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Abstract

We provide theory and evidence on changes in task inputs in the United States from 1880-2000. We

combine a Roy model of worker selection across occupations with a new methodology for measuring

individual production tasks performed by workers within occupations. We show that the recently-

documented rise in non-routine tasks and decline in manual tasks extends much further back than

hitherto thought to the late-nineteenth century. We reveal substantial heterogeneity within these broad

categories of tasks, with those involving the formation of ideas increasing by up to twice the growth

for non-routine tasks as a whole, and those involving the manipulation of inorganic matter decreasing

by nearly twice the overall decline for manual tasks. We establish that these changes in task inputs are

explained by new technologies (in particular o�ce and computing machinery) and are larger in urban

than in rural areas (implying a transformation in the nature of agglomeration). We show that changes

in the wage premia for tasks can account for a substantial proportion of the decline in wage inequality

from 1880-1940, the rise in wage inequality from 1940-2000, and the larger rise in wage inequality in

urban areas than in rural areas, even after controlling for observed worker characteristics.
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1 Introduction

Examples from history abound where new technologies have substituted for the production tasks per-

formed by some workers and complemented those performed by others.
1

Motivated in part by this and

other evidence, recent theoretical and empirical research has emphasized a distinction between tasks and

skills.
2

A task is a unit of work activity that produces output (goods and services), whereas a skill is a

worker’s endowment of capabilities for performing various tasks. New technologies typically comple-

ment or substitute for particular tasks in a pattern that can be poorly summarized by aggregate measures

of worker skills such as college degree or equivalent. To study these patterns of complementarity and

substitutability, we develop a new framework for measuring inputs of individual production tasks. We

use this framework to provide the �rst evidence on changes in inputs of these individual tasks in the U.S.

economy over more than a century. We �nd that an early revolution in information and communication

technology (ICT) in the late-nineteenth century changed task inputs in a similar way to the computer rev-

olution in the late-twentieth century. We show that electrical machinery, like ICT, is complementary to

non-routine tasks, whereas transport machinery is complementary to manual tasks. We �nd a transforma-

tion in the nature of agglomeration, where the physical tasks that used to be concentrated in urban areas

have been replaced by analytical and interactive tasks. We show that task inputs and wage premia account

for substantial proportions of the decline in wage inequality from 1880-1940, the rise in wage inequality

from 1940-2000, and the larger changes in wage inequality in urban areas than in rural areas over time.

We show that these �ndings continue to hold even after controlling for observed worker characteristics

(such as education, age, gender and ethnicity), implying that they are not captured by more aggregated

measures of human capital or skills.

Our main methodological contribution is to develop an empirical framework for measuring individual

production tasks that uses the verbs from occupational descriptions and their meanings. Using this new

methodology, we are able to track the production tasks performed by workers at a much higher resolution

than has hitherto been possible. We �nd far larger changes in task inputs using our more disaggregated

measures than using the non-routine, routine and manual measures considered in existing research (up

to four times larger using comparable percentile scores). Among non-routine tasks, we �nd that those

involving the formation of ideas (e.g. Analyze, Confer, Evaluate) increased the most. Among manual tasks,

we show that those involving the manipulation of physical matter (e.g. Deliver, Grind, Weld) decreased

the most. Our main substantive contribution is to use this framework to provide the �rst evidence on

1

One of the most famous examples from history is associated with the Luddites: 19th-century English textile workers who

protested against newly-developed labour-economizing technologies from 1811-6. See for example Mokyr (1992).

2

See, in particular, the recent surveys by Acemoglu and Autor (2011) and Autor (2013), which contrast a “task-based” approach

with the “canonical model” of the labor market in terms of skilled and unskilled labor.
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task inputs in the U.S. economy over a long historical time period from 1880-2000. We use this long-term

perspective to show that the rise in non-routine tasks and decline in manual tasks documented for recent

decades extends much further back than previously thought to the late-nineteenth century.

We examine the role of new technologies in complementing and substituting for tasks by constructing

measures of industry technology use from the input-output matrix. We consider four technologies that

experienced substantial innovation over our sample period: (i) o�ce and computing machinery; (ii) elec-

trical machinery; (iii) transport machinery; (iv) all machinery (computing, electrical, transport and other

machinery). Innovations in o�ce and computing machinery include not only computers and modern com-

munication equipment, but also an earlier revolution in information and communication technology (ICT)

around the turn of the twentieth century. These earlier innovations comprised telephones, typewriters,

and other improvements in producing, communicating, storing, and retrieving information. Innovations

in electrical machinery capture the dissemination of electrically-powered capital goods. Innovations in

transport machinery include the automobile and air travel, which substantially reduced physical trans-

portation costs during our sample period (see Glaeser and Kohlhase 2003).

Of these four technologies, we �nd the greatest e�ects for o�ce and computing machinery. Industries

making more intensive use of this technology experience the largest increases in non-routine tasks and the

largest reductions in manual tasks. We �nd that the positive impact of o�ce and computing machinery on

inputs of non-routine tasks starts in the last two decades of the nineteenth century during the early ICT

revolution (with the rise of telephones and typewriters), but accelerates in the latter part of the twentieth

century (following the di�usion of the computer). These results capture both the direct e�ect of o�ce and

computing machinery (e.g. typewriters substitute for handwriting) as well as its indirect e�ect in facilitat-

ing changes in the organization of production (e.g. typewriters improve the recording and processing of

information, which permits larger-scale modes of production activity). We �nd that the individual tasks

most complementary with o�ce and computing machinery are intellectual tasks, such as Analyze, De-

sign, Program and Review, while the tasks for which o�ce and computing machinery substitutes the most

are physical tasks such as Assemble, Collect and Ticket. In contrast, we �nd a quite di�erent pattern of

results for transport machinery. Industries that use transport equipment intensively saw shifts in task use

towards manual tasks and away from non-routine tasks.

Whereas most prior research on tasks and the labor market has been concerned with the economy

as a whole, we make a further substantive contribution in applying this approach to the organization of

economic activity in urban versus rural areas. We �nd a reversal in the nature of agglomeration over time.

In 1880, urban workers performed less non-routine tasks than rural workers. In contrast, in 2000, urban

workers performed more non-routine tasks than rural workers. These changes are substantial: we �nd
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that the di�erential increase in task inputs between urban and rural areas is large relative to the overall

increase for either urban or rural areas alone. In 1880, the individual tasks most concentrated in urban

areas were concerned with the manipulation of physical matter, such as Thread, Stretch, Ravel and Sew.

In contrast, by the year 2000, the individual tasks most clustered in urban locations related to analytical

and interactive activity, such as Analyze, Confer, Determine and Review. We �nd these changes in urban-

rural task specialization even after controlling for observed worker characteristics (including schooling),

con�rming that they are not captured by more aggregated measures of human capital or skills.

We show that these changes in task inputs are consequential for understanding the evolution of wage

inequality. We combine the measures of labor income by occupation for 1880 from Abramitzky, Boustan,

and Eriksson (2012, 2014) and Preston and Haines (1991) with the individual-level data on labor income

that is available in the Population Census from 1940 onwards. Between 1880 and 1940, we �nd a decline

in wage inequality across occupations, with a reduction in the mass of workers at high and low wages,

and an increase in the mass of workers at medium wages. In contrast, between 1940 and 2000, we �nd

increased polarization and wage inequality, with a reduction in the mass of workers at medium wages,

and an increase in the mass of workers at high wages. We show that changes in task premia explain much

of the observed changes in wage inequality, even after controlling for observed worker characteristics. To

tighten this connection, we use variation between urban and rural areas. We show that the increase in the

dispersion of wages between 1940 and 2000 is larger in urban areas than in rural areas and that this larger

change in wage inequality is mainly explained by changes in task premia.

To guide our empirical analysis, we develop a Roy model of worker selection across sectors and occu-

pations that require the performance of heterogeneous tasks. The model highlights employment shares

and average wages as su�cient statistics for the impact of new technologies on the economy. The model

emphasizes two mechanisms through which these new technologies a�ect the economy: the average e�ec-

tiveness of workers in performing tasks (worker productivity in an occupation) and/or the rate of return to

human capital accumulation in an occupation. We show how the model can be quanti�ed to recover mea-

sures of task e�ectiveness and the rate of return to human capital accumulation from the observed data.

We also show how it can be extended to incorporate multiple groups of workers that di�er in observed

characteristics (e.g. skilled and unskilled) and multiple locations (e.g. urban and rural areas). Guided by

these predictions, our empirical work examines the extent to which employment shares and average wages

have changed systematically towards occupations performing certain types of tasks; the extent to which

these changes are related to direct measures of new technologies; and the extent to which these changes

di�er between urban and rural areas.

Our paper is related to a number of existing literatures. First, a growing body of research has argued
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that the canonical model of the labor market in terms of skilled and unskilled labor is not well suited to

explaining several contemporary labor market phenomena. An alternative task-based approach has been

pioneered by Autor, Levy, and Murnane (2003) (henceforth ALM) using numerical scores from the Dictio-

nary of Occupational Titles (DOTs) that summarize job requirements as measured by the Department of

Labor. Following ALM, this literature typically distinguishes between non-routine, routine and manual

tasks. In some cases, non-routine is further disaggregated into analytic and interactive, and routine is fur-

ther broken out into cognitive and non-cognitive. Among the recent labor market phenomena explained

by this approach are signi�cant declines in real wages of low-skill workers (e.g. Acemoglu and Autor 2011);

non-monotone changes in wages at di�erent parts of the earnings distribution during di�erent decades

(e.g. Autor, Katz, and Kearney 2008, henceforth AKK and Autor and Dorn 2013); job polarization with

broad-based increases in employment in high-skill and low-skill occupations relative to middle-skilled oc-

cupations (e.g. Goos and Manning 2007 and Goos, Salomons, and Manning 2014); and rapid di�usion of

new technologies that directly substitute capital for labor in tasks previously performed by moderately-

skilled workers (e.g. ALM and Autor and Dorn 2013). Our main contribution relative to this literature is

to develop a new framework for measuring individual tasks at a far higher resolution than existing ap-

proaches, to apply this framework over a much longer time period than previously considered, and to use

this framework to analyze the changing nature of agglomeration over time.

The canonical model of the labor market in terms of skilled and unskilled labor typically imposes the

assumption that technological change is skill-biased. In contrast, a recent theoretical literature following

Acemoglu (1998) and Acemoglu (2002) has argued that the direction of technological change is endoge-

nous. Therefore the extent to which new technologies complement or substitute for skills or tasks can

change over time. In the labor literature, Autor, Katz, and Krueger (1998) argue that there was an accelera-

tion in the skill-bias of technical change in the 1980s and 1990s. In the historical literature, several studies

argue that technical change often replaced–rather than complemented–skilled artisans in the nineteenth-

century, including Hounshell (1985), James and Skinner (1985) and Mokyr (1992). However, there remains

substantial debate about the extent to which this was the case. In their classic study of the race between

technology and skills, Goldin and Katz (2008) present evidence that manufacturing technologies were skill

complementary in the early-twentieth century, but may have been skill substituting prior to that time.
3

In subsequent work, Katz and Margo (2014) report some evidence of de-skilling in manufacturing during

the nineteenth-century, but �nd a reallocation of employment towards high-skill jobs for the aggregate

economy as a whole.
4

We use our new methodology to provide the �rst quantitative evidence on pat-

3

Using data from the early-twentieth century, Gray (2013) �nds that electri�cation led to a polarization of the employment

distribution, increasing the demand for non-routine and routine cognitive tasks, while simultaneously reducing relative demand

for the non-routine manual jobs which comprised the middle of the skill distribution.

4

In a study of the merchant shipping industry in the late-nineteenth and early-twentieth centuries, Chin, Juhn, and Thompson
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terns of complementary and substitutability between individual tasks and new technologies over our long

historical time period.

Our analysis also relates to the theoretical and empirical literature on agglomeration. Traditionally,

this literature has emphasized the costs of moving goods and people across space. In the new economic

geography literature, agglomeration is explained by consumer love of variety, increasing returns to scale

and transport costs (e.g. Fujita, Krugman, and Venables 1999). In canonical models of urban economies,

agglomeration is driven by economies of scale in producing a single �nal good, while commuting costs

provide a dispersion force (e.g. Alonso 1964, Muth 1969 and Mills 1967). However, other mechanisms

for agglomeration have been considered, including human capital externalities (e.g. Berry and Glaeser

2005, Moretti 2004 and Davis and Dingel 2013);
5

localization versus urbanization externalities (within

versus between sector externalities as in Henderson 2003); the costs of exchanging ideas (e.g. Davis and

Dingel 2012 and Gaspar and Glaeser 1998); the role of the size of the market for the division of labor (e.g.

Duranton and Jayet 2011); structural transformation and the relocation of manufacturing from urban areas

(e.g. Desmet and Rossi-Hansberg 2009); and specialization by sector versus by function (e.g. Brunelle 2013,

Duranton and Puga 2005 and Rossi-Hansberg, Sarte, and Owens III 2009).
6

We use our new framework

to provide the �rst systematic application of a task-based approach of the labor market to urban versus

rural areas. We highlight a transformation in the nature of agglomeration, with a reversal in the types

of tasks concentrated in urban versus rural areas over time. We show that changes in task wage premia

account for much of the di�erential changes in wage inequality between urban and rural areas, even after

conditioning on worker observables such as human capital or skills.
7

The remainder of the paper is structured as follows. Section 2 introduces the model. Section 3 dis-

cusses the data. Section 4 introduces our new methodology for measuring the individual production tasks

performed by workers within each occupation. Section 5 uses our new methodology to provide evidence

on changes in task inputs over our long historical sample period and their implications for wage inequal-

ity. Section 6 shows that these changes in task inputs are driven in part by new technologies and examines

(2006) �nd that the adoption of the steam engine raised skill premia. Using data on manufacturing plants in the late-nineteenth

century, Atack, Bateman, and Margo (2004) �nd that plant wages are decreasing in size, but are increasing in the use of steam

power, which is consistent with technology-skill complementarity.

5

Bacolod, Blum, and Strange (2009a,b) distinguish di�erent types of human capital, where soft or tacit skills are argued to be

more important in urban areas. Lin (2011) �nds that new occupation codes are concentrated in cities. To the extent that new

occupations use tacit knowledge intensively, this is consistent with the concentration of such soft skills in cities.

6

The large literature on human capital in cities includes Combes, Duranton, Gobillon, and Roux (2012), Berry and Glaeser

(2005), Glaeser, Ponzetto, and Toblo (2011), Glaeser and Saiz (2003), Glaeser and Resseger (2009), and Hendricks (2011) and is

surveyed in Moretti (2004). The distinction between localization and urbanization externalities dates back to Jacobs (1969) and

Henderson (1974). Research on the division of labor dates back to Adam Smith and includes Baumgardner (1988), Becker and

Murphy (1992) and Duranton (1998). Specialization by sector versus by function (e.g. headquarters versus plants) is also explored

in Ota and Fujita (1993), Glaeser and Kahn (2001), Helsley and Strange (2007) and Fujita and Tabuchi (1997).

7

For evidence on more recent changes in wage inequality in cities, see also Baum-Snow and Pavan (2012, 2013) and Eeckhout,

Pinheiro, and Schmidheiny (2014).
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the individual production tasks that these new technologies complement or substitute for. Section 7 shows

that these changes in task inputs di�er between urban and rural areas and explain a substantial proportion

of the di�erences in the evolution of wage inequality between urban and rural areas. Section 8 concludes.

2 Model

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.
8

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 mul-

tiple worker types that di�er 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.
9

We use the model to show how changes in technology a�ect 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 a�ects employment shares

and wages: the average e�ectiveness 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 a�ect average wages, whereas changes

in average task e�ectiveness a�ect 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 di�er between urban and rural areas.

The economy consists of a continuum of people (L̄) who can choose to work inO 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 �nal 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.

8

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).

9

A more detailed discussion of the model and the technical derivations of all expressions and results reported in this section

are contained in the web appendix.
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2.1 Preferences and Technology

A person i with consumption Ci and leisure time 1− `i obtains utility:

Ui = Cβi (1− `i) , β > 0, (1)

where Ci is a consumption index; `i represents investments in human capital accumulation; and β pa-

rameterizes the tradeo� between consumption and the accumulation of human capital. The consumption

index (Ci) is itself a Cobb-Douglas function of consumption of tradeable goods (CMi) and a non-tradeable

good (CNi) that we interpret as housing:
10

Ci =

(
CMi

α

)α( CNi
1− α

)1−α
, 0 < α < 1, (2)

where housing is assumed to be in inelastic supply N̄ 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 (CMi) is a constant elasticity of substitution (CES) function of con-

sumption of a number of sectors (CMis) indexed by s ∈ {0, . . . , S}:

CMi =

[
S∑
s=1

(ζsCMis)
σ−1
σ

] σ
σ−1

,
S∑
s=1

ζs = 1, (3)

where ζs controls the strength of relative preferences for sector s and σ is the elasticity of substitution be-

tween sectors. Output in each tradeable sector (YMs) is a constant elasticity of substitution (CES) function

of the human capital of workers from each occupation within that sector (Hso):

YMs =

[
O∑
o=1

(ξsoHso)
κ−1
κ

] κ
κ−1

,
O∑
o=1

ξso = 1 ∀ s, (4)

where ξso controls the relative productivity of occupation o in sector s; this occupation o is not employed

in sector s if ξso = 0; κ 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: YMs =
∑

iCMis.
11

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 e�ective unit of labor within that occupation (wo) is the same across

10

For empirical evidence in support of the constant housing expenditure share implied by this Cobb-Douglas functional form,

see Davis and Ortalo-Magné (2011).

11

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 κ takes the same value across sectors, but it is

straightforward to allow this elasticity to di�er across sectors.
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sectors. Each worker i’s choice of sector s within occupation o is determined by their idiosyncratic real-

izations for e�ective units of labor (ability ziso) for each sector and occupation. Each worker i’s choice of

occupation o depends on these realizations for idiosyncratic ability, the wage per e�ective unit of labor

for each occupation, and the rate of return to human capital investments for each occupation.

Each person i works one unit of time in her chosen occupation o ∈ {1, . . . , O}. Another unit of time

is divided between leisure (1 − `io) and human capital accumulation (`io). The production function for

human capital in occupation o is:

hio (`io) = h̄o`
φo
io , (5)

where h̄o > 0 captures the productivity of human capital investments; φo > 0 determines the rate of

return to human capital accumulation; and both parameters can di�er across occupations o.

Human capital for each sector and occupation (Hso) equals the fraction of agents who choose that sec-

tor and occupation (λso) times average human capital conditional on choosing that sector and occupation

times the measure of agents in the economy (L̄):

Hso = λso E [hoz | Person chooses s and o] L̄. (6)

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

Each person’s income depends on the wage per e�ective unit of labor for her chosen occupation (wo),

her accumulated human capital for that occupation (hio) and her idiosyncratic ability (ziso) for her chosen

sector and occupation:

Ωi = wohioziso = woh̄o`
φo
io ziso. (7)

The timing of decisions is as follows. First, each person i observes her realizations of idiosyncratic abil-

ity (ziso) and chooses a sector s and occupation o, taking occupational wages (wo) as given. Second, she

chooses her optimal human capital investment in her chosen occupation (`io), given the trade-o� between

goods consumption and human capital accumulation in utility (1) and the technology for accumulating

human capital (5). Third, she makes her optimal choices for overall goods consumption (CMi), consump-

tion of housing (CNi), and goods consumption for each sector (CMis), given observed prices (PMs, PN )

and her income (Ωi) in her chosen sector and occupation (7), 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 {Ci, CMi, CNi, CMis, YMs, `io, λso} and a set of prices

{PM , PN , PMs, wo}, such that individuals choose consumption, human capital investments, sector and

occupation to maximize utility; �rms choose inputs of human capital to maximize pro�ts; zero pro�ts are

made if a good is produced; and the markets for goods, labor and housing clear. We use the timing of

9



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.

2.2 Consumption Decisions

Given an individual’s human capital investments and her choice of sector and occupation, the character-

ization of consumption decisions is straightforward. The Cobb-Douglas functional form (2) implies that

each person allocates constant shares of income to consumption of goods and housing: CMi = αΩi/PM

andCNi = (1−α)Ωi/PN . Using these results in (1), the utility function can be written in terms of income,

the prices of goods consumption and housing, and investment in human capital accumulation:

Ui =

(
woh̄o`

φo
io ziso

PαMP
1−α
N

)β
(1− `io) . (8)

Using the CES functional form of goods consumption (3) and the CES production technology (4), we can

solve for the share of expenditure on goods consumption allocated to each sector, the share of the sectoral

wage bill allocated to each occupation, and the occupation wage per e�ective unit of labor (wo), as shown

in the web appendix. We can also solve for the price of housing (PN ) and the price index for each sector

(PMs), which determines the overall price index for goods consumption (PM ).

2.3 Human Capital Investments

Given a choice of sector s and occupation o, the occupational wage (wo), realizations of idiosyncratic

ability (ziso), and prices of tradeable (PM ) and non-tradeable (PN ) goods, each individual i chooses her

human capital investment (`io) to maximize her utility (8):

max
`io


(
woh̄o`

φo
io ziso

PαMP
1−α
N

)β
(1− `io)

 . (9)

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

`∗o =
1

1 + 1
βφo

, (10)

which only varies across occupations o and not across individuals i within occupations. Hence, from now

onwards, we suppress the individual subscript i, unless otherwise indicated.

Equilibrium human capital investments depend solely on β (the tradeo� between consumption and the

accumulation of human capital) and φo (the productivity of human capital accumulation in the worker’s

chosen occupation). Other forces do not a�ect these investments, because they have the same e�ect on the
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return and opportunity cost to human capital accumulation. The expression (10) highlights that a �rst key

mechanism through which technological change can a�ect the economy is that it can change the produc-

tivity of human capital investments (φo) in some occupations relative to others. For example, computers

may increase the ease of acquiring analytical and technical skills used in engineering occupations relative

to manual skills used in laboring occupations.

2.4 Sector and Occupation Choice

Given occupational wages (wo), realizations of idiosyncratic ability in each sector and occupation (ziso),

and prices of tradeable (PM ) and non-tradeable (PN ) 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 i draws ability for each sector s and occupation o (ziso) from an indepen-

dent Fréchet distribution:

Fso (z) = e−Tsoz
−θ
, θ > 1. (11)

The Fréchet scale parameter Tso determines average e�ective units of labor for workers in sector s and

occupation o, which we refer to as the average e�ectiveness of workers in performing tasks in that sector

and occupation. The Fréchet shape parameter θ determines the dispersion of e�ective units of labor across

sectors and occupations. A reduction in θ corresponds to an increased dispersion of e�ective units of

labor and greater scope for worker specialization according to comparative advantage across sectors and

occupations.
12

In this speci�cation (11), another mechanism through which technological change can

a�ect the economy is that it can raise the e�ectiveness of workers in performing tasks in some sectors and

occupations (Tso) 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 di�erent occupations by changing the average e�ectiveness of workers in performing

di�erent tasks (e.g. the formation of ideas versus the manipulation of the physical world).
13

12

Although we assume that ability is drawn independently for each sector and occupation, the parameter Tso 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.

13

Our theoretical framework models technological change as determining the relative e�ectiveness of workers in performing

tasks in di�erent 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 e�ects of technological change in a setting with many sectors and occupations in the

context of a standard Roy model.
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From utility (8), the following transformation of utility is linear in worker ability:

v = U1/β = w̄oz, w̄o =
wo (1− `o)1/β `φoo h̄o

PαMP
1−α
N

. (12)

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

workers within each sector s and occupation o inherits a Fréchet distribution:

Fso (v) = e−Φsov−θ , Φso = Tsow̄
θ
o. (13)

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:

F (v) = e−Φv−θ , Φ =

S∑
s=1

O∑
o=1

Tsow̄
θ
o, (14)

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 (14).

Aggregating optimal choices of sector and occupation across people, we arrive at our �rst key result

for equilibrium worker sorting across sectors and occupations.

Proposition 1 (Sector andOccupationChoice) Let λso denote the fraction of people who choose to work in

sector s and occupation o. Let λo denote the fraction of people who choose to work in occupation o. Aggregating

across people, the model yields the following su�cient statistics for the fractions of people choosing to work in

each sector and occupation (Ψso) and in each occupation (Ψo):

λso =
Ψso

Ψ
, λo =

Ψo

Ψ
, (15)

Ψo =
S∑
s=1

Ψso, Ψ =
S∑
s=1

O∑
o=1

Ψso, Ψso = Tsow
θ
o (1− `o)θ/β `θφoo h̄θo.

Proof. See Appendix.

Therefore the fraction of workers choosing to work in each sector and occupation depends on average

e�ective units of labor (as determined by Tso), the wage in each occupation (wo), and equilibrium human

capital investments (as determined by `o, which in turn depends solely on β and φo). Note that the terms in

the tradeables consumption price (PM ) and the non-tradeables price (PN ) in Φso in (12)-(13) have cancelled

from the choice probabilities λso in (15), because they are common across sectors and occupations, and

hence do not a�ect the choice of sector and occupation.
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Thus the model suggests that employment shares are one of the key endogenous variables of inter-

est in our empirical work. The model also highlights the role of new technologies in in�uencing these

employment shares through changing the e�ectiveness of workers in performing the tasks in di�erent

sectors and occupations. Changes in technology have both direct e�ects on employment shares (though

Tso) and indirect e�ects (through general equilibrium e�ects via occupation wages wo). Totally di�erenti-

ating the sector-occupation choice probabilities (15), holding constant the rate of return to human capital

investments (φo and hence `o), we have:

dλso
λso

=
dTso
Tso
−

S∑
k=1

O∑
m=1

dTkm
Tkm

λkm + θ
dwo
wo
−

S∑
k=1

O∑
m=1

θ
dwm
wm

λkm. (16)

Evaluating these total derivatives holding occupational wages constant at their values in the initial equi-

librium (setting dwo/wo = 0 for all occupations o), the direct e�ect of an increase in the e�ectiveness of

workers in performing the tasks in a sector and occupation (Tso) is to raise the share of employment (λso)

in that sector and occupation (since 0 < λso < 1) and reduce the share of employment in all other sectors

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

in a sector and occupation (higher Tso), we would expect them to increase employment shares in that

sector and occupation (higher λso), other things equal. In contrast, to the extent that new technologies

substitute for workers in performing tasks in a sector and occupation (lower Tso), we would expect them

to decrease employment shares in that sector and occupation (lower λso), other things equal. We provide

evidence below that the impact of new technologies on the employment shares of di�erent 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 su�cient statistic for average earnings in

occupation o (wageo), including both human capital and ability, is:

wageo = E [wohoz] = γ (1− `o)−1/β (PαMP 1−α
N

)
Φ1/θ, (17)

where γ = Γ
(
θ−1
θ

)
and Γ (·) is the Gamma function.

Proof. See Appendix.

Therefore di�erences in average earnings (wageo) across occupations o are explained in the model by

di�erences in human capital investments ((1− `o)−1/β
). Occupations in which human capital investments

are more productive (higher φo) have higher human capital investments (`o) and higher average earnings

(wageo). In contrast, average earnings are no higher in occupations that have higher average e�ective

units of labor (higher Tso) or higher wages per e�ective unit of labor (higherwo). The reason is a selection

13



e�ect. On the one hand, higher Tso and wo directly increase average wages for a given fraction of workers

choosing to enter an occupation. On the other hand, higher Tso andwo induce a higher fraction of workers

to choose an occupation, which indirectly reduces average wages through a composition e�ect of a higher

fraction of workers with lower draws for e�ective units of labor. With a Fréchet distribution for worker

ability, these two e�ects exactly o�set one another, leaving average earnings unchanged. Although this

exact o�set is a feature of the Fréchet distribution, more generally, these two e�ects work in di�erent

directions and dampen the impact of Tso and wo on average earnings (wageo).

Thus the model highlights average earnings as the second key endogenous variable of interest in our

empirical work. New technologies a�ect average earnings through changing the return to human capital

accumulation in di�erent occupations. Totally di�erentiating average earnings (17), changes in the relative

average earnings (ωom = wageo/wagem) of two occupations o andm depend solely on changes in human

capital investments:

dωom
ωom

=
1

β

[
`o

1− `o
d`o
`o
− `m

1− `m
d`m
`m

]
, (18)

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

investments (φo):
d`o
`o

=
1

1 + βφo

dφo
φo

,
d`m
`m

=
1

1 + βφm

dφm
φm

. (19)

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

an occupation (higher φo), we would expect them to increase occupation average earnings (higherwageo).

In contrast, to the extent that new technologies substitute for human capital investments within an occu-

pation (lower φo), we would expect them to decrease occupation average earnings (lower wageo).

2.5 Quanti�cation

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 e�ectiveness of workers of performing tasks in

each sector and occupation. We �rst 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 θ = 3.44 and a value for the parameter

governing the tradeo� between consumption and human capital accumulation of β = 0.693. Using these

assumed parameters and the expressions for equilibrium human capital investments (10) and average

earnings (17), we can recover the return to human capital accumulation from observed average earnings
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in each occupation relative to the geometric mean of average earnings across occupations:

wageo∏O
o=1 [wageo]

1
O

=
(1− `o)−1/β∏O

o=1

[
(1− `o)−1/β

] 1
O

=
(1 + βφo)

−1/β∏O
o=1

[
(1 + βφo)

−1/β
] 1
O

. (20)

Given observed occupation average earnings (wageo) and an assumed value for β, this provides a system

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

Using these solutions for human capital returns (φo), the assumed values of β and θ, and the expres-

sions for equilibrium human capital investments (10) and the choice probabilities (15), we can recover an

adjusted measure of the relative e�ectiveness of workers in performing tasks for each sector and occupa-

tion (Aso) from observed employment shares (λso) relative to their geometric mean:

Aso[∏S
s=1

∏O
o=1 Aso

] 1
O

=
λso/

[∏S
s=1

∏O
o=1 λso

] 1
O

Bso/
[∏S

s=1

∏O
o=1 Bso

] 1
O

, (21)

where Bso = (1− `o)θ/β `θφoo captures the contribution of human capital investments to employment

shares and Aso = Tsow
θ
oh̄

θ
o captures the average e�ectiveness of workers in performing tasks within each

sector and occupation (Tso), human capital productivity (h̄o), and the wage per e�ective unit of labor (wo).

We use the solutions for unobserved human capital returns (φo) from (20) and adjusted task e�ectiveness

(Aso) from (21) to quantify the relative importance of these two di�erent mechanisms for explaining the

observed changes in employment shares and average earnings in the data.

2.6 Extensions

In the web appendix, we show how the above baseline model can be extended to incorporate multiple types

of workers with di�erent ex ante characteristics (e.g. age, gender and general schooling), as observed

in the data. Output (YMs) in each sector s is assumed to be a constant elasticity of substitution (CES)

function of labor inputs (Hx
s ) of each worker type x, which are in turn a constant elasticity of substitution

function of the human capital (Hx
so) of occupations o within that sector s for worker type x. Workers

of each type choose an occupation and sector as above. The model again yields two su�cient statistics

in the form of employment shares (λxso) for each sector, occupation and worker type and average wages

(wagexo ) for each occupation and worker type. Di�erences across worker types in the average e�ectiveness

of performing tasks within each sector and occupation (T xso) generate variation across worker types in

employment shares (λxso). In contrast, the return to human capital investments in each occupation (φxo )

a�ects both employment shares (λxso) and average occupational earnings (wagexo ).

In the web appendix, we also extend the above baseline model to incorporate multiple locations in-

dexed by r = 1, . . . , R (e.g. urban versus rural areas), as again observed in the data. We assume that
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each worker draws e�ective units of labor (z) for each occupation, sector and region from an independent

Fréchet distribution. Given these realizations for e�ective units of labor, workers choose an occupation,

sector and region. The model again yields two su�cient statistics in the form of employment shares (λrso)

and average wages (wagero). Di�erences across regions in the average e�ectiveness of workers in per-

forming tasks within each sector and occupation (because of regional di�erences in technology Trso) gen-

erate variation across regions in employment shares (λrso). In contrast, relative average earnings (wagero)

across occupations within the same region depends only on relative returns to human capital investments

(φo), because the cost of living within regions is the same across occupations.

Therefore augmenting the baseline model to incorporate multiple types of workers with di�erent ob-

served characteristics or multiple regions preserves the model’s key predictions for the determinants of

employment shares and average earnings. We now provide evidence on the extent to which employment

shares and average wages have changed systematically towards occupations performing particular types

of tasks and the extent to which these changes are driven by new technologies. Before doing so, we �rst

discuss our data, and next introduce our new empirical methodology for measuring the individual tasks

performed by workers within each occupation.

3 Data Description

In this section, we discuss our data sources for the key objects of interest in the model (employment shares

and wages) and for our measures of the production tasks undertaken within each occupation. Our main

data source on employment and worker characteristics is the individual-level records from Integrated Pub-

lic 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 identi�ers. We use the 100 percent samples for 1880 and 1940 and the

largest available sample size for all other years (typically 5 percent).
14

Wages and education are reported

from 1940 onwards. 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).

To make maximum use of the available information, we create two datasets that take di�erent stands

on the trade-o� between variable availability and time period. Our �rst dataset consists of three cross-

sections, including the 100 percent Census samples for 1880 and 1940 and the 5 percent sample for 2000.

Focusing on these three cross-sections enables us to include employment and wage data for all three

periods, and education data for 1940 and 2000. Our second dataset consists of cross-sections for 1860

14

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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and for twenty-year time intervals from 1880-2000, using either 100 percent census samples (for 1880 and

1940) or the largest available sample for the other years. Including this higher frequency information

limits the data available for all years to employment, with wages and education reported from 1940-2000.

When we use samples of less than 100 percent, the sampling probabilities vary with worker characteristics,

such as ethnicity. Therefore we weight individuals by their sampling weights to ensure that the data are

representative for the United States as a whole and each sector and occupation.

We use the standardized 1950 occupation classi�cation from IPUMS, which distinguishes eleven two-

digit occupations (e.g. “Clerical and Kindred”) and 281 three-digit occupations (e.g. “Opticians and Lens

Grinders and Polishers”). We also use the standardized 1950 sector classi�cation from IPUMS, which dis-

tinguishes twelve two-digit sectors (e.g. “Finance, Insurance and Real Estate”) and 158 three-digit sectors

(e.g. “Motor Vehicles and Motor Vehicle Equipment”).
15

Since we are concerned with employment struc-

ture, we omit workers who do not report an occupation or a sector (e.g. because they are unemployed or

out of the labor force). We also exclude workers in agricultural occupations or sectors, because we compare

the task content of employment in urban and rural areas over time, and agriculture is unsurprisingly over-

whelmingly located in rural areas.
16

We de�ne urban and rural areas based on time-varying metropolitan

boundaries to ensure that urban areas correspond to meaningful economic units in each year. But we also

report a robustness test in which we de�ne urban areas based on the boundaries of administrative cities

that are more stable over time.

We develop a new methodology for measuring the individual production tasks undertaken by workers

within occupations using the detailed occupational descriptions in the Dictionary of Occupational Titles

(DOTs). Previous research using the DOTs has focused on the numerical scores that summarize job re-

quirements, as constructed by the U.S. Department of Labor. ALM distinguishes between non-routine

interactive tasks (“Direction, Control and Planning (DCP)”), non-routine analytic tasks (“Quantitative

Reasoning (GEDMATH)”); routine cognitive tasks (”Set Limits, Tolerances and Standards (STS)”); routine

manual tasks (“Finger Dexterity (FINGER)”); and non-routine manual tasks (“Eye-Hand-Foot Coordina-

tion (EYEHAND)”). Subsequent research following AKK has aggregated the �rst two categories into “rou-

tine” ((DCP+GEDMATH)/2), “non-routine” ((STS+FINGER)/2) and “manual” (EYEHAND). We compare our

measures of individual production tasks with these more aggregated numerical scores from existing re-

search, including modern values (from U. S. Department of Labor 1991) and historical values (from U. S.

15

See IPUMS for the full concordance between two-digit and three-digit occupations and sectors. While both occupation and

sector classi�cations are standardized by IPUMS, there are a small number of occupations and sectors that enter and exit the

sample over time. Our results are robust to restricting attention to occupations and sectors that are present in all years.

16

Our key �ndings, however, are robust to the inclusion of these agricultural workers. When we examine task inputs in urban

versus rural areas in Section 7, we include sector �xed e�ects in our regressions for each year, which controls for the e�ect of

changes over time in the aggregate share of employment in agriculture on each sector in each year. For an analysis of urbanization

and structural transformation away from the agricultural sector, see Michaels, Rauch, and Redding (2012).
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Department of Labor 1949, which was the �rst edition of the DOTs to report these aggregate measures).

We follow existing research in converting each numerical score into percentiles of its distribution across

occupations, since these numerical scores do not necessarily have a common cardinal scale.
17

In contrast to this previous research, our new methodology uses the verbs from the detailed occupa-

tional descriptions in DOTs to measure individual production tasks. This approach enables us to measure

the task content of employment at much higher resolution than previous research and to examine the in-

dividual production tasks included within more aggregated measures based on numerical scores. We use

a comprehensive list of over 3,000 English verbs from “Writing English,” a company that o�ers English

language consulting.
18

We search for appearances of each of these verbs in the occupational descriptions

of the DOTs. We quantify the nature of these production tasks using the meanings of the verbs from Ro-

get’s Thesaurus, which is the standard reference for word usage in English.
19

In our baseline speci�cation,

we use occupational descriptions from the digital edition of the 1991 DOTs.
20

But our use of occupational

descriptions also enables us to undertake a robustness test using the �rst edition of the DOTs in 1939

(U. S. Department of Labor 1939), which did not report numerical scores. Comparing the occupational

descriptions from 1991 and 1939 DOTs, we can examine changes in the relative importance of individual

production tasks within occupations and the extent to which the ranking of occupations in terms of the

frequency with which they use di�erent types of tasks is stable over time.

Our main data source for industry technology use is the 1947 Bureau of Economic Analysis Input-

Output Table (Bureau of Economic Analysis 2015). This is the earliest available input-output dataset for

the U.S., and its date falls roughly in the middle of our period of analysis. Speci�cally, we measure an in-

dustry’s use of a technology by the share of its inputs that it purchases from the industry that produces the

technology. This approach has two main advantages. First, we can consider a number of alternative tech-

nologies that experienced substantial innovation over our long historical time period. We distinguish (i)

O�ce and computing machines (O�ce, Computing and Accounting Machines [51]); (ii) Electrical machin-

ery (Electric Industrial Equipment and Apparatus [53], Household appliances [54], Electric Lighting and

Wiring Equipment [55], Radio, Television and Communication Equipment [56], Electronic Components

and Accessories [57] and Miscellaneous Electrical Machinery, Equipment and Supplies [58]); (iii) Trans-

port machinery (Motor Vehicles and Equipment [59], Aircraft and Parts [60], and Other Transportation

Equipment [61]); (iv) All machinery (Industries [43], [46]-[49], and [51]-[63], which includes categories

(i)-(iii) above). Second, we can construct these measures of industry technology use with input-output ta-

17

We �nd similar results if we use the raw numerical scores instead of their percentiles.

18

See http://www.writingenglish.com/englishverbs.htm.

19

We use the online computer-searchable edition of Roget (1911): http://machaut.uchicago.edu/rogets.

20

Following the �rst edition of the DOTs in 1939, there were major revisions in 1949, 1965, 1977, and 1991. Each revision

updated the occupational descriptions with the objective of re�ecting the contemporary nature of work in each occupation.
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bles from di�erent years during our long historical time period. While our baseline speci�cation uses the

�rst input-output table from 1947, we also undertake a robustness test using a contemporary input-output

table from 2002.

4 Measuring Production Tasks

In this section, we discuss in more detail our methodology for measuring individual production tasks using

the verbs from the around 12,000 occupational descriptions in the DOTs. We start with the comprehensive

list of over 3,000 English verbs from the language consulting company “Writing English” discussed above.

Using this list of verbs, we search each occupational description in the DOTs for occurrences of each

verb in the �rst-person singular (e.g. (I) talk), third-person singular (e.g. (she) talks) or present participle

(e.g. (he is) talking). In each case, the verbs capture an action (bring, read, walk), an occurrence (happen,

become), or a state of being (exist, stand), and hence capture the tasks performed within an occupation.

To take an example from our own experience, the occupational description for an economist is:

“ECONOMIST: Plans, designs, and conducts research to aid in interpretation of economic

relationships and in solution of problems arising from production and distribution of goods

and services: Studies economic and statistical data in area of specialization, such as �nance,

labor, or agriculture. Devises methods and procedures for collecting and processing data, uti-

lizing knowledge of available sources of data and various econometric and sampling tech-

niques. Compiles data relating to research area, such as employment, productivity, and wages

and hours. Reviews and analyzes economic data in order to prepare reports detailing results of

investigation, and to stay abreast of economic changes ...,”

where the words detected by our procedure as capturing the tasks performed by an economist are itali-

cized.
21

Note that sometimes the �rst-person singular, third-person singular or present participle forms

of a verb have the same spelling as the corresponding adjectives and nouns (e.g. “prepare reports”). In

this case, our procedure treats these adjectives and nouns as verbs. To the extent that the use of the same

word as an adjective or noun is closely related to its use as a verb, both uses are likely to capture the tasks

performed within an occupation.

We measure the importance of a production task for an occupation, using the frequency with which a

verb v appears for an occupation o relative to all appearances of verbs for that occupation:

VerbFreqvo =
Appearances of verb v matched to o

Appearances of all verbs matched to o
. (22)

21

As an indication of the wide coverage of our list of over 3,000 verbs, only 1,830 of these verbs appear in the 1991 DOTs

occupational descriptions.
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We focus on the frequency rather than the number of occurrences of a verb to capture the relative impor-

tance of a task for an occupation and to control for variation across occupations in the length of occupa-

tional descriptions. As for the numerical scores discussed in the previous section, we convert VerbFreqvo

into percentiles of its distribution across occupations.
22

To quantify the nature of these production tasks, we use the meanings of the verbs. In particular, we

use an online computer-searchable version of Roget’s Thesaurus (Roget 1911), which explicitly classi�es

words according to their underlying concepts and meanings. Roget’s classi�cation was inspired by natural

history, with its hierarchy of Phyla, Classes, Orders and Families. Therefore words are grouped according

to progressively more disaggregated classi�cations that capture ever more subtle variations in meaning.

A key advantage of the thesaurus classi�cation is that it explicitly takes into account that words can

have di�erent meanings depending on context, by allowing the same word to appear more than once and

including extensive cross references to link related groups of words.
23

Roget’s Thesaurus is organized into six “Classes” that are further disaggregated into the progressively

�ner subdivisions of “Divisions,” “Sections” and “Categories.” The �rst three classes cover the external

world: Class 1 (Abstract Relations) deals with ideas such as number, order and time; Class 2 (Space) is con-

cerned with movement, shapes and sizes; and Class 3 (Matter) covers the physical world and humankind’s

perception of it by means of the �ve senses. The last three classes relate to the internal world of human

beings: the human mind (Class 4, Intellect), the human will (Class 5, Volition) and the human heart and

soul (Class 6, Emotion).

To characterize the meaning of each verb v, we use the frequency with which it appears in each

subdivision k of Roget’s Thesaurus:

ThesMeanvk =
Appearances of verb v in subdivision k of thesaurus

Total appearances of verb v in thesaurus

, (23)

where our use of a frequency explicitly takes into account that each verb can have multiple meanings and

provides a measure of the relative importance of each meaning. In counting the appearances of verbs we

make use of the thesaurus’s structure, in which words with similar meanings appear under each thesaurus

Category in a list separated by commas or semi-colons. Based on this structure, we count appearances of

a verb that are followed by a comma or semi-colon, which enables us to abstract from appearances of a

word in idioms that do not re�ect its common usage.
24

For our baseline measures of task input, we use time-invariant occupational descriptions from the

22

VerbFreqvo has a natural interpretation as a frequency and we �nd similar results using the raw measure.

23

For further discussion of the genesis of Roget’s Thesaurus, see for example Hüllen (2003).

24

For example, the verb “consult” appears in six thesaurus Categories. The entry followed by a comma is 695 Advice, which

captures the word’s meaning. Entries not followed by a comma correspond to idiomatic uses not closely related to the word’s

meaning: 133 Lateness (“consult one’s pillow”); 463 Experiment (“consult the barometer”); 707 Aid (“consult the wishes of”); 943

Sel�shness (“consult one’s own pleasure”); 968 Lawyer (“juris consult [Latin]”).

20



1991 DOTs for all years in our sample, which ensures that our results are not driven by changes in the

language used in the occupational descriptions over time (because these occupational descriptions are

held �xed for all years in our sample). This use of time-invariant occupational descriptions implies that

changes in task input over time are driven solely by changes in employment shares across occupations

with di�erent (time-invariant) task inputs. As Roget’s Thesaurus was compiled in a di�erent year (1911)

from the occupational descriptions (1991), there remains the concern that the meaning of verbs could have

changed over time. However, Roget’s thesaurus is still the seminal reference for English language use

today. Furthermore, we report a robustness test in which we use occupational descriptions from the 1939

DOTs. This is the earliest DOTs, which dates from around the middle of our 1880-2000 sample period,

and enables us to look at historical classi�cations of occupations. We �nd a similar pattern of results

using occupational descriptions for 1939 and 1991, even though they are more than �fty years apart,

which suggests that the di�erence in dates between the thesaurus and occupational descriptions is not

consequential for our �ndings. As a further check on our results, we show that aggregating our measures

of individual production tasks to the six thesaurus Classes (using either the 1991 or 1939 occupational

descriptions) yields a similar pattern of results to the aggregate numerical scores used in previous research

with the DOTs.
25

Additionally, we use the 1939 and 1991 occupational descriptions (as well as numerical

score measures for 1949 and 1991) to examine changes in task input within occupations.
26

Combining the frequency with which a verb appears in each occupation’s description (VerbFreqvo) and

the frequency with which the verb appears in each subdivision of the thesaurus (ThesFreqvk), we obtain

a quantitative measure of the extent to which the tasks performed in an occupation involve the concepts

from each thesaurus subdivision:

ThesFreqko =
∑
v∈V

VerbFreqvo × ThesMeanvk, (24)

where we again convert ThesFreqko into percentiles of its distribution across occupations.
27

We use VerbFreqvo from (22) and ThesFreqko from (24) as our two key empirical measures of task

inputs. Our use of verbs from occupational descriptions (VerbFreqvo) makes it possible for the �rst time to

measure the importance of inputs of individual production tasks. Our use of the meanings of these verbs

based on thesaurus subdivisions (ThesFreqko) enables us to isolate the common characteristics of those

individual production tasks that have become more or less important over time, without imposing prior

25

We �nd that our measures of task inputs for each occupation are also correlated in the expected way with separate measures

of job requirements from the O*NET database, as discussed below and reported in section A9 of the web appendix.

26

See Spitz-Oener (2006) for evidence using German survey data on within-occupation changes in task input. Correlating the

1949 and 1991 percentile numerical scores across the occupations in the data in 2000, we �nd 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.

27

ThesFreqko has a natural interpretation as the product of two frequencies and we �nd similar results using the raw measure.
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structure from the numerical scores about what types of tasks are or are not important.

5 Trends in Task Input 1880-2000

In this section, we provide evidence on the model’s two key endogenous outcomes of interest, employ-

ment shares and average wages. We demonstrate systematic changes in employment shares and average

wages across occupations that are related to the nature of the production tasks undertaken within those

occupations, as measured by our new methodology. We �nd the largest increases for tasks involving the

internal world, including the formation of ideas (e.g. Analyze, Confer, Evaluate), and the largest decreases

for those involving the external world, including the manipulation of physical matter (e.g. Deliver, Grind

and Weld). We use the structure of the model to recover the changes in the average e�ectiveness of work-

ers in performing tasks and in the rate of return to human capital investments underlying these changes

in employment shares and average wages. In the next section, we examine the extent to which these

observed changes in task inputs are related to new technologies, as suggested by the model.

5.1 Employment Shares and Aggregate Task Inputs

We begin by presenting results for employment shares using the more aggregated numerical scores consid-

ered in previous research, but for our much longer historical time period. Figure 1 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 per-

centiles 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).

Figure 1 is analogous to Figure I in ALM, but for the period 1880-2000 instead of 1960-2000. Com-

paring these two �gures, we con�rm existing �ndings for the 1960-2000 period. First, we �nd a sharp

increase in the share of the labor force employed in occupations that make intensive use of non-routine

interactive and non-routine analytic tasks throughout this period. Second, employment in occupations

that use non-routine manual tasks intensively declines throughout this period. Third, we �nd a decline

in the share of the labor force employed in occupations that use routine cognitive and routine manual

tasks intensively from 1960 onwards. This period from 1960 onwards coincides with the dissemination of

computers. Therefore the decline in these two routine categories and the acceleration after 1960 in the rise

of the two non-routine categories are consistent with the view that computers complemented non-routine

tasks and substituted for routine tasks.

Two other features are apparent from Figure 1. First, notwithstanding the important changes after

1960, there is an increase in the non-routine interactive inputs and a decrease in the non-routine manual
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inputs from the late-nineteenth century onwards.
28

Second, these longer-term trends are interrupted

during the period 1920-60, when non-routine interactive and analytic inputs are relatively �at, and there

is a slower decline in non-routine manual inputs from 1920-1940. In the web appendix, we show that

this long-term rise in non-routine tasks is not apparent in the earlier 1860-1880 period (see Figure A1).
29

We also show that the late-nineteenth and early-twentieth centuries were periods of rapid di�usion of

a cluster of information technologies centered on the typewriter (which reduced the cost of producing

written information) and the telephone (which facilitated communication at a distance), as shown in Figure

A2 in the web appendix.
30

Improved �ling techniques and especially the invention of vertical �ling around

the turn of the twentieth century allowed for much easier storage and retrieval of information (Ellen-Poe

2014, Michaels 2007). This timing suggests that the growth in non-routine inputs around the turn of the

twentieth century could be related to this earlier revolution in information technology, an idea that we

explore further below. The interruption of these longer term trends during the period 1920-1960 coincides

with a compression in wage inequality in the decades surrounding the Second World War.
31

We provide

further evidence on the relationship between these changes in task inputs and wage inequality below.

5.2 Employment Shares and Individual Production Tasks

We now present employment share results for individual production tasks using our new methodology

based on occupational descriptions from Section 4 above. We begin by relating the verbs capturing tasks

to the numerical scores used in the previous section. We next examine the meaning of these verbs using

the sections from Roget’s thesaurus. Finally, we use the meaning of these verbs to provide �ner resolution

evidence on changes in task inputs over time.

Table 1 examines the individual production tasks captured by each of the �ve numerical scores (non-

routine interactive, non-routine analytic, routine analytic, routine manual and routine non-manual). We

correlate each of these numerical scores with each verb across occupations and report the top twenty

verbs most correlated with each numerical score.
32

Three main features are apparent from the table. First,

28

Consistent with these results, Katz and Margo (2014) �nds a rise in white-collar employment in the late-nineteenth century,

so that by 1900 one in 15 workers were white collar. In contrast to that study, we adopt a task-based approach that uses variation

in the disaggregated tasks performed by workers within broad occupational categories such as white collar.

29

We report these results for 1860-1880 as a robustness test rather than as part of our main speci�cation, because the number

of occupations reported in the data is substantially smaller for years before 1880.

30

For a discussion of this earlier revolution in information technology, see for example Hunt and Hunt (1986) and Phister

(1979). The �rst 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 �rst to be granted a United States patent for the

telephone. Both technologies di�used particularly rapidly in the closing two decades of the nineteenth century. The electrical

telegraph was developed and patented in the United States by Samuel Morse somewhat earlier in 1837.

31

See, in particular, Piketty and Saiz (2003) and Piketty, Saiz, and Zucman (2014).

32

While IPUMS uses consistent (1950) occupational descriptions over time, some occupations do not exist in some years. Unless

otherwise indicated, all reported correlations below are across the sample of occupations in 2000. We �nd the same pattern of

results both qualitatively and quantitatively using the sample of occupations from other years.
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the numerical scores generally capture an intuitive pattern of tasks. For example, the top �ve tasks most

correlated with non-routine analytic are analyze, develop, conduct, plan and direct. In contrast, the top

�ve tasks most correlated with non-routine manual are: prevent, move, line, climb and wall. Second,

there is some similarity in the tasks captured by non-routine interactive and non-routine analytical. Ten

of the twenty verbs most strongly correlated with these two categories are common to both. Even the

verbs that di�er are telling. Non-routine interactive is highly correlated with managerial verbs, such as

direct, prepare, project, and budget. In contrast, non-routine analytical is more strongly correlated with

quantitative tasks, such as test, result, interpret, and formulate. Third, there is also some similarity in the

tasks captured by routine cognitive and routine manual. Indeed, many of the tasks most correlated with

routine cognitive are manual rather than cognitive (e.g. cut and screw), which suggests either that routine

cognitive and manual tasks are highly correlated or that this category provides an imperfect measure of

cognitive tasks. Taken together, this pattern of results provides support for more recent research following

AKK that has aggregated non-routine interactive and non-routine analytic into a single category (“non-

routine”), aggregated routine cognitive and routine manual into a single category (“routine”), and retained

non-routine manual as a separate “manual” category. From now onwards, we follow AKK in aggregating

the numerical scores into the three categories of non-routine, routine and manual.

Having related our measures to the numerical scores used in previous research, we now examine the

meanings of these verbs corresponding to individual production tasks. For each of the 39 sections of

Roget’s Thesaurus, Table 2 reports the top �ve verbs whose usage is most concentrated in that thesaurus

section (the verbs with the �ve highest values of ThesMeanvk from equation (23)). If two or more verbs

have the same values of ThesMeanvk, we rank them by their number of occurrences in the thesaurus, so as

to give more weight to verbs that are more prevalent in language use. Two main features are again apparent

from the table. First, thesaurus sections successfully capture the meaning of verbs. For example, the top

�ve tasks concentrated in Section 3.1 (Matter in General) are: weigh, �oat, swim, balloon and pound. In

contrast, the top �ve tasks concentrated in Section 4.2.1 (Nature of Ideas Communicated) are: decipher,

annotate, interpret, fudge and clarify. Second, thesaurus sections provide a substantially �ner resolution

on the production tasks performed within occupations than the numerical scores discussed above. For

example, the verbs analyze, develop and conduct appear as the top three verbs most correlated with the

Non-routine Interactive numerical score in Table 1. However, these verbs have quite di�erent meanings

and appear in quite di�erent sections of the thesaurus. Although not shown in Table 2, analyze appears

in Sections 1.3 (Abstract Relations: Quantity) and 4.1.2 (Formation of Ideas: Precursory Conditions and

Operations); develop occurs in Sections 1.8 (Abstract Relations: Causation), 2.2 (Words Relating to Space:

Dimensions) and 2.4 (Words Relating to Space: Motion); and conduct is found in Sections 2.4 (Words
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Relating to Space: Motion) and Sections 5.1.3 (Individual Volition: Voluntary Action).

We now use the meanings of these verbs to provide �ner resolution evidence on the evolution of

task inputs over time. Figures 2-3 are analogous to Figure 1 above, but use thesaurus sections rather

than numerical scores to establish the following results. First, we �nd substantially larger changes in

task inputs over time using our measures of production tasks (based on verbs and their meanings in the

thesaurus) than using the numerical scores. In Figures 2-3, the scale of the vertical axis ranges from 0.5-2.5,

compared to 0.6-1.4 in Figure 1. Although the use of more disaggregated categories is likely to generate

greater variation, this con�rms the ability of the meanings of verbs to capture changes in task inputs

over time. Second, the divisions of the thesaurus with the largest increases in task inputs over time are

Class 1: Abstract Relations (top left in Figure 2), Class 4.1: Formation of Ideas (bottom right in Figure 2),

and Class 4.2: Communication of Ideas (top left in Figure 2). In contrast, the divisions of the thesaurus

with the smallest increases in task inputs over time are Class 2: Space (top right in Figure 2) and Class 3:

Matter (bottom left in Figure 2). This pattern of results is consistent with a reduction in the share of the

labor force employed in tasks relating to the manipulation of the physical world (space and matter) and

an increase in the share of the labor force employed in analytical and interactive tasks (abstract thought

and the formation and communication of ideas). It is also noteworthy that the use of tasks from thesaurus

division 6 (religion, morality, and emotion) has not changed much over the period we analyze. In other

words, even in the realm intellectual tasks, the use of those related to emotions has changed much less

than those related to abstract thinking and interaction.
33

Finally, even within the thesaurus classes that

involve abstract thinking and interaction there is substantial heterogeneity, highlighting the additional

insights from more disaggregated task measures. In particular, some of the largest increases in task inputs

are observed for Sections 1.5 (Abstract Relations: Number), 1.6 (Abstract Relations: Time), 4.1.1 (Formation

of Ideas in General), and 4.2.3 (Means of Communicating Ideas).

5.3 Tasks and Wage Inequality

While the previous two sections have presented results for employment shares, we now incorporate in-

formation on average wages, as the second key endogenous outcome in the model, and examine the rela-

tionship between tasks and wage inequality. We compute total employment and average wages for each

occupation in 1880, 1940 and 2000. In Figure 4, we display the cumulative distribution of employment

shares across percentiles of the occupation wage distributions. On the horizontal axis, occupations are

sorted according to their percentiles of the occupation wage distribution in a given year. On the verti-

33

In a robustness check, we �nd that our measures of abstract thinking and interaction (Classes 4 and 5 of the thesaurus)

are strongly correlated with measures of the interactiveness of occupations based on employee and employer surveys from the

O*NET database, as discussed in Section A9.2 of the web appendix.
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cal axis, we display the cumulative sum of employment shares across the percentiles of the occupation

wage distribution in that given year. As the employment share distributions are cumulative, they neces-

sarily add up to one for each year. Furthermore, the slope of each cumulative distribution corresponds to

employment at that percentile of the wage distribution.

Comparing the cumulative distributions for 1880 and 1940, we �nd that there is greater mass of workers

at low wages in 1880 than in 1940 (the solid black line is above the solid gray line at low wages) and a greater

mass of workers at high wages in 1880 than in 1940 (the solid black line is below the solid gray line at higher

wages).
34

This implies a decline in wage inequality across occupations during the �rst half of our sample

period.
35

Comparing the cumulative distributions for 1940 and 2000, we �nd that the two distributions

track one another relatively closely at low wages, but there is a smaller mass of workers at intermediate

wages in 2000 than in 1940 (the solid gray line has a steeper slope at intermediate wages than the black

dashed line) and a greater mass of workers at high wages in 2000 than in 1940 (the black dashed line has

a steeper slope than the solid gray line at high wages). Therefore the second half of our sample period is

characterized by increased wage inequality across occupations and a polarization of wages towards the

top of wage distribution at the expense of the middle of the wage distribution.
36

We now relate these changes in the distribution of employment across percentiles of the occupation

wage distribution to the production tasks undertaken within occupations. In Figure 5, we begin by showing

the cumulative distribution of employment shares across percentiles of the task distribution over time.

The top left panel sorts occupations based on percentiles of the non-routine task distribution; the top right

panel sorts them based on percentiles of the routine task distribution; and the bottom left panel sorts them

based on percentiles of the manual task distribution. From the bottom left panel, the largest change in the

employment distribution from 1880-1940 was a shift in employment towards low levels of manual tasks

(the solid gray line is substantially above the solid black line at low levels of manual tasks). In contrast,

from the top-left panel, the largest changes in the employment distribution from 1940-2000 were from low

to intermediate levels of non-routine tasks (the dashed black line is below the solid gray line below the

median) and from intermediate to high levels of non-routine tasks (the dashed black line is below the solid

gray line above the median). Therefore the large reallocations of employment across percentiles of the

wage distribution in Figure 4 involve the large reallocations of employment across percentiles of the task

distribution shown in Figure 5.

34

Since the solid black line is below the solid gray line at higher wages, it must have a greater slope at the highest wages in

order for the cumulative distribution to add up to one, which implies greater employment at the highest wages.

35

This decline in wage inequality across occupations from 1880-1940 is consistent with the decline in income inequality across

individuals found using personal income taxation data in Piketty and Saiz (2003) and Piketty, Saiz, and Zucman (2014) and with

the evidence in Goldin and Katz (2008).

36

For further evidence of wage polarization in the closing decades of the twentieth century, see Autor and Dorn (2013).
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To tighten this connection, Figure 6 shows the cumulative distribution of tasks across percentiles of

the occupation wage distribution in each year.
37

The top-left panel shows these distributions for 1880; the

top-right panel shows them for 1940; and the bottom-left panel shows them for 2000. In all three years, we

�nd that non-routine tasks are concentrated at higher percentiles of the wage distribution than routine

tasks, and routine tasks are concentrated at higher percentiles of the wage distribution than manual tasks.

But there are substantial changes in the extent to which this is the case over time. From 1880-1940, we

�nd a convergence in the distribution of tasks across percentiles of the wage distribution (all three lines

move closer together). In contrast, from 1940-2000, we �nd a sharp increase in the extent to which non-

routine tasks are concentrated at higher percentiles of the wage distribution. Together Figures 4-6 paint

a consistent picture of wage convergence from 1880-1940 and wage divergence from 1940-2000, with the

increase in wage inequality from 1940-2000 driven by a reallocation of employment towards non-routine

tasks and and an increase in the wage premium for these tasks.

In the model, the increase in average wages in non-routine occupations is driven by changes in the

rate of return to human capital investments in these occupations, whereas the reallocation of employment

towards these occupations re�ects changes in both the rate of return to human capital investments and

the average e�ectiveness of workers in performing tasks in these occupations. In section A6.3 of the web

appendix, we use the model to solve for the implied values of the relative rate of return to human capital

investment (φo) and adjusted task e�ectiveness (Aso), as discussed in section 2.5 above. In general, we

�nd larger changes in relative task e�ectiveness than in relative returns to human capital accumulation.

For both 1880-1940 and 1940-2000, we �nd an increase in the rate of return to human capital investments

for non-routine occupations, which is largest in the �rst sub-period for the most non-routine occupations,

before becoming greater in the second sub-period for occupations with intermediate-high levels of non-

routine tasks (see Figure A3). From 1880-1940, we �nd an increase in relative task e�ectiveness for workers

in the most manual occupations; little change in the relative task e�ectiveness across occupations with

di�erent levels of routine tasks; and an increase in task e�ectiveness for both the least and most non-

routine occupations (see Figure A4). From 1940-2000, we �nd a decline in the relative task e�ectiveness of

workers in more manual occupations; a secular fall in the relative task e�ectiveness of workers performing

more routine tasks relative to those performing less routine tasks; and a secular rise in the relative task

e�ectiveness of more non-routine occupations. The results suggest that the relative productivity of tasks

changed somewhat di�erently from the late-nineteenth to the early-twentieth centuries versus from the

early to the late-twentieth century. Whereas the �rst half of our sample period saw an increase in the

37

Speci�cally, each occupation has a task measure (percentile score) and a wage percentile in a given year. We sort occupations

by their wage percentile in a given year (horizontal axis). We then cumulate the task measure across these percentiles of the

occupation wage distribution, scaling by the sum of the task measure to obtain a cumulative distribution (vertical axis).
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relative productivity of the most manual tasks, the second half of our sample period was characterized by

a more pervasive increase in the relative productivity of non-routine tasks.

In the model, workers are assumed to be ex ante identical and only to di�er in terms of their realizations

for idiosyncratic ability in each sector and occupation. However, in the data, workers di�er in terms

of a number of observed characteristics. To examine whether our �ndings for the change in the wage

distribution above could be fully explained within the canonical model of the labor market in terms of

skilled and unskilled workers, we now report results controlling for observable worker characteristics.

Using our individual-level Census data on annual wages (available at twenty-year intervals from 1940-

2000), we estimate the following Mincer regression across workers i in each year t separately:

lnwit = Xitνt + uit (25)

where wit is the annual wage; Xit are observable worker characteristics (education, gender, age and race);

νt are coe�cients that we allow to di�er across years to capture changes in premia to these characteristics;

and uit is a stochastic error. Following Juhn, Murphy, and Pierce (1993) and AKK, we use the estimated

residual (ûit) as a measure of residual wage inequality after controlling for worker observables. In Figures

A5-A6 of the web appendix, we show that we �nd the same pattern of results for 1940-2000 as in Figures

4-6 if we use the average residual wage for each occupation instead of the average wage. Therefore our

�ndings using the relative wages of occupations in Figures 4-6 are not driven by changes in the distribution

of observed worker characteristics or the premia to these observed characteristics.

To provide further evidence on how relative wages for di�erent production tasks have changed over

time after controlling for worker observables, we augment the Mincer regression (25) with measures of

the production tasks undertaken within each occupation:

lnwit = Xitνt + To(i)tζt + uit (26)

where To(i)t are measures of the tasks undertaken by worker iwithin her occupation o(i) at time t (either

from the DOTs numerical scores or using the verbs from occupational descriptions); and ζt are wage

premia for each task that we again allow to change over time.

In Panel A of Table 4, we estimate the Mincer regression (26) using the three AKK categories of non-

routine, routine and manual tasks. In 1940, the �rst year for which we have the individual-level data

on wages, we �nd a positive and statistically signi�cant premium for non-routine tasks, a positive but

insigni�cant premium for routine tasks, and a negative and statistically signi�cant premium for manual

tasks, consistent with the wage distribution results above. Over the period from 1940-2000, the premium

for non-routine tasks increases substantially (by over 30 percent); the premium for manual tasks becomes
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statistically insigni�cant; and the premium for routine tasks rises from 1940-1960, before declining from

1960 onwards following the dissemination of the computer.

In Panel B of Table 4, we estimate the same speci�cation using the eight divisions of the thesaurus

from the panels of Figures 2-3 as our task measures. In 1940, we �nd the largest positive and statistically

signi�cant wage premium for the formation of ideas and the largest (in absolute value) negative and sta-

tistically signi�cant wage premium for the manipulation of physical matter. From 1940-2000, the wage

premium for the formation of ideas increases the most; the premium for individual volition also increases

albeit from a lower base; and the premium for the manipulation of physical matter decreases the most.

Combining these results with those above, we �nd that tasks involving the manipulation of physical mat-

ter experience a decline in both employment shares and relative wages, while those involving analytical

and interactive tasks experience a rise in both employment shares and relative wages.

Finally, we use these regression estimates to examine the counterfactual implications of changes in

task wage premia for wage inequality across occupations. We begin by using our estimates of the Min-

cer regression (26) with thesaurus task measures to generate �tted values for worker wages in 1940 and

2000.
38

We compute the �tted average wage for each occupation as the average of the �tted wages across

all workers within that occupation. In the left panel of Figure 7, we show the cumulative distribution of

employment shares across percentiles of the �tted occupation wage distribution in each year. Comparing

this left panel with Figure 4, the �tted wage distributions for 1940 and 2000 are relatively successful in

capturing the shift in the actual wage distribution between these two years. We next use our estimates to

generate counterfactual values for worker wages in which we hold all worker characteristics and coe�-

cients (education, gender, age and ethnicity) constant at their values in 2000 except for the task premia,

which we set equal to their 1940 values. We compute the counterfactual wage for each occupation as

the average of the counterfactual wages across all workers within that occupation. In the right panel of

Figure 7, we show the cumulative distribution of employment shares across percentiles of the counter-

factual occupation wage distribution (dashed black line), as well as the two �tted distributions for 1940

(solid black line) and 2000 (solid gray line) from the left panel. We �nd that the counterfactual distribu-

tion lies substantially closer to the 1940 �tted distribution than the 2000 �tted distribution, particularly at

intermediate to high values for wages where the biggest shifts in the wage distribution occur. Therefore,

after controlling for education and other observable worker characteristics, the changes in the wage pre-

mia for production tasks from 1940-2000 make a substantial contribution towards explaining the observed

increase in wage inequality across occupations and the polarization of the occupational wage distribution

from intermediate to high values of wages.

38

We �nd similar results using other task measures, but focus on the thesaurus task measures because the �tted and counter-

factual wage distributions provide a better �t to the data than those using the numerical scores.
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6 Tasks and Technology

We now examine the extent to which the changes in task inputs documented in the previous section are

related to the development of new technologies, as suggested by the model. Our identi�cation strategy

follows ALM in exploiting variation over time in the arrival of new technologies and variation across in-

dustries in the extent to which they use these new technologies. Our contribution is to use our much longer

historical time period (1880-2000 compared to 1960-2000), to present results for a wider range of technolo-

gies (not only computers), and to use our new methodology for measuring individual tasks. In particular,

we consider the following technologies that experienced substantial innovation during our sample pe-

riod: (i) O�ce and computing machines (Computing), (ii) Electrical machinery (Electrical), (iii) Transport

machinery (Transport), (iv) All machinery (Computing, Electrical, Transport and Other Machinery).

We examine whether industries that used these new technologies more intensively experienced larger

changes in task inputs. Industry task intensity is measured as the employment-share-weighted average of

the task intensity of occupations within that industry. Industry technology use is measured using time-

invariant shares of inputs purchased from other industries, which in our baseline speci�cation are 1947

input use shares. We estimate the following regression using observations on sectors s and years t from

1880-2000 for the within-industry relationship between inputs of task k and use of technology m:

Tskt = βtkm (Ssm × It) + ηs + dt + ust (27)

where Tskt is input of task k in sector s at time t; Ssm is the share of sector s’s inputs that originate from

industries that produce technology m; It is an indicator variable for year t; ηs are sector �xed e�ects;

dt are year dummies; and ust 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 coe�cients (scaled by variable

standard deviations) for comparability across the di�erent task and technology measures.

We estimate the regression speci�cation (27) separately for a number of di�erent task measures k,

including both the numerical scores (Abstract, Routine and Manual) and our measures of individual pro-

duction tasks. For each task measure k, we consider each of the four technologies m speci�ed in (i)-(iv)

above. The inclusion of sector and time �xed e�ects implies that this speci�cation has a “di�erences-in-

di�erences” interpretation. The sector �xed e�ects control for time-invariant heterogeneity across sectors

(including the main e�ect of technology use Ssm). The time �xed e�ects control from common changes

over time in task input across all sectors. The key coe�cient of interest is βtkm, which captures the extent

to which a sector that uses a technology m intensively experiences a di�erential change in inputs of task

k over time t relative to other sectors. Since sector technology use Ssm is time invariant, the evolution

of βtkm over time re�ects di�erential changes in the premium to this time-invariant sector characteristic.
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The excluded year is 1880, so that the estimated βtkm have the interpretation of changes relative to 1880.

To connect with existing research for recent decades, we begin by estimating (27) using numerical

scores as our measures of tasks (non-routine, routine and manual) and o�ce and computing machines as

our measure of technology. While this existing research has largely focused on the post-1960 period, we

report results from 1880-2000. In Figure 8, we display the resulting estimated beta coe�cients β̂tkm and 95

percent con�dence intervals (clustered by sector) for the three numerical score measures. In line with ex-

isting research, we �nd that sectors that use o�ce and computing machines intensively experience larger

increases in inputs of non-routine tasks than other sectors in the second half of the twentieth century (top

left panel). However, consideration of our longer time period and the comparison with other technologies

yields a number of additional insights.

In particular, we �nd that industries that use o�ce and computing machines intensively experience

a smaller, but still discernible and statistically signi�cant, increase in inputs of non-routine tasks relative

to other industries in the late-nineteenth century. As noted earlier, the timing of the overall increase in

inputs of non-routine tasks from 1880 onwards (Figures 1-3 and A1) aligns closely with the period of rapid

di�usion of a cluster of information technologies centered on the typewriter and telephone (Figure A2). In

Figure 8, we �nd that this increase in inputs of non-routine tasks from 1880 onwards is larger in industries

that make intensive use of o�ce and computing machines, tightening the connection with the di�usion

of these information technologies. As shown in the web appendix, this di�erential trend in inputs of non-

routine tasks in these industries is not present in the earlier 1860-1880 period (Figure A7). Together these

�ndings provide empirical support for a historical literature that has argued that this earlier revolution

in information technology played a central role in facilitating the development of systematic methods of

management, managerial hierarchies and large corporations (e.g. Chandler 1977).
39

These estimated changes in task inputs in response to improvements in information and commu-

nication technology include both the direct e�ects of these innovations (e.g. typewriters substitute for

handwriting) and their indirect e�ects in facilitating a broader change in the organization of production

(e.g. typewriters improve the recording and processing of information, which permits larger scale more

capital-intensive modes of production). As shown in bottom left panel of Figure 8, we �nd that industries

that make intensive use of o�ce and computing machines experience a larger decline in inputs of manual

tasks than other industries from the late-nineteenth century onwards. In contrast, as shown in the top

39

Particular emphasis is placed on information and communication technologies in Yates (1989), including the upward �ow of

reports to inform executive decisions, the downward �ow of orders to implement those decisions, and the lateral �ow of infor-

mation between the di�erent divisions of the modern industrial corporation. These improvements in information and communi-

cation in turn facilitated the development of systematic methods of scienti�c management towards the end of the nineteenth and

beginning of the twentieth centuries, including cost accounting, job cards, time clocks, inventory control, centralized purchasing

and incentives wages, as argued in Nelson (1980, 1995).
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right panel, the coe�cient on inputs of routine tasks is relatively �at throughout the sample period as a

whole, rising gradually until 1960, and then declining thereafter.

In Figure 9, we examine whether it is only o�ce and computing technology that matters or whether

other technologies also could have been important for task inputs. We display the estimated beta coe�-

cients βtkm from estimating (27) for all three numerical score measures and all four technology measures.

As apparent from the �gure, some of the largest estimated e�ects are for o�ce and computing machinery.

For non-routine tasks in the top left panel, we �nd positive estimated e�ects for o�ce and computing

machinery and electrical machinery, and negative estimated e�ects for transport machinery. This pattern

of results suggests that o�ce and computing machinery and electrical machinery are complementary to

non-routine tasks, whereas transport machinery substitutes for non-routine tasks. For routine tasks in

the top-right panel, we �nd the largest negative e�ects from electrical machinery and transport machin-

ery (and the aggregate category of all machinery), consistent with the idea that these types of machinery

substitute for routine tasks (as does o�ce and computing machinery from 1960 onwards). In contrast, for

manual tasks in the bottom left panel, we �nd large negative e�ects for o�ce and computing machinery

and positive e�ects for electrical and transport machinery. These results imply that o�ce and computing

machinery substitutes for manual tasks, whereas these two other categories of machinery are complemen-

tary towards manual tasks. We �nd the largest e�ects of transport equipment during the early twentieth

century (with the dissemination of the automobile and early highway construction) and after 1960 (with

the construction of the Interstate Highway System, as discussed in Lewis 1997 and Fernald 1999).

To provide �ner resolution evidence on the impact of new technologies on task inputs, we re-estimate

our regression speci�cation (27) using our new methodology for measuring individual tasks, where verbs

are our measure of task input Tskt. Industry verb intensity is measured as the employment-share weighted

average of the verb intensity of occupations within that industry. In the left panel of Table 3, we report the

top twenty verbs with the greatest increases in task input from 1880-2000 in industries that use o�ce and

computing machines intensively (the top twenty values of β2000km for verb k and o�ce and computing

technology m). In the right panel, we present the bottom twenty verbs with the greatest decreases in

task input from 1880-2000. Although any one measure of production tasks is inevitably imperfect, we

�nd an intuitive pattern. The verbs with the �ve greatest increases in task input in industries that use

computers intensively are program, direct, test, use and engineer, which accord closely with priors about

tasks for which computers are complementary. The verbs with the �ve greatest decreases in task input

in computer-intensive industries are truck, serve, clean, pump and cook, which correspond to tasks less

obviously connected to computer use. This pattern of results suggests that our �ndings using numerical

scores above are indeed capturing individual production tasks that are closely related to computer use.
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7 Tasks and Cities

While most existing research on tasks and the labor market considers the economy as a whole, we now

show that the changes in task inputs established above di�er systematically between urban and rural

areas. In particular, we �nd a reversal in the types of tasks most concentrated in urban areas between

1880 and 2000. We show that this transformation in the nature of agglomeration helps to account for the

larger changes in wage inequality observed in urban areas relative to rural areas over time. We show that

these �ndings cannot be fully explained by the canonical model of the labor market in terms of skilled and

unskilled labor, but instead remain even after controlling for worker observables. These results provide

further evidence that the changes in wage inequality established above are indeed driven by changes in

task premia, by exploiting a di�erent source of variation between urban and rural areas.

7.1 Evidence from Aggregate Task Inputs

In the extension of the model to incorporate multiple locations, urban and rural areas can di�er in em-

ployment shares in each sector and occupation, because of di�erences in the productivity of workers in

performing tasks within each sector and occupation. We begin by providing evidence on the change in

task inputs in urban areas relative to rural areas using the three numerical scores (non-routine, routine

and manual). Figure 10 is analogous to Figure 1, but shows the employment-share-weighted average of

the task measures for metro and non-metro areas separately (and uses the three AKK aggregations instead

of the �ve ALM measures). As shown in the top left panel, we �nd a substantially larger increase in in-

puts of non-routine tasks over time in metro areas than in non-metro areas.
40

Whereas, in 1880, metro

areas performed less non-routine tasks than non-metro areas, by 2000, this pattern is reversed and they

undertook more non-routine tasks than non-metro areas. This di�erential increase between metro and

non-metro areas in Figure 10 is 0.074, which corresponds to more than two thirds of the increase for non-

metro areas of 0.100 and just under half of the increase for metro areas of 0.174. Therefore the urban-rural

di�erence is large relative to the overall increase in non-routine inputs for the economy as a whole, which

has been the subject of much research for the post-1960 period. We �nd that this urban-rural di�erence

extends back to 1880 and is not only economically large but also statistically signi�cant. Taking the di�er-

ence in occupation employment shares between metro and non-metro areas, and regressing this di�erence

from 1880-2000 on the three occupation numerical scores, we �nd positive and negative coe�cients for

non-routine and routine respectively, which are signi�cant at the 5 percent level.
41

40

Recomputing the results in Figure 10 using the �ve ALM measures, we �nd an increasing concentration of non-routine inputs

in metro areas for both non-routine analytic and non-routine interactive inputs.

41

In Section A9.1 of the web appendix, we provide further evidence of this transformation in the nature of agglomeration, by

using a di�erent source of variation across metro areas of di�erent population densities. Consistent with our results for metro

versus non-metro areas, we �nd that employment in non-routine tasks has become increasingly concentrated in more densely-
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As shown in the top right panel, inputs of routine tasks are relatively �at in both metro and non-

metro areas over the sample period as a whole. However, whereas metro areas performed substantially

more routine tasks than non-metro areas in 1880, this pattern is reversed by the end of the sample period

and they undertook slightly less routine tasks than non-metro areas. Again the urban-rural di�erence is

large relative to the overall change in task inputs for each group of locations. Both metro and non-metro

areas experience substantial declines in inputs of routine tasks from 1980 onwards. Finally, as shown in

the bottom left panel, the decline in inputs of manual tasks from 1880-2000 is larger in metro areas than

in non-metro areas. In the �rst 20 years of the sample period, both sets of locations experience declining

inputs of manual tasks at about the same rate, whereas from 1920 onwards, inputs of non-manual tasks

continue to decline rapidly in metro areas, but decline less rapidly in non-metro areas.

While the model assumes that workers are ex ante identical, they di�er in their observed character-

istics in the data. To demonstrate the robustness of these �ndings to controlling for observed worker

characteristics, we use our individual-level Census data on education (available from 1940 onwards) to

estimate a linear probability model for the probability that individual i is located in a metro area in year t:

IMit = Xitιt + To(i)tςt + ηs(i) + χit, (28)

where IMit is an indicator variable that is equal to one if individual i is in a metro area; Xit are observable

worker characteristics (education, gender, age and ethnicity); ιt are coe�cients that we allow to di�er

across years to re�ect changes in the premia to these observed characteristics; To(i)t are the numerical

score measures of the tasks undertaken by worker i within her occupation o(i) at time t; ςt are task

premia that we again allow to change over time; ηs(i) is a �xed e�ect for worker i’s sector s(i); and χit

is a stochastic error. Although we focus on a linear probability model to facilitate the inclusion of sector

�xed e�ects, we �nd a similar pattern of results using a Probit speci�cation.

In Table A1 of the web appendix, we report the results of estimating (28) for each twenty-year period

from 1940 onwards with di�erent sets of controls (Xit). We begin by examining whether the changes

in task inputs in Figure 10 simply re�ect an increasing concentration of skilled workers in cities, as sug-

gested in the literature on human capital externalities, including Berry and Glaeser (2005), Moretti (2004)

and Davis and Dingel (2013). A closely-related hypothesis is that these �ndings capture a change in de-

mographic composition , including for example an increased concentration of young “power couples” in

cities, as suggested in Costa and Kahn (2000). Therefore Column (1) of Table A1 estimates (28) including

our controls for observable worker characteristics (education, gender, age and ethnicity) and the three task

measures (non-routine, routine and manual). We �nd an increase in the estimated non-routine coe�cient

populated metro areas over time: there is little relationship between inputs of these tasks and population density in 1880 but a

strong, positive and statistically signi�cant relationship in 2000 (see Figure A9).
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and a decline in the estimated routine coe�cient over time, which implies that the observed changes in

task inputs cannot be fully explained by changes in educational attainment or demographic composition.

We next examine whether the changes in task inputs in Figure 10 are purely attributable to a change

in industry composition, with manufacturing moving out of urban areas towards lower-density locations,

as argued in Desmet and Rossi-Hansberg (2009). Column (2) of Table A1 augments the speci�cation from

Column (1) with a full set of industry �xed e�ects. We continue to �nd an increased concentration of

non-routine tasks in metro areas and a reduced concentration of routine tasks in metro areas over time,

con�rming that our �ndings are not driven by a change in industry composition. Finally, we consider the

extent to which the changes in task inputs in Figure 10 can be explained purely by a shift from sectoral

to functional specialization, with headquarters increasingly concentrated in urban areas and production

plants dispersing to rural areas, as suggested in Duranton and Puga (2005), Rossi-Hansberg, Sarte, and

Owens III (2009) and Ota and Fujita (1993). Column (3) of Table A1 further augments the speci�cation

from Column (2) with an indicator variable for occupations typically undertaken in headquarters.
42

Even

in this speci�cation including the full set of controls, we continue to �nd a similar pattern of results.

Whereas non-routine tasks were statistically signi�cantly less likely to be performed in metro areas in

1940, they were statistically signi�cantly more likely to be undertaken in metro areas in 2000, con�rming

that we �nd 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.

7.2 Evidence from Individual Production Tasks

We next provide �ner resolution evidence on the change in task inputs in urban areas relative to rural

areas, using our new methodology for measuring individual tasks, as introduced in Section 4 above. 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

occupation. In particular, for each verb v and year t from 1880-2000, we estimate the following regression

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

MetroShareost = αvtVerbFreqvo + ηvst + εost, (29)

where MetroShareost is the share of employment within occupation o and sector s that is located in metro

areas in year t; VerbFreqvo is de�ned above in equation (22) for verb v and occupation o; ηvst are sector

�xed e�ects for verb v and year t; and εost is a stochastic error.

The coe�cient of interest αvt captures a conditional correlation: the correlation between occupations’

shares of employment in metro areas and their frequency of use of verb v. The sector �xed e�ects for each

42

See Section A5 of the web appendix for the list of occupations typically undertaken in headquarters.
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verb v and year t (ηvst) control for di�erences across sectors in the frequency of verb use and for di�erences

across sectors and over time in the concentration of employment in metro areas. Since VerbFreqvo is time

invariant, a rise in αvt over time implies that employment in occupations using that verb is increasingly

concentrating in metro areas within sectors over time.

In Panel A of Table 5, we report the top ten verbs with the highest standardized coe�cient αvt (the

estimated coe�cient scaled by the standard deviation of VerbFreqvo) for each year.
43

In 1880, the verbs with

the highest metro employment shares typically involve physical tasks such as “Ravel,” “Sew,” “Stretch” and

“Thread.” In contrast, by 1920, the top ten verbs include an increased number of clerical tasks, such as “Bill,”

“File,” “Document,” and “Record.” By 1980 and 2000, there is a further change in the verbs most concentrated

in metro areas towards analytical and interactive tasks, such as “Analyze,” “Advise,” “Confer” and “Report.”

These results for individual production tasks con�rm that our �ndings above using numerical scores are

indeed capturing a transformation in the individual production tasks most concentrated in urban areas.
44

While the typical urbanite in 1880 was likely to be employed 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. These

�ndings highlight a transformation in the nature of agglomeration at the task level. In Panel B of Table

5, we report for comparison the bottom ten verbs with the lowest standardized coe�cient αvt. While

we also �nd evidence of changes in the tasks least concentrated in metro areas (e.g. “Tread” appears from

1880-1960 and “Turn” appears from 1960-2000), these changes are typically smaller than for the tasks most

concentrated in urban areas.

To quantify the shared characteristics of the tasks most concentrated in urban areas over time, we

regress the share of employment that is located in metro areas within a sector and occupation on the

frequency with which an occupation uses verbs from each thesaurus subdivision. In particular, for each

thesaurus subdivision k and year t from 1880-2000, we estimate the following regression using observa-

tions across occupations o and sectors s for a given thesaurus subdivision and year:

MetroShareost = βktThesFreqko + ηkst + εost, (30)

where MetroShareost is the share of employment in metro areas in occupation o, sector s and year t;

ThesFreqko is de�ned above in equation (24) for thesaurus subdivision k and occupation o; ηkst are sector

�xed e�ects for each thesaurus subdivision k and year t; and εost is a stochastic error.

The coe�cient of interest βkt again captures a conditional correlation: the correlation between occu-

43

We �nd a similar pattern of results just using the estimated coe�cients instead of the estimated coe�cients scaled by the

standard deviation of VerbFreqvo.

44

In Section A8.2 of the web appendix, we show that we �nd a similar pattern of results using 1939 instead of 1991 occupational

descriptions (see Table A2).
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pations’ shares of employment in metro areas and their frequency of use of verbs in thesaurus subdivision

k. The sector �xed e�ects for each thesaurus subdivision k and year t (ηkst) control for di�erences across

sectors in the frequency of use of thesaurus subdivisions and di�erences across sectors and over time in

the concentration of employment in metro areas. Since ThesFreqko is time invariant, a rise in βkt over

time implies that employment in occupations using that subdivision of the thesaurus is increasingly con-

centrating in metro areas within sectors over time.

In Table 6, we report the estimation results for the thirty-nine Sections of the thesaurus. We calculate

the standardized coe�cient for each Section of the thesaurus (the estimated coe�cient βkt scaled by the

variable’s standard deviation) and report the ranking of these standardized coe�cients in 1880 and 2000 as

well the di�erence in rankings between these two years (1880 minus 2000).
45

Since the thesaurus Section

with the highest standardized coe�cient is assigned a rank of one, positive di�erences in rankings cor-

respond to thesaurus categories that are becoming more concentrated in metro areas within sectors over

time, whereas negative di�erences in rankings correspond to those that are becoming less concentrated

in metro areas within sectors over time.

As shown in the table, we �nd a sharp change the relative ranking of thesaurus Sections involving

the external world (Classes 1-3) and those involving the internal world of human beings (Classes 4-6). In

1880, four of the top �ve thesaurus sections most concentrated in metro areas involved the external world:

Abstract Relations: Quantity (1.3), Space in General (2.1), Inorganic Matter (3.2) and Organic Matter (3.3).

In contrast, in 2000, all of the top �ve thesaurus sections most concentrated in metro areas involved the

internal world: Materials for Reasoning (4.1.3), Means of Communicating Ideas (4.2.3), Volition in General

(5.1.1), Voluntary Action (5.1.3) and Possessive Relations (5.2.4). Therefore the transformation in the nature

of agglomeration is away from tasks involving the manipulation of the physical world (space and matter)

and towards analytical and interactive tasks (abstract thought and the communication of ideas). Consistent

with a reversal in the types of tasks most concentrated in urban areas over time, we �nd a negative and

statistically signi�cant correlation between the concentration of thesaurus sections in metro areas in 1880

and 2000 (-0.50).

As with the results using numerical scores above, our �ndings for verbs and thesaurus sections are

robust to estimating a linear probability model and including controls for observable worker characteristics

(available from 1940 onwards), sector �xed e�ects and an indicator variable for headquarters occupations.

Therefore our �ndings of a transformation in the most agglomerated tasks over time cannot be simply

explained within the canonical model of the labor market in terms of the distinction between skilled and

unskilled labor or by other observed worker characteristics.

45

Again we �nd a similar pattern of results using just the estimated coe�cient instead of the estimated coe�cient scaled by

the standard deviation of ThesFreqko.
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7.3 Tasks and Wage Inequality

We now provide further evidence to tighten the connection between wage inequality and changes in task

premia using variation between urban and rural areas. We �rst show that there is a greater change in

wage inequality in urban areas than in rural areas in the second half of our sample period. We next show

that this greater change in urban wage inequality can be largely explained by changes in task premia.

In Figure 11, we display the cumulative distribution of employment shares across percentiles of the

occupation wage distribution in metro and non-metro areas separately. For 1880, we have a single measure

of wages for each occupation, which we use for both metro and non-metro areas. For 1940 and 2000,

we compute separate measures of average occupation wages for metro and non-metro areas using our

individual-level Census micro data. As shown in the left panel, we �nd that the change in the distribution

of employment across percentiles of the wage distribution is of approximately the same magnitude in

metro and non-metro areas from 1880-2000. In contrast, we �nd much larger changes in the distribution

of employment across percentiles of the wage distribution in metro areas than in non-metro areas from

1940-2000. Therefore, comparing Figures 4 and 11, most of the increase in overall wage inequality and

the polarization of the overall wage distribution towards higher wages from 1940-2000 is driven by the

change in the distribution of wages in metro areas.

To examine whether these patterns can be explained within the canonical model of the labor market in

terms of skilled and unskilled workers, we again estimate the Mincer regression (25) using our individual

Census data on wages from 1940 onwards, and construct a measure of residual wage inequality after

controlling for worker observables (including education). In Figure A8 of the web appendix, we show that

we �nd the same pattern of results for 1940-2000 as in Figure 11 if we use the average residual wage for

each occupation instead of the average wage. Therefore we continue to �nd that most of the increase in

overall wage inequality and the polarization of the overall wage distribution towards higher wages for the

second half of our sample period is driven by the change in the distribution of wages in metro areas, even

after controlling for observed skills and other worker characteristics.

To examine the contribution of task premia to the observed changes in wage inequality, we again

augment the Mincer regression with measures of the production tasks undertaken within each occupation

(as in equation (26)). We �rst use these estimates to construct �tted measures of average wages for each

occupation for metro and non-metro areas separately. The top left panel of Figure 12 shows the cumulative

distribution of employment shares across percentiles of the �tted occupation wage distribution for metro

and non-metro areas in 1940 and 2000, using our thesaurus-based measures of tasks. As apparent from

the �gure, the �tted wage distributions are relatively successful in capturing the larger shift in the actual

wage distribution in metro areas than in non-metro areas from 1940-2000.
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We next use our estimates to generate counterfactual wages for each worker, in which we hold all

worker characteristics and coe�cients (education, gender, age and ethnicity) constant at their values in

2000 except for the task premia, which we set equal to their 1940 values. We compute the counterfactual

wage for each occupation as the average of the counterfactual wages across all workers with that occupa-

tion for metro and non-metro areas separately. In the top right panel of Figure 12, we show the cumulative

distribution of employment shares across percentiles of the counterfactual occupation wage distribution

for metro areas, as well as the �tted distributions for metro areas for 1940 and 2000. In the bottom left

panel of Figure 12, we show the cumulative distribution of employment shares across percentiles of the

counterfactual occupation wage distribution for non-metro areas, as well as the �tted distributions for

non-metro areas for 1940 and 2000. As apparent from the two panels, we �nd that the counterfactual dis-

tribution lies substantially closer to the 1940 �tted distribution than the 2000 �tted distribution for both

metro and non-metro areas. Therefore, after controlling for education and other observable worker char-

acteristics, we �nd that changes in task premia between 1940 and 2000 make a substantial contribution

towards explaining the di�erential changes in wage inequality between metro and non-metro areas.

8 Conclusions

New technologies complement or substitute for particular tasks in ways that can be poorly summarized

by aggregate measures of human capital or skills. We develop a new methodology for measuring these

patterns of complementarity or substitutability at the level of individual production tasks. We use a Roy

model of worker selection across sectors and occupations that require the performance of heterogeneous

tasks to determine the e�ect of new technologies on employment shares and average wages through task

e�ectiveness (task productivity) and the rate of return to human capital accumulation. We use our new

methodology to provide the �rst evidence of changes in inputs of individual tasks in the U.S. economy

over more than a century and the �rst application of a task-based approach to the labor market to the

organization of economic activity in urban versus rural areas.

We show that the rise in inputs of non-routine tasks documented in recent research for the post-1960

period extends much further back in time than previously thought to an earlier information revolution

in the late-nineteenth century, but accelerates following the dissemination of the computer in the late-

twentieth century. Similarly, the decline in inputs of manual tasks established for recent decades is the

continuation of a longer-term trend that stretches back to the late-nineteenth century. In contrast, inputs

of routine tasks are relatively constant over the 1880-2000 period as a whole, but decline sharply after

1960 following the dissemination of the computer. Using our new methodology, we reveal substantial

heterogeneity within these broad categories of tasks. We show that the individual production tasks that
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experienced the largest increases over our sample period are related to abstract thought and the formation

of ideas (with the formation of ideas increasing by almost twice the growth for non-routine tasks as a

whole). We demonstrate that the individual tasks that experienced the largest decreases over our sample

period are related to the manipulation of physical matter (with inorganic matter falling by nearly twice

the overall decline for manual tasks).

We establish that these changes in task inputs are explained by new technologies by exploiting varia-

tion over time in the arrival of new technologies and variation across industries in the extent to which they

use these new technologies. We �nd the largest e�ects for o�ce and commuting machinery, which has a

positive impact on inputs of non-routine tasks that starts in the last two decades of the nineteenth century

during the early information revolution (with the rise of telephones and typewriters), but accelerates in

the latter part of the twentieth century (following the di�usion of the computer). We show that these new

technologies have rich patterns of complementarity and substitutability with individual production tasks.

The tasks most complementary to o�ce and computing machines are again related to abstract thought

and the communication of ideas (e.g. Program, Direct, Analyze, Design, Report). The tasks for which o�ce

and computing machines substituted the most again involved the manipulation of the physical world (e.g.

Serve, Clean, Ticket, Machine, Deliver and Collect).

We demonstrate that changes in task wage premia can account for the decline in wage inequality

from 1880-1940 and the rise in wage inequality from 1940-2000, and that these e�ects remain even after

controlling for observed worker characteristics (such as education). To further strengthen the relationship

between changes in wage inequality and changes in task premia, we use variation between urban and rural

areas. We show that changes in task inputs over time are larger in urban areas than in rural areas, leading

to a transformation in the nature of agglomeration. Whereas in 1880 the tasks most concentrated in urban

areas involved the manipulation of the physical world (Thread, Stretch, Ravel, Sew), by 2000 they involved

analytical and interactive tasks (Develop, Determine, Analyze, Review). We �nd that changes in task wage

premia can account for a substantial proportion of the larger changes in wage inequality in urban areas

than in rural areas, even after controlling for observed worker characteristics such as education.

While we concentrate on providing long-term evidence for the U.S. economy and in contrasting urban

and rural areas, our framework for quantifying task complementarity and substitutability at a far higher

resolution than has hitherto been possible lends itself to a rich range of further applications.
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Figure 1: Task Input by Numerical Score over Time
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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 that equals

one in 1880. 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 is measured using IPUMS population census data for each twenty-year interval from 1880-2000.
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Figure 2: Task Input by Thesaurus Section Over time
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Note: Employment-weighted average for each year of thesaurus task k measure for occupation o (employment-weighted average

of ThesFreqko from equation (24)), expressed as an index that equals one in 1880. Each time-invariant thesaurus task measure is

converted into the percentile of its distribution across occupations. Employment in each occupation and year is measured using

IPUMS population census data for each twenty-year interval from 1880-2000.
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Figure 3: Task Input by Thesaurus Section Over time (Continued)
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Note: Employment-weighted average for each year of thesaurus task k measure for occupation o (employment-weighted average

of ThesFreqko from equation (24)), expressed as an index that equals one in 1880. Each time-invariant thesaurus task measure is

converted into the percentile of its distribution across occupations. Employment in each occupation and year is measured using

IPUMS population census data for each twenty-year interval from 1880-2000.
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Figure 4: Cumulative Distribution of Occupation Employment Across Percentiles of the Occupation Wage

Distribution (1880, 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 wage distribution

in that year. The vertical axis shows the cumulative share of the sorted occupations in total employment in that year. Occupation

employment (for all years) and average occupation wages (for 1940 and 2000) are measured using the IPUMs population census

data. Average occupation wages for 1880 are from Preston and Haines (1991), as used in Abramitzky, Boustan, and Eriksson

(2012, 2014).
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Figure 5: Cumulative Distribution of Occupation Employment Across Percentiles of the Task Distribution

(1880, 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 share of the sorted occupations in total employment in each year. Occupation employment is

measured using the IPUMs population census data for each year.
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Figure 6: Cumulative Distribution of Tasks Across Percentiles of the Occupation Wage Distribution
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Note: On the horizontal axis, occupations are sorted in each year according to their percentile of the occupation wage distri-

bution in that year. 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. Average occupation wages for 1940 and 2000 are measured using the IPUMs

population census data. Average occupation wages for 1880 are from Preston and Haines (1991), as used in Abramitzky, Boustan,

and Eriksson (2012, 2014).
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Figure 7: Actual and Counterfactual Distribution of Wages Across Occupations
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Note: On the horizontal axis, occupations are sorted in each year according to their percentile of the occupation actual, �tted or

counterfactual wage distribution. The vertical axis shows the cumulative share of the sorted occupations in total employment

in that year. Employment and average actual wages for each occupation are measured using the IPUMs population census data.

The �tted [counterfactual] wage for each occupation is the average �tted [counterfactual] wage for each worker within that

occupation. The �tted wage for each worker is from the Mincer regression (26). The counterfactual wage for each worker in 2000

equals the �tted wage in 2000, except that it uses the estimated 1940 task wage premia instead of the estimated 2000 task premia.
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Figure 8: Task Input and Industry O�ce and Computing Machinery Use
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Note: Estimated coe�cients (βtkm) and 95 percent con�dence intervals from the regression (27) of industry inputs of task k (non-

routine, routine and manual) on a time-invariant measure of industry use of o�ce and computing machinery m interacted with

dummies for year t. Observations are industries and years. 1880 is the excluded year. Standard errors are heteroskedasticity robust

and clustered on industry. 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 1880-2000.
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Figure 9: Task Input and All Technologies
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Note: Estimated coe�cients (βtkm) from the regression (27) of industry inputs of task k (non-routine, routine and manual)

on time-invariant measures of industry use of technology m (o�ce and computing machinery, electrical machinery, transport

machinery, and all machinery) interacted with dummies for year t. Observations are industries and years. 1880 is the excluded

year. Standard errors are heteroskedasticity robust and clustered on industry. 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 1880-2000.
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Figure 10: Metro and Non-metro Task Input by Numerical Score over Time
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Note: Employment-weighted average for metro and non-metro areas separately of numerical scores summarizing job require-

ments for each occupation. “Non-routine” is (non-routine analytic+non-routine interactive)/2, “routine”’ is (routine cogni-

tive+routine manual)/2, and “manual” is non-routine manual. 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. Em-

ployment for metro and non-metro areas in each occupation and year is measured using IPUMS population census data for each

twenty-year interval from 1880-2000.
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Figure 11: Cumulative Distribution of Occupation Employment Across Percentiles of the Occupation Wage

Distribution in Metro and Non-metro Areas (1880, 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 wage distribution

for metro or non-metro areas in that year. 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 (for all years) and average occupation wages

(for 1940 and 2000) for metro and non-metro areas are measured using the IPUMs population census data. Average occupation

wages for 1880 are the same in metro and non-metro areas, and are from Preston and Haines (1991), as used in Abramitzky,

Boustan, and Eriksson (2012, 2014).
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Figure 12: Actual and Counterfactual Distribution of Wages Across Occupations for 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 actual, �tted

or counterfactual wage distribution for metro and non-metro areas. The vertical axis shows the cumulative share of the sorted

occupations in total employment in that year for metro and non-metro areas. Employment and average actual wages for each

occupation are measured using the IPUMs population census data. The �tted [counterfactual] wage for each occupation is the

average of �tted [counterfactual] wage for each worker within that occupation. The �tted wage for each worker is from the

Mincer regression (26). The counterfactual wage for each worker in 2000 equals the �tted wage in 2000, except that it uses the

estimated 1940 task wage premia instead of the estimated 2000 task premia.
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Table 2: Top Five Verbs for Each Thesaurus Section

Thesaurus Section Verb 1 Verb 2 Verb 3 Verb 4 Verb 5

1 Class I. Words Expressing Abstract Relations

1.1 Section I. Existence Exist Zero Obtain Posture Continue

1.2 Section II. Relation Correspond Adapt Reprint Contrast Harmonize

1.3 Section III. Quantity Solder Cleave Blend Clamp Latch

1.4 Section IV. Order Sample Specialize Include Disperse Cluster

1.5 Section V. Number Recur Halve Schedule Invoice Compute

1.6 Section VI. Time Date Modernize Synchronize Dial Late

1.7 Section VII. Change Undergo Transform Vary Change Arrive

1.8 Section VIII. Causation Generate Sheathe Energize Fertilize Heir

2 Class II. Words Relating to Space

2.1 Section I. Space in General Pouch Reside Locate Camp Vacate

2.2 Section II. Dimensions Mesh Widen Bunk Tape Layer

2.3 Section III. Form Curl Spike Envelope Scoop Gouge

2.4 Section IV. Motion Bob Shunt Ramp Dive Export

3 Class III. Words Relating to Matter

3.1 Section I. Matter in General Weigh Float Swim Balloon Pound

3.2 Section II. Inorganic Matter Grease Irrigate Soak Liquefy Lard

3.3 Section III. Organic Matter Tint Glare Smell Chime Bleach

4 Class IV. Words Relating to the Intellectual Faculties

4.1 Division I. Formation of Ideas

4.1.1 Section I. Operations of Intellect in General Occur Discuss Weigh Loop Digest

4.1.2 Section II. Precursory Conditions and Operations Assay Examine Scrutinize Trawl Experiment

4.1.3 Section III. Materials for Reasoning Ensure Testify Attest Authenticate Insure

4.1.4 Section IV. Reasoning Processes Disprove Guess Defeat Demonstrate Mystify

4.1.5 Section V. Results Of Reasoning Conform Minimize Adjudicate Detect Unlock

4.1.6 Section VI. Extension of Thought Predict Memorize Forecast Announce Anticipate

4.1.7 Section VII. Creative Thought Visualize Guess Originate Fabricate Devise

4.2 Division II. Communication of Ideas

4.2.1 Section I. Nature of Ideas Communicated Decipher Annotate Interpret Fudge Clarify

4.2.2 Section II. Modes of Communication Disguise Fake Learn Teach Educate

4.2.3 Section III. Means of Communicating Ideas Write Describe Relate Narrate Underlay

5 Class V. Words Relating to the Voluntary Powers

5.1 Division I. Individual Volition

5.1.1 Section I. Volition in General Familiarize Incline Volunteer Deter Warn

5.1.2 Section II. Prospective Volition Rot Drug Poison Purify Misuse

5.1.3 Section III. Voluntary Action Manage Consult Fatigue Transact Confer

5.1.4 Section IV. Antagonism Contest Bombard Assist Avert Obstruct

5.1.5 Section V. Results of Voluntary Action Abort Accomplish Defeat Drown Blossom

5.2 Division II. Social Volition

5.2.1 Section I. General Intersocial Volition Restrain Liberate Ballot Delegate Curb

5.2.2 Section II. Special Intersocial Volition Petition Prohibit Permit Authorize Invite

5.2.3 Section III. Conditional Intersocial Volition Underwrite Pawn Endorse Observe Sponsor

5.2.4 Section IV. Possessive Relations A�ord Finance Liquidate Grab Clutch

6 Class VI. Emotion, Religion and Morality

6.1 Section I. A�ections in General Awaken Impress Stimulate Animate Excite

6.2 Section II. Personal A�ections Enliven Fear Reassure Beautify Decorate

6.3 Section III. Sympathetic A�ections Snarl Welcome Kiss Visit Butcher

6.4 Section IV. Moral A�ections Switch Thresh Police Tipple Disapprove

6.5 Section V. Religious A�ections Anoint Induct Translate Justify Cure

Note: Verbs most concentrated in each thesaurus section (verbs with the top �ve values of ThesMeanvk from equation (23) for

each thesaurus section, where verb 1 is the highest ranked). Verbs are �rst sorted by their number of occurrences in a thesaurus

section divided by their total number of occurrences in the Dictionary of Occupational Titles (DOTs) for 1991. If two or more

verbs have the same value of this fraction, they are next sorted by their number of occurrences in the DOTs.
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Table 3: Tasks with Top and Bottom Twenty Increases in Task Input with Computer Use 1880-2000

Ranking Verb Coe�cient Standard Error Ranking Verb Coe�cient Standard Error

1 Program 0.5319 0.0172 1830 Truck -0.0373 0.0192

2 Direct 0.2197 0.0499 1829 Serve -0.0214 0.0169

3 Test 0.1679 0.0280 1828 Clean -0.0171 0.0169

4 Use 0.1614 0.0555 1827 Pump -0.0166 0.0058

5 Engineer 0.1542 0.0094 1826 Cook -0.0143 0.0075

6 Chart 0.1471 0.0047 1825 Ticket -0.0135 0.0063

7 Plan 0.1450 0.0159 1824 Rest -0.0124 0.0051

8 Determine 0.1436 0.0162 1823 Machine -0.0108 0.1223

9 Prepare 0.1434 0.0170 1822 Deliver -0.0100 0.0103

10 Analyze 0.1352 0.0070 1821 Grind -0.0099 0.0115

11 Review 0.1242 0.0132 1820 Weld -0.0099 0.0127

12 Develop 0.1171 0.0088 1819 Drive -0.0094 0.0116

13 Work 0.1098 0.0361 1818 Set -0.0094 0.0274

14 Operate 0.1050 0.0521 1817 Wheel -0.0090 0.0076

15 Design 0.0979 0.0091 1816 Assemble -0.0090 0.0234

16 Project 0.0957 0.0135 1815 Race -0.0089 0.0046

17 Enter 0.0927 0.0057 1814 Nurse -0.0088 0.0087

18 Report 0.0875 0.0133 1813 Collect -0.0079 0.0100

19 Run 0.0864 0.0035 1812 Fuel -0.0077 0.0088

20 Process 0.0826 0.0059 1811 Help -0.0076 0.0102

Note: Table reports the tasks with the twenty highest and lowest increases in task input in industries intensive in the use of o�ce

and computing machinery. Estimated coe�cients correspond to βtkm from the regression (27) of industry inputs of task k on

a time-invariant measure of industry use of o�ce and computing machinery m interacted with dummies for year t. Each cell

corresponds to a separate regression. Observations are industries and years. Coe�cients are for 2000 and 1880 is the excluded

year. Industry task inputs are the employment-weighted average of each occupation’s task input as measured using the verbs

from the occupational descriptions in the Dictionary of Occupational Titles (DOTs) for 1991 (VerbFreqvo from equation (22)).

Employment is measured using IPUMS population census data for each twenty-year interval from 1880-2000.
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Table 4: Estimated Numerical Score Task Premia from Mincer Regression

Panel A: Numerical Score Task Measures
1940 1960 1980 2000

Non-routine 0.532∗∗∗ 0.523∗∗∗ 0.610∗∗∗ 0.700∗∗∗

(0.078) (0.082) (0.095) (0.120)

Routine 0.096 0.276∗∗ 0.178∗∗ 0.061
(0.103) (0.110) (0.089) (0.110)

Manual −0.207∗∗ 0.004 0.115 0.140
(0.087) (0.107) (0.088) (0.100)

Gender yes yes yes yes

Age yes yes yes yes

Education yes yes yes yes

Ethnicity yes yes yes yes

Observations 9,897,503 312,765 529,328 905,623

R-squared 0.356 0.377 0.271 0.231

Panel B: Thesaurus Task Measures
1940 1960 1980 2000

1. Abstract Relations 0.196∗∗∗ 0.219∗∗∗ 0.124 −0.017
(0.072) (0.056) (0.085) (0.100)

2. Space −0.011 −0.095 −0.109 −0.126
(0.081) (0.080) (0.104) (0.110)

3. Matter −0.226∗∗∗ −0.309∗∗∗ −0.329∗∗∗ −0.396∗∗∗

(0.100) (0.109) (0.082) (0.090)

4.1. Formation of Ideas 0.361∗∗∗ 0.383∗∗∗ 0.414∗∗∗ 0.550∗∗∗

(0.081) (0.070) (0.095) (0.103)

4.2. Communication of Ideas 0.179∗ 0.026 −0.049 −0.073
(0.098) (0.101) (0.097) (0.124)

5.1. Individual Volition −0.213∗∗ −0.169∗ −0.032 −0.059
(0.093) (0.097) (0.086) (0.101)

5.2. Social Volition −0.008 −0.139∗∗ −0.161∗∗ −0.099
(0.055) (0.059) (0.071) (0.910)

6. Emotion, Religion and Morality 0.037 −0.000 0.082 0.076
(0.079) (0.084) (0.077) (0.075)

Gender yes yes yes yes

Age yes yes yes yes

Education yes yes yes yes

Ethnicity yes yes yes yes

Observations 8,616,583 257,101 474,758 825,225

R-squared 0.375 0.409 0.282 0.246

Note: Table reports the estimated task premia (ζt) on percentile task scores (To(i)) from the Mincer regression (26) for workers i

in occupations o in year t, including controls for worker education, age, gender and ethnicity. Each column in each panel corre-

sponds to a separate regression for a separate year (column) and speci�cation (panel). Panel A reports results using percentiles

of the numerical score measures of tasks (non-routine, routine and manual) across occupations. Panel B reports results using

percentiles of the thesaurus task content measure (ThesFreqko from equation (24)) across occupations. Standard errors in paren-

theses are heteroscedasticity robust and clustered on occupation.
∗∗∗

denotes signi�cance at the 1 percent level;
∗∗

indicates

signi�cance at the 5 percent level; and
∗

corresponds to signi�cance at the 10 percent level.
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Table 6: Metro Area Employment Shares and Thesaurus Sections (1991 DOT)

(1) (2) (3)

Class Section Rank Rank Rank 1880

Section 1880 Section 2000 - Rank 2000

1.1 Abstract relations Existence 35 8 27

1.2 Abstract relations Relation 12 14 -2

1.3 Abstract relations Quantity 3 36 -33

1.4 Abstract relations Order 7 9 -2

1.5 Abstract relations Number 20 10 10

1.6 Abstract relations Time 15 33 -18

1.7 Abstract relations Change 34 32 2

1.8 Abstract relations Causation 38 27 11

2.1 Space Space in General 2 18 -16

2.2 Space Dimensions 33 20 13

2.3 Space Form 16 39 -23

2.4 Space Motion 27 22 5

3.1 Matter Matter in General 19 34 -15

3.2 Matter Inorganic Matter 4 38 -34

3.3 Matter Organic Matter 5 37 -32

4.1.1 Intellect Operations of the Intellect in General 1 15 -14

4.1.2 Intellect Precursory Conditions and Operations 28 7 21

4.1.3 Intellect Materials for Reasoning 32 2 30

4.1.4 Intellect Reasoning Processes 39 6 33

4.1.5 Intellect Results of Reasoning 17 21 -4

4.1.6 Intellect Extension of Thought 13 29 -16

4.1.7 Intellect Creative Thought 22 26 -4

4.2.1 Intellect Nature of Ideas Communicated 30 11 19

4.2.2 Intellect Modes of Communication 36 25 11

4.2.3. Intellect Means of Communicating Ideas 10 3 7

5.1.1 Volition Volition in General 29 4 25

5.1.2 Volition Prospective Volition 25 30 -5

5.1.3 Volition Voluntary Action 37 1 36

5.1.4 Volition Antagonism 6 23 -17

5.1.5 Volition Results of Voluntary Action 26 16 10

5.2.1 Volition General Intersocial Volition 21 17 4

5.2.2 Volition Special Intersocial Volition 23 13 10

5.2.3 Volition Conditional Intersocial Volition 9 28 -19

5.2.4 Volition Posessive Relations 31 5 26

6.1 Emotion A�ections in General 8 35 -27

6.2 Emotion Personal A�ections 14 24 -10

6.3 Emotion Sympathetic A�ections 24 19 5

6.4 Emotion Moral A�ections 18 12 6

6.5 Emotion Religious A�ections 11 31 -20

Note: Columns (1) and (2) report the ranking of thesaurus sections by correlations with metro area employment shares in 1880

and 2000 respectively, as measured by the ranking of thesaurus sections k in year t in terms of their estimated coe�cients (βkt)

in equation (30). The highest value is assigned a rank of one. Column (3) reports the change in ranking (1880 minus 2000, so that

positive numbers correspond to thesaurus sections that have become more concentrated in metro areas). Observations are sectors

and occupations in each year. Metro area employment shares measured as the share of employment within a sector-occupation

that is located in a metro area in each year. The reported coe�cients are standardized by variable standard deviations (“beta

coe�cients”). Thesaurus task content for each occupation is measured using the verbs from occupational descriptions in the

Dictionary of Occupational Titles (DOTs) for 1991 and Roget’s thesaurus (ThesFreqko from equation (24)).
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