (zw (2)' 7w (2)9>
dz

Substituting this expression and (59) into (61), and noting that g (z) > 0 at the optimum, we

get
= (m @ - (F L <z>9)119)

=77 (177> o (Zw ()" % (2)9) o W (2) (1-B) HT.

Then using (58), we obtain:

pm(z) = <lfy7>wzw(2) (e ()77 [L+ £, (2) (1= B)]. (62)

This differential equation characterizes the optimal behavior of consumers.
Next, market clearing in health care requires that the quantity of health care provided by
doctors of quality at least z equal consumption by consumers with income at least m (z):

A ( z ) —/ q(m™ (z)) azz= =Tl da.

Zmin m(z)

Differentiating with respect to z, we obtain:

—a,—1 Qs —(ag+1) ag

—Clz)\Z HZmin = _ml (Z) q (Z) Qg (Z> Lin-

Plugging in (60), we get a second differential equation that characterizes market clearing:

1— 0
2 A\, =/ (2) <7> (0 ()7 m (2)" D a,als,.  (63)

min T min*
Y

Together with initial conditions determining the cutoff z. and ensuring that w (z.) = Zmin,
equations (62) and (63) fully characterize the equilibrium.
We are interested in the asymptotic behavior of the solution. Multiplying equations (62) and
(63) with each other, we get
[w(z) 277+ (1= B) 27w (2)] e dpzps, = m/ (2) m ()" Bayans (64)

min min-*
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We assume that the solution behaves regularly in the sense that ¢,, (z) admits a limit in [0, 00]
(we know that ¢,, (2) > 0) and, whenever this limit is finite and positive, w(z) and its first two
derivatives admit the power-function asymptotic expansions used below. We consider in turn
the three possible cases of an infinite limit, a finite but positive limit and a null limit.

Case 1: £, (z) — oo. Then, w (z) must grow faster than any power function and w (z) z == !
becomes negligible relative to z~*=w’ (z). Using (64), we can write:

[~z 7w (2) + 27w (2)] (1 = B) e dpzpi, ~ am’ (2) m(2) ™" 2, B-

Integrating, we get

Mz (1= B)w ()27 + K ~ mm () 2
—

for some constant K. However, while the RHS tends toward 0, the LHS becomes unbounded,
leading to a contradiction. This case cannot be an equilibrium.

Case 2: ¢, (z) — w; with w; > 0 and finite. Then, by assumption, we can write w (z) =
wWez®t + 0 (z¥1) and W’ (2) = wew1 2“1~ + 0 (2¥1 7). Using (64), we can write

wo[l4+wi (1=78)] 2~ ta Auzlz, ~m' (2) m(2) """ Ba,x0% .

Integrating, we obtain'!

1 1- 1
WO[ + wy ( /8)],2“)1_(12042)\,“21(:; + K~ m(Z)l o Bam m1n7
W, — O, 1 TG

for some constant /. As the RHS tends toward O, the LHS must also tend toward O, which
requires both that & = 0 and that w; < «,. Then, we get that m (z) ~ mgz az-1 with

1

mo = { T )
(O[m - 1)("}0 [1 +wy (1 - 6)] «Q >\lu’zmm
Plugging that expression in (62), we get
Qz—wy 1-— Y 1i9
Pmgz ee=1 ~ <> woz“1 T w] [1 +w; (1-0)].
Y
This implies that we must have
z 2 1-— T
GmWi g, otz
a, —1 Qly

The solution assumes that w (2) is increasing, so that this is only an equilibrium if w; > 0, that
is for a, > o, — 1. As «, > 1, we note that the condition w; < o, is automatically satisfied. wy

L 9
is then determined by ensuring that Smg = ( 1_77) wow; [ +w; (1 — B)], which solves
for wy.

"'This assumes w; # . For w; = «, integration leads to a In on the left-hand side and a finite tail integral on
the right-hand side (as a > 1 and m(z) — oo), which is impossible
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We still need to check that g (z) > 0 to satisfy the second-order condition. To do so, we first
compute w” (z). Log-differentiating (62), we get

—B)e, (2 Zw”(z)—s 2
zm/ (2) 1 126 0 20" (2) (1-8) w()<1+ W' (2) w()>

me) 1-0 1P T T T 1+eo(2)(1-5)

(65)
must tend

zm/(z)
m(z)

also tends toward a constant, which must be

From (63), we get that m’ (2) is asymptotically a power function and that

2w’ (2)
w’(2)

w; — 1, so that we can write w” (2) = wow; (wy — 1) 24172 + 0 (2¥1~2). Using (57), we get

toward a constant. Then (65) implies that

11 1—29+w1—1_1—91+w1
0 w, 0 w0 w

so that the SOC is satisfied.
Doctors’ income w (z) = Aw (2) is then asymptotically Pareto distributed with

a1 o
w O\ @1 w

Pr(W ~Pr|Z — ~ 2z —

r (W >w) r( ><)\w0> > 2z <)\w0> ,

where a,, = o, /w;. We can rewrite the latter as:

g(2) >0,

_ a,+1—« _ _ _
aw1:¥:axl(l+azl)—azl,
QL0

(o7

-1
we=14+a;'>

Qg

which is increasing in v, ! and decreasing in o . In addition, we note that
1.

Case 3: €, (z) — 0. Then w (z) grows more slowly than any power function, and w’ (2) is
negligible relative to = z) Using (64), we can write:

z

d
d

Mizgiy (27 7w (2) — 27w (2)) ~ am’ (2)m (2) " 208, B.

min min

Integrating, we get

1l—ag Iam

)\,lLZaz 2% w (Z) + K~ QTN (Z) minﬁ’

min

for some constant K. z~*#w () and m (z)'~** tend toward 0, so that K = 0. We then obtain:

1
2% PBa, xoF g1
~ min 66
m(2) L} (2) a, — 1 )\uzr‘iﬁn] (66)
Plugging this in (62), we obtain
o Ba, g 1E=T [1_A\T
Lo U I (et A T U
Rearranging terms, we get
a R c=T G
o e S gty (2)w(z)@=Te ! =Y en
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Integrating (and recalling that we are ignoring the case o, = «v,, — 1 in this proposition) we get

1-0 L
e% (e Ta-—1)06 0
Q Ty x® (ep—1)0 _ (agz—1-az)(1-0) 0z(1=6) (] — ¢
K T /8 T mlo? P (az—1)0 NOJ(Z) (agz—1)6 7,7 s
Oéx—]-_az a;t_]-/\p’zz v

min

for some constant K. The right-hand side is increasing in w (z), while the left-hand side is
increasing in z only if o, — 1 > «,. This condition is therefore necessary for the equilibrium

to fall into case 3. Assuming that this is the case, we get w (2) = Q —wz~“! +0(z7“1), with
Q,wo > 0and wy = W > (. Therefore the price of health care quality is bounded
above and so is doctors’ income.

We then need to check that the SOC holds. From (67), we get

1 1—6
ag — 9 Yz - x (o —1)0 ay -0 1
w/<z>wglwsx<1jv) {g _a“z;gz} S ()

min

Equation (65) still holds and plugging (63) in it, we can write:
1—7v 2 (2) % .
Az Lnin
w(2)

1 1—29E ; 0 zw"(2) (1-75)en(2) zw”(z)ieE s
N COY TR T Tre (- p) (” SIONERS )>'

1-6 1-46
Using (66) and (68), we can derive

9 1-0 «a, 1\ ' (2)
“ (Z)N< 6 ozm—19> z

Plugging this expression and (68) in (57), we obtain

1-60 a, 1
0 a,—1le,(2)

g(z)~ >0,

which ensures that the second-order condition is asymptotically satisfied.
Bringing together cases 1), 2) and 3) establishes parts 2 and 3 of Proposition 10.
Cobb-Douglas case (§ = 1). Then, the consumer maximizes

(W)™

The solution of this problem is independent of h. If consumers were not indifferent across
qualities, they would all choose the same health care quality. This cannot be an equilibrium,
so consumers must be indifferent across health care qualities, which requires w (z) 2T
Hence, there is a common quality-adjusted price of health care, which doctors take as given.
Doctors’ income is Pareto distributed with shape parameter o, 1;7. Q.E.D.

max H (z,h) = h'™7 (69)

This Proposition shows that our results can be generalized as long as the possibility to substi-
tute quantity for quality remains limited (6 < 1). Intuitively, in the Cobb-Douglas case (§ = 1),
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it is possible to rewrite the health care aggregate as a function of quality-adjusted quantity of

health care (¢ = z%q so that H = g*~7). Then, health care has a common quality-adjusted
price, and the payment schedule for doctors is log-linear in their ability. As such, doctors’
income inequality is entirely determined by their ability distribution and not widget makers’
income distribution.

In contrast, in the complements case, there is positive assortative matching as in the baseline
model. High-income widget makers consume not only higher quality but now also more health

care. With a fixed supply of health care, doctors of a given ability are matched with patients of

a lower income than in the baseline model (m (z) is proportional to z% instead of z&» in

the baseline). As long as top doctors are not too abundant (v, > «, — 1), doctors’ incomes are

still asymptotically Pareto distributed—though top income inequality is lower among doctors

than among widget makers (o' < a;'). An increase in widget makers’ top income inequality

spills over into doctors’ top income inequality more than one-for-one because the demand for
-1

X

quantity of health care services also increases disproportionately at the top: Za,l > 1. More-

over, doctors’ top income inequality decreases as their ability distribution becomes more un-

-1
equal: ZZ—& < 0, as high-quality health care becomes cheaper when it becomes more abundant.
Interestingly, the elasticity of substitution 6 has no effect on the size of the spillovers.

A.9. Partly tradable health care

Consider the setup of Section 3.3.5. Without loss of generality, assume that region 1 is the
most unequal; that is &} = min, {«£ }. For simplicity, assume that a? > o}, for s # 1. Denote
by k., (z) the share of widget makers of income x who are mobile in region s. We assume
that lim,_, ., k; () = & > 0; that is, a positive mass of patients from the most unequal region
are willing to travel. In all regions s # 1, for = large enough, the set of potential patients with
income above x will be dominated by traveling patients from region 1. Since the equilibrium
still features positive assortative matching, for sufficiently high z, most doctors of quality z
in every region are matched with a patient from region 1. The analysis of the baseline model
(specifically Section A.3.1) applies and doctors’ income in each location is asymptotically
Pareto distributed with shape parameter a!.

APPENDIX B: DATA APPENDIX
B.1. Details of data construction and Figure 1

Sample Selection. We restrict to Census/ACS respondents (U.S. Census Bureau, 2000,
2014) who are age 25 or older, and (1) have positive income and are categorized as “employed,
at work” according to the variable ESR (employment status recoded) or (2) have positive in-
come, are not in the labor force, and are age 65 or older. The latter group approximates retirees.
For the positive income restriction, income refers to whichever definition is being used; typ-
ically wage income, but in robustness checks we also use all earned income. All constructed
variables use Census weights (perwt).

Construction of Figure 1. The green series (with circles) shows the actual change in log in-
come within each income percentile from 1980 to 2012. To decompose this into between- and
within-occupation effects, we calculate two sets of statistics for 1980 and 2012. First, we calcu-
late percentiles of average occupational log wage income, weighting occupations by employ-
ment. Then within each of these occupational percentile groups, we rank individuals based on
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their income and group them in 500 bins, and compute the deviation between log income in that
bin and that occupational percentile group’s average log earnings. The “Between-Occupation
Effects Only” series (with red triangles) shows the counterfactual shift in the income distribu-
tion if occupational percentiles’ incomes had changed to 2012 levels, but the corresponding
bins of differences around each percentile (500 for each of the 100 percentiles) had remained
unchanged. The “Within-Occupation Effects Only” series (with blue squares) shows the coun-
terfactual shift in the income distribution if the occupational percentiles’ wage incomes had
remained constant at the 1980 levels, but the bins around each percentile had changed to 2012
levels.

Independent Variable Construction in the Regression Analysis. For a given occupation of
interest (e.g. doctors) and a given percentile cutoff that defines the upper tail of the income
distribution, such as the 90th (local) percentile, we do the following:

1. Among uncensored observations, calculate the income at that percentile in that LM A-year
among all persons regardless of occupation. Drop observations below that income level.

2. Then, drop the occupation of interest, that is, the occupation in the dependent variable.

3. Then, calculate the inverse Pareto parameter as described in the main text. We adjust equa-
tion (13) to account for a few censored observations. Consider a sample of draws of a random
variable X which follows a Pareto distribution P(X > %) = (Z/@min) . With censoring, the
observed value is x = min{Z, Z} for some known censoring point Z > Z,;,. Denote by V..,
and N,,,. the sets of censored and uncensored observations, respectively. Since all estimates
use Census person weights, the frequency-weighted maximum likelihood estimator of o~ * is

Z perwt, In ( ) + Z perwt, In ()
Lmin i€Ncen Hmin

~_1 _ i€ENunc

Armour, Burkhauser, and Larrimore (2016) use this method with Current Population Survey
data (March supplement) to show that income inequality trends match those found by Kopczuk,
Saez, and Song (2010) using Social Security data.

Dependent Variable Construction in the Regression Analysis. For a given occupation of
interest and a given cutoff that defines the upper tail of the income distribution, such as the
90th percentile of the local general population, we do the following:

1. Repeat step 1 of the construction of the independent variable.

2. Then, keep only observations from the outcome occupation of interest (e.g. doctors).

3. Then, calculate the inverse Pareto parameter correcting for censoring.

Instrument Construction in the Regression Analysis. For each occupation of interest o, we
construct our shift-share instrument as follows. We first identify the 10 most common occupa-
tions (excluding o) in the upper tail of each LMA in 1980, where the upper tail corresponds
to the 90th percentile of the local uncensored observations. We define the set of shift-share
occupations, K _,, as the union of all these occupations, which corresponds to around 30 occu-
pations. Then, for each occupation  in K_,, we calculate the income at the percentile cutoff
defining the upper tail (e.g., the 90th percentile) among uncensored observations nationwide.
Observations with income below that level are dropped. Then, for each region s, we drop re-
spondents residing in that region and calculate the nationwide inverse Pareto parameter for
each occupation (o} _.). We then calculate the weights (or shares) for occupation x € K _,

K,t,—s
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FIGURE B.1.—Estimated ov—* for doctors for various cutoffs.
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Notes: For New York State (Panel (a)) and the entire United States (Panel (b)), we calculate o™ 1 using increasing fractions of doctors
(excluding those with medical-resident-level incomes). Around 80 per cent of doctors are in the top 10% of the general population in 2012.
The numbers report the difference between 1980 and 2012 for each fraction of doctors used.

in the instrument as the fraction of the upper tail population that is employed in « in 1980.
The weights are not normalized, and thus sum to less than one. Retirees are excluded from the
instrument.

Measures of o~ and sample selection. In our main specifications, for each occupation we
estimate o~ ! using members of that occupation whose incomes lie in the top 10% of the general
population. For New York State and the national sample, we illustrate how the estimated o ~*
for doctors depends on the size of the sample (we use New York State and not New York LMA
for disclosure reasons). Our data here are the same as those used for the calibration exercise in
Section 6. We defer a detailed discussion of data and data cleaning until then.

Figure B.1, panel (a), shows the ! estimated for 1980 and 2012 on increasing fractions
of doctors in New York State once we restrict attention to doctors with incomes higher than
those in medical residency. When using the highest-earning 10% of doctors we get a difference
between 1980 and 2012 of 0.101. When we use half the observations we get a difference of
0.09. The fraction of (non-resident) doctors who are in the top 10% of the general population
is around 80% in 2012. When we use this fraction we get 0.173.'> Panel (b) performs the same
calculation for the nation as a whole with the same points highlighted.

Regression Details. Regressions are weighted by the number of observations in the out-
come occupation above the cutoff in that LMA-year. Only the 50 most populous LMAs as of
1980 are included. We estimate the regressions with the Stata commands reghdfe and ivreghdfe.
Standard errors are clustered at the LMA level.

B.2. Occupation and LMA definitions

Occupations. We use the occupation classification constructed by Deming (2017), which
ensures consistent occupational groups throughout our sample. We create some additional

"2For New York State the fraction of (non-resident) doctors in the top 10% is around 90% in 1980. When we use
the year-specific cutoff we get a difference of 0.13.
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groupings: We combine (1) all engineering occupations into one, (2) all managers (exclud-
ing those working in real estate) into one, (3) primary and secondary school teachers into one,
(4) respiratory, occupational, physical, speech and not-elsewhere-classified therapists into one,
(5) hairdressers and barbers into one, and (6) waiters and bartenders into one.

Geography. We use Labor Market Areas (LMAs) defined by Tolbert and Sizer (1996).
These are aggregates of the 741 Commuting Zones (CZs) popularized by Dorn (2009). Both
commuting zones and labor market areas are defined based on the commuting patterns between
counties. CZs are unrestricted in size, whereas LM As aggregate CZs to ensure a population of
at least 100,000. LM As are constructed such that they can be driven through in a matter of a few
hours, e.g. Los Angeles or New York. Given that our estimation strategy relies on a relatively
high number of observations of a particular occupation, LMAs are a more natural choice.

B.3. Occupational characteristics

We use the Occupational Information Network (O*NET) 10.0 June 2006 release of occu-
pation characteristics (National Center for O¥*NET Development, 2006), drawing on two traits
in particular: “Customer and Personal Service” from the list of “Knowledge” traits, and “Per-
forming for or Working Directly with the Public” from the list of “Work Activities”. Each
trait is scored on a scale from O to 7 based on the “level” of skill in that trait required for
the occupation. We crosswalk from O*NET-SOC codes to 2000 Census occupation groups
(0cc2000) using the SOC-to-occ2000 weights used by Acemoglu and Autor (2011) (avail-
able at https://economics.mit.edu/people/faculty/david-h-autor/data-archive). We then collapse
from occ2000 to the occupation definition used in this paper, which was developed by Dem-
ing (2017) and which we call occ1990dd, as described in the main text. For this collapse, we
take the weighted average of each O*NET trait at the occ1990dd level, where the weights
correspond to the fraction of each occ1990dd population derived from each occ2000 category.
We calculate these weights using the 2000 public-use Census sample (RFSB+, 2025). Finally,
once we have O*NET traits at the occ1990dd level, we normalize the traits to be in percentile
rankings (from O to 1) rather than on the O to 7 scale. Each occupation is assigned its percentile
ranking in the occupation distribution of the trait (weighted by occupation size). These two
normalized traits are the bases of Figure 3.

We use Blinder (2009)’s measure of offshorability as an (inverse) measure of the extent to
which an occupation serves the local market. Based on O*NET characteristics for each oc-
cupation (using the 2006 version), he manually assigns an ordinal score between 0 and 100
for 817 occupations, with 100 being completely offshorable, and anything less than 25 be-
ing completely non-offshorable. In most instances, the O*NET occupation codes correspond
one-for-one with the Standard Occupational Classification (SOC) from the US Department of
Labor. In his appendix, he lists the SOC occupations scored as greater than 25. When two or
more O*NET occupation codes correspond to a single SOC code, and those O*NET occu-
pations are deemed to be substantially different in their offshorability, he keeps the O*NET
occupation codes separate, as opposed to aggregating them to the SOC code level. In the few
cases in which that occurs, he only reports the O*NET occupation codes scored as greater than
25. For example, Financial Managers are a single category in SOC, but are split into three cat-
egories in the O*NET classification: 11-3031.00 Financial Managers, 11-3031.01 Treasurers
and Controllers, and 11-3031.02 Financial Managers, Branch or Department. Blinder only re-
ports the one sub-type of financial manager that he considers partially offshorable, and does
not list which of the three O*NET sub-types it represents, just the higher-level SOC code.


https://economics.mit.edu/people/faculty/david-h-autor/data-archive
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APPENDIX C: ASSORTATIVE MATCHING IN HEALTHCARE AND PHYSICIANS’ SCALE

This Appendix examines the model’s first prediction: positive assortative matching. We use
health spending and physician price data to construct income gradients of medical spending
and medical prices. In addition, we discuss the evolution of physicians’ scale.

C.1. Spending and price data

We use medical spending data from the Medical Expenditure Panel Survey (MEPS), accessed
through IPUMS Health Surveys (Blewett, Rivera Drew, Griffin, and Williams, 2019). MEPS is
a nationally representative survey of families’ health insurance coverage and medical spending
conducted annually by the Agency for Healthcare Research and Quality. We use the survey
waves 2010-2014 to match the five-year ACS data used in our main results. For each family in
each year, we calculate total medical spending and total dental spending. For families present
in the survey for multiple years, we average their annual spending and annual family income.
We then take logs of spending and income to estimate the income elasticity of spending.

We measure service provider prices using the Colorado All-Payer Claims Data (APCD-CO)
(Center for Improving Value in Health Care, 2015), described in Clemens, Gottlieb, and Mol-
ndr (2017). These data provide details on patient visits for medical care, including the service
provided (a 5-digit code established by the Healthcare Common Procedure Coding System
(HCPCS)) and the identity of the treating provider. They cover “the majority of covered lives
in the state across commercial health insurance plans, Medicare (Fee-for-Service and Advan-
tage), and Health First Colorado (Colorado’s Medicaid program)”. To match the MEPS years
and avoid confounding price changes during a calendar year (Clemens, Gottlieb, and Molndr,
2017), we include visits in January through June of each year from 2010 to 2014. Crucially,
APCD-CO indicates the patient’s residential zip code and the amount the provider was paid for
each service (whether by an insurer, directly by the patient, or both)."

We summarize provider prices across procedures and patients by computing markups. We
estimate markups as the provider fixed effects in a regression on the insurance claims data that
controls for procedure codes. Specifically, denoting r, ; ; , as the amount paid to provider g for
performing procedure j on patient ¢ in year ¢, we estimate the following regression:

Inrgjit=¢s+@;+eoi+egjit (70)

where ¢; are fixed effects for HCPCS procedure codes, ¢, are fixed effects for each year, and
¢, are fixed effects for provider g that reflect each provider’s average mark-up.
We approximate patients’ income using the median family income in their residential zip

code.'"* We compute the mean of provider markups, ¢,, among all provider visits from patients
in a given zip code z: @, = - Y. g We then estimate &, = po + 1 In (income) | + ¢,
VIS visitez

while weighting observations by the number of underlying patient claims in z.

BDepending on the patient’s insurance contract and whether the patient has reached an annual deductible or
out-of-pocket maximum, the patient or the insurer may have to pay the physician’s fee for a particular treatment.
But regardless of who is liable, the amount that the physician expects to receive is governed by the rate negotiated
between the physician and the insurer, known as the “allowed charge.” We refer the reader to Clemens and Gottlieb
(2017) for institutional details about this price setting.

4We obtain data on median family income in each Zip Code Tabulation Area (areas that closely approximate zip
codes) from IPUMS NHGIS (Manson, Schroeder, Riper, and Ruggles, 2017).
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FIGURE C.1.—Engel Curve for Medical Spending
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Notes: Panel (a) shows the relationship between annual medical spending and annual income, both in logs. The dots show mean values in each
vigintile of family income. The line shows a linear regression estimate on the micro-data, and reflects an elasticity of 0.288. Panel (b) shows
the same figure but for dental spending only. The elasticity is 0.421. Source: Authors’ calculations using data from the Medical Expenditure
Panel Survey.

C.2. Results: medical spending, physician prices, and income

Figure C.1 shows Engel curves for medical spending using MEPS data among the top 50%
of the family income distribution. Panel (a) shows total medical spending, and panel (b) shows
dental spending, the two spending measures used here. The graph shows a binned scatter plot,
using 20 vigintiles of family income and the regression line computed on the micro data. The
positive relationship reflects an elasticity of 0.288 for total medical spending. That is, a 10%
increase in family income is associated with 2.88% more medical spending. An elasticity less
than 1 is consistent with the CES case described in Proposition 3.

Figure C.2 shows Engel curves for medical provider “prices” using the APCD-CO data de-
scribed above. The first panel shows results using all medical providers, while subsequent pan-
els show curves for different types of providers: physicians, dentists, physical and occupational
therapists, and psychologists. The elasticity among all providers combined is 0.091. The gradi-
ents are statistically significant and positive for each occupation individually, with the highest
gradient among therapists at 0.156. The estimate of the price elasticity is likely to be biased
down because we use median family income in a zip code whereas an unbiased estimate would
require the average of log income—or, better yet, a link to exact family incomes. This intro-
duces a downward bias when zip codes vary in their local log income inequality. The positive
relationship is evident throughout the income distribution and not solely at the top. These re-
sults, based on a cross-section, support our assortative matching prediction.

C.3. Some facts about physician scale

When taking our theory to the data, we primarily attribute changes in physicians’ income
inequality to changing inequality in the prices they charge—with a potential change in inequal-
ity of physician scale (i.e. the quantity of patients per physician) resulting from the change in
prices. We cannot empirically test this assumption because the Census/ACS data do not contain
information on the quantity of care provided by physicians.

To provide some context on whether the physician scale (A in our model) may have changed
differently across doctors, we access data from the National Ambulatory Medical Care Survey
(NAMCS) for 1991-2011 (National Center for Health Statistics, 2011). NAMCS is a sample
of office-based physicians. Physicians are surveyed for a week and report detailed information
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FIGURE C.2.—Engel Curves for Provider Prices
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Notes: Each panel plots the relationship between log markups (normalized to mean zero within the relevant provider
sample) charged by the medical provider who treats a patient and family income (as proxied by the median income
in the patient’s residential zip code). The calculation of the markups is described in the text above. Each panel shows
a binned scatter plot with 20 vigintiles; the slope of the regression line is the elasticity shown in that panel. Panel
(a) shows the relationship for all medical providers; panel (b) for physicians; panel (c) for dentists; panel (d) for
therapists; and panel (e) for psychologists.

on their patient visits. For example, in 2000 the NAMCS had 1,200 reporting physicians and
recorded 27,369 visits to those physicians during the sampling week. We use this information
to examine time trends in the variance of per-physician quantity of care.

In the first step of the survey, physician j estimates their visit volume V; for the upcoming
survey week. We do not observe V. Based on V;, the surveyors then tell the physicians what
fraction of their visits to record in the survey, F};, which is a decreasing function of V;. After
the survey is conducted, the surveyor constructs patient visit sampling weights W, ;) (where a
visit is indexed by 7) that sum to the total estimated nationwide visits. Based on this, in a given
year, for physician j we calculate V; =Y. W, and treat this as the quantity of medical care
provided. The share of all sampled visits performed by physician j is s; = Vj/ (ZJ > Wi j)) .

Figure C.3 shows the raw standard deviation of s; in each year from 1991 to 2011 and the
specialty-adjusted standard deviation from 1991 to 2007. (The survey sampling and enumera-
tion method changed in 2012, and specialty coding changed in 2008). This illustrates whether,
on a nationwide basis, some physicians have captured larger shares of overall patient visits. The
blue line shows the raw standard deviation and the red line the standard deviation after control-
ling for practitioner specialty. Both series were fairly stable over the periods for which they are
available, suggesting that there were no large secular trends in the ability of some doctors to
capture disproportionate shares of the market.
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FIGURE C.3.—Standard Deviation in Physicians’ Share of Total Patient Visits.
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of the residual. Specialty coding changed in 2008, so the series stops in 2007.

TABLE D.1
RATIO OF 98" TO 90" PERCENTILE OF WAGE INCOME FOR SELECTED OCCUPATIONS
Occupation Ratio of 98th to 90th Percentile
1980 2012 Change
Chief executives, public administrators, and legislators 1.63 2.42 0.80
Financial managers 1.62 2.38 0.75
Managers, Excl. Real Estate 1.90 1.79 -0.11
Engineers 1.37 1.46 0.09
Physicians 1.50 1.72 0.22
Dentists 1.54 1.74 0.20
Registered nurses 1.29 1.48 0.20
Primary/Secondary School Teachers 1.26 1.33 0.07
Lawyers and judges 1.89 231 0.42
Real estate sales occupations 1.94 2.17 0.22
Financial service sales occupations 1.79 2.81 1.01
All Occupations Combined 1.70 1.99 0.29

Notes: The ratio of wage income at the 98th percentile of the income distribution to wage income at the 90th percentile, for selected occu-
pations. The sample consists of employed workers with positive wage income. Source: Authors’ calculations using Decennial Census and

American Community Survey data.

APPENDIX D: EMPIRICAL APPENDIX

D.1. Additional tables of descriptive statistics

Table D.1 shows the ratio of the 98" to 90" percentiles for selected occupations in 1980
and 2012, as well as for the overall population. Table D.2 gives descriptive statistics for the
largest occupations in the top of the income distribution for the year 2000.
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TABLE D.2
DESCRIPTIVE STATISTICS FOR TOP OCCUPATIONS IN 2000. WAGE INCOME

Occupation Mean Income  Occupation’s share in:
$1,000 Top10%  Top5%  Top 1%

Managers, Excl. Real Estate 61 0.225 0.234 0.183
Chief executives, public administrators, and legislators 120 0.062 0.094 0.152
Computer systems analysts and computer scientists 57 0.053 0.040 0.015
Engineers 63 0.050 0.035 0.011
Sales supervisors and proprietors 45 0.040 0.044 0.043
Sales occupations and sales representatives 53 0.039 0.042 0.032
Physicians 136 0.038 0.068 0.129
Lawyers and judges 98 0.037 0.051 0.065
Financial managers 68 0.025 0.028 0.032
Accountants and auditors 47 0.022 0.021 0.017
Other financial specialists 61 0.015 0.019 0.028
Subject instructors, college 43 0.015 0.012 0.004
Sales workers 29 0.014 0.015 0.012
Computer programmers 57 0.014 0.009 0.003
Primary/Secondary School Teachers 35 0.013 0.004 0.002
Registered nurses 40 0.012 0.007 0.004
Production supervisors or foremen 43 0.012 0.007 0.005
Financial service sales occupations 102 0.011 0.017 0.037
Real estate sales occupations 53 0.011 0.014 0.016
Office supervisors 37 0.010 0.007 0.005

Notes: For the top twenty occupations in the top ten percent of the national income distribution in 2000, column (1) reports mean wage income
(for the whole population), where the (very few) censored values have been replaced with the state-level mean income among those above
the censoring point, and the final three columns show the occupation’s share of all earners in the top ten, five, and one percent of the income
distribution. Source: Authors’ calculations using Decennial Census.

D.2. Additional empirical results

Figure D.1 represents the IV results of Table III in two binned scatter plots. Figure D.1,
panel (a), shows the relationship between the shift-share instrument and non-physician inequal-
ity, i.e., the first-stage regression. Both of these are residuals based on regressions with year and
LMA dummies and the controls of column (6) in Table III. For disclosure reasons, we bin our
LMA X year observations into 20 equal-frequency bins. We plot the average value of the resid-
uals in each bin. Figure D.1, panel (b), shows the relationship between the instrument and
physicians’ inequality, i.e., the reduced-form regression. In both cases, we see strong upward-
sloping relationships. The results are not driven by outliers.

Table D.3 shows the regression results associated with the scatter plots of Figure 3 and also

considers the “importance” of customer service and working with the public.
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FIGURE D.1.—Graphical Representation of the First Stage and Reduced Form: Residual Top-Income Inequality
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Notes: In Panel (a), we show the relationship between the shift-share instrument and non-physician inequality after residualizing the controls,
i.e. the first stage regression. Panel (b) shows the relationship between the instrument and physicians’ inequality, i.e. the reduced form regres-
sion. Both are residualized based on regressions with the controls of column (6) in Table III. For disclosure reasons, we bin our LMA X year
observations into 20 equal-frequency bins and plot the average value of the residuals in each.

TABLE D.3
SPILLOVER t-STATISTICS AND OCCUPATIONAL CHARACTERISTICS

(6] @ 3 “ (6] ©6)

At Least Partly Offshoreable -0.79
(0.40)

Offshore (Blinder) -0.93
(0.51)

Customer service - level 2.11
(0.73)

Customer service - importance 1.31
(0.73)

1.10

Working with public - level
0.67)

Working with public - importance 1.52

(0.65)

Constant 1.36 1.33 -0.10 0.31 0.40 0.13
(0.34)  (0.33)  (0.40) (0.40) (0.37)  (0.37)

Observations 30 30 30 30 30 30

Notes: This table shows the relationship between the t-statistics of the spillover coefficients from the IV regressions (from Table VI) and
five characteristics of the 30 most common occupations in the top 10%. These characteristics are a measure of offshorability from Blinder
(2009) and four measures from O*NET: the level and importance of “Customer and Personal Service” from Knowledge Requirements, and
the level and importance of “Performing for or Working Directly with the Public” from Work Activities. O*NET and offshorability measures
are rescaled as percentiles. “At Least Partly Offshoreable” indicates that Blinder (2009) categorized the occupation as having at least some
offshoring potential—12 of the 30 occupations in our list.

We next show the results discussed in Section 5.3. Tables D.4, D.7, D.8, D.9, D.10, and D.11
are sufficiently discussed in the text and do not need additional description here.

Table D.5 shows robustness checks for Physicians and Dentists. Columns (1)-(3) consider
variations of the baseline regressions on physicians: column (1) restricts to physicians who are
older than 35, column (2) to those who have not moved within the past 5 years (other mobil-
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TABLE D .4
EARNED INCOME
Doctors Dentists Real Estate Agents
OLS v OLS v OLS v
(1) (2) (3) 4) (5) (6)
a:}) 0.23 1.73 0.41 2.16 0.71 0.94
(0.22) (0.57) (0.36) (0.86) (0.15) (0.50)
[0.77,2.97] [0.69, 4.25] [0.01, 2.02]
Ln(Average Income) -0.30 -0.43 0.06 -0.06 -0.03 -0.05
(0.11) 0.11) (0.14) (0.13) (0.06) (0.06)
Ln(Population) -0.02 0.03 0.04 0.09 0.02 0.02
(0.03) (0.03) (0.04) (0.07) (0.03) (0.03)
N 200 200 200 200 200 200
F-Statistic 13.38 13.35 7.06

Notes: The table contains OLS and IV estimates exactly as in the baseline specification, except the outcome inequality measure is constructed
using earned income (instead of wage and salary income). The square brackets contain 95% confidence intervals that are robust to weak
instruments following LMMP+ (2025).

ity questions are not available throughout our sample), and column (3) controls for specialty
composition. We use data from the Area Resource File on the composition of specialties across
LMAs (we use numbers from 1985 for year 1980) and data from Medical Group Manage-
ment Association (MGMA) (2009) on average and standard deviation of income by specialty
in 2008. We build four control variables: (1) the share of physicians in neurosurgery, which
is the specialty with the highest mean income and the largest standard deviation; (2) the share
of physicians in the 8 highest earning specialties (excluding neurosurgeons); (3) the share of
physicians in the 7 specialties with the lowest income; and (4) the share of physicians in the 4
specialties with the largest standard deviation in income (excluding neurosurgeons). The ratio-
nale behind (2) and (3) is that these specialties share similar average incomes while the next
specialty (down or up) in the ranking has a substantially different average income. Column (4)
looks at the baseline regression for dentists and adds a control for the ratio of dental hygien-
ists to dentists in the LMA-year to proxy for the increased specialization of dentists and the
potential resulting increase in their operating scale.

Table D.6 looks at potential entry effects for physicians, dentists and real estate agents. We
denote by E,/E the employment share of outcome occupation o (e.g. physicians) in a given
year and LMA. Columns (1), (3), and (5) use E,/E as the dependent variable in our otherwise
identical baseline IV regression. The coefficient on physicians, 0.028, implies that a 1 point
increase in o~ increases the share of doctors by 2.8 percentage points. In columns (2), (4)
and (6) we include this variable as a control to our baseline inequality spillover IV regression.
The coefficients of interest for all three occupations change only marginally but we lose a bit
of precision for real estate agents (the p-value is still lower than 0.11).

While we follow Goldsmith-Pinkham, Sorkin, and Swift (2020) and assume that identifica-
tion in our exercise comes from the exogeneity of the shares (the occupation weights), an al-
ternative identification strategy in shift-share instruments relies on the exogeneity of the shifts
(here nationwide occupational inequality). In that case, Addo, Kolesar, and Morales (2019) em-
phasize that correlated errors for (in our case) LMAs with similar occupational compositions
can lead researchers to reject the null too often, and suggest a formula for standard errors that
takes this issue into account. In Table D.12, we report their standard errors for our three fo-
cal occupations and our three main placebo occupations. For our focal occupations, standard
errors only increase by a bit, and the spillover coefficients remain significant (the p-value for
real estate agents with controls is 5.1%). Table D.12 also reports the confidence intervals from
LMMP+ (2025) which are valid under weak instruments, shown in curly brackets.



34

TABLE D.5
ROBUSTNESS CHECKS FOR PHYSICIANS AND DENTISTS
Physicians Dentists
Age > 35 No Recent Move Specialty Specialization
Controls Control
) 2 3) “
a”l 3.07 332 2.00 2.13
(1.37) (1.38) (0.72) (0.87)
[0.47, 6.81] [0.76,7.01] [0.83, 3.70] [0.66, 4.15]
Ln(Avg. Income) -0.11 -0.05 -0.49 0.02
(0.22) (0.22) (0.09) (0.14)
Ln(Population) 0.03 0.02 -0.00 0.08
(0.10) (0.12) (0.04) (0.07)
Sh. neurosurgeons -1.43
(5.13)
Sh. high earning specialties 3.19
(1.20)
Sh. low earning specialties 0.11
(0.48)
Sh. unequal earning specialties 2.12
(3.82)
# hygienist / # dentists 0.04
(0.03)
N 200 200 200 200
F-Statistic 12.26 12.62 11.03 13.75

Notes: The table contains robustness checks on the baseline IV estimates. The first three columns are for physicians, and the last column is
for dentists. Column (1) restricts the sample of physicians to those older than 35. Column (2) restricts the sample of physicians to those who
have not recently moved (within the past 5 years). Column (3) uses the baseline sample of physicians but adds four controls for specialties of
physicians (see text for details). Column (4) (dentists) controls for the ratio of the number of hygienists to the number of dentists in the area, as
a measure of task specialization. The square brackets contain 95% confidence intervals that are robust to weak instruments following LMMP+
(2025).

TABLE D.6
CONTROLLING AND TESTING FOR ENTRY EFFECTS
Physicians Dentists Real Estate Agents

Dependent Variable: Eo/E a;t Eo/E a;t Eo/E a;t

(1) (2) (3) 4) (5) (6)

oc:i 0.028 2.11 0.003 2.44 0.116 1.61
(0.013) (0.66) (0.002) (0.94) (0.043) (0.99)

[0.006, 0.054]  [0.99,3.58]  [0.000,0.006]  [0.85,4.72]  [0.042,0.273]  [-0.17,3.91]

Ln(Avg. Income) -0.001 -0.47 -0.001 -0.03 -0.002 -0.01
(0.002) (0.12) (0.000) (0.15) (0.008) (0.09)

Ln(Pop.) -0.001 0.04 0.000 0.09 -0.002 0.03
(0.001) (0.04) (0.000) (0.08) (0.003) (0.03)

E,/E 6.52 -62.78 0.83
(11.41) (49.24) (4.75)

N 200 200 200 200 200 200
F-Statistic 13.210 14.22 13.360 12.96 7.124 6.29

Notes: E,, is the number of people working in outcome occupation o (e.g. physicians) in a given year and LMA. E is the total employed
population in the same year and LMA. When E,, / E is included as an independent variable, its purpose is to check that inequality spillovers
are not driven by entry. When E, / E is the outcome variable, we are testing whether the instrument-induced variation in local inequality
causes entry. All results are IV estimates with the same specification described for our baseline results. The square brackets contain 95%
confidence intervals that are robust to weak instruments following LMMP+ (2025).
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TABLE D.7
CONTROLLING FOR THE OCCUPATIONAL SHARE IN THE TOP 10%
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Main Occupations

Physicians Dentists Real Estate
Agents
8)) 2 3
a”l 227 227 1.70
(0.63) (0.93) (0.67)
[1.22,3.69] [0.71, 4.46] [0.57,3.38]
Outcome Occupation Region-Specific Percentile 0.43 0.67 -0.08
(0.61) (0.55) (1.02)
Ln(Avg. Income) -0.47 -0.03 -0.01
(0.12) (0.14) (0.09)
Ln(Population) 0.03 0.07 0.02
(0.04) (0.08) (0.03)
N 200 200 200
F-Statistic 12.78 13.33 6.15
Placebo Occupations
Financial Managers
Managers Excl. Real Estate Engineers
1) 2 (3)
a”l 0.62 -0.03 -0.10
(0.78) (0.15) (0.30)
[-1.14,1.93] [-0.32, 0.23] [-0.64, 0.43]
Outcome Occupation Region-Specific Percentile 4.50 -0.11 -0.23
(1.23) (0.67) (0.41)
Ln(Avg. Income) 0.17 0.06 -0.02
(0.11) (0.03) (0.05)
Ln(Population) -0.10 0.03 0.05
(0.05) (0.02) (0.02)
N 200 200 200
F-Statistic 12.64 16.15 2891

Notes: IV regressions for selected occupations with an additional control for the “Outcome Occupation Region-Specific Percentile,” which is
the fraction of workers in the outcome occupation whose income is in the top 10% of the overall LMA-year income distribution. This fraction
will be greater than 10% when the outcome occupation is disproportionately high income (such as physicians). The square brackets contain
95% confidence intervals that are robust to weak instruments following LMMP+ (2025).

TABLE D.8
USING 10% OF DOCTORS FOR THE DEPENDENT VARIABLE
50 LMAs (Baseline) 30 LMAs

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

a”l 1.03 1.00 1.24 123
0.55) (0.64) (0.58) (0.64)

[0.10,2.28]  [-0.08,2.50]  [0.24,2.57]  [0.17,2.79]

Ln(Avg. Income) 0.01 -0.01
0.12) 0.12)

Ln(Population) -0.01 -0.01
(0.04) (0.05)

N 200 200 100 100
F Statistic 13.36 13.11 14.61 12.63

Notes: This table shows OLS and IV regression results for physicians using a different approach to calculating physician income inequality.
Rather than taking all physicians with income above the LMA’s general 90th income percentile, we take all physicians above the physician-
specific LMA 90th percentile income. Due to physicians’ high average earnings, this method results in calculating income inequality using
far fewer doctors. N is the number of observations rounded to the nearest integer divisible by 50 as required by disclosure rules. The square
brackets contain 95% confidence intervals that are robust to weak instruments following LMMP+ (2025).
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TABLE D.9

ROBUSTNESS TO CUTOFFS

Panel (a): Physicians

Top 5 pct. 70 LMAs 30 LMAs Using 13 Oces  Using 7 Occs
a”! 2.31 2.16 174 2.27 2.28
(0.95) (0.87) (0.51) (0.64) (1.37)
[0.92, 6.44] [0.75, 4.51] [0.90, 2.67] [1.22,3.88] [...]
Ln(Average Income) -0.60 -0.49 -0.40 -0.47 -0.48
(0.19) (0.10) (0.13) (0.12) (0.14)
Ln(Population) 0.07 0.04 0.02 0.03 0.04
(0.07) (0.04) (0.03) (0.04) (0.06)
N 200 300 100 200 200
F Statistic 5.32 9.37 12.34 11.17 1.89
Panel (b): Dentists
Top 5 pct. 70 LMAs 30 LMAs Using 13 Occs Using 7 Occs
o¢:(17 1.33 2.15 2.32 227 2.94
(0.83) (0.98) (1.14) (0.86) (1.42)
[0.01, 3.51] [0.54, 4.49] [0.51,5.37] [0.81, 4.35] [0.95, 10.42]
Ln(Average Income) -0.18 -0.08 0.03 0.01 -0.07
(0.20) (0.13) (0.15) (0.13) (0.15)
Ln(Population) 0.07 0.03 0.09 0.08 0.10
(0.08) (0.07) (0.10) (0.07) (0.10)
N 200 300 100 200 200
F Statistic 8.71 10.46 9.16 13.14 4.46
Panel (c): Real Estate Agents
Top 5 pct. 70 LMAs 30 LMAs Using 13 Oces  Using 7 Occs
a:i 0.64 1.49 1.22 1.32 243
(0.44) (0.64) (0.55) (0.59) (1.15)
[-0.12, 1.40] [0.18, 2.66] [0.16, 2.43] [0.18, 2.43] [0.80, 7.91]
Ln(Average Income) 0.09 0.03 0.02 0.04 -0.08
(0.12) (0.08) (0.08) (0.08) 0.14)
Ln(Population) -0.00 0.02 0.02 0.02 0.03
(0.03) (0.03) (0.04) (0.03) (0.05)
N 200 300 100 200 200
F Statistic 18.37 7.96 5.63 8.22 4.58

Notes: This table shows the IV regressions for physicians (Panel (a)), dentists (Panel (b)), and real estate agents (Panel (c)) for 5 different
specifications. Column (1) uses the top 5% (instead of 10%) of the income distribution (for the dependent variable, the independent variable,
and the IV). Columns (2) and (3) use 70 and 30 LMAs respectively, instead of 50. Columns (4) and (5) construct the instrument differently:
rather than finding the top 10 occupations in each LMA in 1980 then taking the union, column (4) uses the top 13 before taking the union while
column (5) uses the top 7 before taking the union. N is the number of observations rounded to the nearest integer divisible by 50 as required
by disclosure rules. The square brackets contain 95% confidence intervals that are robust to weak instruments following LMMP+ (2025).

TABLE D.10
INSTRUMENT OCCUPATIONS WITH LARGEST ROTEMBERG WEIGHTS
Occupation Weights  Occupation Weights
Financial service sales occupations 0.35 Geologists 0.06
Financial managers 0.22  Accountants and auditors 0.06
Airplane pilots and navigators 0.21 Primary/Secondary School Teachers 0.05
Other financial specialists 0.16  Economists, market and survey researchers -0.05
Sales occupations and sales representatives  0.10  Office supervisors -0.05
Production supervisors or foremen 0.09 Computer systems analysts and computer scientists -0.05
Lawyers and judges 0.07 Managers, Excl. Real Estate -0.07
Driver/sales workers and truck drivers 0.06 Engineers -0.13

Notes: The table reports the occupations with the sixteen largest Rotemberg weights in absolute value in the instrument for physician regres-

sions.
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TABLE D.11
PHYSICIAN REGRESSIONS: EXCLUDING OCCUPATIONS WITH THE HIGHEST ROTEMBERG WEIGHTS

Outcome Occupation: Physicians

Excl. from Instrument: Financial Other financial Engineers Airplane pilots Financial service
Managers Specialists and navigators sales occupations
a:(l) 2.57 2.39 2.36 2.63 2.54
(0.80) (0.73) (0.60) (0.84) (0.92)
[1.27, 4.69] [1.17,4.08] [1.33,3.76] [1.23, 4.64] [1.08, 5.00]
Ln(Average Income) -0.50 -0.48 -0.47 -0.50 -0.49
(0.14) (0.13) (0.13) 0.14) (0.13)
Ln(Population) 0.04 0.03 0.03 0.04 0.04
(0.04) (0.04) (0.04) (0.04) (0.05)
N 200 200 200 200 200
F Statistic 9.75 12.66 15.45 12.47 8.56

Notes: This table shows the baseline IV regressions for physicians when we exclude in turn each of the five occupations with the highest
Rotemberg weights from the instrument (Rotemberg weights are shown in Table D.10). The column heading denotes the occupation excluded
from the instrument. The square brackets contain 95% confidence intervals that are robust to weak instruments following LMMP+ (2025).

TABLE D.12
ALTERNATIVE INFERENCE APPROACHES FOR THE IV ESTIMATOR

Main Occupations

Physicians Dentists Real Estate Agents

a”! 154 2.29 2.29 2.27 1.69 171
(0.74) (0.63) (0.71) (0.93) (0.62) (0.65)

[0.75] [0.98] [0.74] [0.84] [0.67] [0.87]

{0.28, 3.30} {1.23,3.72} {1.03,3.70} {0.71,4.47} {0.65,2.92} {0.64,3.23}
Ln(Avg. Income) -0.47 0.00 -0.01
(0.13) (0.14) (0.09)
Ln(Population) 0.03 0.08 0.02
(0.04) (0.08) (0.03)
N 200 200 200 200 200 200
F-Statistic 14.60 13.21 23.63 13.36 12.72 7.12
Placebo Occupations
Financial Managers Managers Engineers
a:}) 1.12 0.77 0.05 -0.02 -0.13 -0.09
(0.97) (0.92) (0.12) (0.15) (0.26) (0.30)
[2.34] [2.03] [0.17] [0.15] [0.51] [0.43]
{-0.77, 2.83} {-1.47,2.29} {-0.17,0.26} {-0.31,0.24} {-0.60, 0.34} {-0.63,0.45}

Ln(Avg. Income) 0.29 0.06 -0.02
(0.16) (0.03) (0.05)

Ln(Population) -0.16 0.03 0.05
(0.07) (0.01) (0.02)

N 200 200 200 200 200 200
F-Statistic 19.92 11.22 22.15 16.49 23.97 2791

Notes: IV regressions for selected occupations, with additional inference approaches. The first column for each outcome occupation is the IV
regression without population and average income controls. The second column adds these controls. The standard errors in parentheses are
from standard cluster-robust inference. The standard errors in square brackets are Addo, Kolesar, and Morales (2019) standard errors. The
curly brackets contain the 95% confidence bounds from LMMP+ (2025).
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APPENDIX E: CALIBRATION APPENDIX

This appendix provides a detailed account of the calibration exercise in Section 6.

E.1. Data

Disclosure restrictions allow us to export 50 bins from each of four distributions in New York
State: physicians and consumers (non-physicians) for 1980 and 2012. Each bin represents the
average log income within 2 percentiles. The underlying sample is the same as that used for the
regression. The consumer data have a rather long left tail, and we drop the bottom 10% (those
below $7,080 and $8,791 in 1980 and 2012, respectively, with all values deflated to 2000 dollars
using the CPI). We fit a kernel to the bottom 90% of each distribution, and impose a Pareto
distribution on the top 10%, where a~! is estimated using the top of the income distribution. We
then choose the scale parameter of the Pareto distribution to ensure a continuous CDF.' Panels
(b) and (d) in Figure E.1 show histograms drawn from the fitted kernel, with the lightly shaded
part representing the 10% of observations not included. The figure also shows histograms drawn
from the kernels of the doctors. These underlying data are bimodal, reflecting a sizable mass
of doctors who are still in their medical residencies. Given that wages for medical residents
are not driven by consumers’ demand for physician skill (Chandra, Khullar, and Wilensky,
2014), we exclude them from the analysis by dropping observations with values lower than
the 90th percentile of doctors aged 35 and younger ($52,052 and $56,387 in 1980 and 2012,
respectively). As can be seen from the histograms this is practically equivalent to only including
observations after the first “peak” of the distributions. For the analysis, we scale all incomes by
the lowest consumer income in 1980.

E.2. Calibration

We calibrate our model for exogenously given A and . The calculation of A is based on the
number of doctors as described in the text and we describe how we choose ¢ to match the IV
coefficients in subsection E.2.1 below. Though the underlying ability distribution of potential
doctors is given by F(z), we can only calibrate the conditional distribution for active doctors,
E, (z). We normalize the lowest active doctor to have ability 1. We parameterize this distribu-
tion using 12 points along the distribution and interpolate between them.'® With the tail value
«, and preference parameter 3, this gives us 14 parameters to calibrate for 2012. We minimize
the squared deviation of log wages between the empirical kernel and the predicted wage distri-
bution from the model. This gives us the parameters in Table IX. The calibrated F, (z) is shown
in Appendix Figure E.2, panel (a). For this figure we also ask the following question: By how
much should the ability distribution have changed between 1980 and 2012 to exactly fit the
wage distribution in both 1980 and 2012, holding the other parameters, A, 5, and € constant?
The result is shown in the same panel. For the top 70%, the distribution shows a clear shift to
the right, as well as a higher o' in 2012. This increase in ability inequality is commensurate
with the change in o' for consumers. Panel (b) shows the same two distributions in a Pareto
plot, where a Pareto distribution would imply a straight line.

E.2.1. The choice of € and the measure of o™ *

Proposition 3 shows that the spillover coefficient equals 1/¢, but this result only holds exactly
in the tail of the distribution. Here we calculate the spillover coefficient for the model-predicted

130ur procedure does not require the CDF to be differentiable at the first point of the Pareto distribution, but it is
nearly so because of the good fit of the Pareto distribution in the upper tail. We confirm that applying the censoring
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FIGURE E.1.—Histograms Drawn from the CDFs of Consumers and Doctors
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Notes: Histograms are in 2000 dollars and are drawn from the best-fitting kernel (with a Pareto tail) on all 50 bins for each population.
Lightly shaded areas are observations excluded from the analysis. The cutoff represents the lowest value included. For consumers, it is based
on the bottom 10%. For doctors, it is based on the 90th percentile of doctors aged 35 and younger.

distributions when using a larger share of the population to calculate o~ . We further show how
we use these calculations to choose 1/¢ to match the IV coefficient from Table III.

Throughout most of the paper, we calculate a~! for an occupation of interest o using ob-
servations from that occupation in the top 10% of the general population. For the empirical
distribution, Appendix Figure B.1 demonstrates that although the value of «~* is sensitive to
the choice of cutoff, the change in ! is much less so. Figure E.3 performs an analogous anal-
ysis on the model-predicted distributions, which by design fit the data in 2012, but not in 1980.
For reference, slightly more than 80% of (non-resident) doctors are in the top 10% of the over-
all distribution in 2012, and the difference in o= at this cutoff is 0.193, while using the sample
of the top 10% of doctors gives a similar value of 0.215. This implies that the model-predicted
spillover estimates are also not very sensitive to the choice of cutoff.

The IV coefficient corresponds to the ratio of changes in o~ for doctors and consumers.
Employing the change for consumers of 0.14 (Table IX), we get a spillover coefficient from
only changing the consumer distribution of 1.38 (= 0.193/0.14) and 1.56, for the two cutoffs

procedure on data drawn from our CDF recreates binned observations that are indistinguishable from the actual data
(not shown).

1Formally, we consider 12 points equally spaced along the CDF of active doctors and calibrate the underlying
values of z at each of these points. All other points are linearly interpolated in {In(z),In(1 — CDF)} space, which is
linear for a standard Pareto distribution. The top 10% is parameterized using a Pareto distribution with tail parameter
.
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FIGURE E.2.—Calibrated doctor ability distribution
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Notes: Panel (a) shows the calibrated ability distribution of the doctors. The 2012 values are used in the analysis in Section 6. The 1980
values are calibrated analogously except the 3 value is kept constant at the 2012 value. Panel (b) shows the same two distributions in a Pareto
plot (In(z) against In(1 — CDF)).

FIGURE E.3.—Estimated o~ for doctors for various cutoffs - model predicted distribution
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Notes: The figure reports a1 calculated using different fractions of the doctors’ distribution for both 1980 and 2012, with the fraction
increasing from left to right. The numbers report the difference between 1980 and 2012 for the selected fractions.

respectively. We chose € to ensure that these are both in line with our target of 1.5, the IV
spillover coefficient without controls in Table III.

E.2.2. Welfare and spillovers.

For the analyses behind Table X, we consider two different scenarios. For the spillover exer-
cise, we consider the model counterfactual change to the doctors’ income underlying Figure 5
— that is, keeping doctors’ ability distribution fixed to its 2012 value. For the alternative coun-
terfactual mean shift we calculate the mean of log income in both 1980 and 2012 in the model,
and we shift the 2012 distribution down by the difference between the 2012 and 1980 means,
preserving the shape. For the exercise in Table X we calculate the various inequality measures
in the table for 2012 and the two 1980 distributions and consider differences.
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For the exercise comparing EV and income change in Figure 6 we consider only the spillover
scenario and compare the income change deflated by the same CPI to the EV calculated based
on equation (18). We then plot the difference between EV and income change between 1980
and 2012.

Appendix Figure E.4 combines the two analyses, by again considering the two scenarios
(the spillovers and the mean (log) shift) and compares the EV of the full distribution. For all
consumers, we rank them in 1980 and, for each of the two 1980 scenarios, calculate the EV
required to reach the utility of the equivalent percentile in the common 2012 distribution (based
on equation (18)). For all spillover occupations, we calculate the EV required to get them to
the same percentile of the spillover occupation in 2012 (equivalent to the income increase due
to the utility function). We then take the combined distribution in 1980 and for each percentile
we calculate the average EV within that percentile. The bottom 80% contains only consumers,
whereas the top 20% contains both consumers and spillover occupations.

For lower-income consumers, the mean-shift scenario implies higher increases in medical
service costs. This implies that low-income consumers benefit from the spillover scenario. The
reverse is true for higher-income consumers, who pay higher prices with spillovers. However,
because spillover occupations are concentrated at the top of the income distribution, most con-
sumers use services provided by those who earn more than themselves. Consequently, for the
highest earners (top 1%), the spillover scenario features higher welfare gains than the mean-
shift scenario. Appendix Figure E.4 Panel (b) shows the difference between the welfare gains
in these two scenarios by income percentile.’

FIGURE E.4.—Differences in Welfare for the Full Income Distribution (with and without Spillovers)

08 T T T T T T T T T 0.06

e
3
T

0.04

Log Difference
° ° °
= = B
T T

o
w
T

o
[N

Difference (spillover - counterfactual)

o

——Spillovers
Counterfactual (mean shift)
T N T

0 L L L L L n - L L L L L L L L L
0 10 20 30 40 50 60 70 80 920 0 10 20 30 40 50 60 70 80 20

Percentile Rank of 1980 Income (tot. pop) Percentile Rank of 1980 Income (tot. pop)
(a) Welfare differences - spillovers and counterfactual (b) Difference between spillovers and counterfactual

Notes: The figure considers the full income distribution (consumers plus spillover occupations) and shows the EV welfare measure. Two
scenarios are considered: the “Spillovers” scenario from the baseline model and a counterfactual scenario with the same log-mean shift for
the spillover occupations. Panel (b) shows the difference between the two.

7Given the fatter Pareto tail for the consumers than for the spillover occupations, asymptotically consumers buy
the services from those who make less than themselves and the two curves cross for the third and final time. For these
parameters that happens well within the top 0.1%.
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