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A1 Introduction

This technical appendix contains additional supplementary material for the paper. Section A2 contains a
more detailed analysis of the model, including proofs of propositions. Section A3 develops the extension
to multiple worker types discussed in Section 2 of the paper. Section A4 presents the extension to mul-
tiple locations referred to in Section 2 of the paper. Section A5 provides some further detail on the data
sources and definitions. Section A6 reports additional empirical results for Section 5 of the paper. Sec-
tion A7 contains further empirical results for Section 6 of the paper. Section A8 presents supplementary
empirical results for Section 7 of the paper. Section A9 reports additional robustness tests and empirical

specifications discussed in the paper.

A2 Model

In this section, we develop in further detail the theoretical model outlined in the paper. We present the
complete technical derivations of all the expressions and results reported in the paper. In the interests of
clarity and to ensure that this section of the web appendix is self-contained, we reproduce some material
from the paper, but also include the intermediate steps for the derivation of expressions.

To guide our empirical analysis, we develop a simple Roy model, in which workers endogenously
sort across occupations and sectors based on their comparative advantage.! We begin by developing a
baseline version of the model in which workers are ex ante identical and the economy consists of a single
location (e.g. the U.S.). We next demonstrate the robustness of our results to two extensions, one to allow
for multiple worker types that differ ex ante in observable characteristics (e.g. gender, age and general

schooling), and the other to allow for multiple locations (e.g. urban and rural areas), as in our data.

We extend the version of the Roy model in Hsieh, Hurst, Jones, and Klenow (2013) to incorporate multiple sectors and
locations, as observed in our data. The classic treatments of the Roy model are Roy (1951) and Heckman and Honore (1990). See
also Lagakos and Waugh (2013), Ahlfeldt, Redding, Sturm, and Wolf (2015) and Burstein, Morales, and Vogel (2015).



We use the model to show how changes in technology affect employment shares and average wages
in a setting where workers self-select across many sectors and occupations based on idiosyncratic real-
izations for ability. We highlight two mechanisms through which technology affects employment shares
and wages: the average effectiveness of workers in performing tasks and/or the rate of return to human
capital accumulation. Under our assumption of a Fréchet distribution for idiosyncratic ability, changes
in the average rate of return to human capital accumulation only affect average wages, whereas changes
in average task effectiveness affect both employment shares and average wages. Guided by these pre-
dictions, our empirical work examines the extent to which employment shares and average wages have
changed systematically towards occupations performing certain types of tasks (measured using both nu-
merical scores and our new methodology); the extent to which these changes are related to direct measures
of new technologies (e.g. information and communication technologies); and the extent to which these
changes differ between urban and rural areas.

The economy consists of a continuum of people (L) who can choose to work in O possible occupations.
Human capital for each occupation depends on raw worker ability and investments in human capital
accumulation for that occupation. People choose an occupation based on the wage and cost of investing
in occupational human capital. Occupational human capital is used to produce final goods in S sectors.
We allow some occupations (e.g. managers) to be employed in most sectors, while other occupations (e.g.

lathe operators) may be employed in only a few sectors.

A2.1 Preferences and Technology
A person ¢ with consumption C; and leisure time 1 — ¢; obtains utility:

where C; is a consumption index; ¢; represents investments in human capital accumulation; and /3 pa-
rameterizes the tradeoff between consumption and the accumulation of human capital. The consumption
index (C;) is itself a Cobb-Douglas function of consumption of tradeable goods (C);) and a non-tradeable
good (C'y;) that we interpret as housing:?

A\ @ ) -«
C; = <CM’) ( Cni ) : 0<a<l, (A2)

o 1l -«

where housing is assumed to be in inelastic supply /N and the presence of this non-traded good ensures a
non-degenerate distribution of economic activity in the multi-region version of the model below.
The tradeables consumption index (C'y;) is a constant elasticity of substitution (CES) function of con-

sumption of a number of sectors (Cy;s) indexed by s € {0,...,S5}:

s 71 S
CMF[Z(CSCMI-S)“U] s G=1, (A3)

s=1

?For empirical evidence in support of the constant housing expenditure share implied by this Cobb-Douglas functional form,
see Davis and Ortalo-Magné (2011).



where (; controls the strength of relative preferences for sector s and o is the elasticity of substitution be-
tween sectors. Output in each tradeable sector (Y)y;) is a constant elasticity of substitution (CES) function
of the human capital of workers from each occupation within that sector (H,,):

o =

O
YMS = Z (é.SOHSO)% 5 Z gso =1V S, (A4)
o=1

o=1

where £, controls the relative productivity of occupation o in sector s; this occupation o is not employed
in sector s if &5, = 0; K is the elasticity of substitution between occupations within sectors; and goods
market clearing requires that output of each good equals the sum of all individuals’ consumption of that
good: Yass = >, Chris’®

Workers choose an occupation and acquire human capital for that occupation, such that each occupa-
tion corresponds to a separate labor market. Workers within each occupation o are mobile across sectors,
which implies that the wage per effective unit of labor within that occupation (w,) is the same across
sectors. Each worker ¢’s choice of sector s within occupation o is determined by their idiosyncratic real-
izations for effective units of labor (ability z;s,) for each sector and occupation. Each worker ¢’s choice of
occupation o depends on these realizations for idiosyncratic ability, the wage per effective unit of labor
for each occupation, and the rate of return to human capital investments for each occupation.

Each person ¢ works one unit of time in her chosen occupation o € {1, ..., O}. Another unit of time
is divided between leisure (1 — ¢;,) and human capital accumulation (¢;,). The production function for
human capital in occupation o is:

hio (Lio) = ol (AS5)

20

where the parameter h, > 0 captures the productivity of human capital investments; the parameter
®o > 0 determines the rate of return to human capital accumulation; and both parameters can differ
across occupations o.

Human capital for each sector and occupation (Hy,) equals the fraction of agents who choose that sec-
tor and occupation (),) times average human capital conditional on choosing that sector and occupation

times the measure of agents in the economy (L):
Hyo = Aso E [hoz | Person chooses s and o] L. (A6)

where average human capital depends on both human capital accumulation (h,) and ability (z).

Each person’s income depends on the wage per effective unit of labor for her chosen occupation (w,),
her accumulated human capital for that occupation (h;,) and her idiosyncratic ability (2;5,) for her chosen
sector and occupation:

Qi = wohiozz'so = wOBOEZ)O Ziso- (A7)

*We assume for simplicity that labor is the sole factor of production, but the analysis can be extended to incorporate other
factors of production such as capital or land. We also assume for simplicity that « takes the same value across sectors, but it is
straightforward to allow this elasticity to differ across sectors.



The timing of decisions is as follows. First, each person ¢ observes her realizations of idiosyncratic abil-
ity (z;s0) and chooses a sector s and occupation o, taking occupational wages (w,) as given. Second, she
chooses her optimal human capital investment in her chosen occupation (¢;,), given the trade-off between
goods consumption and human capital accumulation in utility (A1) and the technology for accumulating
human capital (A5). Third, she makes her optimal choices for overall goods consumption (Cjy;), consump-
tion of housing (Cy;), and goods consumption for each sector (Cyy;s), given observed prices (Pyss, Pn)
and her income (£2;) in her chosen sector and occupation (A7), as determined by wages, human capital
investments and idiosyncratic ability.

An equilibrium in this economy is a set of allocations of consumption, production, human capital in-
vestments and choices of sector and occupation {C;, Cri, Cni, Chrsis Yarsis Lios Aso} and a set of prices
{Prr, PN, Purs, wo}, such that individuals choose consumption, human capital investments, sector and
occupation to maximize utility; firms choose inputs of human capital to maximize profits; zero profits are
made if a good is produced; and the markets for goods, labor and housing clear. We use the timing of
decisions and structure of the model to solve for equilibrium recursively. First, we characterize equilib-
rium consumption and production as a function of human capital investments and choice of sector and
occupation. Second, we determine optimal human capital investments as a function of choice of sector

and occupation. Third, we solve for the optimal choice of sector and occupation.

A2.2 Consumption Decisions

Given an individual’s human capital investments and her choice of sector and occupation, the characteri-
zation of consumption decisions is straightforward. The Cobb-Douglas functional form (A2) implies that
each person allocates constant shares of income to consumption of goods and housing: Cy; = af2; /Py
and Cn; = (1 — «)$;/Py. Using these results in (A1), the utility function can be written in terms of

income, the prices of goods consumption and housing, and investment in human capital accumulation:
- B
Wohol2? 2;
U, = (" ° lg“o> (1—4) . (A8)
P Py
MmN

Using the CES functional form of goods consumption (A3), the share of goods expenditure allocated to

each sector (upr5) depends on prices (P)s;) and preference weights ((s):

PrrsCus _ (PMS/CS)l_U
5:1 PrriChr 25:1 (PMk/Ck)lfg’

and the overall price index (Pys) dual to the goods consumption index (A3) can be written in terms of

Uns = (A9)

prices (Pars) and preference weights ((;) for each sector:

S l1—0 ﬁ
Z(Pé‘:s> ] . (A10)

s=1

Py =




Using the CES production technology (A4), the share of each occupation in the wage bill in each sector

depends on occupational wages (w,) and productivities (£5,):

WeH o _ (wo/gso)l_ﬁ .
St WnHam 0y (W /€)' "

Perfect competition implies that prices in each sector (Pys,) equal unit costs, which can be expressed as

(A11)

the following function of occupational wages (w,) and productivities (£5,):

o] w 1—k ﬁ
Pys = [Z (gO) ] . (A12)

o=1
The occupational wage (w,) is determined by the requirement that the total income of all workers within

the occupation is equal to total payments to workers in that occupation:

Wo ZS: Hso = ZS: O(U}O/gSO)liH 1= pnrsk. (A13)
s=1 s=1 Zm:l (wm/gsm) "

Finally, the price of housing is determined by housing market clearing:

(1 —fy)Q

P =
N N )

(A14)

where recall that NV is the inelastic supply of housing and aggregate income (£2) is the sum of each person’s
income (£2;). The larger the measure of people in the economy, and the higher their income relative to the

supply of housing, the higher the price of housing.

A2.3 Human Capital Investments

Given a choice of sector s and occupation o, wages (w,), realizations of idiosyncratic ability (z;s,), and
prices of tradeable (P)s) and non-tradeable (Py) goods, each individual ¢ chooses her human capital in-

vestment (¢;,) to maximize her utility (A8):

. B
hol z;
max wooi“{_zwo (1—="Yi) ¢ - (A15)
gio P]%PN «

The first-order condition to this problem yields the equilibrium human capital investment:

!
1+Bf§)0’

b

(Al6)

which only varies across occupations o and not across individuals ¢ within occupations. Hence, from now
onwards, we suppress the individual subscript ¢, unless otherwise indicated.

Equilibrium human capital investments depend solely on (3 (the tradeoff between consumption and the
accumulation of human capital) and ¢, (the productivity of human capital accumulation in the worker’s

chosen occupation). Other forces do not affect these investments, because they have the same effect on



the return and opportunity cost to human capital accumulation. The expression (A16) highlights that a
first key mechanism through which technological change can affect the economy is that it can change the
productivity of human capital investments (¢,) in some occupations relative to others. For example, com-
puters may increase the ease of acquiring analytical and technical skills used in engineering occupations

relative to manual skills used in laboring occupations.

A2.4 Sector and Occupation Choice

Given occupational wages (w,), realizations of idiosyncratic ability in each sector and occupation (2;s),
and prices of tradeable (Pys) and non-tradeable (Py) goods, each individual chooses her sector and oc-
cupation to maximize her utility. We model individual ability following McFadden (1974) and Eaton and
Kortum (2002). Each individual ¢ draws ability for each sector s and occupation o (2;5,) from an indepen-
dent Fréchet distribution:

Fo(z)=e T g>1. (A17)

The Fréchet scale parameter T, determines average effective units of labor for workers in sector s and
occupation o, which we refer to as the average effectiveness of workers in performing tasks in that sector
and occupation. The Fréchet shape parameter 6 determines the dispersion of effective units of labor across
sectors and occupations. A reduction in  corresponds to an increased dispersion of effective units of
labor and greater scope for worker specialization according to comparative advantage across sectors and
occupations. In this specification (A17), another mechanism through which technological change can
affect the economy is that it can raise the effectiveness of workers in performing tasks in some sectors and
occupations (7,) relative to others. For example, on the one hand, computers may complement workers
in performing design and simulation tasks in engineering occupations. On the other hand, computers
may substitute for workers in performing routine calculations in clerical occupations. In our empirical
work, we use the structure of the model to estimate the extent to which new technologies complement
or substitute for different occupations by changing the average effectiveness of workers in performing
different tasks (e.g. the formation of ideas versus the manipulation of the physical world).®

From utility (A8), the following transformation of utility is linear in worker ability:

wo (1= £,)YP ¢%°h,

—[gi/B — 5 =
v=U"" =w,z, Wy = PﬁP]{fa

(A18)

Using this monotonic relationship between utility and worker ability, the distribution of utility across

“ Although we assume that ability is drawn independently for each sector and occupation, the parameter T, induces a corre-
lation in ability among workers within the same sector and occupation. While we focus on the independent Fréchet distribution
for simplicity, it is straightforward to instead consider the multivariate Fréchet distribution, which allows for correlation in the
ability draws of individual workers across sectors and occupations.

3Our theoretical framework models technological change as determining the relative effectiveness of workers in performing
tasks in different sectors and occupations. Alternatively, technological change could be modeled as embodied in physical capital
and machines. In both cases, new technologies can either complement or substitute for workers in particular occupations. Our
approach enables us to tractably model the effects of technological change in a setting with many sectors and occupations in the
context of a standard Roy model.



workers within each sector s and occupation o inherits a Fréchet distribution:
—0
Fo (U) = 6_<I>Sov ) Oy = Tsowz- (A19)

Each worker chooses their occupation and sector to maximize their utility. Note that the maximum of
Fréchet distributed random variables also has a Fréchet distribution. Therefore the distribution of utility

across all sectors and occupations is given by:

S O
F)y=c ™', =33 T.a (A20)

s=1 o=1
where the Fréchet functional form implies that the distribution of utility conditional on choosing a sector
and occupation is the same for each sector and occupation pair and equal to the distribution of utility
across all sectors and occupations (A20).
Aggregating optimal choices of occupation and sector across people, we arrive at our first key result

for equilibrium worker sorting across sectors and occupations.

Proposition 1 (Sector and Occupation Choice) Let )\, denote the fraction of people who choose to work in
sector s and occupation o. Let \, denote the fraction of people who choose to work in occupation o. Aggregating
across people, the model yields the following sufficient statistics for the fractions of people choosing to work in

each sector and occupation (V) and in each occupation (¥, ):

1 1
)\so = 807 )\0 = ioa (A21)

7
O
Vo= Ty, U= T, Uyo=Toowl (1—£,)"7 05%R,

s=1 s=1 o=1

Proof. The probability that a worker chooses sector s and occupation o is:

Aso =Pr [vso > max{vgm, }; Vk, m],

oo S
_ /0 TT Feo@) [T T Fim(®) | fuo(v)dv,

k#s k=1mo

o 0 5 6 0
= [T [T T e " | o @ e v an,
0

k+#s k=1 m#o

w S O
0

k=1m=1
o
—/ GCDSOU_(GH)e_@U_gdv.
0

Note that:



Therefore:

which becomes:

where
Taow? (1—0,)0/ P e8P0
Dy, pefp{l=)?

q) N S (@] Tk'mwrgn(lf‘em)e/ﬁgg‘?nbﬁfn ’
Zk‘ 1 Zm*l P](\x{ﬁp](vl_a)g

which simplifies to:
U, Toow? (1 — £,)%7P (5% pf
v 22:1 Zgzzl Timw$, (1 - Em)a/ﬁ o ht,

Summing across sectors s, we obtain the probability that a worker chooses occupation o:

S S S
v )
=> 1 Aso = V= 1: Vo= 1: Toow? (1 — £,)%78 0% 9
S= S= sS=

Therefore the fraction of workers choosing to work in each sector and occupation depends on aver-
age effective units of labor (as determined by T},), the wage in each occupation (w,), and equilibrium
human capital investments (as determined by ¢,, which in turn depends solely on 8 and ¢,). Note that the
terms in the tradeables consumption price (P)s) and the non-tradeables price (Py) in ®4, in (A18)-(A19)
have cancelled from the choice probabilities Ag, in (A21), because they are common across sectors and
occupations, and hence do not affect the choice of sector and occupation.

Thus the model suggests that employment shares are one of the key endogenous variables of interest in
our empirical work. The model highlights the role of new technologies in influencing these employment
shares through changing the effectiveness of workers in performing the tasks in different sectors and
occupations. Changes in technology have both direct effects on employment shares (though 7T5,) and
indirect effects (through general equilibrium effects via occupation wages w,). Totally differentiating
the sector-occupation choice probabilities (A21), holding constant the rate of return to human capital

investments (¢, and hence /,), we have:

d;\so _ SO Z Z dim )\k‘m dwo Z Z e%Akm (AZZ)

k=1m=1 k=1m=1

Evaluating these total derivatives holding occupational wages constant at their values in the initial equi-
librium (setting dw,/w, = 0 for all occupations 0), the direct effect of an increase in the effectiveness of
workers in performing the tasks in a sector and occupation (7’,) is to raise the share of employment (A;,)
in that sector and occupation (since 0 < Ag, < 1) and reduce the share of employment in all other sec-

tors and occupations. Therefore, to the extent that new technologies complement workers in performing



tasks in a sector and occupation (higher Ty,), we would expect them to increase employment shares in
that sector and occupation (higher A,,), other things equal. In contrast, to the extent that new technolo-
gies substitute for workers in performing tasks in a sector and occupation (lower T,), we would expect
them to decrease employment shares in that sector and occupation (lower Ag,), other things equal. We
provide evidence in the paper that the impact of new technologies on the employment shares of different
occupations is related to the production tasks performed by workers within those occupations.

Our second key result for equilibrium worker sorting is for average earnings in each occupation.

Proposition 2 (Occupational Average Earnings) The model’s sufficient statistic for average earnings in

occupation o (wage,), including both human capital and ability, is:
wage, = E [wohoz] = v (1 — 60)71/5 (Pj‘/‘[P]V”) (131/9, (A23)
wherey = I (G?Tl) and I (-) is the Gamma function.

Proof. Average earnings in a person’s chosen occupation depends on the wage per effective unit of labor,

her human capital accumulation and her average ability conditional on choosing that occupation:
wage, = E [woh,z | chooses o] . (A24)

To derive the distribution of ability conditional on choosing an occupation, note that the distribution of
utility conditional on choosing an occupation is the same as the distribution of utility across all sectors

and occupations (A20), reproduced below:

S O
Fv)=e®", o = Z Z Trem @2,

k=1m=1

Using the monotonic relationship between utility and ability:
V= W2,

we obtain the distribution of ability conditional on choosing an occupation:

s O

F(Z) = €_¢*270, (I)* = Z Z Tkm (wm/u_)o)a

k=1m=1

Therefore expected ability in a worker’s chosen occupation is:
o0 * 0
E [z | chooses o] = / 00* 2 %= dz.
0
Defining the following change of variables:
y= o277 dy = 9%z~ 0+ gz,
expected ability can be re-written as:

E [z | chooses o] = / y 1/ (@*)1/9 e Ydy,
0
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which yields:
-1
E [z | chooses o] = (<I>*)1/9 , v=T <9> , (A25)

where I (+) is the gamma function. Now note that:

Zk Tkowz

Ao = , (A26)
Yhet et Tiom @,
which can be written as:
A = Zk Tko . Zk; Tko
o= = PR
Zgzl Zgzl Them (wm/wO)e o
Therefore expected ability in a worker’s chosen occupation (A25) can be re-expressed as:
s 1/6
T 0—1
E [z | chooses o] =~ 2i=1 Tho , y=T(—]). (A27)
Ao 0
It follows that average human capital in a worker’s chosen occupation is:
g 1/0
- T
E [hoz | chooses 0] = yhol%° (ij\lko> . (A28)
o

Using the occupational choice probability (A26), average human capital in a worker’s chosen occupation

can be re-written as:

- 1
I [hoz | chooses 0] = yho($° — <Z Z Tkmwgﬁb> : (A29)

w
° \k=1m=1

Using the definition of w, in (A18), it follows that average income in a worker’s chosen occupation is:

s 0 1/6
E [wohoz | chooses o] = (1 — £,) " /? PRy Py (Z Z Tk’mu_}fn> . (A30)
k=1m=1

Therefore relative average income only varies across occupations because of variation in human capital

investments £,:

E [wohoz | chooses 0] 1—0,\ V8
= . (A31)

E [wyhmz | chooses m] — \ 1 — £,

Therefore differences in average earnings (wage,) across occupations o are explained in the model by
differences in human capital investments ((1 — ¢,) —1/8 ). Occupations in which human capital investments
are more productive (higher ¢,) have higher human capital investments (¢,) and higher average earnings
(wage,). In contrast, average earnings are no higher in occupations that have higher average effective
units of labor (higher T},) or higher wages per effective unit of labor (higher w,). The reason is a selection

effect. On the one hand, higher T}, and w, directly increase average wages for a given fraction of workers

11



choosing to enter an occupation. On the other hand, higher 7%, and w, induce a higher fraction of workers
to choose an occupation, which indirectly reduces average wages through a composition effect of a higher
fraction of workers with lower draws for effective units of labor. With a Fréchet distribution for worker
ability, these two effects exactly offset one another, leaving average earnings unchanged. Although this
exact offset is a feature of the Fréchet distribution, more generally, these two effects work in different
directions and dampen the impact of T, and w, on average earnings (wage,).

Thus the model highlights average earnings as the second key endogenous variable of interest in
our empirical work. New technologies affect average earnings through changing the return to human
capital accumulation in different occupations. Totally differentiating average earnings (A23), changes
in the relative average earnings (wo,, = wage,/wage,,) of two occupations o and m depend solely on

changes in human capital investments:

doom 1] by dly Ly diy,
Wom  B|1—ty ty  1—tm b |’ (A32)

where changes in these human capital investments depend solely on changes in the rate of return to these

investments (¢,):

dr, 1 do, Al 1 dém

lo 1486, ¢o’ b 14 Bém bm

Therefore, to the extent that new technologies are complementary to human capital investments within

(A33)

an occupation (higher ¢,), we would expect them to increase occupation average earnings (higher wage,).
In contrast, to the extent that new technologies substitute for human capital investments within an occu-

pation (lower ¢,), we would expect them to decrease occupation average earnings (lower wage,).

A2.5 Quantification

We now show how observed values of the two key endogenous variables in the model, employment shares
and average earnings, can be used to solve for unobserved values of the rate of return to human capital
accumulation and an adjusted measure of the average effectiveness of workers of performing tasks in
each sector and occupation. We first assume central values for the model’s parameters from the existing
empirical literature. We follow Hsieh, Hurst, Jones, and Klenow (2013) in assuming a value for the Fréchet
shape parameter determining worker comparative advantage of § = 3.44 and a value for the parameter
governing the tradeoff between consumption and human capital accumulation of 8 = 0.693. Using these
assumed parameters and the expressions for equilibrium human capital investments (A16) and average
earnings (A23), we can recover the return to human capital accumulation from observed average earnings

in each occupation relative to the geometric mean of average earnings across occupations:

wage, _ (1— 50)_1/’8 _ (1+ ﬁﬁbo)_l/ﬁ (A34)

0% magel® 10, [ 6] 112, [+ so) ]

Given observed occupation average earnings (wage,) and an assumed value for /3, this provides a system

of O equations that can be solved for unique values of the O unobserved human capital returns (¢,).

12



Using these solutions for human capital returns (¢,), the assumed values of 5 and 6, and the expres-
sions for equilibrium human capital investments (A16) and the choice probabilities (A21), we can recover
an adjusted measure of the relative effectiveness of workers in performing tasks for each sector and occu-
pation (Ag,) from observed employment shares ()\s,) relative to their geometric mean:

1

AL, Nof [T TT90 Aso]

= (A35)

T T £ ® B [T 112 2]

where B;, = (1 -4 )9/ AL captures the contribution of human capital investments to employment
shares and A, = Tsow,) h captures the average effectiveness of workers in performing tasks within each
sector and occupation (T,), human capital productivity (h,), and the wage per effective unit of labor (w,).
We use the solutions for unobserved human capital returns (¢, ) from (A100) and adjusted task effectiveness
(Ago) from (A101) to quantify the relative importance of these two different mechanisms for explaining
the observed changes in employment shares and average earnings in the data, as discussed in Section 5.3

of the paper and Section A6.3 of this web appendix.

A3 Multiple Worker Types Extension

In this section, we consider an extension of our baseline model that incorporates multiple worker types
with different ex ante observable characteristics (e.g. age, gender and general schooling), as observed in
the data. Worker types are indexed by = € {1,..., X} and are imperfect substitutes in production. Each
worker type x consists of a continuum of people (L) who can choose to work in a number of occupations
indexed by O*. Human capital for each worker type in each occupation depends on raw worker ability
and investments in human capital accumulation for that occupation. Human capital for each worker type

in each occupation is used to produce final goods in a number of sectors indexed by s = {1,...,S}.

A3.1 Preferences and Technology

A person 7 of type x with consumption C} and leisure time 1 — /7 obtains utility:
Ur=(@n’a-e), 8>0 (A36)

where C7 is a consumption index; ¢ represents investments in human capital accumulation; and /3 pa-
rameterizes the tradeoff between consumption and the accumulation of human capital. The consumption
index (C}) is itself a Cobb-Douglas function of consumption of tradeable goods (C'§;;) and a non-tradeable
good (C%,) that we interpret as housing:®

x (0% x e
Cf—( Mi) ( Ni) , 0<a<l, (A37)

« l1—a

SFor empirical evidence in support of the constant housing expenditure share implied by this Cobb-Douglas functional form,
see Davis and Ortalo-Magné (2011).
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where housing is assumed to be in inelastic supply N.

The tradeables consumption index (C,) is a constant elasticity of substitution (CES) function of con-

sumption of a number of sectors (C},,) indexed by s € {0,...,S}:
s ] S
Cin=|>_CCns) = |+ D G=1, (A38)
s=1 s=1

where (s controls the strength of relative preferences for sector s; we assume for simplicity that prefer-
ences are the same across worker types; and o is the elasticity of substitution between sectors. Output in

each tradeable sector (Y)y5) is a constant elasticity of substitution (CES) function of labor inputs of each

worker type (HY):
X = X
Y=Y WIHY) 7 |, > 9i=1Vs, (A39)
=1 =1

where U7 controls the relative productivity of each worker type in sector s; p is the elasticity of substitution
between worker types z within sector s; and goods market clearing requires that output of each good
equals the sum of consumption of that good across all individuals within each type and across types:
Yars =Y, > C%is.” The labor inputs of each worker type (HZ) depend on the human capital of workers
of that type within each occupation (HZ):

o 1 or
k=1
HY = Z( sotls,) * ) ngo =1Vs, (A40)
o=1 o=1

where &7, controls the relative productivity of worker type z in occupation o in sector s; this occupation
o is not employed in sector s for worker type x if {2, = 0; & is the elasticity of substitution between
occupations o within worker type x and sector s; and we allow the number of occupations OF to vary
across worker types.®

Workers of each type choose an occupation and acquire human capital for that occupation, such that
each occupation corresponds to a separate labor market for each worker type. Workers of a given type z
within a given occupation o are mobile across sectors, which implies that the wage per effective unit of
labor for workers of that type within that occupation (w?) is the same across sectors. The choice of sector
s for a worker ¢ of type x within occupation o depends on idiosyncratic realizations for effective units of

labor (ability z, ). The choice of occupation o for a worker of type x depends on these realizations for
idiosyncratic ability, the wage per effective unit of labor for each occupation for that worker type, and the
rate of return to human capital investments for each occupation for that worker type.

Each person i of worker type = works one unit of time in her chosen occupation o € {1,...,0%}.

Another unit of time is divided between leisure (1 — /) and human capital accumulation (¢}). The

"We assume for simplicity that labor is the sole factor of production, but the analysis can be extended to incorporate other
factors of production, such as capital or land. We also assume for simplicity that p takes the same value across sectors, but it is
straightforward to allow this elasticity to differ across sectors.

8We assume for simplicity that « takes the same value across sectors, but it is also straightforward to allow this elasticity to
differ across sectors.
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production function for human capital for worker type x in occupation o is:
hi (6,) = B (6,)% (A41)

where the parameter hZ > 0 captures the productivity of human capital investments; the parameter
@% > 0 determines the rate of return to human capital accumulation; both parameters can differ across
occupations o and worker types x.

Human capital for each worker type, sector and occupation (H7)) equals the fraction of workers of
that type who choose that sector and occupation (A7) times average human capital of workers of that
type conditional on choosing that sector and occupation times the measure of workers of that type in the
economy (L%):

HZ = )2 E[h¥2* | Person of type x chooses s and o] L”. (A42)
where average human capital depends on both human capital accumulation (h¥) and ability (z”).

The income of a worker of a given type depends on the wage per effective unit of labor for that worker

type in her chosen occupation (w}), her accumulated human capital (k) and her idiosyncratic ability (2;’

180

for her chosen sector and occupation:

T _ . T1T T _ . TLT (px \PE T
Qi =W, hioziso = W, ho (eio) ° Ziso

(A43)

The timing of decisions is as follows. First, each person i of worker type = observes her realizations of
idiosyncratic ability (2 ) and chooses a sector s and occupation o, taking wages (w}) as given. Second, she
chooses her optimal human capital investment in her chosen occupation (7)), given the trade-off between
goods consumption and human capital investments in utility (A36) and the human capital accumulation
technology (A41). Third, she makes her optimal choices for overall goods consumption (C7;;), consump-
tion of housing (Cy;;), and goods consumption for each sector (CY,;,), given observed prices (Pys5) and
her income (£27), as determined by wages and human capital investments (A43).

An equilibrium in this economy is a set of allocations of consumption, production, human capital
investments and choices of sector and occupation for each worker type {C7, C%.., CXris Chrais Yazsis Lios
A%} and a set of prices {Pys, Py, Pars, wi}, such that individuals of each type choose consumption, human
capital investments, sector and occupation to maximize utility; firms choose inputs of human capital to
maximize profits; zero profits are made if a good is produced; and the markets for goods, labor and housing
clear. We use the timing of decisions and the structure of the model to solve for equilibrium recursively.
First, we characterize equilibrium consumption and production as a function of human capital investments
and choice of sector and occupation for each worker type. Second, we determine optimal human capital

investments as a function of choice of sector and occupation for each worker type. Third, we solve for the

optimal choice of sector and occupation for each worker type.

A3.2 Consumption Decisions

Given human capital investments and a choice of sector and occupation for each worker type, the char-

acterization of consumption decisions is straightforward. The Cobb-Douglas functional form (A37) im-
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plies that each person allocates constant shares of income to consumption of goods and housing: C%;;, =
aQ)¥ /Py and CF, = (1 — a)QF /Py. Using these results in (A36), the utility function can be written in

terms of income, the prices of goods consumption and housing, and investment in human capital accu-

_ x B

:chac x ¢o T

sz — Wy Ny (éwl)_azzso (1 o g;ro) . (A44)
Py Py

mulation:

Using the CES functional form of goods consumption (A38), the share of goods expenditure allocated to

each sector (us5) depends on prices (P)s,) and preference weights ((s):

_ PMSCMS _ (PMs/Cs)l_o
Sh PurCae Sy (Park/Ge)' ™

and the overall price index (Ps) dual to the goods consumption index (A38) can be written in terms of

KM s (A45)

prices (Pass) and preference weights ((;) for each sector:

S l1—0 ﬁ
Z(Pé‘js) ] : (A46)

s=1

Py =

Using the CES production technology (A39), the share of each worker type in the wage bill in each sector

depends on the unit cost function for each worker type (w?) and productivities (¥%):

T [y T /9T 1-p
;)s s _ )E*MS/ s) —. (A47)
doaiwiHE Yoy (we/98)7

Perfect competition implies that prices in each sector (Pys,) equal unit costs, which can be expressed as

the following function of unit cost function for each worker type (w?) and productivities (J%):

X WwE 1—p flp
Py = [Z (1;) ] . (A48)

z=1 s
Using the CES technology (A40) for labor input of each type, the share of each occupation in the wage
bill for each worker type in each sector depends on occupational wages for that worker type (w?) and

productivities (£%,):
wiHy,  _ (wg/€) "

Zm:l w:TEano Zm:l (w%/&svm) "

Cost minimization implies that the unit cost for each worker type in each sector (w?) can be expressed as

(A49)

the following function of occupational wages for that worker type (w?) and productivities (£%)):

o* w® 1—k ﬁ
w? = !Z <£§‘;> ] . (A50)

o=1
The wage (w?) for occupation o and worker type x is determined by the requirement that the total income
of all workers of that type in that occupation is equal to the total payments to workers of that type in that

occupation:
S

S 1— 1-k

- x (g /%) " (wi/€5,)

W, Hso: _ T _,{M SE- (ASl)
; ;Ziil (we99) P S0 (e Jez )
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where the right-hand side equals the sum across sectors of the share of worker type z in each sector’s
wage bill times the share of occupation o in the wage bill for worker type x in each sector times total labor
payments for each sector (which equal the sector’s expenditure share (1i5/5) times total expenditure (E)).
Finally, the price of housing is determined by housing market clearing:
(1—-a)Q

PN: N 5

(A52)

where recall that N is the inelastic supply of housing and aggregate income (£2) is the sum of the income
of all persons 7 of all types x (€27). The larger the measure of people in the economy, and the higher their

income relative to the supply of housing, the higher the price of housing.

A3.3 Human Capital Investments

Given a choice of sector s and occupation o, wages (w},), realizations of idiosyncratic ability (2’ ), and
prices of tradeable (Pys) and non-tradeable (Py) goods, each individual ¢ of each worker type = chooses

her human capital investment (¢) to maximize her utility (A44):

_ . 8
zpx (g \P
max Wolg (gwl) Fiso (1—47) 2. (A53)
“ Py P

The first-order condition to this problem yields the equilibrium human capital investment:

1
o = —, (A54)
1+ 55

which only varies across occupations o and worker types x and not across individuals ¢ within each oc-
cupation and worker type. Hence, from now onwards, we suppress the individual subscript ¢, unless
otherwise indicated.

Equilibrium human capital investments depend solely on (3 (the tradeoff between consumption and the
accumulation of human capital) and ¢ (the productivity of human capital accumulation in the worker’s
chosen occupation). Other forces do not affect human capital investments, because they have the same

effect on the return and opportunity cost of time spent accumulating human capital.

A3.4 Sector and Occupation Choice

Given wages (w), realizations of idiosyncratic ability (2. ), and prices of tradeable (Pys) and non-tradeable
(Py) goods, each individual of each worker type chooses her sector and occupation to maximize her util-
ity. We model individual ability following McFadden (1974) and Eaton and Kortum (2002). Each individual
i of worker type x draws ability for each sector s and occupation o (2{;,) from an independent Fréchet
distribution:

Fo()=eTor"  go s, (A55)

The Fréchet scale parameter 772, determines the average ability of workers of type x in performing tasks

in sector s and occupation o. The Fréchet shape parameter 8 determines the dispersion of the ability of
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workers of type x in performing tasks across sectors and occupations. A reduction in 6% corresponds to

increased dispersion of idiosyncratic ability and greater scope for workers of a given type to specialize

according comparative advantage across sectors and occupations.9

From utility (A44), the following transformation of utility is linear in worker ability:
wg (1— 62)"7 (62)% hg

T _ x\1/8 _ -z T __
vt = (U")" =wz, Wy = P]?j[P]{,_O‘ . (A56)

Using this monotonic relationship between utility and worker ability, the distribution of utility across

workers of a given type x within each sector s and occupation o inherits a Fréchet distribution:

Fo (o) =e %" @2 =T (w?)” (A57)

So o

Each worker of each type chooses their occupation and sector to maximize their utility. Note that the max-
imum of Fréchet distributed random variables also has a Fréchet distribution. Therefore the distribution

of utility across all sectors and occupations for each worker type is given by:

S O
Fr)=e®" o= 3 12 (ap)”, (A58)
s=1 0=1

where the Fréchet functional form implies that the distribution of utility conditional on choosing a sector
and occupation is the same for each sector and occupation pair for a given worker type and is equal to the

distribution of utility across all sectors and occupations (A58) for that worker type.
Sector and occupation choice for each worker type takes a similar form as in our baseline specification
above. The model again yields two sufficient statistics for employment shares and average wages, which

now differ across worker types.

Proposition 3 (Multiple Worker Types) Let \% denote the fraction of people of type x who choose to work
in sector s and occupation o. Let A} denote the fraction of people of type x who choose to work in occupation
0. Letwage® denote average earnings for people of type x who choose to work in occupation o. The sufficient

statistics for employment shares and average wages are:

g g
A?o = \1,7207 )\g = \117;’ (A59)
S o S o
0 6= 0T (T z
vr=ywr,  wr=3"Nwr Wl =T (wh) (10— 6)" P ) (h2)”
s=1 o=1 s=1
wages, = E[wihtzr) =47 (1— 6) 7 (P Py ) (@) (A60)

wherey* =T (92;1) andT (-) is the Gamma function.

? Although we assume that ability is drawn independently for each sector and occupation for workers of a given type, the
parameter T, induces a correlation in ability among workers of a given type within the same sector and occupation. While we
focus on the independent Fréchet distribution for simplicity, it is straightforward to consider the multivariate Fréchet distribution,
which allows for correlation in the ability draws of individual workers of a given type across sectors and occupations.
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Proof. We begin with the derivation of the employment shares {\Z , A’}. The probability that a worker

of type = chooses sector s and occupation o is:

Xso =Pr [v5, > max{vim};Vk, m|,

/ H Fko H H ka ;co 'l))d'l),

k#s k=1mz#o

S
_ T ,,—0% _HT —o" _(px _ & ,,—60F
/ [Le e [T IL e | oramu o e s a,

k:;és k=1m%#o
=1m=1

:/ 0T DT O HD == gy
0

Note that:

Therefore:

x 21X
)\x _ |:_ (I)soe—dﬂ = :|
so T )
o 0

which becomes:

PR cI)?o _ \Ilgo
so P - \I/x’
where .
Tg, (wg)”” (1-45)"" /P ()" (ht)”
(b?o P]‘\J/LIGI P(lfa)gz
Pz - (we )91(1 (z )9Z/B(gz )sz’m (hz )ez ’
Zk 1 Z PE[GZ P](Vl a)o*
which simplifies to:
i, _ Tz, (wg)” (L— )" /7 (e)" % (hg)”

x T T T T hHT T oz
ey O T (wz) (1 — )P (02 ) PO ()

Summing across sectors s, we obtain the probability that a worker of type x chooses occupation o:

S
“Ym Y= Y Ta - )
s=1

We next derive average earnings (wagep). Average earnings in the chosen occupation of a worker of a
given type depend on the wage per effective unit of labor, her human capital accumulation and her average

ability conditional on choosing that occupation:
wages = E[wZhlz | type x chooses o] . (A61)

To derive the distribution of ability for a worker of a given type conditional on choosing an occupation,

note that an implication of the Fréchet distribution is that the distribution of utility for a worker of a given
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type conditional on choosing a sector and occupation is the same for all sectors and occupations, and equal
to the distribution of utility for that worker type across all sectors and occupations (A58), reproduced

below:
S O*

Fr)=e " 0r =3 S T ()"

k=1m=1

Using the monotonic relationship between utility and ability for workers of a given type:

we obtain the distribution of ability conditional on choosing an occupation for workers of a given type:

S OF

Frz)=e " e =33 1, (ak fa)”

k=1m=1

Therefore expected ability in a worker’s chosen occupation for a given worker type is:
> T xzx 0%
E [z | type x chooses o] = / (A N A P
0
Defining the following change of variables:
yac _ (I)x*z—Qz’ dyac — exq)a;*z—(GI—l—l)dZ’
expected ability for a given worker type can be re-written as:
o0
E [z | type « chooses o] = / (y*) 0" (@) /0" e ay”,

0

which yields:

« 0* —1
E [z | type « chooses o] = v* (&%) | v =T < e > , (A62)

where I (+) is the gamma function. Now note that:

N0
)\1‘ — Zk Tk:,'po (wg)
o] S Occ _ 91 )
Zk’:l Zm:l Tlg:m (w%)

(A63)

which can be written as:

A = Zk Tlfo _ Zk TI?D
o S oz — 0z .
2ok=1 Lom=1 T (05, /w5) e

Therefore expected ability in a worker’s chosen occupation for a given worker type (A62) can be re-

expressed as:

s 1/6°
T$
E [z | type x chooses o] = 7* <k:)\iko) . (A64)
o
It follows that average human capital in a worker’s chosen occupation for a given worker type is:
- o 1 TF
E [h%2 | type a chooses 0] = y"hZ (£%)% (Z’t\;]‘”) : (A65)
o
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Using the occupational choice probability (A63), average human capital in a worker’s chosen occupation

for a given worker type can be re-written as:

E [hoz | type x chooses 0] = y*hZ (£%)% — (Z Z T, (wy,) ) . (A66)
Wo k=1m=1

Using the definition of w? in (A56), it follows that average income in a worker’s chosen occupation for a

given worker type is:

s o° 1/6*
E [wih?z | type x chooses o] = v* (1 — Ef‘j)_l/ﬁ P Py (Z Z T (wﬁz)ex) . (A67)
k=1m=1

Therefore relative average income for a given worker type only varies across occupations because of

variation in human capital investments ¢7:

E [wZhZz | x chooses o] 1 —pz\"V8
B - (A68)

E [wZ he, z |  chooses m]  \ 1 — £2,

Therefore this extension to multiple worker types preserves the key properties of the baseline model.
Differences across worker types in the average effectiveness of performing tasks within each sector and
occupation (7%) generate variation across worker types in employment shares (A\Z)). In contrast, the
return to human capital investments in each occupation (¢?) affects both employment shares (A7) and
average occupational earnings (wage?). To the extent that new technologies complement or substitute
for workers of a given type in performing tasks in each sector and occupation (raising or reducing 77 ),
they increase or decrease employment shares respectively. To the extent that these new technologies
also complement or substitute for human capital investments (¢?), they raise or reduce both employment

shares and average wages respectively.

A4 Multi-region Extension

In this section, we consider an extension of our baseline model that incorporates multiple regions (e.g.
urban versus rural areas), as observed in the data. Although for simplicity we return to the case of a single
worker type, the two extensions can be combined to allow for both multiple worker types and multiple
regions. The economy consists of a continuum of people (L) who can choose a region r € {1,..., R}, an
occupation o € {1,...,0}, and a sector s € {1,...,S}. Human capital for each occupation depends on
raw worker ability and investments in human capital accumulation for that occupation. People choose an
occupation based on the wage and cost of investing in human capital for that occupation. Human capital
for each occupation is used to produce final goods in each sector in each region. People choose a region
based on the wage and the cost of living in that region. We allow some occupations not be employed in

some sectors and some sectors not to be produced in some regions.
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A4.1 Preferences and Technology

A person i in region r with consumption Cj, and leisure time 1 — /;,. obtains utility:

Up=Cl(1—0y), B>0, (A69)

7

where Cj, is a consumption index; ;. represents investments in human capital accumulation; and 3 pa-
rameterizes the tradeoff between consumption and the accumulation of human capital. The consumption
index (Cj,) is itself a Cobb-Douglas function of consumption of tradeable goods (C';,-) and a non-tradeable
good (Cn;y) that we interpret as housing:'°

) a ) 11—«
Cip = <CM> <1C_Na> ., O<a<l, (A70)

(07

where housing is assumed to be in inelastic supply N, and provides a force for the dispersion of economic
activity across regions.

The tradeables consumption index (C'ps;) is a constant elasticity of substitution (CES) function of

consumption of a number of sectors (Cyy;,s) indexed by s € {0,...,S}:
S . Ea s
CMir = Z (CsCMirs)T ) Z Cs =1, (A71)
s=1 s=1

where (s controls the strength of relative preferences for sector s; we assume for simplicity that prefer-
ences are the same across regions; and o is the elasticity of substitution between sectors. Output in each
region and sector (Ys,s) is a constant elasticity of substitution (CES) function of the human capital of

workers from each occupation within that region and sector (H,s,):

—k_
o k—1
K

O
-1
YMrs = Z (grsoHrso)T 5 Z gr‘so =1V S, (A72)
o=1

o=1
where &5, controls the relative productivity of occupation o in region r and sector s; k is the elasticity
of substitution between occupations o within sector s; and goods market clearing requires that output
of each good equals the sum of consumption of that good across all individuals and regions: Yy;s =
Zr Zi Chirs. !

Workers choose an occupation for which to acquire human capital and a region in which to live,
such that each occupation and region corresponds to a separate labor market. Workers within a given
occupation o and region 7 are mobile across sectors, which implies that the wage per effective unit of
labor for workers within that occupation and region (w;,) is the same across sectors. The choice of sector

s for a worker ¢ within occupation o and region r depends on idiosyncratic realizations for effective units of

“For empirical evidence in support of the constant housing expenditure share implied by this Cobb-Douglas functional form,
see Davis and Ortalo-Magné (2011).

""'We assume for simplicity that labor is the sole factor of production, but the analysis can be extended to incorporate other
factors of production, such as capital or land. We also assume for simplicity that « takes the same value across regions, but it is
straightforward to allow this elasticity to differ across regions.
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labor (ability z;,5,). The choice of occupation o and region r depends on these realizations for idiosyncratic
ability, the wage per effective unit of labor for each occupation and region, and the rate of return to human
capital investments for each occupation.

Each person ¢ works one unit of time in her chosen occupation o € {1, ..., O}. Another unit of time
is divided between leisure (1 — ¢;;,) and human capital accumulation (¢;;.,). The production function for
human capital in occupation o is:

hiro (giro) - Bog% (A73)

ro’?

where the parameter h, > 0 captures the productivity of human capital investments; the parameter
¢o > 0 determines the rate of return to human capital accumulation; and both parameters can differ
across occupations o.

Human capital for each region, sector and occupation (H,s,) equals the fraction of agents who choose
that region, sector and occupation (A, s,) times average human capital conditional on choosing that region,

sector and occupation times the measure of agents in the economy (L):
Hys0 = Arso E [hroz | Person chooses r, s and o] L. (A74)

where average human capital depends on both human capital accumulation (h,,) and ability (z).
Each person’s income depends on the wage per effective unit of labor for her chosen region and oc-
cupation (wy,), her accumulated human capital (h;;.,) and her idiosyncratic ability (z;so) for her chosen

region, sector and occupation:
— — 5 p?
Qi = WrohiroZirso = wrohoeiroozirso- (A75)

The timing of decisions is as follows. First, each person ¢ observes her realizations of idiosyncratic
ability (z;rs0) and chooses a region r, sector s and occupation o, taking wages (w;,) as given. Second,
she chooses her optimal human capital investment in her chosen occupation (¢;,), given the trade-off
between goods consumption and human capital investments in utility (A1) and the human capital accu-
mulation technology (A5). Third, she makes her optimal choices for overall goods consumption (Cpy;;),
consumption of housing (Cy;,), and goods consumption for each sector (Cjysrs), given observed prices
(Parrs) and her income (£2;,), as determined by wages and human capital investments (A75).

An equilibrium in this economy is a set of allocations of consumption, production, human capital
investments and choices of region, sector and occupation {Cj,, Cprir, CNirs Citirss Yarrss Liros Arsoy and a
set of prices { Py, Pnrs Parrss Wro}, such that individuals choose consumption, human capital investments
as well as region, sector and occupation to maximize utility; firms choose inputs of human capital to
maximize profits; zero profits are made if a good is produced; and the markets for goods, labor and housing
clear. We use the timing of decisions and the structure of the model to solve for equilibrium recursively.
First, we characterize equilibrium consumption and production as a function of human capital investments

and choice of region, sector and occupation. Second, we determine optimal human capital investments as
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a function of choice of region, sector and occupation. Third, we solve for the optimal choice of region,

sector and occupation.

A4.2 Consumption Decisions

Given an individual’s human capital investments and her choice of region, sector and occupation, the char-
acterization of consumption decisions is straightforward. The Cobb-Douglas functional form (A70) im-
plies that each person allocates constant shares of income to consumption of goods and housing: Cjz;; =
iy / Pyrr and Cir = (1 — @)y, / Pny. Using these results in (A69), the utility function can be writ-
ten in terms of income, the prices of goods consumption and housing, and investment in human capital
accumulation:

5 gbo g

Uy = (%) (1~ o). (A76)

Mri Ny

Using the CES functional form of goods consumption (A71), the share of goods expenditure allocated to

each sector in each region (us,s) depends on prices (Pys,s) and preference weights ((s):

PMT‘SCMTS _ (PMTS/Cs)lia
St PukCoree Sy (Paarie/Ge) ™

and the overall price index (Pyy,) dual to the goods consumption index (A71) for each region can be written

HMrs = (A77)

in terms of prices (Pyy,s) for each sector and region and preference weights ((s) for each sector:

S PM l1—0 ﬁ
Py = [Z <<) ] : (A78)

s=1

Using the CES production technology (A72), the share of each occupation in the wage bill in each sector

and region depends on occupational wages in each region (w,,) and productivities in each sector and

region (§rso):

WroHrso _ (wTO/ST’SO) - (A79)

27?7,:1 wrersm Egzl (’wrm/grsm)l_’1 .

Perfect competition implies that prices in each sector and region (Pys,s) equal unit costs, which can be

expressed as the following function of occupational wages in each region (w,,) and productivities (£,s)

in each sector and region:

o w 1—k ﬁ
Prprs = [Z <§ TO) ] . (ASO)

o=1
The occupational wage in each region (wy,) is determined by the requirement that the total income of
all workers within the occupation and region is equal to total payments to workers employed in that

occupation and region:

S

S _
T SIS SESLLLL S (asy
TO rso — _ TS TS

s=1 s=1 2221 (wrm/grsm)l "
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Finally, the price of housing in each region is determined by housing market clearing:
Py, = ———, (A82)

where recall that N, is the inelastic supply of housing and regional income (€2;.) is the sum of income for
each person ¢ within that region r (£2;;). The larger the measure of people who locate in a region, and the

higher their income relative to the supply of housing, the higher the price of housing in that region.

A4.3 Human Capital Investments

Given a choice of region r, sector s and occupation o, wages (wy,), realizations of idiosyncratic ability
(#irso), and prices of tradeable (Pyy,) and non-tradeable (Py,) goods, each individual ¢ chooses her human
capital investment (¢;,,) to maximize her utility (A76):

B
(1= L) - (A83)
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The first-order conditions to this problem yield the equilibrium human capital investment:

1

0= ——
° 1+£

(A84)
which only varies across occupations o and not across regions, sectors or individuals ¢ within an occupa-

tion. From now onwards, we suppress the individual subscript ¢, unless otherwise indicated.

A4.4 Region, Sector and Occupation Choice

Given wages (wy,), realizations of idiosyncratic ability (z;,s0), and prices of tradeable (Pys,) and non-
tradeable (Py,) goods, each individual chooses her region, sector and occupation to maximize her utility.
We model individual ability following McFadden (1974) and Eaton and Kortum (2002). Each individual ¢

draws ability for each region r, sector s and occupation o (2;,s,) from an independent Fréchet distribution:
— *Tr50279
Froo(2)=¢ , 0> 1. (A85)

The Fréchet scale parameter 7.5, determines the average ability of workers in performing tasks in region
r, sector s and occupation o. The Fréchet shape parameter 6 determines the dispersion of the ability of
workers in performing tasks across regions, sectors and occupations. A reduction in 6 corresponds to
increased dispersion of idiosyncratic ability and greater scope for worker specialization according com-
parative advantage across regions, sectors and occupations.!? The Fréchet scale parameter 7T}, that de-

termines average worker productivity can be either exogenous or endogenous to the concentration of

"2 Although we assume that ability is drawn independently for each region, sector and occupation, the parameter 7’5, induces
a correlation in ability among workers within the same region, sector and occupation. While we focus on the independent Fréchet
distribution for simplicity, it is straightforward to consider the multivariate Fréchet distribution, which allows for correlation in
the ability draws of individual workers across regions, sectors and occupations.
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economic activity in a region (through agglomeration forces in the form of external economies of scale).
In general, these external economies of scale can depend on the full vector of employment (H) across
regions, sectors and occupations (T}.so = Syso(H)).

From utility (A76), the following transformation of utility is linear in worker ability:

v=UYP= WroZ, Wyo = (A86)

Using this monotonic relationship between utility and worker ability, the distribution of utility across

workers within each region r, sector s and occupation o inherits a Fréchet distribution:
—®rsov? — o?
Frso (U) =e€ 0¥ D50 = TrrsoWiy- (A87)

Each worker chooses their region, sector and occupation to maximize their utility. Note that the maximum
of Fréchet distributed random variables also has a Fréchet distribution. Therefore the distribution of utility

across all regions, sectors and occupations is given by:

Fv)=e ", o =

T

S Treowl, (A88)
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where the Fréchet functional form implies that the distribution of utility conditional on choosing a region,
sector and occupation is the same for all combinations of region, sector and occupation and is equal to the
distribution of utility across all regions, sectors and occupations (A88).

Each worker’s choice of region, sector and occupation takes a similar form as her choice of sector

and occupation in our baseline specification above. The model again yields two sufficient statistics for

employment shares and average wages:

Proposition 4 (Multiple Regions) Let A5, denote the fraction of people who choose to work in sector s,
occupation o and regionr. Let A, denote the fraction of people who choose to work in occupation o in regionr.
Let wage,., denote average earnings for people who choose to work in occupation o in region r. The sufficient

statistics for employment shares and average wages are:

() )
)\rso - :;0’ )\ro - (}TO’ (A89)
S R S 0 0/8 00076
Trsowb, (1 — ¢ 07°h
) B B S e
s=1 r=1o0=1 s=1 Mr® Nr
wage,, = E [wrohozro] = v (1 — 80)_1/5 (P]?‘JTP]{,;“) <I>71/9. (A90)

where recally = I (%) and I' (+) is the Gamma function.
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Proof. We begin with the derivation of the employment shares {\,s,, Aro}. The probability that a worker

chooses sector s and occupation o is:

Arso =Pr [Urso > max{vjkm}; Vi, k, m] )

:/0 ITII Fmo(o) [ TTIT T1 Eitm(0) | frso(w)dv,
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o R S
_&d. —0 _dH. —0 _ _ —0

:/ H H e ke H H H e Pakm? 0Pys0v (6+1) g=®raov dv,
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Note that:
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Therefore:
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Summing across sectors s, the probability that a worker chooses region 7 and occupation o is:

M

S S S 0/8 p0%o7.6
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We next derive average earnings (wage,.,). Average earnings in a person’s chosen region and occupation
depends on the wage per effective unit of labor, her human capital accumulation and her average ability

conditional on choosing that region and occupation:
wage,,, = E [wyohoz | chooses r and o] . (A91)

To derive the distribution of ability conditional on choosing a region and occupation, note that an impli-
cation of the Fréchet distribution is that the distribution of utility conditional on choosing a region, sector
and occupation is the same for all regions, sectors and occupations, and is equal to the distribution of

utility across all regions, sectors and occupations (A88), reproduced below:

F(v) = 67%,9, D= Z Z Z Tjkmwf-m.



Therefore the distribution of utility conditional on choosing a region and occupation is the same as the
distribution of utility conditional on choosing a region, sector and occupation. Using (A88) and the mono-

tonic relationship between utility and ability:
V = WroZ,

we obtain the distribution of ability conditional on choosing a region and occupation :

R S O

Fz)=e "0 0 =335 Tt (g /150)" - (A92)

j=1k=1m=1

Therefore expected ability in a worker’s chosen region and occupation is:
o0 * .0
E [z | chooses r and o] = / 00"z e 2.
0
Defining the following change of variables:
y=d* 27", dy = 0%z~ 0+ gz,
expected ability can be re-written as:

E [z | chooses r and o] = / y 0 (@)Y evay,
0

which yields:

E [z | chooses r and o] =~y (@*)1/9 , v=T <T> , (A93)

where I (+) is the gamma function. Now note that:

Zk Trkowg

Aro = , (A94)
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which can be written as:
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Therefore expected ability in a worker’s chosen region and occupation (A93) can be re-expressed as:
s 1/6
1T 0—1
E [z | chooses r and o] = 2=t Trko , y=T{——]. (A95)
Aro 0
It follows that average human capital in a worker’s chosen region and occupation is:
s 1/6
- T,
E [hoz | chooses  and o] = yh, (2 (W) : (A96)
TO

Using the choice probability (A94), average human capital in a worker’s chosen region and occupation can

be re-written as:

E [hoz | chooses r and o] = yh,(2°

1
Wyro

s O 1/6

k=1m=1
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Using the definition of w,, in (A86), it follows that average earnings in a worker’s chosen region and

occupation are:

E [wyohoz | chooses 7 and o] =~y (1 — £,) /7 Py, Pa @ <Z Z Trkmw§m> : (A98)
k=1m=1

Therefore relative average earnings only varies across occupations within regions because of variation in

human capital investments £,,:

_ -1/8
E [wyohoz | chooses r and 0] _ < 1-14, ) ' (A99)

E [Wymhmz | chooses r and m] 1—4p,

Therefore this extension to multiple regions again preserves the key properties of the baseline model.
Differences across regions in the average effectiveness of performing tasks within each sector and occupa-
tion (7}.s,) generate variation across regions in employment shares (\;s,) in each sector and occupation.
In contrast, the return to human capital investments in each occupation (¢,) affects both employment
shares (\,s0) and average earnings (wage, ). One difference in this extension to multiple regions is that
the tradeables and non-tradeables consumption prices (Parr, Pry) no longer cancel from the choice prob-
abilities in Proposition 4, because these prices vary across regions. Nonetheless, relative average earnings
(wage,.,) across occupations within the same region only depend on relative human capital investments

(45), because goods and housing prices {Pys,, Py} are the same across occupations within regions.

A5 Data

The data section of the paper provides an overview of the data sources and definitions. This section of the
web appendix provides further detail. Our main data source on employment and worker characteristics
is the individual-level records from Integrated Public Use Microdata Series (IPUMS) from 1880-2000: see
Ruggles, Alexander, Genadek, Goeken, Schroeder, and Sobek (2010). We construct our datasets to make
maximum use of available sample sizes, wage and education data, and geographic identifiers. We use the
100 percent samples for 1880 and 1940 and the largest available sample size for all other years (typically
5 percent).!* Wages and education are reported from 1940 onwards. We define the hourly wage as total
pre-tax wage and salary income divided by annual hours worked. We adjust wage and salary income
for top-coding, by multiplying top-coded values for each year by 1.5, following Autor, Katz, and Kearney
(2008). We calculate annual hours worked as annual weeks worked multiplied by weekly hours worked.
For annual weeks worked, we use the intervalled variable, which is available for 1940, 1960, 1980, and 2000.
We take the middle of the interval values reported. For weekly hours, no single variable is available for

all years. Therefore we take usual hours worked for 2000 and hours worked last week for 1940, 1960 and

In robustness tests, we also report some results using the 1860 data, in which the number of occupations reported is sub-
stantially smaller than after 1880.
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1980. For the year 1960, we use the intervalled variable, taking the mid-value of the intervals and using
60 hours per week for the top weekly hours category. We also use the estimates of wages by occupation
in 1880 from Preston and Haines (1991), as used in Abramitzky, Boustan, and Eriksson (2012, 2014).

In the Mincer regressions in Sections 5 and 7 of the paper and in the linear probability model in
Section 7 of the paper, we include the following indicator variables for observed worker characteristics:
age in years; gender (male/female); educational attainment (none, nursery school to grade 4, grades 5-
8, grade 9, grade 10, grade 11, grade 12, 1 year of college, 2 years of college, 3 years of college, 4 years
of college, or 5+ years of college); and ethnicity (white, black, American Indian, Chinese, Japanese, or
other Asian or Pacific Islander). In the linear probability model in Section 7 of the paper, we include as
an additional control an indicator variable for occupations typically undertaken in headquarters. To be
conservative, we consider a broad definition of headquarters occupations (IPUMS 1950 occupation codes in
parentheses): Accountants and auditors (0); College Presidents and Deans, Professors and Instructors (10);
Lawyers and Judges (55); Buyers and Department Heads, Store (200); Buyers and Shippers, Farm Products
(201); Credit Men (204); Floormen and Floor Managers, Store (205); Inspectors, Public Administration (210);
Managers and Superintendents, Building (230); Officials and Administrators (n.e.c.), Public Administration
(250); Officials, Lodge, Society, Union, etc (260); Purchasing Agents and Buyers (n.e.c.) (280); Managers,
officials, and proprietors (n.e.c.) (290); Agents (n.e.c.) (300); Bookkeepers (310); Messengers and Office
Boys (340); Office Machine Operators (341); Shipping and Receiving Clerks (342); Stenographers, Typists,
and Secretaries (350); Telegraph Operators (365); Telephone Operators (370); and Clerical and kindred
workers (n.e.c.) (390).

A6 Trends in Task Inputs 1880-2000

In this section, we report additional empirical results that are discussed in Section 5 of the paper.

A6.1 Evidence from Numerical Scores

Figure 1 in the paper shows the employment share-weighted average of each numerical score (non-routine
interactive, non-routine analytic, routine analytic, routine cognitive and routine non-manual) over time.
Numerical scores are expressed as percentiles and weighted by occupational employment shares in each
year. Each series is expressed as an index relative to its value in 1880 (so that each series takes the value
one in 1880). We find a rise in inputs of non-routine interactive and non-routine analytic tasks in the
late-nineteenth and early-twentieth centuries following an earlier revolution in information and commu-
nication technology, centered on the typewriter and telephone.

In Figure A1, we show that this pattern is not apparent in the preceding 1860-1880 period. We display
the employment share-weighted average of each numerical score (non-routine interactive, non-routine
analytic, routine analytic, routine cognitive and routine non-manual) over this preceding twenty-year

period. Numerical scores are expressed as percentiles and weighted by occupational employment shares

30



in each year. Each series is expressed as an index relative to its value in 1860 (so that each series takes the
value one in 1860). As apparent from the figure, inputs of non-routine interactive and non-routine analytic
tasks actually decline during this preceding twenty-year period. We report these results as a robustness
test rather than as part of our main specification, because the number of occupations reported in the data
is substantially smaller for years before 1880.

To tighten the link between the rise in inputs of non-routine tasks and the earlier revolution in infor-
mation and communication technology, Figure A2 displays data on these technologies from the Historical
Statistics of the United States Millennial Edition. As evident from the figure, the late-nineteenth and
early-twentieth centuries were the period of the most rapid dissemination of these earlier information
and communication technologies. In 1876, Alexander Graham Bell was the first to be granted a United
States patent for the telephone. As shown in Panel A, the number of telephones grows by a factor of more
than 250 from 47,900 in 1880 to 13,411,400 in 1920. In 1835, the electrical telegraph was developed and
patented in the United States by Samuel Morse. As shown in Panel B, the number of miles of telegraph
wire more than quadruples from 291,000 in 1880 (the first year for which data are reported) to 1,318,000
in 1902. Telegraph miles continue to increase more gradually until 1943, before declining thereafter as the
telegraph is superseded by other communication technologies (in particular the telephone). The first type-
writer to be commercially successful was invented in 1868 by Christopher Latham Sholes, Carlos Glidden
and Samuel W. Soule in Milwaukee, Wisconsin. As shown in Panel C, physical output of typewriters more
than trebles from 145,000 in 1900 (the first year for which data are reported) to 489,000 in 1921. Typewriter
output continues to increase with large fluctuations to a peak of 1,925,000 in 1979, before declining sharply

thereafter as typewriters are made obsolete by the computer.

A6.2 Evidence from Individual Production Tasks

No additional empirical results.

A6.3 Tasks and Wages

Quantification Results We now report the results of the quantification of the model discussed in Sec-
tions 2.5 and 5.3 of the paper and in section A2.5 of this web appendix. We follow Hsieh, Hurst, Jones,
and Klenow (2013) in assuming a value for the Fréchet shape parameter determining worker comparative
advantage of § = 3.44 and a value for the parameter governing the tradeoff between consumption and
human capital accumulation of S = 0.693. Using these assumed parameters and observed average earn-
ings for each occupation (wage,), we solve for the unobserved return to human capital accumulation (¢,)
from the following system of equations for each occupation o:

_w, (-t @B (A100)
[To=: [wage,]© HOO:1 [(1 _ go)—l/ﬁ} © HOO:1 [(1 + 5@0)_1/5} o

[
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Given the resulting solutions for ¢,, we compute human capital investments ¢, = 1/ (1 + 1/8¢,), and
construct a measure of the contribution of human capital investments to observed employment shares
Bso = (1 — EO)Q/ b £§¢0). Using this measure and observed employment shares (\s,), we solve for an

adjusted measure of task effectiveness for each sector and occupation (Ag,):

1
S o [9)
A, Mo/ TS TIEZ ) Ao
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where A, = Sowg Bg‘; captures variables that enter employment shares (A;,) isomorphically to the Fréchet

scale parameter that determines the average effectiveness of workers in performing tasks in each sector
and occupation (7s,). As employment shares are homogeneous of degree zero in task effectiveness, task
effectiveness is only uniquely identified up to a normalization. We choose the convenient normalization
that the geometric mean of task effectiveness is equal to one across sectors and occupations and compare
relative levels of task effectiveness across sectors and occupations.

In Figure A3, we display the cumulative distribution of human capital returns (¢,) across percentiles
of the occupation task distribution.!* As the human capital return distributions are cumulative, they nec-
essarily add up to one for each year. Furthermore, the slope of each cumulative distribution corresponds
to the human capital return at that percentile of the task distribution. Occupations are sorted along the
horizontal axis by non-routine percentiles in the top-left panel, by routine percentiles in the top-right
panel and by manual percentiles in the bottom left panel. Looking across these three panels, we find the
largest changes in the relative return to human capital investments for occupations with different levels
of non-routine tasks (top left panel). Comparing 1880 and 1940 in this top left panel, the solid gray line
(for 1940) typically lies below the solid black line (for 1880), with the gap largest for intermediate-high
levels of non-routine tasks. Therefore the solid gray line must have a steeper slope than the solid black
line for the most non-routine occupations (in order for the cumulative distribution to add up to one). This
pattern implies an increase in the relative return to human capital investments for the most non-routine
occupations. Comparing 1940 to 2000 in the top left panel, the dashed black line (for 2000) generally lies
below the solid gray line (for 1940), with the gap largest for intermediate levels of non-routine tasks. As a
result, the slope of the dashed black line is steepest relative to that of the solid gray line at intermediate-
high levels of non-routine tasks. This pattern implies an increase in the relative return to human capital
investments for occupations with intermediate-high levels of non-routine tasks. Therefore, taking the
two sub-periods together, there is a secular increase in the relative return to human capital investments
for non-routine occupations, which at first is greatest for the most non-routine occupations, before later

becoming greatest for those occupations with intermediate-high levels of non-routine tasks.

“Specifically, each occupation has a human capital return and a task measure (percentile score) in a given year. We sort
occupations by their task percentile in a given year (horizontal axis). We then cumulate the human capital returns across these
percentiles of the occupation task distribution, scaling by the sum of the human capital returns to obtain a cumulative distribution
(vertical axis).

32



In Figure A4, we show the cumulative distribution of relative task effectiveness (A,) across percentiles
of the occupation task distribution, where task effectiveness for each occupation is measured as the
employment-weighted sum across sectors within that occupation (A, = Zle (Eso/Eo) Ago).® Com-
paring Figures A4 and A3, we typically find larger changes in relative task effectiveness than in relative
human capital returns across occupations. Again these changes are most apparent across occupations with
different levels of non-routine tasks (top left panel), although now we find substantial changes in relative
task effectiveness across occupations with different levels of routine tasks (top right panel) or manual
tasks (bottom left panel). Comparing 1880 and 1940 for non-routine tasks in the top left panel, the solid
gray line (for 1940) is above the solid black line (for 1880) at low levels of non-routine tasks, but is below
the solid black line at high levels of non-routine tasks, which implies that the solid gray line must have
a steeper slope than the solid black line for both the least and the most non-routine occupations (since
both lines start at zero and add up to one). This pattern implies a polarization of task effectiveness — an
increase in relative task effectiveness for both the least and most non-routine occupations — in the first
half of our sample period. In contrast, comparing 1940 and 2000 in the top left panel, the dashed black
line (for 2000) lies almost everywhere below the solid gray line (for 1940), which implies that the dashed
black line has a steeper slope than the solid gray line for more non-routine occupations (in order for the
cumulative distribution to add up to one). This pattern implies a secular rise in the relative task effective-
ness of more non-routine occupations in the second half of our sample period, consistent with computers
complementing workers performing non-routine tasks during this period.

Comparing 1880 and 1940 for routine tasks in the top right panel, the solid gray line (for 1940) lies
relatively close to the solid black line (for 1880) throughout the entire distribution. This similarity of the
two distributions implies relatively small changes in relative task effectiveness across occupations with
different levels of routine tasks in the first half of our sample period. In contrast, comparing 1940 and 2000
in the top right panel, the dashed black line (for 2000) has a similar slope to the solid gray line (for 1940) for
the least-routine occupations, but then generically has a lower slope than the solid gray line throughout
most of the rest of the distribution (with a couple of exceptions of step increases around the median and at
the top of the distribution). This pattern of results implies a secular fall in the relative task effectiveness of
workers performing more routine tasks relative to those performing the least routine tasks in the second
half of our sample period, consistent with computers substituting for routine tasks during this period.

Comparing 1880 and 1940 for manual tasks in the bottom left panel, the solid gray line (for 1940) is
below the solid black line (for 1880) for the least manual tasks, before rising to follow the solid black line,
and then falling below the solid black line for most of the distribution above the median. Therefore the
solid gray line has a lower slope than the solid black line for the least manual tasks and a steeper slope
than the solid black line for the most manual tasks. This pattern of results implies an increase in rela-

tive task effectiveness for workers performing more manual tasks in the first half of our sample period,

We construct the measures on the horizontal and vertical axes in Figure A4 in the same way as in Figure A3, except that we
use the cumulative distribution of average occupation effectiveness (A,) on the vertical axis instead of the cumulative distribution
of the occupation human capital returns (¢,).

33



consistent with the idea that improvements in technology in the late-nineteenth and early-twentieth cen-
turies complemented workers performing more manual tasks. In contrast, comparing 1940 and 2000 in
the bottom left panel, the dashed black line (for 2000) has a steeper slope than the solid gray line (for 1940)
for the least manual tasks and has a shallower slope than the solid gray line (for 1940) through much of
the rest of the distribution, with a couple of exceptions in the form of step increases around the 60th and
80th percentiles. This pattern of results implies a decline in the relative task effectiveness of workers per-
forming more manual tasks in the second half of our sample period, consistent with technological change

substituting for manual tasks during this period.

Residual Wage Inequality Results In Figures A5 and Figure A6, we show that the results for overall
wage inequality in Figures 4 and 6 in the paper also hold for residual wage inequality. Following Juhn,
Murphy, and Pierce (1993) and Autor, Katz, and Kearney (2008), we use our individual-level Census data
on annual wages (available from 1940 onwards) to estimate a Mincer regression controlling for education,
age, gender and ethnicity:

Inwi; = Xyve + ugy (A102)

where w;; is the annual wage; X;; are observable worker characteristics (education, gender, age and eth-
nicity); v4 are coefficients that we allow to differ across years to reflect changes in the premia to these
observed characteristics; and u;; is a stochastic error. We use the estimated residuals (t;;) from this Min-
cer regression as our measure of residual wage inequality controlling for worker observables. We compute
the occupation residual wage as the average of the residual wages across all workers within that occupa-
tion.

In Figure A5, we display the cumulative distribution of employment shares across percentiles of the
occupation residual wage distribution. On the horizontal axis of the figure, occupations are sorted in a
given year according to their percentiles of the occupation residual wage distribution in that year. On the
vertical axis, we display the cumulative sum of employment shares in that given year across the percentiles
of the occupation wage distribution in that year. As the employment share distributions are cumulative,
they necessarily add up to one for each year. Furthermore, the slope of each cumulative distribution
corresponds to employment at that percentile of the wage distribution.

Figure A5 shows that we find the same pattern of rising inequality from 1940-2000 for residual wages
as for actual wages (Figure 4 in the paper). At low residual wages, the distributions for the two years track
one another relatively closely, but there is a smaller mass of workers at intermediate residual wages in
2000 than in 1940 (the gray line has a steeper slope at intermediate wages than the black dashed line), and
a greater mass of workers at high residual wages in 2000 than in 1940 (the black dashed line has a steeper
slope than the gray line at high wages). Therefore the second half of our sample period is characterized
by increased residual wage inequality across occupations and a polarization of wages towards the top of
residual wage distribution at the expense of the middle of the residual wage distribution.

Figure A6 shows the cumulative distribution of tasks (non-routine, routine and manual) across per-

34



centiles of the occupation residual wage distribution in 1940 and 2000.1¢ The left panel shows these distri-
butions for 1940 and the right panel shows them for 2000. Consistent with the results for overall wages in
Figure 6 in the paper, we find a sharp increase in the extent to which non-routine tasks are concentrated

at higher percentiles of the wage distribution from 1940-2000.

A7 Tasks and Technology

In this section, we report additional results on tasks and technology from Section 6 of the paper. We
estimate the following regression using observations on sectors s and years ¢ from 1880-2000 for the

within-industry relationship between inputs of task k and use of technology m:
Tske = Bikem (Ssm x L) + 1s + di + ust (A103)

where Ty, is input of task k in sector s at time ¢; Sy, is the share of sector s’s inputs that originate from
industries that produce technology m; I; is an indicator variable for year ¢; 7, are sector fixed effects;
d; are year dummies; and ug is a stochastic error. We cluster the standard errors by sector to allow for
serial correlation in the error term over time. We report standardized beta coefficients (scaled by variable
standard deviations) for comparability across the different task and technology measures.

In the paper, we show that industries that use office and computing machines intensively experience
an increase in inputs of non-routine tasks relative to other industries in the late-nineteenth century. This
timing aligns closely with the period of rapid dissemination of a cluster of information and communica-
tion technologies (ICTs) centered on the typewriter and telephone (Figure A2). We now show that this
differential trend in inputs of non-routine tasks in these industries is not present in the earlier 1860-1880
period. We augment the regression sample with this earlier twenty-year period and re-estimate equation
(25) in the paper using 1860 as the excluded year. We report these results as a robustness test rather than
as our main specification, because the number of occupations reported in the data is substantially smaller
for years before 1880. As shown in Figure A7, we find that the estimated coefficient on office and comput-
ing machinery is flat from 1860-1880 before increasing from 1880-1900, consistent with the timing of this

late-nineteenth century ICT revolution.

A8 Tasks and Cities

In this section, we report additional results on tasks and cities from Section 7 of the paper.

A8.1 Evidence from Numerical Scores

To provide further evidence on changes in task inputs in metro and non-metro areas over time, Section 7.1

of the paper uses our individual-level Census data on education (available from 1940 onwards) to estimate

'SSpecifically, each occupation has a task measure (percentile score) and a residual wage percentile in a given year. We sort
occupations by their residual wage percentile in a given year. We then cumulate the task measure across these percentiles of the
occupation residual wage distribution, scaling by the sum of the task measure (to obtain a cumulative distribution).
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the following linear probability model for the probability that individual ¢ is in a metro area in year ¢:
LY = Xt + Togiyest + Ms(i) + Xits (A104)

where ]I% is an indicator variable that is equal to one if individual ¢ is in a metro area; X;; are observable
worker characteristics (education, gender, age and ethnicity); ¢; are coefficients that we allow to differ
across years to reflect changes in the premia to these observed characteristics; T,;); are the numerical
score measures of the tasks undertaken by worker ¢ within her occupation o(7) at time ¢; ¢; are task
premia that we again allow to change over time; 7,(; is a fixed effect for worker 4’s sector s(i); and X
is a stochastic error. Although we focus on a linear probability model to facilitate the inclusion of sector
fixed effects, we find a similar pattern of results using a Probit specification.

We discuss the results of this specification in Section 7.1 of the paper. In Table A1 of this web ap-
pendix, we report the estimated coefficients and standard errors for (A104) for each year separately from
1940 onwards. Column (1) of Table A1 estimates (A104) including our controls for observable worker char-
acteristics (education, gender, age and ethnicity) and the three task measures (non-routine, routine and
manual). We find an increase in the estimated non-routine coefficient and a decline in the estimated rou-
tine coefficient over time, which implies that the observed changes in task inputs cannot be fully explained
by changes in educational attainment or demographic composition. Column (2) of Table A1 augments the
specification from Column (1) with a full set of industry fixed effects. We continue to find an increased
concentration of non-routine tasks in metro areas and a reduced concentration of routine tasks in metro
areas over time, confirming that our findings are not driven by a change in industry composition. Column
(3) of Table A1 further augments the specification from Column (2) with an indicator variable for occupa-
tions typically undertaken in headquarters.!” Even in this specification including the full set of controls,
we continue to find a similar pattern of results. Whereas non-routine tasks were statistically significantly
less likely to be performed in metro areas in 1940, they were statistically significantly more likely to be
undertaken in metro areas in 2000, confirming that we find a reversal in the pattern of task specialization
in urban and rural areas over time, even after controlling for observed worker characteristics and sectoral

and functional specialization.

A8.2 Evidence from Individual Production Tasks

In Section 7.2 of the paper, we provide finer resolution evidence on the change in task inputs in urban
areas relative to rural areas, using our new methodology for measuring individual tasks. We examine
which verbs are most concentrated in metro areas by regressing the share of employment that is located
in metro areas within a sector and occupation on the frequency with which a verb is used for that occupa-
tion. In particular, for each verb v and year ¢ from 1880-2000, we estimate the following regression using

observations across occupations o and sectors s for a given verb and year:

MetroShare,s; = ¢ VerbFreq, , + Nyst + €ost, (A105)

7See Section A5 of this web appendix for the list of occupations typically undertaken in headquarters.
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where MetroShare,; is the share of employment within occupation o and sector s that is located in metro
areas in year t; VerbFreq,, is defined in Section 4 of the paper for verb v and occupation o; 1,5 are sector
fixed effects for verb v and year ¢; and €, is a stochastic error.

In Section 7.2 of the paper, we report the results of estimating (A105) using the verbs from 1991 occu-
pational descriptions. In Table A2, we reports the results of estimating this specification using the verbs
from the 1939 occupational descriptions. We find a similar pattern of changes in task inputs in metro
areas relative to non-metro areas over time. The verbs most correlated with metro employment shares in
1880 include physical tasks such as “Slot,” “Thread,” “Stitch” and “Straighten.” In contrast, the verbs most
correlated with metro employment shares in 2000 include analytical and interactive tasks such as “Advise,”
“Audit,” “Question” and “Present.” Therefore, whether we use 1939 or 1991 occupational descriptions, we
find a reversal in the types of individual production tasks most concentrated in urban areas, highlighting
a transformation in the nature of agglomeration. While the typical urbanite in 1880 was likely to be em-
ployed in a manual task rearranging the physical world, their counterpart in 1940 was most frequently
engaged in recording and processing information, and the modern city dweller typically performs tasks

involving ideas, initiative and interaction.

A8.3 Tasks and Wage Inequality

In Figure A8, we show that the results for overall wage inequality in Figure 12 in the paper also hold for
residual wage inequality. Following Juhn, Murphy, and Pierce (1993) and Autor, Katz, and Kearney (2008),
we use our individual-level Census data on annual wages (available from 1940 onwards) to estimate a
Mincer regression controlling for education, age, gender and ethnicity, as discussed in the paper. We use
the estimated residuals from this Mincer regression as our measure of residual wage inequality controlling
for worker observables. We compute the occupation residual wage for metro areas as the average of the
residual wages across all workers within that occupation in metro areas. We compute the occupation
residual wage for non-metro areas analogously.

In Figure A8, we display the cumulative distribution of employment shares across percentiles of the
occupation residual wage distribution in each year for metro and non-metro areas separately. On the
horizontal axis of the figure, occupations are sorted in a given year according to their percentiles of the
occupation residual wage distribution for metro or non-metro areas in that given year. On the vertical
axis, we display the cumulative sum of employment shares for metro or non-metro areas in that given
year across these percentiles of the residual wage distribution. As the employment share distributions
are cumulative, they necessarily add up to one for each year. Furthermore, the slope of each cumulative
distribution corresponds to employment at that percentile of the wage distribution.

As shown in Figure A8, we find much larger changes in the distribution of employment across per-
centiles of the residual wage distribution in metro areas than in non-metro areas from 1940-2000. Therefore
most of the increase in residual wage inequality and the polarization of the residual wage distribution to-

wards higher wages in Figure A5 is driven by metro areas. These results for residual wage inequality are
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consistent with our results for overall wage inequality in the paper.

A9 Robustness

In this section, we report the results of a number of additional robustness tests and empirical specifications

that are discussed in the paper.

A9.1 Variation within Metro Areas

In Section 7 of the paper, we show that there is a reversal in the types of tasks most concentrated in metro
areas relative to non-metro areas over our long historical time period. As shown in Figure 10 in the paper,
in 1880, metro areas were less specialized in non-routine tasks than non-metro areas. In contrast, in 2000,
metro areas were more specialized in non-routine tasks than non-metro areas.

In this section of the web appendix, we provide further evidence in support of this transformation
in the organization of economic activity in more-densely-populated locations relative to less-densely-
populated locations, using a different source of variation within metro areas rather than between metro
and non-metro areas. In Figure A9, we display the employment-weighted average of the occupation non-
routine numerical score for each metro area in 1880 and 2000. Non-routine numerical scores are expressed
as percentiles and weighted by occupational employment shares in a given metro area in a given year.
To ensure that metro areas correspond to meaningful economic units in each year, we use time-varying
definitions of metro areas from IPUMS. Therefore both the boundaries of each metro area and the number
of metro areas change over time. In 1880, we find little relationship between specialization in non-routine
tasks and log population density across metro areas, which is reflected in a statistically insignificant OLS
coeflicient (standard error) of 0.0042 (0.0037). In contrast, in 2000, we find a strong positive and statistically
significant relationship between specialization in non-routine tasks and log population density, which is
reflected in an OLS coefficient (standard error) of 0.0075 (0.0011). We also find the same strong positive
relationship for 2000 if we restrict the sample to 1880 metro areas.

Therefore, using a different source of variation within metro areas with different population densities,
we find a similar pattern of results as between metro and non-metro areas. We find a transformation in
the nature of agglomeration, with non-routine tasks increasingly concentrated in metro areas rather than

non-metro areas, and increasingly concentrated in metro areas with higher population densities.

A9.2 Comparison with Other Task Measures

In the paper, we report a number of specification checks on our measures of the individual production
tasks for each occupation. In this section of the web appendix, we report additional robustness tests and
comparisons with other task measures.

As discussed in Section 4 of the paper, our baseline task measures use time-invariant occupational de-

scriptions from the 1991 Dictionary of Occupational Titles (DOTs) for all years in our sample. Therefore,
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our results are not driven by changes in the language used in the occupational descriptions over time,
because these occupational descriptions are held fixed for all years. Our use of time-invariant occupa-
tional descriptions implies that changes in aggregate task input over time are driven solely by changes
in employment shares across occupations with different (time-invariant) task inputs. Although Roget’s
Thesaurus continues to be the seminal reference for English language, one remaining concern could be
that it was compiled in a different year (1911) from the occupational descriptions (1991). In Section A8.2 of
this web appendix, we report a robustness test using occupational descriptions from the first edition of the
DOTs in 1939 and demonstrate a similar pattern of results. This similarity of the results using occupational
descriptions more than fifty years apart provides strong evidence that the difference in dates between the
thesaurus and occupational descriptions is not consequential for our results.'8

As a further check on our findings, the paper reports results using the numerical scores summarizing
job requirements that have been used in previous research for recent decades. When we aggregate our
measures of individual production tasks to the level of thesaurus subdivisions, we find a consistent pattern
of results with the non-routine, routine and manual numerical scores (see for example Figures 1-3 in the
paper). We also use these numerical scores to provide further evidence on changes in task input within
occupations over time by comparing numerical score measures from the 1991 DOTs (as used in Autor, Levy,
and Murnane 2003) with those from the 1949 DOTs (as used in Gray 2013). Consistent with the results in
Spitz-Oener (2006), we find some evidence of within-occupation changes in task inputs. However, all of
our empirical specifications use percentile rankings of occupations. We find that these percentile rankings
are strongly positively correlated between the historical and contemporary measures.!’

As an additional check, we compared our measures of tasks based on thesaurus sections with those
from the Occupational Information Network (O*NET). Whereas the numerical scores in the DOTs are
based on ratings from expert job evaluations, the measures of occupation characteristics in O*NET are
largely based on employee and employer surveys. In Table A3 of this web appendix, we report the corre-
lation across occupations between a measure of interactiveness based on the frequency of verb use from
Classes 4 and 5 of the thesaurus (the “Intellectual Faculties” and “Voluntary Powers” respectively) with
seventeen subcategories of the work activity “Interacting with Others” from the Occupational Informa-
tion Network (O*NET). These measures were constructed by US Department of Labor/Employment and
Training Administration (USDOL/ETA) based on questionnaires about detailed work activities issued to a
random sample of businesses and workers. Panel A reports unweighted correlations, while Panel B reports
correlations weighted by employment. The measures cover a wide range of forms of interaction, including

“Assisting and caring for others” and “Resolving conflict and negotiating with others”

'8 As a check on whether changes in language use over time are correlated with the nature of production tasks, we compared
the frequency distribution of verbs across sections of the thesaurus using 1939 and 1991 occupational descriptions. We find that
the two frequency distributions are strongly correlated across sections of the thesaurus, with no evident pattern to the differences
between them.

“Correlating the 1949 and 1991 percentile numerical scores across the occupations in the data in 2000, we find the following
correlations: non-routine (0.799), routine (0.770) and manual (0.700), suggesting a high correlation in the ranking of occupations
in terms of task input over time.
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We find that all of the correlations with our measure of interactiveness are positive and statistically
significant. The five categories with the highest unweighted correlations correspond closely to activities
involving thought, communication and intersocial activity: “Interpreting the meaning of information for
others,” “Provide consultation and advice to others,” “Resolving conflict and negotiating with others,” “Es-
tablishing and maintaining interpersonal relationships” and “Performing administrative activities.” These
positive correlations provide external validation that aggregations of our measures of individual tasks
based on the frequency with which verbs appear in occupational descriptions and sections of the the-
saurus are consistent with measures of tasks based on employee and employer surveys.

Therefore, we find a consistent pattern of results across a range of alternative measures of the tasks
performed by workers within occupations — whether we use contemporary or historical occupational de-
scriptions, whether we use occupational descriptions or numerical scores, whether we use contemporary
or historical numerical scores, and whether we use measures of occupation characteristics from job eval-
uations or employee and employer surveys. This consistency of our findings across these quite different
approaches suggests that our results are indeed capturing robust and systematic features of the data. A
key advantage of our methodology based on occupational descriptions and thesaurus sections is that we
are able to track production tasks at a much higher resolution than has hitherto been possible, enabling us
to trace patterns of complementarity and substitutability between technologies and individual production
tasks. We show in the paper that the aggregate measures of tasks used in existing research mask much

larger changes in task inputs using our more disaggregated measures of tasks.
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Figure A1: Task Input by Numerical Score from 1860-1880
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Note: Employment-weighted average of occupation numerical scores summarizing job requirements (non-routine analytic, non-
routine interactive, routine cognitive, routine manual and non-routine manual) for each year, expressed as an index relative to
1860. Occupation numerical scores from the Dictionary of Occupational Titles (DOTs) for 1991. The time-invariant numerical
score for each occupation is converted into the percentile of its distribution across occupations. Employment in each occupation
and year measured using IPUMS population census data. This figure is constructed in the same way as Figure 1 in the paper,

except that the time period is different and the index is normalized to equal one in 1860 rather than 1880.
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Figure A2: Late-Nineteenth Century Improvements in Information and Communication Technology (ICT)

o
Lo
o
o
o
| ©
]
o
L ©
@
[}
=
5 g
o
© 2
5% 5
—_ @
[ >
'_
.. I
2] ro
©
C
<
o
o
Lo
=
o
| ©
®
o
| ©
T T T T T 2
8 gL L S9 9 g'g
(s0001) @41Mm ydesbajay jo sajiy 6o
o o
Lo LS
o o
o 3\
o o
| © | ©
2 2
o o
| © L ©
(<) o
2] (2]
3 o
5 e = o
< 3 = )
[°% 2 > 2
k%) . % o
[0 [ > I
= g F $
< B ! |8
Q 2 ] 2
c c
< ©
o o
o o
LS Lo
2 2
o o
L © | ©
2 £
o o
L © L ©
T T T 2 T T T T 2
Sk ok S 0 8 L 9
(s0001) sauoydaja) jo saquinN 6o (s0001) s1emmadA] indinQ eaisAyd 60

Note: Log number of telephones (1,000s), log number of miles of telegraph wire (1,000s) and log physical output of typewrit-
ers (1,000s) from Historical Statistics of the United States Millennial Edition. The first commercially-successful typewriter was
invented in 1868 by Christopher L. Sholes, Carlos Glidden and Samuel W. Soule in Milwaukee, Wisconsin. In 1876, Alexander
Graham Bell was the first to be granted a United States patent for the telephone. The electrical telegraph was developed and

patented in the United States by Samuel Morse somewhat earlier in 1837.
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Figure A3: Cumulative Distribution of Human Capital Returns (¢,) Across Percentiles of the Occupation
Task Distribution (1940 and 2000)
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Note: On the horizontal axis, occupations are sorted according to their percentile of the occupation task distribution, as mea-
sured using the numerical scores from the Dictionary of Occupational Titles (DOTs) for 1991. “non-routine” is (non-routine
analytic+non-routine interactive)/2; “routine” is (routine cognitive+routine manual)/2; and “manual” is non-routine manual. The
vertical axis shows the cumulative distribution of human capital returns (¢, from equation (A100) of this web appendix) for the

sorted occupations (the cumulative sum of ¢,, scaled to add up to one).
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Figure A4: Cumulative Distribution of Adjusted Task Effectiveness (A,) Across Percentiles of the Occu-
pation Task Distribution (1940 and 2000)
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Note: On the horizontal axis, occupations are sorted according to their percentile of the occupation task distribution, as mea-
sured using the numerical scores from the Dictionary of Occupational Titles (DOTs) for 1991. “non-routine” is (non-routine
analytic+non-routine interactive)/2; “routine” is (routine cognitive+routine manual)/2; and “manual” is non-routine manual. The
vertical axis shows the cumulative distribution of occupation adjusted task effectiveness ( A, = Zsszl (Fso/Eo) Aso from

equation (A101) of this web appendix) for the sorted occupations (the cumulative sum of A,, scaled to add up to one).
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Figure A5: Cumulative Distribution of Occupation Employment Across Percentiles of the Occupation
Residual Wage Distribution (1940 and 2000)
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Note: On the horizontal axis, occupations are sorted in each year according to their percentile of the occupation residual wage
distribution in that year. Residual wage inequality for each worker is measured as the estimated residual (%;;) from the Mincer re-
gression (equation (A102) of this web appendix) including controls for worker observables (education, age, gender and ethnicity).
The residual wage for each occupation is measured as the average of the residual wage across workers within that occupation.
The vertical axis shows the cumulative share of the sorted occupations in total employment in that year. Occupation employment

and both worker wages and characteristics in the Mincer regression are measured using the IPUMs population census data.
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Figure A6: Cumulative Distribution of Tasks Across Percentiles of the Occupation Residual Wage Distri-
bution (1940 and 2000)
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Note: On the horizontal axis, occupations are sorted in each year according to their percentile of the occupation residual wage
distribution in that year. Residual wage inequality for each worker is measured as the estimated residual (;;) from the Mincer
regression (A102) including controls for worker observables (education, age, gender and ethnicity). The residual wage for each
occupation is measured as the average of the residual wage across workers within that occupation. The vertical axis shows
the cumulative task distribution of the sorted occupations (the cumulative sum of the percentile numerical scores for the sorted
occupations, scaled to add up to one). Numerical scores from the Dictionary of Occupational Titles (DOTs) for 1991. Each time-
invariant numerical score is converted into the percentile of its distribution across occupations. “Non-routine” is (non-routine

analytic+non-routine interactive)/2; “routine” is (routine cognitive+routine manual)/2; and “manual” is non-routine manual.
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Figure A7: Task Input and Industry Office and Computing Machinery Use 1860-2000
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Note: Estimated coefficient (5t ) from the regression (A103) of industry inputs of task k (nonroutine, routine and manual) on a
time-invariant measure of industry use of office and computing machinery m interacted with dummies for year ¢. Observations
are industries and years. 1860 is the excluded year. Industry task inputs are the employment-weighted average of the non-
routine, routine and manual numerical scores for each occupation from the Dictionary of Occupational Titles (DOTs) for 1991.

Employment is measured using IPUMS population census data for each twenty-year interval from 1860-2000.
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Figure A8: Cumulative Distribution of Occupation Employment Across Percentiles of the Occupation
Residual Wage Distribution in Metro and Non-metro Areas (1940 and 2000)
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Note: On the horizontal axis, occupations are sorted in each year according to their percentile of the occupation residual wage
distribution for metro or non-metro areas in that year. Residual wage inequality for each worker is measured as the estimated
residual (t;+) from the Mincer regression (A102 of this web appendix) including controls for worker observables (education, age,
gender and ethnicity). The residual wage for each occupation for metro areas is measured as the average of the residual wage
across workers in metro areas within that occupation. The residual wage for each occupation for non-metro areas is measured
analogously. The vertical axis shows the cumulative share of the sorted occupations in total employment in that year for metro
and non-metro areas. Occupation employment, worker wages and characteristics in the Mincer regression and location by metro

and non-metro area are measured using the IPUMs population census data.
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Figure A9: Non-routine Task Inputs Across Metro Areas (1880 and 2000)
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Note: Non-routine task input for each metro area is the employment-weighted sum of the non-routine numerical score for
each occupation. Occupation numerical scores from the Dictionary of Occupational Titles (DOTs) for 1991. The time-invariant
numerical score for each occupation is converted into the percentile of its distribution across occupations. Employment in each
occupation and year in each metro area is measured using IPUMS population census data. Metro areas are defined based on
time-varying boundaries from IPUMS. Thick solid line is the fitted value from a locally-weighted linear least squares regression.

Thin solid lines are 95 percent point confidence intervals.
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Table A1: Task Coefficients for the Probability of Being in a Metro Area

1940 1960 1980 2000
Panel A: Education and Demographics
Non-routine —0.056 —0.006 0.008 0.014
(0.076) (0.036) (0.032) (0.008)
Routine 0.096** 0.054* 0.024 -0.006
(0.047) (0.033) (0.031) (0.008)
Manual —0.128* —0.112*** —0.102*** —0.038"**
(0.044) (0.023) (0.023) (0.009)
Education & demographics yes yes yes yes
Panel B: Education, Demographics and Industry
Non-routine —0.050** 0.004 0.021 0.014***
(0.025) (0.015) (0.014) (0.005)
Routine 0.033 0.021 0.014 -0.006
(0.030) (0.016) (0.015) (0.004)
Manual —0.074**  —0.077"*  —0.071  —0.025"**
(0.034) (0.018) (0.016) (0.006)
Education & demographics yes yes yes yes
Industry Fixed Effects yes yes yes yes
Pabel C: Education, Demographics, Industry and Headquarters
Non-routine —0.087**  —0.015 0.007 0.011*
(0.033) (0.021) (0.014) (0.005)
Routine 0.048 0.032* 0.024 -0.004
(0.034) (0.018) (0.015) (0.004)
Manual —0.031 —0.047  —0.044*** —0.021***
(0.032) (0.021) (0.016) (0.006)
Education & demographics yes yes yes yes
Industry fixed effects yes yes yes yes
Headquarters occupations fixed effects yes yes yes yes

Note: Table reports the estimated coefficients (s) on percentile task scores (15 (;)) from equation (A104) for workers 7 in occupa-
tions o in year ¢. Each column in each panel corresponds to a separate regression for a separate year (column) and specification
(panel). Panel A includes controls for education and demographics (education, age, gender and ethnicity). Panel B includes the
controls for education and demographics and industry fixed effects. Panel C includes the controls for education and demograph-
ics, industry fixed effects and an indicator variable for headquarters occupations. See the data section of this appendix for further
discussion of data sources and variable definitions. Standard errors in parentheses are heteroscedasticity robust and clustered on
occupation. *** denotes significance at the 1 percent level; ** indicates significance at the 5 percent level; and * corresponds to

significance at the 10 percent level.
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