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Abstract

While employment and earnings of low-skill workers have secularly declined in the United States
since the 1980s, low-skill service occupations—such as restaurant workers, health aides, cleaners,
guards and hairdressers—present a striking exception. Employment in service jobs expanded per-
sistently and rapidly between 1980 and 2005, with modest accompanying real wage gains. This
paper explores why wages and employment are growing in low-skill service jobs. Motivated by the
observation that workers in service occupations must collocate with demanders of their services, we
study the determinants of employment and wages in service jobs during 1980 through 2005 in 741
consistently defined commuting zones covering all of US employment. Our approach is rooted in
a model of changing task specialization in which routine clerical, decision-making and production
tasks are displaced by automation, causing low-skilled workers to reallocate labor input to rela-
tively low-skilled manual tasks that require physical and interpersonal flexibility but little formal
education.High-skilled labor performing abstract problem-solving and managerial tasks is comple-
mented by this process, leading to rising high wages. The model implies that commuting zones
that are initially more specialized in routine activities (measured by occupational structure) will see
larger increases in service occupation employment and greater polarization of earnings between high
and middle-skill workers as time advances. If goods and services are sufficiently complementary, the
model further implies that wages in service occupations will rise along with service employment.
We explore these predictions using a simple measure of specialization of routine task specializa-
tion activities based on the occupational structure of commuting zones at the start of the sample
period (1980). This index proves strikingly predictive of the changes in task and wage structure
implied by the model, in particular: reallocation of labor activity from routine tasks; employment
growth in service occupations but not in other low-skilled occupations; differential adoption of in-
formation technology; and polarization of earnings growth. In labor markets that were intensive in
routine tasks 25 years earlier, employment and wages have subsequently polarized, with growing
employment and earnings in both high-skill occupations and in low-skill service jobs.

*We thank Daron Acemoglu, Joshua Angrist, Kerwin Charles, Esther Duflo, Luis Garicano, Maarten Goos, Caroline
Hoxby, Lawrence Katz and numerous seminar participants for excellent suggestions, to Amanda Pallais and Jessica
Pan for superb research assistance, and to Jared Bernstein, Mark Doms, Ethan Lewis and Chinhui Juhn for generous
assistance with data. We are deeply indebted to Alp Simsek for invaluable assistance with the theoretical model.
Autor acknowledges support from the National Science Foundation (CAREER award SES-0239538). Dorn acknowledges
funding from the Swiss National Science Foundation.



1 INTRODUCTION

A striking feature of the secular growth of earnings inequality in the United States has been the
substantial declines in employment and earnings of less-educated workers. Between 1979 and 1995,
real wages of high school dropouts working full-time, full-year fell by more than 19 percent and those of
high school graduates fell by more than 9 percent, prior to staging a modest recovery during 1995 and
2005 (Autor, Katz and Kearney 2008). Over the same two and a half decade interval, employment rates
of prime-age white males with high school or lower education fell by approximately seven percentage,
and by twice that amount among Black males (Juhn and Potter 2006). These patterns of declining
earnings and employment of low-skilled workers are widely attributed to secular demand shifts favoring
high relative to low-skilled work.

These demand shifts are reflected in the changing occupational structure of employment. Table
1 lists the employment shares (measured in total hours of labor input) in for the years 1950 through
2005 of six major occupational groups, defined by the Census Bureau, covering all employment and
roughly ordered from most to least highly educated: managerial and professional specialty occupa-
tions; technicians, sales and administrative support occupations; precision production, craft and repair
occupations; service occupations; operators, fabricators and laborers; and farming, fishing and forestry
occupations. Workers in these occupational groups differ substantially in average human capital. In
the year 2005, high school dropouts comprised 1.4 percent of employment in professional /managerial
jobs, 4.5 percent of employment in technical, sales and administrative support jobs and 16-plus percent
of employment in the four remaining categories of production, labor, service and farm employment.

Employment growth since 1980 has been strongly biased towards highly-educated occupations (Fig-
ure la). Managerial and professional specialty occupations—the highest skilled category—experienced
consistent, rapid growth between 1980 and 2005, increasing at an average decadal rate of 11.0 percent
as a share of overall employment. Employment in the ‘middle skill’ group of technical, sales and
administrative support occupations was comparatively stagnant over this period, expanding slightly
in the 1980s and then falling to below its 1980 level over the next 15 years. Most notably, employ-
ment shares in three of the four low-skill occupations dropped sharply in each decade. Between 1980
and 2005, employment of farming, forestry and fishery workers fell at a decadal rate of 26 percent,
employment of operators, fabricators and laborers contracted at a rate of 15 percent, and precision
production, craft and repair occupations contracted at a rate of 8 percent.

Standing in contrast to these trends is the case of service occupations—jobs that involve helping



or caring for other people, such as food preparation and service, health services support, and buildings
and grounds cleaning and maintenance.! Though among the least educated and lowest paid category
of employment, the average growth rate of service occupations exceeded that of managerial and pro-
fessional occupations between 1980 and 2005, rising from 11.0 percent of employment in 1980 to 11.8
percent in 1990, to 13.7 percent in 2000 and to 14.9 percent in 2005.2 This increase is particularly
pronounced for non-college workers, those with no more than a high school education. The share
of non-college labor employed in service occupations rose from 12.8 to 20.3 percent between 1980
and 2005, while falling in all other major occupational categories. Mean real wages in service jobs
increased alongside service employment, rising approximately eight log points per decade over 1980
through 2005 (Table 2). This wage growth is about two-thirds as rapid as that of managerial and
professional occupations, and comparable to technical, sales and administrative occupations. Wages
in most other low-skilled occupations, by contrast, stagnated or fell in this twenty-five year interval.?
Thus, service occupations present a striking exception to the trend of stagnating or falling wages and
employment in low-skill occupations.

This paper studies the rise in employment and earnings in low-education service occupations. This
phenomenon, which is important in its own right, may also provide insight into the trend of ‘polarizing’
employment—that is, the disproportionate growth of relatively high and low-education jobs—observed
in industrialized countries over the past two decades, including the U.S., UK., and Germany.* The
pattern of polarizing employment growth in the U.S. is seen in Figure 2a, which plots trends in employ-
ment shares between 1980 and 2000 by percentile of the occupational skill distribution.” During the

decade of the 1980s, employment growth was strongly monotone in occupational skill, with substantial

Tt is critical to distinguish service occupations, a group of low-education occupations providing personal services and
comprising 14.9 percent of labor input in 2005 (Table 1), from the service sector, a broad category of industries ranging
from health care to communications to real estate and comprising 81 percent of non-farm employment in 2000 (source:
www.bls.gov).

2Because part-time jobs are relatively prevalent in service occupations, the share of service jobs in US employment is
even larger than their share in total labor input. For example, Hecker 2005 reports that service occupations accounted
for nearly one in five jobs in 2004 whereas our calculations based on the 2005 American Community Survey find that
service occupations contribute approximately one in seven hours of labor input.

3 An exception is farming and fishery occupations. However, wages are not likely to be measured reliably in these
occupations due to both low rates of non-self-employed work among farm proprietors and substantial underreporting
of work by low-paid, undocumented farm laborers. Earnings measures used in our analysis exclude self-employment
earnings.

*Goos and Manning coin the term ‘polarization’ in a 2003 working paper.Acemoglu (1999), Goos and Manning (2003,
2007), Autor, Katz and Kearney (2006, 2008), Spitz-Oener (2006), Dustmann, Ludsteck and Schonberg (2007), and
Smith (2008) present evidence that employment polarization has occurred during the last two decades in the UK, West
Germany and US. Black and Spitz-Oener consider implications of this phenomenon for demand for female labor. Bartel,
Ichniowski and Shaw (2007) present plant-level evidence on the impact of computerization on work organization and
productivity in the valve manufacturing industry.

’In this figure, adapted from Autor, Katz and Kearney (2006), skill is proxied by the mean educational attainment
of workers in each occupation in 1980.



relative growth of high education occupations and contraction of low education occupations. In the
1990s, however, employment growth was noticeably more pronounced at the tails of the distribution
than in the center. Employment shares grew rapidly in high-skill occupations, those above the 65th
percentile, and modestly in the low-skilled occupations, those below the 20th percentile. Employment
shares contracted elsewhere.

Though this polarization is widely acknowledged, a fact not previously recognized is that the growth
of low-skilled work—that is, the left-hand tail of the polarization trend—is substantially accounted
for by rising service employment. Figure 3 shows that in 1980, service jobs comprised 26 percent of
employment in the bottom decile of the wage distribution, 22 percent of employment in the second
decile, and 16 percent of employment in the third decile.” These numbers are substantial relative to
aggregate share of service jobs in employment in 1980, which was 11.0 percent. In the ensuing 25 years,
service employment grew by 3.1 percentage points as a share of total employment. But its growth as
a fraction of low wage employment was far larger. Service employment rose by 8.2 percentage points
in the bottom decile of the wage distribution, 5.6 percentage points in the second decile, and 5.1
percentage points in the third decile. In net, two-thirds of the growth of service employment occurred
in the lower four deciles of the distribution.®

Building on work by Autor, Levy and Murnane (2003) and Goos and Manning (2007), this paper
explores the hypothesis that the rapid, secular rise in service employment is attributable in part to
non-neutral changes in productivity among job tasks spurred by computerization. At a basic level,
this hypothesis stems from the observation that the physical and interpersonal activities performed
in service occupations—such as personal care, table-waiting, order-taking, housekeeping, janitorial
services—have proven cumbersome and expensive to computerize. The reason, explained succinctly
by Pinker (2007, p. 174), is that, “Assessing the layout of the world and guiding a body through
it are staggeringly complex engineering tasks, as we see by the absence of dishwashers that can

empty themselves or vacuum cleaners that can climb stairs.”? This observation motivates our con-

5These trends in employment growth are paralleled by wage trends (Figure 2b): wage growth was monotone in wage
percentiles during the 1980s, akin to employment growth, and roughly U-shaped in wage percentiles during the 1990s.
This pattern in which prices and quantities of skill appear to positively covary in both decades is cited by Autor, Katz
and Kearney (2006) as suggestive evidence that non-neutral demand shifts underlie the wage and employment trends
observed in both decades.

"These calculation refer to the hours-weighted distribution of wages, and thus give appropriate weight to actual labor
input by occupation. Since serivce occupations have below-average weekly hours (many service jobs are part-time),
calculations that did not adjust for labor input would find an even larger share of low-wage employment in service
occupations.

8The slight growth of service employment at high wage deciles is accounted for by the high-wage category of police
and fire-fighters.

9The quotation continues, “...But our sensorimotor systems accomplish these feats with ease, togehther with riding
bicycles, threading needles, sinking basketballs, and playing hopskotch. ‘In form, in moving, how express and admirable’



ceptual framework. A central thrust of recent technological change has been the automation of a
large set of ‘middle education’ routine cognitive and manual tasks, such as bookkeeping, clerical work
and repetitive production tasks (Autor, Levy and Murnane, 2003; ALM hereafter). These tasks are
readily computerized because they follow precise, well-understood procedures. Computerization of
routine tasks complements the ‘abstract’ creative, problem-solving, and coordination tasks performed
by highly-educated workers (e.g., professionals and managers), for whom data and analysis are inputs
into production. Paradoxically, computerization of routine tasks neither directly substitutes for nor
complements the core jobs tasks of numerous low-education occupations, in particular those that rely
heavily on physical dexterity and flexible interpersonal communications, which we call ‘manual tasks.’
Service occupations are disproportionately comprised by such manual tasks, as we document below.
We thus hypothesize that their secular growth is in part a manifestation of computerization.

To rigorously develop this idea, we analyze a simple general equilibrium model of ‘routine-task’
replacing technological change, building upon ALM and Weiss (2008).!° Technological progress in this
model takes the form of an ongoing fall in the cost of computerizing Routine tasks, which are performed
by both machinery and low-skilled labor in the production of Goods. Automation of these tasks—a
form of capital deepening—raises the productivity of high-skilled workers who perform Abstract tasks
but substitutes for the labor input of low-skilled workers who perform routine tasks. Responding to
falling wages in routine tasks, low-skilled workers may reallocate labor supply to Service occupations,
which exclusively use Manual tasks and do not experience technological progress. This labor influx
causes service output to rise.

Using the model, we study the allocation of labor between goods and services, and the inequality
of wages between high and low-skill workers, as automation drives the price of routine tasks towards
zero. A key result of the model is that the limiting behavior of employment and wage inequality
hinges critically on the elasticity of substitution between goods and services in consumption. If goods
and services are gross substitutes, ongoing technical progress ultimately drives service consumption
and service employment to zero. Wage inequality between high and low-skilled workers rises without
bounds as the wages paid to routine tasks are eroded and the productivity of abstract labor is aug-

mented. If, instead, goods and services are (at least weakly) complementary, low-skilled labor may be

said Hamlet about man.”

10%We modify and extend the model of Weiss (2008) to encompass two types of low-skilled labor activities—routine and
manual—and to permit self-selection of low-skilled workers among these tasks. These extensions highlight the dynamics
of wages and employment of low-skilled workers as they self-select between goods and services sectors in response to
ongoing technical change. The limiting cases of our model are qualitatively comparable to Weiss (2008). We thank
Matthias Weiss for his input on the model.



drawn into service occupations as goods output rises. In this case, the wages paid to manual tasks—
and hence low-skilled earnings—ultimately converge to a steady growth rate, which, depending upon
the complementarity between goods and services, equals or exceeds the growth rate of the high-skilled
wage. Thus, inequality ultimately converges to a steady-state level or collapses.'! Numerical simula-
tions of the model show that if goods and services are complements, the time path of wage inequality
may be non-monotone. Service output grows and service wages fall as low-skilled workers initially
reallocate labor from goods to services—thus, from routine to manual tasks. When labor flows to
services stabilize, low-skilled wages rise. Consequently, wage inequality between high and low-skilled
workers may initially increase then plateau or fall.

We bring these implications to the data at the level of local labor markets. Our identification
strategy exploits the fact that the output of service occupations is non-storable and non-transportable,

2 Since consumers and producers of service

and hence largely immune to trade and outsourcing.!
occupation outputs must collate, it is fruitful to study the determinants of service employment at
the detailed geographic labor market level, ideally within the local market in which service workers
and service consumers both reside. We measure levels and changes in economic variables over 1980
through 2005 within 722 consistently defined, fully inclusive Commuting Zones using data from the
Census IPUMS 5 percent samples for 1980, 1990 and 2000 and from the American Community Survey
for 2005.13

A primary implication of our conceptual model is that both service occupations and wage inequality
between ‘Abstract’ and ‘Routine’ occupations should rise in commuting zones undergoing displacement
of routine tasks. Consistent with this notion, a careful, contemporaneous study by Mazzolari and
Ragusa (2008) finds robust evidence that variation across Metropolitan Statistical Area (MSA) in the
growth of wage inequality over 1980 through 2005 is strongly correlated with contemporaneous growth
in service employment. This pattern suggests a potential link between labor demand shifts and the
growth of service employment, as posited by our model. Because cross-MSA growth variation in wage

inequality is primarily treated as exogenous by the Mazzolari-Ragusa study, it is not entirely clear—at

least within our conceptual framework—how this correlation should be interpreted.!*

"Tn this case, the low-skilled wage rises relative to the high-skilled wage and eventually surpasses it.

2Tndeed, many service activities—such as hair cutting, home-care and food service—require physical contact between
worker and customer.

13 An important input into our empirical analysis is a time-consistent definition of local labor markets based on
‘commuting zones’ (Tolbert and Sizer 1996). Commuting zones are built from clusters of counties with strong commuting
ties and are intended to approximate local US labor markets.

! Mazzolari and Ragusa also pursue instrumental variables estimates by projecting national earnings trends in high-skill
occupations onto cross-MSA differences in initial employment shares in these occupations. This approach is appropriate



To address the potential simultaneity between inequality and service employment, our identification
strategy draws on the theoretical model of changing task specialization. If the secularly falling price
of computing leads to displacement of routine labor input, the extent of routine task displacement in
local labor markets should depend on the initial concentration of these local markets in routine job
activities. Using task measures from the Dictionary of Occupational Titles paired to Census data on
occupational structure, we generate a simple index of the share of non-college labor employed in routine
task-intensive occupations (RT'I) in each commuting zone at the start of the relevant time period.
This index proves strikingly predictive of the changes in employment and wage structure predicted by
the model. In commuting zones with an initial concentration in routine-intensive occupations, we find
substantially larger growth of employment in service occupations, coupled with differential reallocation
of labor input away from routine-intensive occupations. These changes in task allocation occur both
in aggregate and within major education groups, with the greatest reductions in routine labor input
among non-college workers. The differential growth of service employment in high-RTI commuting
zones is accompanied by a distinct pattern of wage inequality: relative wages rise in both low-skilled
service occupations and highly-skilled managerial, professional, technical, sales and administrative
occupations; relative wages fall across the remaining set of low-skilled occupations, consistent with
a reduction in demand for routine-intensive activities. In summary, these results reveal a process of
employment and wage polarization within regional labor markets that parallels the polarization of
employment observed in aggregate data.

The present study contributes to a venerable literature on the determinants of service employment
in industrialized countries. Our model of rising service employment, driven by rapid productivity
growth in goods production, may be viewed as a contemporary manifestation of Baumol’s (1967) classic
thesis that unbalanced technical progress leads to the expansion of sectors that have relatively slow
productivity growth.!> Our model is not a simple restatement of Baumol’s hypothesis, however. We
demonstrate that unbalanced productivity growth is not itself sufficient to generate rising employment
in technically lagging sectors; the result depends more generally on the complementary between labor
and capital and the substitutability among final goods in consumption.

Alongside unbalanced productivity growth, the recent rise of service employment may have other

contributing causes. Influential work by Clark (1957) finds that the income elasticity of demand for

where wage growth in high-wage occupations is an externally determined phenomenon, as is posited by their conceptual
framework. This approach would not be logical in our model.

15 A foundational assumption of this argument is that the elasticity of substitution across goods is less than unity, so
that the budget share of services rises with its relative price. This implication also carries through to our model.



services is greater than unitary, implying that preferences are non-homothetic. If so, rising prosperity
will increase the share of income devoted to services, even with balanced productivity growth. A
related but distinct hypothesis is explored in papers by Manning (2004) and Mazzolari and Ragusa
(2008). These papers posit that the rise of low-wage employment in the U.S. and U.K. is driven
by rising wages of high-skilled workers, who increasingly outsource time-intensive home production
to facilitate market work. While we find both of these explanations plausible—income effects as in
Clark, substitution effects as in Manning and Mazzolari and Ragusa—we stress that our theoretical
framework does not require either income effects in consumption or substitution effects in labor supply
to generate concurrent rises in high and low-skill employment and earnings in general equilibrium.!6
We view these explanations for rising service employment as potentially complementary. While we
are unable to fully assess their distinct contributions at present, we provide some suggestive evidence
that labor supply patterns of high-skilled workers are not a strong predictor of growth of service
employment.!”

Our paper is also related to studies by Doms and Lewis (2006) and Beaudry, Doms and Lewis
(2007, BDL hereafter), who explore the determinants of computer adoption and changes in education
returns across MSA during the period of 1980 through 2000.'® These papers are motivated by a
model of endogenous technology adoption proposed by Beaudry and Green (2003) in which geographic
variation in computer adoption is driven by the relative abundance or scarcity of skilled workers, who
are complemented by computer technology. Though computer adoption is not a primary focus of our
paper, we do present results on this outcome and discuss their relationship to the BDL results.

In the next section, we outline a model of unbalanced productivity growth and derive implications
for trends in labor allocation and wage inequality. Section 3 describes the data sources and details
how we measure job tasks and, in particular, routine task-intensity. Sections 4 and 5 present empirical
tests of our hypotheses for service employment, task specialization, and wage polarization. Section 6

concludes.

16Since technical change in our model differentially raises the earnings of high-skilled workers, assuming either non-
homothetic preferences or the possibility of substitution of market for non-market work would augment the model’s
prediction of growing service employment.

"Our paper is also related to analyses by Doms and Lewis (2006) and Beaudry, Doms and Lewis (2007), who explore
the determinants of computer adoption and changes in education returns across MSA during the period of 1980 through
2000.

"8 The city-level computer adoption measure employed below was developed by Doms and Lewis (2006) and generously
provided to us by the authors. This measure is also used in Beaudry, Doms and Lewis (2007).



2 THEORETICAL FRAMEWORK

This section draws on ALM (2003) and Weiss (2008) to offer a simple theoretical model to explore the
effects of ongoing, routine task-replacing technological change on three general equilibrium outcomes:
the allocation of labor among competing low-skilled activities (in particular, routine versus manual

tasks); the scale of service employment; and the inequality of wages between high and low-skill workers.
2.0.1 ENVIRONMENT

We consider an economy with two consumption items, goods and services, j = g, s and four factors
of production. Three of these factors are labor (task) inputs: Manual, Routine and Abstract (L =
m,r,a). These labor inputs are supplied by two types of workers, i = H,U. The fourth factor of
production is computer capital. In each sector, a continuum of mass one of firms produce consumption
goods.

Production of Goods combines Routine labor, Abstract labor, and computer capital (K), measured

in efficiency units, using the following technology:
Yy =Ly [(1= ) (ar L) 4+ A (e )]V (1)

with 8, u € (0, 1). In this production function, the elasticity of substitution between Abstract labor and
the Routine task input is 1 while the elasticity of substitution between Routine labor and computer
capital is o, = 1/(1 — p) and, by assumption, is greater than 1. By implication, K is a relative
complement to Abstract labor and a relative substitute for Routine labor.'?

The second sector producing consumption good, Services, uses only Manual labor, measured in
efficiency units as Lyy,:

Yts = asLm; (2>

where a; > 0 is an efficiency parameter. We will normalize o to 1 in the rest of the paper, and so «;
may be thought of as a relative efficiency term.

There is a continuum of mass one of high-skilled workers, H, who are fully specialized in Abstract
labor. Each H worker supplies Abstract labor inelastically to the good sector.

There is a continuum of mass one of low-skilled workers, U, each of whom supplies either Manual
or Routine labor. Low-skill workers have homogeneous skill at performing manual tasks. If all U

workers were to perform manual tasks, they would supply a unit mass of Manual labor.

19Tn the Theory Appendix, we also consider the case where y < 0 and so L, and K are gross complements.



Low-skilled workers have heterogeneous skills in performing Routine tasks. Let 1 equal a worker’s
skill in routine tasks, measured in efficiency units, with density and distribution functions, f (1) and
F (n). There is a mass of one of potential Routine labor input: [ nf (n)dn = 1.Each worker of type U
supplies labor inelastically to the task offering the highest income level given her endowment, 7.

It is convenient to choose a functional form for f () to permit analytic solutions of the model.
The choice of functional form is innocuous, however, since the long run equilibrium of the model (i.e.,
as t — o0o) depends on technology and preferences, not on labor supply per se. Let n be distributed
exponentially on the interval [0, co] with f(n) =e™".

Computer capital, K, is produced and competitively supplied using the following technology:
K =Y (t)e’ /0. (3)

where Y} (t) is the amount of the final consumption good allocated to production of K, § > 0 is

% is an efficiency parameter. Productivity is rising at ¢, reflecting

a positive constant, and 0 = e
technological progress. At time 1, one unit of the consumption good Y can be used to produce one

efficiency unit of computer capital:

1=¢/0. (4)

Competition will guarantee that the real price of computer capital (measured in efficiency units) is
equal to marginal (and average) cost. So, at time ¢ = 1, p, = 1. As time advances, this price falls,

with
Yy

= e 0. (5)

Pk =

All workers/consumers have identical CES utility functions defined over consumption of Goods

and Services:

1/p
wo= (di+e) ", (6)

where p < 1. (7)

The elasticity of substitution in consumption between goods and servicesis 0. = 1/ (1 — p). Consumers
hold equal shares of all firms.

Consumers take prices and wages as given and maximize utility subject to the budget constraint
that wages equal consumption. Firms maximize profits taking the price of consumption goods and

wages as given. The CRS technology insures that equilibrium profits will be zero.



Of interest in this model is the long-run (as ¢ — oo) allocation of low-skilled labor to goods and
services, and the evolution of inequality, measured by the Manual to Abstract and Manual to Routine

wage ratios.
2.1 EQUILIBRIUM

We normalize the price of good g to 1, i.e. p, (t) = 1 for all ¢, without loss of generality. We can define

the equilibrium as follows.

Definition 1 An equilibrium in this economy is a tuple of aggregate allocations and prices
(Ys(t),Yy(t),Cs(t),Cq(t), K (t),La(t),Lim (t), Ly (t),ps (t),wq (), wm (t) ,wy () and a cutoff skill
for unskilled workers n* (t) such that

1. The representative consumer maximizes (6) subject to the budget constraint
Cg (t) + Cs (t) Ds (t) < La (t) Wa (t) + Lm (t) Wm (t) + Lr (t) Wy (t) :

2. The firms that produce services and goods maximize profits, that is

Wy, () = asps (1) (8)
A (La 07 [(1 = X) (arLy ()" + A (K (1))

Wq (t) = dLa (t) (9)
@ (La (P10 =N (rLy ()" + A (crK (1))

w, (1) = I (D) (10)
@ (La (07101 = X) (@ Ly ()" + A (ar K (1))

wy (1) = K (1) (11)

The firms that can convert output goods to capital goods (within the period) mazximize profits,
that is
wy, (t) < 0e° (with equality if K (t) > 0) (12)

The unskilled workers allocate their labor between routine and manual tasks optimally, that is

>0 (t)wy (t) if Ly, (t) = 1
W, (1) { =n* (t) w, (t) zf.Lm (t) € (0,1) (13)
<n* (t)wy (t) if Ly, (t) = 0.

10



3. Labor and goods markets clear, that is

La (t) = 1:

L, (t) = /71 e dnp=1—e" (14)
01 *

L(t) = / ey = (" + 1) e (15)

Cs(t) = Ys(t) = aslm(t)

Cy(t)+ K (t)0e™ = Y, (t). (16)
2.2 CAPITAL DEMAND

First note that there are no dynamic linkages, hence the equilibrium at each ¢ can be separately
characterized given the level of productivity fe 0.
We claim that the choice of capital in this economy solves

omax La (07 [(1 = N) (ar Ly (£)" + A (K ()] = 6™ K (8). (17)

This can be seen by combining Egs. (11) and (12) and noting that the choice of capital satisfies the
first order condition for the above concave maximization problem. Note that, by the market clearing
condition (16), the objective function for Problem (17) is equal to Cy. Therefore, the choice of capital
in equilibrium maximizes net output in the economy (which is consumed by the representative agent).
We denote the optimal value of Problem (17) F' (Lq (t), Ly (t) ,t). We have that F (L, (t), L, (t) ,t) is

strictly increasing and differentiable in L, (t) and L, (¢t) with derivatives

dF (La (t), Ly (1) , 1)

Wr = dL, (t) (18)
_ dF (Lo (1), Ly (2) 1)
Wa = dL, () (19)

where the equivalence with wages w, and w, comes from the equilibrium conditions (10) and (9) along
with the envelope theorem for Problem (17). We will not explicitly solve for F' since the exact algebraic
expression is messy. Instead we will derive its asymptotic properties (sufficient for our analysis) for

each of the cases we analyze below.

11



2.3 DEMAND FOR MANUAL LABOR

We next derive a demand and a supply curve for L,, (t) given price ps, which will characterize the

static equilibrium. The consumer optimization implies

(e T
r-(ratos) 2

Note that, given the cutoff n* (t), we have that L,, (t) and L, (¢) are given by Egs. (14) and (15),

hence they are related with

Ly () = (1—log(l—Ln (1)) (1= Ln(t)) (21)

where ¢ : [0,1] — [0, 1] is a strictly decreasing function with ¢ (0) = 1 and g (1) = 0. Plugging this in
Eq.(20) gives

(F(1,9(Ln (),0)\
ps_( L (1) > !

which gives a demand equation for L, (¢). Note that F is strictly increasing in the second variable

(22)

and g is strictly decreasing, so the demand curve is strictly decreasing. Note that the demand curve
starts from ps (Ly, = 0) = oo and goes down to ps (L, = 1) = (£ (1,0, t))l/ac (which is 0 when p < 0,

but may be positive when p > 0).

2.4 SUPPLY OF MANUAL LABOR

To derive a supply equation for L., (t), we use Egs. (8) and (18) in the equation
wm (t) = 7" () wr (£) .

to get

dF (1, Ly (t) 1)

e () = () g

Plugging in L, (t) = g (L, (t)) and also

we have

12



The supply equation will typically be increasing, but it may not be increasing everywhere. It starts
from ps (L, =0) = 0 and limits to ps (L, = 1) = oo hence the supply and demand curves always
intersect.

Putting the demand and supply equations together, we have

F (1,9 (L (£)) )7 = =L (1) log (1 — L, (1)) (24)

which characterizes the equilibrium value of Ly, (t). The following proposition which shows that an

equilibrium always exists.

Proposition 1 An equilibrium ezists. The equilibrium level of Ly, (t) is characterized as the solution
to Eq. (24). Once Ly, (t) is determined, the remaining variables are determined from the equilibrium

conditions in Definition 1.

Typically, there will be a unique intersection for supply and demand curves and we will be able to
analyze the dynamics (as technology progresses) by looking at how the intersection point moves. We
will analyze the dynamics in simulation. Next, we will analyze the limiting behavior of this economy

as t — oo.
2.5 AsYMPTOTIC EQUILIBRIUM

Assume (it is easy to verify this assumption) that L,, (t) asymptotes to a constant in the limit,
limy—oo Ly, (t) = L},. Note that the Theorem of the Maximum applied to Problem (17) implies that
the optimum level of K (t) is increasing in t. Moreover, at ¢ = oo, cost of capital would be zero and
K = oo would be optimal, hence optimal K (¢) will be arbitrarily large for sufficiently large ¢, i.e. we
have lim;_,o, K (t) = 0o. To make progress for solving Eq. (24) in the limit, we need to evaluate the

limit values for F' (1, g (L, (t)),t) and %{;;t))’t).

2.5.1 CAPITAL INPUT

Rewrite Problem (17) as

max /\B/u (Osz (t))’B [(1 — )‘) (arLr (t))u + A (akK (t))ﬂ]ﬁ/u

—0e K (t). 25
K(t)eRy \B/1 (akK(t))fB (t) (25)
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[(1=X) (ar L (£) "+ X (o K () 11/ #
A8 (g, K (1))°

another maximization problem

Note that the term

|l 1 as K (t) — oo. This suggests that we introduce

G(1,t) = max M (K (8))° — 0e K (1), (26)

and denote its solution by K (t). We claim that, in the limit, the value and the optimal solution to
this maximization problem behaves like those of the optimization problem in (25). More specifically,

we claim

CP(Lg@a )., K@)
tlggo G (1,¢) = land tlaoo K@) L (27)

To prove this statement formally, consider the first order condition for Problem (25)
BACLK ()11 = A) (ar Ly (£))" + X (i K (£))1] P11 = g0,
Similarly, consider the first order condition for Problem (26)
ﬁ)\ﬁ/“agf( ()P = ge0.

Dividing the last two displayed equations, taking the limit and noting that K (t) — oo proves our
claim in Eq. (27). Note that by straightforward algebra, G (1,t) and K (t) can be calculated as

1/(1-8)
K (t) = </\“/f8 (ag)” ej) and G (1,t) = (1 — B) N/Pal K (£)° .

Combining the last equation and Eq. (27), we have

oy L L g(Lim (1)) 1)
tmoo o K (t)°

=1, (28)

where ¢; = (1 — ) M/ B af is some constant. Eq. (28) characterizes the behavior of F' in the limit. In
words, in the limit, routine labor become less and less important in production (since p > 0) and F

behaves as a production function that doesn’t use routine labor at all.

Next, we consider %W. Since K (t) — oo, we have

dF(1,9(Lm(t)).t)
lim 4L (1)
=00 B (1 — A) afAB=W/i L ()P (g K (£)) P 1
o B =N ar L (0" (= N) (ar Ly (0)" + A (aiK (£)1]77"
-0 B (1= X) e AE=iL, ()" (o K (£)) )
= 1,
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where the first line uses the expression in (46) and the last line uses the fact that lim; o K (t) = 0.

Hence we have
dF(Lg(Lm (1))
dL,(t)

lim I =
1700 cog (Lim ()" K (1)1
where co = (1 — ) aﬁ)\(’g_“)/“agf“ is some constant and we have used L, (t) = g (L, (t)). This

characterizes the limiting behavior for %&(ﬂ)i)'

=1, (29)

2.5.2 LABOR SUPPLY ASYMPTOTICS

We now use Egs. (28) and (29) in Eq. (24) to solve for the asymptotic equilibrium level of L, (t).
We can rewrite Eq. (24) as

dF(Lg(Lin(6)).6)
dL,(t)

c2g (L ()" K (1)° 7

= —Ln (t)"7°1og (1 = Ly (1)) c2K (£)° " g (Lna (£))"* "

which, with some algebra and using Eq. (21), can be simplified to

F(Lg(Ln (1)) ]
c}/ac [ clK(t)ﬁ/(lfﬁ) }

Bloe—(B—p)
e [ dF (Lg(Lm (D),0) ]K(t)

dLr(t)
cag(Lm ()"~ K ()7 ~F

= —log (1= Ly (1)) L ()7 (1 = log (1 = Ly (1))* 71 (1 = Lin (£)* "

When we take the limit as ¢ — oo, the terms in brackets go to 1 hence

1/oc
Clc2 tlinoloK(t)ﬁ/Uc—(ﬁ—u) (30)
= lim —log (1~ Ly (t)) Lo (8)/7° (1 = log (1 = Lo (£))* " (1 = Lin (1))

Since K (t) — oo, the left hand side either goes to 0 or co depending on the sign of 5/0. — (5 — u).
The right hand side goes to 0 if L, (t) — 0, and to oo if L, (t) — 1.2° Hence, the fact that the

2Proving that the RHS limits to co as Ly, () — 1 requires some careful algebra. First, note that, as L, (t) — 1

(1—log(1— Ly ())*~*
—log(1—Lm (t))* 1

lim; oo = 1. Then, in this case the RHS limit can be rewritten as

(—log (1 = Lun (1)) L ()7 (1 = Lun (£))" "

Recall that we are analyzing the case ;> 0. Hence the first term in this expression goes to co at exponential rate. If
1 < 1, then the last term goes to co as well and the limit is co as claimed. Else if g > 1, the last term goes to 0, but it
goes to zero at a polynomial rate. Since the first term goes to co at exponential rate and the last term goes to zero at
polynomial rate, the product goes to oo as claimed. This step can more rigorously be proven using the L’Hospital Rule.
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equality above holds in the limit implies

e 1 B—
01fa<7ﬂ

o (31)
e 1 B— .
1 lf ?C > Tu

t—o00

lim L, (t) = {

In words, if share of machines in goods production is sufficiently small (8 < u) or if goods and services

are sufficiently complementary (U% > 5‘%"), then then in the limit all unskilled labor is drawn to

manual tasks. Else if 8 > p and U% < ﬁ%, that is, the share of machine in goods production is large
and goods and services are sufficiently substitutable, then routine tasks continue to be important in

the limit and all labor is drawn to routine tasks.
2.5.3 WAGE INEQUALITY ASYMPTOTICS

We calculate the limiting behavior for abstract, manual and routine wages. For manual wages, we

have

F@g@m@%wyﬁc
L (1) ’

where we have used the demand equation. Hence, using Eq. (28), we have

i () = () = (

lim W (t) =1, (32)

t—00 C}/UC (K (t)’B /Lo (t)) oe

For abstract wages, we have

dF (1,9 (Lm (t)) 1)

o (1) = =1-p6)F(1,9(Lny(t),t),
wa (1) T (1= B) F (1,9 (L (1)) )
hence using Eq. (28), we have
o (T
im W () 5 = (33)
t=o0 (1= ) 1K (t)
Now using the fact that

Wi, (t) = wy (t) 7 (L)

in equilibrium ,we also derive the limiting behavior for routine wages as
w (t) = 1. (34)

lim 1
t=oo Yoo (1)Bloe [Lm ()7 x —log (1 — Lu,)
We are also interested in relative wages. From wy, (t) = wy (t) n (L., ), we clearly have

Wi (£) 0if = < 25
:n(Lm):{ ooiff>6%“.
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Also, from Egs.(32) and (33), we have

_ B xifo.>1
im We (tt) = lim (1-B)aK(t) o= { (1-p) ifo.=1
—00 Wy, (t) —00 C}/Uc (K (t)ﬁ /L (t)) 0ifo. < 1.

Hence, we summarize our findings for wages and relative wages in this case (p > 0) as follows.
We have that wages for manual and abstract labor always go to infinity. The relative wage of manual
labor to routine labor wy, (t) /w, (t) go to infinity if U% > B’%“ and to zero otherwise (which is, not
surprisingly, the same condition which determines the limiting value of L, (¢)). Finally, relative
wages for abstract to manual labor depends on o.: If 0. < 1, then wy (¢) /wp, (t) is 0; if o, = 1, then

wq (t) Jwm, (t) is (1 — B), and if o, < 1, then wq (t) /wpy, (t) is 0. We summarize our findings in the

following proposition.

Proposition 2 When p > 0, we have Ly, (t) — 1 if a% > 6% and Ly, (t) — 0 if a% < % For the

limit wages, we have

pown () [ ooif o> 25t
t—o0 wr(t) Oif%<%.
t
lim wa () = o0
t—00 wy (t)
. Wq (t) o 0 ifO' < 1,
tll,rglo W () { 00 otherwise.

2.6 SUMMARY AND EMPIRICAL IMPLICATIONS

In summary, the ongoing substitution of computer capital for routine labor input in our model (driven
by the falling price of computer power) spurs low-skilled workers to reallocate labor input from routine
tasks in goods production to manual tasks in production of services. Employment and wages in
middle-skill clerical and routine production jobs declines. Employment in low-skill service occupations
rises. Wage inequality rises between high and middle-skill workers due to the combination the rising
productivity of abstract tasks and the falling price of routine tasks. Inequality between high and

low-skill workers may ultimately converge to a state or may expand indefinitely. Specifically:

1. When the share of routine tasks in goods production is sufficiently small (8 < p) or the elasticity
of substitution between goods and services is sufficiently small (1/0. > [(8 — i) /5]), then all
unskilled labor get allocated to manual tasks, the wages of routine labor relative to manual labor

go to 0.
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2. When the share of routine tasks in goods production is sufficiently large (8 > p) and the elasticity
of substitution between goods and services is sufficiently large (1/0. < [(8 — ) /5]), then all
unskilled labor in the limit is allocated to routine tasks. The manual wage to routine wage limits
to 0. The abstract wage to routine wage ratio in this case always limits to infinity (since we
necessarily have o. > 1). Hence, in the limit, the abstract wage is greater than routine wage

which is in turn greater than manual wage.

3. The relative wage of abstract to manual labor limits to infinity if o. > 1, to zero if 0. < 1, and

tol—fBif o, = 1.

It bears note that one element of realism missing from the model is the opportunity for workers to
invest in human capital. Clearly, rising inequality of earnings will spur workers to acquire skills, which
will in turn prevent inequality from rising without bounds.?! We deliberately omit this element from
the model to emphasize that even with skill supplies held constant, ongoing skilled—labor augmenting
technical change need not imply ongoing growth of inequality.

Can this aggregate model be applied to the analysis of employment and wages in detailed geo-
graphic areas, such as cities or commuting zones? The answer depends on whether these areas can
plausibly be treated as approximating separate markets. If yes, the model predicts that markets
with higher initial concentration in routine tasks—corresponding to higher values of 3 in local goods
production—will see greater growth of service employment and greater polarization of wages as com-
puterization progresses.?? If no, we must consider to what extent the model applies in local labor
markets that interact in a full spatial equilibrium.

There is one key factor that aids the identification of the model in the more general, spatial
equilibrium case: the output of service occupations is non-traded, and hence inter-region trade is not
expected to enforce a uniform service wage across geographic areas. In the short run, local demand
shocks should affect local service occupation wage levels. And the rate at which these regional wage
differences are arbitraged depends upon the responsiveness of labor movements to cross-region wage
variation. Much evidence suggests that mobility responses to labor demand shocks across US cities

and states are typically slow and incomplete (Blanchard and Katz, 1981 and Topel, 1986). Mobility

2'Indeed, in our data, the non-college share of hours falls from 58 to 38 percent betweeen 1980 and 2005.

22Formally, we could rewrite equation (2) at the city (or commuting zone) level with a city-specific routine task
intensity: yj, = ogR% A'"% where j denotes cities and a higher value of b; indicates greater initial routine task
intensity. If all other preference and labor supply parameters are comparable across cities (that is, uncorrelated with

b;), a uniform (common across cities) decline in the routine task price will induce greater growth in wage inequality and
service employment in high b cities.
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is particularly low for the less-educated, who comprise the majority of service occupation workers
(Bound and Holzer 2000). It is therefore plausible that local demand shocks may affect service wages
even over the medium term.

The non-tradeability of service outputs has a second useful implication: because demanders and
suppliers of service occupations must collocate, the geographic analysis can potentially identify the
local determinants of the demand for service jobs, even in the case when service wage levels are not
set locally. Consequently, we expect the ‘quantity’ implications of the theoretical framework to hold
at the local labor market level, even in full spatial equilibrium. The wage side of the analysis must be

treated as more speculative.

3 DATA SOURCES AND MEASUREMENT

3.1 DATA SOURCES

Our empirical analysis draws on the Census Integrated Public Use Micro Samples (Ruggles et al.
2004) for the years 1950, 1970, 1980, 1990, and 2000 and the American Community Survey (ACS)
for 2005.22 The Census samples for 1980, 1990 and 2000 include 5 percent of the US population,
the 1970 Census and ACS sample include 1 percent of the population, and the 1950 Census sample
includes approximately 0.2 percent of the population.?? Large sample sizes are needed for an analysis
of changes in labor market composition at the detailed geographic level.

A time-consistent definition of local labor markets is a requirement for analyzing geographic vari-
ation over time. Previous research has often used Metropolitan Statistical Areas (MSAs) as a proxy
for local labor markets (e.g., Beaudry, Doms, and Lewis 2006). MSAs are defined by the US Office
for Management and Budget for statistical purposes; they consist of a large population nucleus and
adjacent communities that have a high degree of social and economic integration with the core city.
The geographic definition of MSAs is periodically adjusted to reflect the growth of cities. Despite
efforts to improve the time-consistency of MSA definitions (e.g., Jaeger et al. 1998), the information
provided by the Census Public Use Micro Samples does not allow for a consistent measurement of
MSAs. This lack of geographic consistency is problematic for an analysis of changes in employment
composition. Of particular concern is that the employment characteristics of the suburban areas that

are added to MSAs are likely to systematically differ from the characteristics of the core cities. In

23We do not use Census data for the year 1960 because consistent geographic information is not available.

24The 1950 sample-line subsample on which we rely is only one-fifth as large as the full 1 percent public use sample.
We use the sample-line file because it contains education and occupation variables, which are key to our analysis.
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addition, MSAs do not cover the rural parts of the US.

This study pursues an alternative approach for the definition of local labor markets based on the
concept of Commuting Zones (CZs). Tolbert and Sizer (1996) used privileged access to 1990 Census
data to create 722 clusters of counties that are characterized by strong commuting ties within CZs, and
weak commuting ties across CZs. The CZs cover the entire area of the US, including both metropolitan
and rural areas. Relative to other geographic units frequently used for analysis of local labor markets
(such as Metropolitan Statistical Areas), commuting zones have two advantages: they are based
primarily on economic geography rather than incidental factors such as minimum population or state
boundaries; and they cover the entire US. In addition, it is possible to use Census Public Use Micro
Areas (PUMAS) to consistently match Census geography to commuting zones for the full period of our
analysis.?> We are not aware of prior economic research that makes use of this geographic construct.

We matched the geographic information that is available in the Census Public Use samples to the
CZs geography. The most disaggregated geographic unit reported in the Census samples is the Public
Use Micro Area (PUMA) or, in 1980, the similarly defined county group. A PUMA is a subarea
of a state that comprises a population of 100,000 to 200,000 persons but has otherwise no clearly
inherent economic interpretation. The 2000 Census splits the US into more than 2,000 PUMAs. The
Census Bureau reports how the population of a PUMA is distributed over counties. If a PUMA
overlaps with several counties, our procedure to match PUMAs to CZs assumes that all residents of
that PUMA have the same probability of living in a given county. The aggregation of counties to
CZs then allows computing probabilities that a resident of a given PUMA falls into a specific CZ. In
every Census year, a clear majority of PUMASs can be matched to a single CZ, while the residents of
the remaining PUMASs are attributed to several CZs using probability weights based on the relative
share of a PUMA’s population that falls into a given CZ. This technique allows us to calculate the
population characteristics of residents of each CZ consistently in each year of our data (1980, 1990,
2000 and 2005).

Our sample of workers consists of individuals who were between age 16 and 64 and who were
working in the year preceding the survey. Residents of institutional group quarters such as prisons
and mental institutions are dropped along with unpaid family workers. Labor supply is measured by

the product of weeks worked times usual number of hours per week. For individuals with missing

25We use the Tolbert and Sizer (1996) definition of commuting zones based on commuting patterns in the 1990 Census.
Tolbert and Killian (1987) earlier developed commuting zones using the 1980 Census. These commuting zones are largely
but not fully identical with the 1990 definitions.
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hours or weeks, labor supply weights are imputed using the mean of workers in the same education-
occupation cell, or, if the education-occupation cell is empty, the mean of workers in the same education
group. All calculations are weighted by the Census sampling weight multiplied with the labor supply
weight and the weight derived from the geographic matching process.

The computation of wages excludes self-employed workers and individuals with missing wages,
weeks or hours. Hourly wages are computed as yearly wage and salary income divided by the product
of weeks worked and usual weekly hours. Topcoded yearly wages are multiplied by a factor of 1.5
and hourly wages are set not to exceed this value divided by 50 weeks times 35 hours. Hourly wages
below the first percentile of the national hourly wage distribution are set to the value of the first
percentile. The computation of full-time full-year weekly wages is based on workers who worked for
at least 40 weeks and at least 35 hours per week. Wages are deflated using the four regional indices
of the Consumer Price Index.

The Census classification of occupations changed over time, particularly between 1990 and 2000.
We use a slightly modified version of the crosswalk developed by Meyer and Osborne (2005) to create
time-consistent occupation categories. Our changes to the crosswalk are mainly aimed at improving
the consistency of service occupations at the most detailed level, such as creating consistent subgroups
of restaurant workers. The designation of occupations as “service occupations” is based on the occu-
pational classification of the 2000 Census. We subdivide service occupations into nine groups: food
preparation and service workers; building and grounds cleaning workers and gardeners; health ser-
vice support workers (such as health and nursing aides, but excluding practical or registered nurses);
protective service workers; housekeeping, cleaning and laundry workers; personal appearance workers
(such as hairdressers and beauticians); child care workers; recreation and hospitality workers (such as
guides, baggage porters, or ushers); and other personal service workers. Protective service occupations
are further subdivided into policemen and fire fighters, and guards. Because police officers and fire-
fighters have much higher educational attainment and wage levels than all other service workers, we
exclude them from our primary definition of service occupations (though our results are not sensitive
to their inclusion). The detailed code for forming the occupational classification is available from the

authors.
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3.2 MEASURING THE ‘ROUTINE EMPLOYMENT SHARE’

Our empirical work below analyzes the degree to which commuting zones that are initially specialized
in routine task activity experience polarization of employment and wages as the price of computing
secularly declines. This analysis requires a summary index of employment in routine activities within
commuting zones. We infer this information from the occupational composition of employment. To
measure Routine Task Intensity (RT'I) in each occupation, we draw on data from ALM, who merge job
task requirements—manual, routine and abstract—from the the fourth edition of the US Department
of Labor’s Dictionary of Occupational Titles (US Department of Labor, 1977; ‘DOT’ hereafter) to
their corresponding Census occupation classifications.?® For each occupation k, we form the an index

of routine task-intensity, I:
I, =In (Rk,1980/Mk,1980> ; (35)

where R and M are, respectively, the intensity of routine and manual task input in each occupation in
1980, measured on a 0 to 10 scale.?” This measure is rising in the relative importance of routine tasks
within an occupation and falling in the relative importance of manual tasks. Since I does not have a
cardinal scale, we standardize it with a mean of zero and an employment weighted, cross-occupation
standard deviation of unity in 1980.

This simple measure appears to capture well the job categories that motivate our conceptual
framework. Table 2 shows that among the 10 most routine task-intensive occupations, 5 are clerical
and accounting occupations and several others represent repetitive physical motion activities. Among
the 10 least routine task intensive occupations, 4 are service occupations, and the remainder involve
driving motor vehicles.?® Appendix Table 2 lists the full set of Census service occupations and their
rankings. Of these 30, 17 fall in the bottom quantile of I scores and 23 of fall below the median. Thus,
in the cross-section, this index appears to perform well.

To apply this index to commuting zones requires, we must aggregate the occupation level data

20Following Autor, Katz and Kearney (2006), we collapse ALM’s original five task measures to three task aggregates:
the manual task index corresponds to the DOT variable measuring an occupation’s demand for “eye-hand-foot coor-
dination”; the routine task measure is a simple average of two DOT variables, “set limits, tolerances and standards,”
measuring an occupation’s demand for routine cognitive tasks, and “finger dexterity,” measuring an occupation’s use of
routine motor tasks; the abstract task measure is the average of two DOT variables: “direction control and planning,”
measuring managerial and interactive tasks, and “GED Math,” measuring mathematical and formal reasoning require-
ments.Further details on these variables are found in Appendix Table 1 of ALM. The ALM measures are also employed
by Goos and Manning (2007) and Peri and Sparber (2007) among others.

*"For the 5 percent of microdata observations with the lowest manual task score (which is zero for most of these
observations), we use the manual score of the 5th percentile.

28 Motor vehicle operation closely fits our definition of manual tasks, requiring little formal education but considerable
ability to respond flexibly to a changing environment. Such occupations are classified as transportation and material
moving rather than service.
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to the geographic level. For transparency, we use a simple binary approach in which occupations
are classified as routine task-intensive (ROCC} = 1) if they fall in the top-third of the employment-
weighted distribution of the RT'I in 1980:
k K
occ, = 1 i 20 Liagso < 5> Litoso (36)

=1 . =1
otherwise

In this expression, L is equal to hours of labor supply in an occupation in 1980 and K is the count
of occupations. We then assign each commuting zone, j, an aggregate routine-share measure (RT'T)

equal to the fraction of employment that falls in routine task-intensive occupations in a given year:

k
> Ljrt x ROCCy,
RTI; ==

I (37)
> Lijke
1=1

By construction, the mean of this measure is 0.33 in 1980.2

We perform two summary analyses to assess whether the aggregate trends in task input match the
basic assumptions of the model. Table 3 provides means and standard deviations of the three DOT task
variables—routine, manual, abstract—for years 1980 through 2005. Here, each variable is standardized
with mean zero and cross-occupation standard-deviation of one in 1980. Consistent with expectations,
abstract tasks show a secular rise over 1980 through 2005 and routine tasks show a secular decline. The
magnitudes of these changes is large. The mean abstract task score in 2005 lies 1.4 standard deviations
above its 1980 mean, while the mean routine task score falls 2.6 standard deviations below its 1980
mean. Manual tasks also display a distinctive time pattern. The mean manual task score falls by 0.3
standard deviations between 1980 and 1990, then rises over the subsequent 15 years. By 2005, manual
task input slightly exceeds its 1980 level. It bears emphasis that the over-time variation in these
measures is driven exclusively by shifts in occupational composition (since DOT characteristics for
each occupation, based on the 1977 DOT file, are static). If, plausibly, within-occupation changes in
task content trend in the same direction as between-occupation changes, our measures will understate
the extent of task change."

As a geographic level analogue to these occupational-level measures, Appendix Table 3 summarizes

commuting zone level trends in the RTI measure. The overall RTI measure falls in each period

29We have experimented with alternative RTT measures, including counting the share of employment in the top 20
percent of routine occupations (rather than the top third) or simply taking the mean routine-intensitu score in each
commuting zone. All of these measures perform similarly in our analysis.

30Gimilar results are reported by ALM, though their occupation-level data only extend to 1998.
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between 1980 and 2005, with the most rapid decline between 2000 and 2005. Disaggregating the RT'I
measure by education group reveals that employment in routine task-intensive occupations is always
highest among workers with a high school degree or some college education (‘middle educated’ workers
in our model), and lower for college graduates and, particularly, high school dropouts. Notably, he
aggregate decline in RT'I over 1980 through 2005 occurs for all four education groups, with the largest
declines for the education groups initially most specialized in routine occupations. Taken together,
these patterns suggest that the RT'I may serve as a reasonable proxy for the task constructs posited

by the model.
4 PREDICTING THE GROWTH OF SERVICE EMPLOYMENT

A primary implication of our conceptual model is that commuting zones that are initially specialized
in routine task activity will experience differential growth of service employment as routine tasks are
supplanted by computerization. The scatter plot in Figure 4 of the bivariate relationship between
commuting zone RT'I in 1980 and the change in the share of non-college labor input in service occu-
pations over the subsequent 25 years provides strong initial support for this prediction. Each plotted
point in this figure represents one of 722 commuting zones, while the regression line corresponds to the
following weighted OLS regression of the change in the service employment share on the initial RT',

where weights are equal to commuting zone shares of national population (ages 16 to 64) in 1980:

ASVCj71930_2005 = —-0.033 + 0.323><RTIJ'71980 + et

(t=17.8) R?2=0.30 (38)

The explanatory power of this bivariate relationship is substantial. The coefficient of 0.323 on the
RTI measure implies that a commuting zone with the mean RT'I in 1980 is predicted to increase its
share of non-college labor in service employment by 7.4 percentage points between 1980 and 2005.3!
Given an 80th/20th percentile range of the RT'I of approximately 0.10, the model predicts that the
75th percentile commuting zone increased its non-college service share by 3.2 percentage points more
than the 25th percentile commuting zone.

Table 4 explores the simple bivariate relationship between the routine employment share and

growth of service employment over 6 decades (1950 to 2005) using specifications of the following form:

ASVC]'ST = o + B X RTIjSt + Vs + €jsr- (39)

STASVC = —0.033 + 0.323 x 0.333 = 0.074
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In this equation, 7 represents a decadal change, ¢t denotes the start year of the corresponding decade
7, and s denotes the state in which the commuting zone is located.?> The inclusion of a vector of
state dummies, v, means that the coefficient of interest, (3, is identified by within-state cross-CZ
variation.®® A striking pattern that emerges from this table is that the strong, positive predictive
relationship between the routine employment share and growth of service employment is not detected
prior to the decade of the 1980s, and actually has the opposite sign in the 1950 to 1970 period.?*
Beginning in 1980, this relationship becomes positive and significant, and its magnitude rises in each

subsequent time interval.
4.1 CONTROLLING FOR SKILL SUPPLY, LABOR MARKET CONDITIONS, AND DEMOGRAPHICS

We next explore a host of explanatory factors that may potentially geographic variation in the growth
of service employment using an augmented version of equation (39). In particular, we estimate stacked

first-difference models of the form
ASVCjsr = a+ 1 x RT g + By x RT L x I[t > 1980] + B3AXjsr + 07 + 75 + €jsrs (40)

where the sample includes each decadal change from Table 4 over the period 1950 to 2005, and we
include a full set of time period effects, state effects, and measures of contemporaneous changes in a
number of relevant human capital, labor market, and demographic variables.

The first column of the table pools all five and one-half decades of data to estimate the RT'I-service
employment slope over the full period. Consistent with the results in Table 4, the strong, positive
relationship between routine employment share and growth of service employment is non-existent prior
to the 1980s. Column 2 shows that this finding is not sensitive to the inclusion of the state dummy
variables, which function as state-specific trends in the first-differenced specification.

Subsequent columns of Table 5 sequentially control for a number of key factors that may contribute
to growth of service employment within CZ’s. Column 3 adds two variables intended to capture shifts
in the demand and supply of services: the change in the college-educated share of the population and

the change in the share of the population that is non-college immigrants. These controls enter with

32The dependent variaable for 2000 to 2005 is multiplied by two to place it on the same decadal time scale.

3If a commuting zone contains adjacent counties that cross state boundaries, we implicitly redefine state boundaries
so that the commuting zone is located in the state contributing a larger share of its population.

34 One specutlative explanation for the negative relationship between the RTT and the grwoth of service employment is
based on the observation that US farm employment contracted rapidly in these two decades, falling from 11 to 3 percent
of employment. Logically, farm-intensive commuting zones had low levels of the RTI in 1950. The movement of labor
from farming into services in these CZs may potentially explain the negative relationship between the RTI and growth
of service employment in this period.
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the expected sign: a rise in the highly-educated population or an increase in immigrant penetration
predicts growth in service employment among non-college workers (Cortes, 2006).

Column 4 adds two measures that measure local labor market conditions: the change in the change
in the local unemployment rate the change in the share of non-college employment in manufacturing.
The service employment share rises significantly with the unemployment rate and also increases when
manufacturing employment falls. that service employment is less cyclical than non-service employment
and suggesting that workers may choose service occupations when higher paying work is unavailable.

Column 5 considers two additional two variables that may shift demand for service work: the
employment to population rate of females and the population share of seniors (age 65+). If services
substitute for household production, a rise in female labor supply may increase service demand (as
well as potentially increase labor supply to service occupations). Contrary to expectations, increased
female employment is associated with a lower growth of service employment.?> A growing share of
senior citizens in the population—who may have relatively high demand for services—is predictive of
growth in service employment.

Notably, inclusion of these explanatory variables leaves the significant, positive relationship be-
tween the routine employment share and growth of service employment largely unaffected. When all
explanatory variables are simultaneously included (column 6), the point estimate on the RTI falls
by about 45 percent, but the precision of the point estimate rises. It also bears note that the Table
5 specifications likely ‘over-control’ for alternative causal factors, since many of these explanatory
variables—immigration, unemployment, and falling manufacturing employment—may stem (in part)
from a common cause: labor demand shifts against routine-intensive occupations. Indeed, if the Table
5 models are re-estimated using as controls start-of-period levels of the six additional explanatory
variables (rather than contemporaneous changes), the size and significance of the RTI measure in
predicting growth of service employment is only slightly affected by their inclusion.?® In net, initial
employment concentration in routine-intensive occupations is a far stronger predictor of growth in
service employment than any other human capital, labor market, or demographic variable that we

have explored.3”

35But this relationship flips sign when we condition on other explanatory variables, particularly the unemployment
rate (see column 6).

36We nevertheless report the contemporaneous change specification in Table 5 and elsewhere to demonstrate robustness.

37This result is particularly noteworthy given the strong correlations between the RTT and many of the explanatory
variables. In a multivariate cross-sectional regression for 1980, the RT'I is rising in the college share of the population, the
immigrant share of non-college employment, the female employment to population ratio, and (weakly) the manufacturing
employment share and CZ unemployment rate. It is falling in the elderly share of population. Full results are available
from the authors.
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4.2 WHICH SERVICE OCCUPATIONS AND WHICH WORKERS?

We now explore whether the robust, geographic link between routine task-intensity and growth of
service employment is pervasive among service employment categories and among demographic sub-
groups of non-college workers. Estimates of equation (40) fit separately for each major service occupa-
tion group (Table 6) reveal that the aggregate relationship between the routine employment share and
subsequent growth of service employment is driven by a broad set of service occupations, including
food service, personal appearance, childcare, recreation, and building cleaning and gardening.?® In
fact, point estimates are positive for all nine service occupation categories for 1980-2005 period, and
are statistically significant in five of them. Notably, while healthcare support occupations are the
second largest contributor to service employment growth over 1980 to 2005 (after food service), their
growth is not strongly predicted by routine task-intensity. Plausibly, rising demand for healthcare
support services derives from other sources, particularly the aging of the US population.

Complementing these results for occupations, Table 7 estimates equation (40) for four demographic
sub-groups of non-college workers. Consistent with expectations, the relationship between the RT'I
and rising service employment is largest for females and foreign-born workers. It is also positive and
significant for males and US-born workers.

In summary, the results in Tables 4 through 7 provide robust support for a key prediction of the
conceptual model: geographic areas that were specialized in routine-intensive occupations prior to the
era of rapid computerization experienced significantly greater growth of service employment in the
ensuing decades. This predictive relationship is pervasive across categories of service work, and affects
employment trends among most non-college workers, e.g., male and female, foreign and US-born. The
link between the routine employment share and rising service employment does not take hold until
the 1980s, and it accelerates in the two subsequent decades. Most notably, this simple measure of
occupational structure appears to capture a significant dimension of local economic activity that is well
measured by a host of other labor supply, labor demand, and demographic proxies, including education,

immigration, unemployment, female labor force participation, and population aging. 3° Subsequent

38 The 1950 to 1980 comparisons of detailed service occupation employment are somewhat unreliable becaue the 1950
Census classifies many service workers in broad “not elsewhere classified” categories. This gives rise to large spurious
increases in many subcategories of service employment over 1950 t01980, balanced by an offsetting drop in “miscellaneous
service occupations.” This consistency issue affects comparisons at this very disaggregated level only, and does not
contaminate the overall measure of service occupation employment.

3With sufficient degrees of freedom, it would clearly be feasible to construct a multivariate index of occupational
structure that is more predictive of subsequent changes in commuting zone characteristics—and in particular the growth
of service employment—over 1980 through 2005. A complete set of occupation by gender dummies would, for example,
absorb all variation in the RT'I.
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sections explore further predictions of the model, using the RT'I measure as a key predictive variable.
5 TASK SPECIALIZATION, COMPUTER ADOPTION, AND WAGE INEQUALITY

Our conceptual model makes four further predictions about the relationship between initial special-
ization in routine occupations and subsequent commuting zone level outcomes. First, displacement
of routine labor input should lead to shifts in job specialization, as workers—particularly the less-
educated—move into occupations that make greater use of manual and abstract tasks. Second,
computer adoption should be more extensive in these regions, since higher routine task-intensity im-
plies greater demand for computer capital. Third, changing task prices should spur rises in earnings
inequality—particularly in the upper-half of the distribution—as the abstract task price rises relative
to the routine task price. Finally, wages in service occupations may rise relative to other activities
performed by less skilled workers in the same commuting zones if goods and services are complements
in consumption. As noted in section (2), the ‘price’ implications of our model are less robust than the
‘quantity’ implications since they hinge on imperfect arbitrage on wage rates across commuting zones.

Hence, implications three and four are less clear cut.
5.1 TASK SPECIALIZATION

Our conceptual framework implies that the differential rise in service employment evident in routine
task-intensive regions is one manifestation of a general phenomenon of shifts in task specialization
away from routine-intensive labor. We test this implication by estimating a variant of equation (40)
in which the dependent variable is the change in the routine employment share within a commuting
zone, both overall and within broad education categories. Table 8 shows that during the 1980 to 2005
period, commuting zones with high routine employment shares occupations saw larger declines in
routine-intensive employment—a relationship that is robust to the full set of contemporaneous labor
market and demographic controls used in prior models (column 2). In particular, the coefficient of
0.082 in column 1 indicates that the 80th percentile commuting zone experienced about 0.8 percentage
points larger a fall in routine employment per decade than the 20th percentile commuting zone (a 2.0
percentage point differential over 25 years). Given an aggregate decline of 1.6 percentage points in
employment shares in routine-intensive occupations in this period, this magnitude is sizable. Notably,
there is a negative significant relationship between start of period RT'I and movements out of routine-

intensive activities even prior to the 1980s. But the magnitude of this relationship increases by more
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than 50 percent during the post-1980 period.

Subsequent panels of Table 8 examine this relationship separately for college and non-college
workers. The decline in routine task-intensive employment for college workers in high RTI commuting
zones commences prior to the 1980s, and does not accelerate thereafter. By contrast, the differential
rate of decline in routine-intensive employment among non-college workers more than doubles after
1980. Consonant with the conceptual model, the recent movement out of routine-intensive occupations

is concentrated among less educated workers.*’
5.2 COMPUTER ADOPTION

The conceptual model unambiguously predicts that the decline in routine labor input within com-
muting zones should be accompanied by the adoption of information technology (which substitutes
for routine labor)—and that this process should be more pronounced in areas initially specialized in
routine occupations. We test this implication using a measure of geographic computer penetration
developed by Doms and Lewis (2006). Based on private sector survey data on computer inventories,
these data measure the number of personal computers per employee at the firm level. Doms and
Lewis aggregate this variable to the level of Metropolitan Statistical Areas (MSAs) and purge it of
industry by establishment-size effects using a linear regression model.*' We use the Doms and Lewis
‘adjusted computers-per-worker’ measure for the years 1990 and 2002, which we match to commuting
zones.*? Following the approach of Doms, Dunne and Troske (1996), we treat the 1990 level of this
variable as the ‘change’ from 1980 to 1990 (thus assuming that the level was close to zero in all areas
in 1980). We measure the change in this variable over the subsequent decade using the 1990 to 2002
first-difference.*?

We estimate models predicting computer adoption (PCs per worker) across commuting zones of

the following form:

AC]'ST =+ 517. X RTIjSt + ﬁQTAX]’ST + Vs + €jsry

where the dependent variable is the Doms-Lewis measure of computer adoption over time interval

10 Michaels (2007) finds that clerical occupations demanded highly educated labor at the start of the twentieth century.
But by the 1950s, these were no longer elite occupations. The results in Table 8 likely reflect the fact that the movement
of highly-educated labor out of routine occupations was well underway before the computer era.

41 The variable is not adjusted for the educational or occupational composition of MSAs.

42 Approximately 50 of the 741 commuting zones do not have corresponding computer adoption data and so are dropped
from the analysis.

13The level of the PC-per-worker measure is not readily interpretable because it is ‘residualized,’” as above. The cross
commuting zone standard deviation of this variable is 0.048 for the 1980 to 1990 change and 0.053 for the 1990 to 2000
change.
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in commuting zone j in state s, RT'I;4 is the start of period routine task index, and X;; is a vector
of contemporaneous controls. The first two columns of Table 9 present separate, by-decade OLS
regressions of commuting zone computer adoption during the 1980s and 1990s on the RT'I measure,
state dummies and a constant. The RT'I has substantial predictive power for computer adoption in
both decades (with t-ratios well over 9). The implied difference in computer adoption between the
80th and 20th percentile commuting zone is larger than one full standard deviation of the computer
adoption measure in each decade.

The subsequent columns of Table 9 probe the robustness of this relationship by regressing the long
change (1980 to 2002) in computer adoption on the 1980 RT'I and the full set of contemporaneous
labor force and demographic change variables used earlier. Surprisingly, all of these covariates are
significant predictors of computer adoption in this time period. The RTI measure is nevertheless
highly robust to their inclusion; with these variables added, its magnitude drops by less than a third
and the t-ratio remain above nine. Thus, even accounting for contemporaneous changes in key labor
market and demographic variables, it is apparent that commuting zones that were initially specialized
in routine occupations adopted computer technology at a differentially rapid rate over the subsequent

two decades—presumably to substitute physical capital for human capital in performing routine tasks.
5.3 WAGE INEQUALITY

We finally explore the relationship between task specialization and wage inequality by commuting
zone. We first examine the relationship between task specialization and the evolution of aggregate
wage inequality—in particular, earnings polarization—in commuting zones, as measured by the 90/50
and 50/10 log wage ratios. We next turn to microdata to provide a rigorous analysis of changes in
wage structure between occupations within commuting zones, holding constant as many observable

determinants of earnings as possible.
5.3.1 AGGREGATE WAGE STRUCTURE

We estimate stacked first-difference regressions for changes in wage inequality within commuting zones,
as measured by the 90/10, 90/50 or 50/10 log weekly ratio for full-time, full-year workers. Following
the format of earlier equations, all models include the start-of-period RT'I, and a full set of state and
time dummies, with alternate specifications containing the full set of labor market and demographic

controls used above.
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These estimates in Table 10 reveal a striking pattern: commuting zones that with a greater routine
employment share in 1980 saw a large, differential polarization of earnings in the subsequent 25 years.
In particular, upper-tail (90/50) inequality rose and lower-tail (50/10) inequality fell in high-RT'T
regions during the 1980-2005 period (relative to earlier trends). These relationships are economically
large in the 1980 to 2005 period.** They are either substantially smaller or of opposite sign in the prior
three decades. Thus, the wage polarization seen in economy-wide data for this period is replicated in

commuting zones experiencing rapid displacement of routine work.
5.3.2 EVIDENCE FROM MICRODATA

Do these patterns of aggregate wage structure change in commuting zones that are initially specialized
in routine employment primarily reflect compositional shifts in worker characteristics and occupational
characteristics—or instead reflect changes in the wage paid to given worker characteristics within a
geographic area? To develop a more precise answer to this question, we next turn to microdata on
earnings.

Pooling microdata on real log hourly wages from the 1980 Census and the 2005 American Com-
munity Survey, we index, we a set of standard log wage equations augmented with time dummies,
commuting-zone dummies, a full set of person-level covariates interacted with time dummies, and an
interaction between the start-of-period routine employment share and the 2005 dummy. These models
are estimated separately for each of the six major occupation categories discussed in the Introduction

(ranging from Professional to Service, see Table 1). In particular, we estimate by OLS:

In Wikt = O + BlkRTIj,tfl + 52]6 {RTIjﬂg,l x I [t > 1980]} (41)

+ Xkt Bt + Otk + Vi + €ijhts

where i denotes workers, j denotes commuting zones, ¢ denotes times (1980, 2005) and k denotes

occupation. To account for the fact that the main predictive variable, RT'I, varies only the commuting
zone level and, moreover, that wage levels are not independent among workers in nearby locations,
the standard errors of these estimates are clustered at the state by year level. Results are displayed
in Table 11.

The first two columns of Table 11 show that commuting zones with a higher routine employment

*To benchmark magnitudes, note that the predicted differential rise (fall) in the 90/50 (50/10) wage differential in
the 75th relative to the 25th percentile commuting zone (ranked by 1980 RT'I) is 3.0 (-4.3) log points over 1980 through
2005. The contemporaneous weighted mean within-CZ rise in 90/50 (50/10) inequality in this period is 12.0 (5.6) log
points (Table 10).
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share in 1980 saw large, real wage increases among workers in highly educated (‘abstract’) occupations
between 1980 and 2005. A 10 percentage point higher routine share in 1980 predicts 6.5 log points
greater wage growth in technical and professional and managerial occupations and 9.2 log points
greater wage growth in technical, sales and administrative occupations (both for males) over these
two decades. Effects for females are somewhat larger in professional occupations and smaller in
administrative occupations.

Columns 3 and 4 estimate analogous wage models for workers in production and operative
occupations—roughly corresponding to middle-skill (‘routine’) occupations in our conceptual frame-
work. Opposite to the pattern for highly-skilled occupations, a higher routine share of employment in
1980 predicts significant real wage declines in these occupations: a 10 percentage point routine share
in 1980 predicts 2.5 to 8.1 log point declines in wages.*?

Column 6 finally presents wage estimates for workers in service occupations.*® Distinct from other
low-education occupations (i.e., production workers and operatives), the relationship between initial
routine task share and service wages is small in magnitude and generally weakly positive. And relative
to other low-education occupations, these wage effects are strongly and significantly positive.4”

The second row of each panel re-estimates these models, now augmented with a full set of person-
level demographic controls including nine dummies for years of education, a quartic in potential
experience, and dummies for married, non-white and foreign-born. These covariates are further in-
teracted with time dummies to allow their slopes to differ by period. Notably, the pattern of results
is only modestly affected by the inclusion of these covariates. Estimates for high-skilled occupations
are essentially unaffected. Estimates for middle-skilled occupations become less negative, indicating
that part of the negative wage relationship is due to adverse changes in skill composition in these
occupations in initially routine-intensive commuting zones. Finally, the estimates for service occu-
pation wages become substantially more positive (and significantly so for females), suggesting that
compositional shifts may mask rising real wages in these occupations.*®
Reinforcing the earlier results for 90/50 and 50/10 wage inequality, these microdata estimates

confirm that commuting zones that were previously specialized in routine jobs saw a distinct pattern

45While the precision of the point estimate for wages of females in production occupations is low, the table also makes
evident that there are only 10 percent as many females as males in production occupations, whereas there are 40 percent
as many females as males in operative occupations.

10We do not take wage estimates for farm occupations as informative since a large share of farm labor is undocumented
and so probably not reliably reported.

4TEstimates not shown.
18 At a minimum, these results make it appear unlikely that the rising relative wages of service occupations relative to
other low-education occupations seen in Table 11 is driven by selection of relatively skilled workers into service jobs.
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of polarizing wage growth among occupations over the subsequent 25 years, with strongly rising wages
in high-skill occupations, declining wages in moderately-skilled occupations, and stable wages in low-
skill service occupations. Thus, the data clearly support the prediction that displacement of routine
tasks within commuting zones is accompanied by growth in both service employment and service wages.
What makes this finding particularly compelling is that service occupations are the only low-skill job

category that appear to benefit from this process.
6 CONCLUSIONS

While the past twenty five years have seen declining or stagnating real (and relative) earnings and
employment of less educated workers, employment in low-skill service occupations presents an excep-
tion to this pattern. Between 1980 and 2005, the share of hours worked in service occupations among
those with high school or lower education rose from 12.8 to 20.3 percent, a 60 percent increase. Simul-
taneously, real hourly wages in service occupations increased by 20 log points, which is considerably
greater than wage growth in other low-skill occupations. These patterns suggest that despite a trend
of widening earnings inequality between high and low-skilled workers, there have been demand shifts
favoring specific types of low-skill service work.

We explore one potential explanation for the rising demand for service work based on changes
in task specialization induced in part by technical change. Our conceptual framework builds from
the observation that the primary job tasks of service occupations are difficult to either automate
or outsource since these tasks require interpersonal and environmental adaptability as well as direct
physical proximity. Thus, unlike routine low-skilled tasks that are readily substituted by computer
technology, the job tasks of service occupations are relatively immune to automation—despite the fact
that they are typically considered to be ‘low-skilled.” If demand for the outputs of service occupations
is relatively inelastic, the model suggests that substitution of information technology for routine tasks
may lead to rising wages and employment in service occupations.

Motivated by the observation that workers in service occupations must collocate with demanders
of their services, we study the determinants of employment and wages in services during 1980 through
2005 in 722 consistently defined commuting zones covering all of US employment. We use an empirical
approach built on the theoretical model, which predicts that, if commuting zones differ initially in
the share of employment in routine-intensive occupations, markets with higher routine shares will see

larger increases in service occupation employment and greater polarization of earnings between high
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and middle-skill workers as time advances. If goods and services are sufficiently complementary, the
model further implies that wages in service occupations will rise along with service employment.

We explore these predictions using a simple measure of specialization of routine task specialization
activities based on the occupational structure of commuting zones at the start of the sample period
(1980). This measure proves strikingly predictive of the changes in task and wage structure implied
by the model, in particular: reallocation of labor activity from routine tasks; employment growth
in service occupations but not in other low-skilled occupations; differential adoption of information
technology; and polarization of earnings growth. This measure proves strikingly predictive of the
changes in task and wage structure implied by the conceptual model. Perhaps most strikingly, we find
that hourly wages in service occupations grow significantly in these same commuting zones relative to
other low-skilled occupations (which, in turn, experience real wage declines). In addition, these same
geographic regions experience differential wage growth within highly-skilled occupations, including
professional, managerial, technical and administrative workers. Thus, the changes in task structure
that we document accompany growth in wages at the tails of the distribution but not elsewhere. These
results correspond to a process of employment and wage polarization within regional labor markets
that parallels the polarization of employment seen at the aggregate level in the US, UK and West
Germany.

As stressed in the Introduction, we view these results as preliminary. Two clear limitations of our
analysis to date are, one, that we must (for the moment) take as given the initial task structure of
occupations across commuting zones—thus, we do not seek to explain why these areas are different—
and two, that the ‘price/wage’ subset of our theoretical predictions rely on the assumption that there
is not a complete spatial equilibrium among geographic labor markets. Despite these limitations, we
believe the results suggest an important role for changes in labor specialization—potentially spurred
by displacement of routine task activities—as a driver of rising employment and wages in service

occupations, and of polarization of employment and wages more generally.
7 THEORY APPENDIX

Here we derive the solution to the model for a case where L, and K are complements (u < 1). Note

that we have K (t) — oo, so

lim [(1— ) (ar Ly () + A (K ()17 = (1= N)/¥ (0, L) (42)

t—oo
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Consequently,

T F (1,9 (L (£),8) = Jim [(1= ) (arLy ()" + A (arK (1)) =07 K (1) (43)
< lim [(1= ) (@ Ly ()" + A (i K ()"

= (1-N"(arg(LE))"

Moreover, since K (t) solves Eq. (17), it does better than an arbitrary choice for the capital

function. In particular, it does better than K (t) = t. Then, we have

Jim F(1,g(Ln (£),) > lim [(1 ~ A (e Ly (D))" + A (akf( (t))“} 9K (1) (44)

t—o00

— lim [(1 —A) (e Ly ()" + X (O‘k‘f{ (t)y}

t—o0

= (1= 0" (g (L))"
Combining Egs. (43) and (44), we have

lim F (1,9 (Lm (t)),t) = (1= )" (a9 (L))" . (45)

t—oo

In words, since L, and K are gross complements and K grows, in the limit L, (t) = g (L, (t)) becomes
the bottleneck and determines the production.
Next consider

dF (1,9 (Lin (1)) ;1)
dL (t)

= B(1— XN alL, ()" [(1 = \) (ar Ly (8)" + X (apK ()"0 (46)

Since K (t) — oo, taking the limit of this expression yields

o 4F (L9 (L (6).0)
t—o0 dLr (t)

=B(1=X""alg (L) (47)
Taking the limit of Eq. (24) and plugging in Eqgs. (45) and (47), we have
1/0c
(1= N (g (L) = =L og (1= Li) B(L = 2" alg (Ly) ™. (48)

The equilibrium level of LY, in the limit is the solution to the previous equation, which will be in the
interval (0,1).

Moreover, in this case we have

* * * * *
p5_>ps7wm_>wm7w7’_>wr7 wd_>wa7 n—n,
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i.e. all variables converge to a finite constant. Intuitively, in this case machines and routine labor
are gross complements so technological progress is not sufficient to increase output beyond a finite
limit (since routine labor becomes the bottleneck). Consequently, the price of services and hence the
wage for the manual labor also remain constant. The wage for routine labor remains constant since
the routine labor is the bottleneck so there is still value to routine tasks. The abstract wage is also
constant since the abstract workers receive a constant share of output, which is constant.

In this case, w, (t) /wny, (t) ratio also goes to a constant w}/w}, regardless of o, in contrast with

the conjecture. We summarize our results in the following proposition.

Proposition 3 When p < 0, lim;_oo Ly, (t) = L, where L}, € (0,1) is a solution to Eq. (48). In

the limit, unskilled labor works in both manual and routine tasks and the wages limit to finite levels
Wy, — Wy, Wy — Wy, We — Wh.
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Figure 1a

Change in Real Hourly Earnings by Wage Percentile 1980-1990 and 1990-2000
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Smoothed Changes in Employment by Occupational Skill, 1980-1990 and 1990-2000
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Figure 2

Share of Hours Accounted for by Service Occupations
at Each Wage Decile, 1980-2005
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Figure 3a

Employment Shares by Occupation 1980-2005
All Education Groups
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Figure 3b

Employment Shares by Occupation 1980-2005
Non-College Workers
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Change in Non-College Service Emp Share by Commuting Zone 1980-2005
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Table 1. Levels and Changes in Employment Share and Mean Real Hourly Wages by Occupation, 1950-2005

Level Decadal Changes
1950 1970 1980 1990 2000 2005 1950-80 1980-05

A. Share of Employment (%)

Managers/Professionals 20.8 215 23.8 27.8 30.0 30.9 4.6 11.0
Technicians/Sales/Admin 21.7 26.6 28.9 30.8 29.0 28.4 10.0 -0.7
Production/Craft/Repair 13.3 13.9 14.3 12.4 12.1 11.6 2.5 -8.2
Operators/Fabricat/Laborers 22.8 22.6 19.2 15.4 13.9 13.0 -5.5 -14.6
Farming/Fishery/Forestry 10.7 3.8 2.8 1.8 1.3 1.3 -36.3 -25.9
Service Occupations 114 11.7 11.0 11.8 13.7 14.9 -1.1 12.8

B. Mean Real Log Hourly Wage (2005%)

Managers/Professionals 2.24 2.89 2.87 2.94 3.05 3.16 0.21 0.12
Technicians/Sales/Admin 2.00 2.49 2.48 2.53 2.64 2.71 0.16 0.09
Production/Craft/Repair 2.21 2.71 2.73 2.69 2.73 2.75 0.18 0.01
Operators/Fabricat/Laborers 2.00 2.46 2.49 2.45 2.52 2.53 0.16 0.01
Farming/Fishery/Forestry 1.10 1.77 2.00 2.05 2.15 217 0.30 0.07
Service Occupations 1.50 2.09 2.17 2.22 2.35 2.37 0.22 0.08

Source: Census 1% samples for 1950 and 1970; Census 5% samples for 1980, 1990, 2000; American
Community Survey 2005. Sample includes persons who were aged 18-64 and working in the prior year.
Occupation categories are defined according to the Census 2000 classification. Hourly wages are defined as
yearly wage and salary income divided by the product of weeks worked times usual weekly hours.
Employment share is defined as share in total hours worked. Labor supply is measured as weeks worked
times usual weekly hours in prior year. All calculations use labor supply weights.



Table 2. Occupations with Highest and Lowest RTI Scores

A. Occupations with Highest RTI Scores

1 Secretaries

2 Bank Tellers

3 Pharmacists

4 Payroll and Timekeeping Clerks
5 Stenographers

6 Motion Picture Projectionists *
7 Boilermakers

8 Butchers and Meat Cutters

9 Solderers
10 Accountants and Auditors

B. Occupations with Lowest RTI Scores

1 Parking Lot Attendants
2 Fire Fighting, Prevention and Inspection *
3 Bus Drivers
4 Taxi Cab Drivers and Chauffeurs
5 Public Transportation Attendants and Inspectors *
6 Police, Detectives, and Private Investigators *
7 Materials Movers: Stevedores and Longshore Wks.
8 Truck, Delivery, and Tractor Drivers
9 Garbage and Recyclable Material Collectors
10 Crossing Guards *

Notes: * denotes service occupations according to Census 2000
classification. The Routine Task Index (RTI) measures the average
log routine/manual task ratio for each detailled occupation. The
ranking consists of 354 occupations, including 30 service
occupations. For occupations with equal RTI score, the tie is split
by giving a higher ranking to the occupation with largest share in
total US employment in 1980. Residual occupations groups ("not
elsewhere classified") are excluded.



Table 3. Levels and Changes in Standardized Task Measures, 1980-2005

Ten Times Average Annual Change

Standardized Task Score 1980- 1990- 2000- 1980-
1980 1990 2000 2005 1990 2000 2005 2005
Abstract Tasks 0.00 0.60 1.10 1.35 0.60 0.51 0.49 0.54
(1.00) (1.17) (1.31) (1.36)
Routine Tasks 0.00 -0.76 -1.67 -2.59 -0.76 -0.92 -1.83 -1.03
(1.00) (0.84) (0.82) (0.98)
Manual Tasks 0.00 -0.33 -0.24 0.05 -0.33 0.08 0.59 0.02

(1.00) (0.91) (0.83) (0.91)
n = 741 Commuting Zones in each decade, weighted by start of period commuting zone share of national
population. Abstract, Routine and Manual task measures are based on the Dictionnary of Occupational Titles (DOT)

and defined according to Autor-Levy-Murnane (2003). Task scores by commuting zones are standardized to a mean
of zero and a standard deviation of one in 1980.




Table 4. Routine Task Intensity and Growth of Service Employment among
Non-College Workers within Commuting Zones, 1950 - 2005.
Dependent Variable: 10 x Annual Change in Share of Non-College
Employment in Service Occupations

1950 - 1970 - 1980 - 1990 - 2000 -
1970 1980 1990 2000 2005

Share of Routine -0.106 ** 0.035 0.081 ** 0.100 ** 0.316 **

Occs. 4 (0.022) (0.034) (0.024) (0.036) (0.084)

Constant 0.028 ** -0.031 ** -0.013 ~ -0.003 -0.040
(0.003) (0.009) (0.007) (0.011) (0.026)

State dummies Yes Yes Yes Yes Yes

R? 0.483 0.435 0.535 0.593 0.331

N= 722 commuting zones. Robust standard errors in parentheses are
clustered on state. Models are weighted by start of period commuting zone
share of national population. Routine occupations are defined the
occupations with largest routine task / manual task ratios that account for one
third of overall employment in 1980. ~p < 0.10, * p < 0.05, ** p < 0.01.



Table 5. Routine Task Intensity and Growth of Service Employment among Non-College
Workers within Commuting Zones, 1950 - 2005: Stacked First Differences.
Dependent Variable: 10 x Annual Change in Share of Non-College Employment in

Service Occupations

Share of Routine
Occs., x 1980-05

Share of Routine
Occs. 4

A College/Non-
college pop

A Immigr/Non-

college pop

A Manufact/empl

A Unempl rate

A Female empl/pop

A Age 65+/pop

1970-1980 dummy

1980-1990 dummy

1990-2000 dummy

2000-2005 dummy

Constant

State dummies
RZ

1950 - 2005

(1)

2) ) 4) )

(6)

0.173 ** 0.163 ** 0.089 ** 0.142 ** 0.157 ** 0.082 **

(0.026) (0.025) (0.021) (0.023) (0.026) (0.018)
-0.018 -0.040 * -0.048 ** -0.044 * -0.043 * -0.042 **
(0.011) (0.016) (0.015) (0.017) (0.017) (0.014)
0.018 ** 0.023 **
(0.005) (0.005)
0.103 ** 0.098 **
(0.031) (0.031)
-0.049 ~ -0.067 **
(0.025) (0.022)
0.329 ** 0.402 **
(0.043) (0.047)
-0.061 ** 0.092 **
(0.020) (0.022)
0.092 0.207 **
(0.054) (0.050)
-0.014 ** -0.013 ** -0.018 ** -0.021 ** -0.011 -0.034 **
(0.003) (0.004) (0.003) (0.003) (0.004) (0.003)
-0.040 ** -0.034 ** -0.020 ** -0.030 ** -0.031 ** -0.026 **
(0.008) (0.007) (0.007) (0.006) (0.007) (0.005)
-0.040 ** -0.034 ** -0.020 ** -0.027 ** -0.034 ** -0.012 *
(0.007) (0.007) (0.007) (0.005) (0.007) (0.006)
-0.033 ** -0.027 ** -0.009 -0.031 ** -0.028 ** -0.012 ~
(0.008) (0.008) (0.008) (0.006) (0.008) (0.006)
0.017 ** 0.020 ** 0.023 ** 0.020 ** 0.023 ** 0.013 **
(0.003) (0.004) (0.003) (0.004) (0.004) (0.004)
No Yes Yes Yes Yes Yes
0.352 0.379 0.399 0.433 0.385 0.462

N=3610 (5 time periods x 722 commuting zones). Robust standard errors in

parentheses are clustered on state. Models are weighted by start of period commuting

zone share of national population. Routine occupations are defined the occupations with
largest routine task / manual task ratios that account for one third of overall employment
in 1980. ~p <0.10, * p =< 0.05, ** p < 0.01.



Table 6. Routine Task Intensity and Growth of Employment in Detailled Service Occupations among Non-College Workers within Commuting
Zones, 1950 - 2005: Stacked First Differences.

Dependent Variable: 10 x Annual Change in Share of Non-College Employment in Specific Service Occupation

Building House Personal Misc
Food Clean/ Health Clean/ Child Appear- Security Recreat- Personal
Service Garden Support Laundry Care ance Guards ion Svcs
A. Regression Analysis
Share of Routine 0.054 ** 0.033 ** 0.009 0.010 0.015 * 0.021 ** 0.005 0.012 ** 0.003
Occs., x 1980-05 (0.012) (0.007) (0.010) (0.010) (0.006) (0.003) (0.003) (0.004) (0.007)
Share of Routine -0.005 0.005 -0.007 ~ -0.004 -0.006 * -0.005 ** 0.005 -0.007 ** -0.015 *
Occs. (0.006) (0.004) (0.004) (0.006) (0.003) (0.002) (0.002) (0.002) (0.006)
Constant 0.009 ** 0.005 *> 0.007 ** 0.004 *> 0.003 ** 0.001 ** -0.001 -0.001 ~ -0.007 **
(0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.002)
R? 0.098 0.258 0.160 0.483 0.132 0.159 0.092 0.239 0.588
State dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes
B. Share in Total Non-College Employment
Empl. share 1980 4.18% 3.11% 1.88% 1.41% 0.51% 0.75% 0.63% 0.15% 0.31%
Empl. share 2005 6.55% 4.69% 3.52% 1.86% 1.00% 0.94% 0.88% 0.38% 0.44%
Change 1980-2005 2.37% 1.58% 1.64% 0.45% 0.49% 0.19% 0.25% 0.23% 0.13%

N=3610 (5 time periods x 722 commuting zones). Robust standard errors in parentheses are clustered on state. Models are weighted by start
of period commuting zone share of national population. Routine occupations are defined the occupations with largest routine task / manual
task ratios that account for one third of overall employment in 1980. ~ p <0.10, * p = 0.05, ** p < 0.01.



Table 7. Routine Task Intensity and Growth of Service Employment among Non-College
Workers by Gender and Nativity, 1950 - 2005: Stacked First Differences.
Dependent Variable: 10 x Annual Change in Share of Non-College Employment in
Service Occupations

Foreign

Males Females US Borns Borns
Share of Routine 0.122 ** 0.226 ** 0.044 ~ 0.273 **
Occs.; x 1980-05 (0.028) (0.065) (0.022) (0.078)
Share of Routine -0.001 -0.037 -0.035 ~ -0.088
Occs. 4 (0.016) (0.029) (0.017) (0.056)
Constant 0.004 0.023 ** 0.021 ** 0.037 **

(0.003) (0.007) (0.003) (0.012)
State dummies Yes Yes Yes Yes
R? 0.230 0.459 0.283 0.049

N=3610 (5 time periods x 722 commuting zones). Robust standard errors in
parentheses are clustered on state. Models are weighted by start of period commuting
zone share of national population. Routine occupations are defined the occupations with
largest routine task / manual task ratios that account for one third of overall employment
in 1980. ~p <0.10, * p < 0.05, ** p < 0.01.



Table 8. Changes in Share of Routine Occupations within Commuting Zones, Overall and
by Education Level, 1950 - 2005: Stacked First Differences.
Dependent Variable: 10 x Annual Change in Share of Employment in Routine Occupations

All College Non-College
M (2) 3) 4) (&) (6)
Share of Routine -0.082 ** -0.092 ** -0.005 -0.020 -0.179 ** 0177 **
Occs..; x 1980-05 (0.017) (0.033) (0.026) (0.041) (0.025) (0.030)
Share of Routine -0.172 ** -0.186 ** -0.190 ** -0.192 ** -0.125 ** -0.140 **
Occs. 4 (0.016) (0.021) (0.023) (0.025) (0.016) (0.022)
Control variables No Yes No Yes No Yes
State dummies Yes Yes Yes Yes Yes Yes
R* 0.726 0.749 0.354 0.364 0.647 0.673

N=3610 (5 time periods x 722 commuting zones). Robust standard errors in parentheses
are clustered on state. Models are weighted by start of period commuting zone share of
national population. Models with control variables include contemporaneous changes in
college/non-college population, share of immigrants among non-college population,
manufacturing share, unemployment rate, female labor force participation, and population
share above age 65. Routine occupations are defined the occupations with largest routine
task / manual task ratios that account for one third of overall employment in 1980. ~ p <
0.10, *p £0.05, ** p<0.01.



Table 9: Routine Task Intensity and Computer Adoption 1980-2000
Dependent Variable: 'Adjusted PCs per Employee' (Doms and Lewis 2006)

1980 - 1990 -
1990 2000 1980 - 2000
(1) 2) 3) 4)
Share of Routine Occs. 4 0.722 * 0529 ** 0.667 ** 0.469 **
(0.051) (0.056) (0.034) (0.052)
A College/Non-college pop 0.122 **
(0.013)
A Immigr/Non-college pop 0.220 **
(0.039)
A Manufact/empl 0.193 **
(0.047)
A Unempl rate 0.293 *
(0.134)
A Female empl/pop 0.201
(0.092)
A Age 65+/pop 0.331 ~
(0.150)
1990-2000 dummy 0.022 ** 0.047 **
(0.007) (0.007)
Constant -0.296 ** -0.192 ** -0.268 ** -0.261 **
(0.015) (0.017) (0.010) (0.017)
State dummies Yes Yes Yes Yes
R? 0.656 0.378 0.457 0.530
N 675 660 1335 1335

The Doms-Lewis measure of computer adoption reflects the number of
personal computers per employee, controlling for 950
industry/establishment interactions. Data for computer adoption in
commuting zones is available to us for the years 1990 and 2002; we
assume zero computers per worker in 1980 and use 5/6 of the change in
computer adoption between 1990 and 2002 as our measure for computer
adoption during the 1990s. ~p < 0.10, * p = 0.05, ** p < 0.01.



Table 10. Routine Task Intensity and Change in Wage Inequality, 1950 - 2005.
Dependent Variable: 10 x Annual Change in Wage Inequality

P90/50 P50/10 P90/10
(1) (2) 3) (4) () (6)

A. Mean Changes (10 x Annual Change)

Years 1980-2005 0.049 (0.031) 0.022 (0.034) 0.071 (0.050)
Years 1950-1980 0.031 (0.030) -0.005 (0.075) 0.026 (0.088)

B. Regression Analysis

Share of Routine 0.303 ** 0.264 ** -0431 ** -0.591 ** -0.128 -0.326  *
Occs.; x 1980-05  (0.063) (0.061) (0.116) (0.118) (0.121) (0.131)
Share of Routine 0.074 * 0.020 0.621 ** 0511 * 0695 ** 0.531 **
Occs. . (0.029) (0.038) (0.069) (0.062) (0.080) (0.075)
Control variables No Yes No Yes No Yes
State dummies Yes Yes Yes Yes Yes Yes

R? 0.183 0.218 0.277 0.326 0.309 0.371

N=3610 (5 time periods x 722 commuting zones). Robust standard errors in parentheses are clustered
on state. Models are weighted by start of period commuting zone share of national population. Models
with control variables include contemporaneous changes in college/non-college population, share of
immigrants among non-college population, manufacturing share, unemployment rate, female labor
force participation, and population share above age 65. Routine occupations are defined the
occupations with largest routine task / manual task ratios that account for one third of overall
employment in 1980. ~p <0.10, * p £ 0.05, ** p £ 0.01.



Table 11. Routine Task Intensity and Wage Changes by Major Occupation, 1980 - 2005.
Dependent Variable: Log Real Hourly Wage.
Microdata Estimates using Pooled 1980/2005 Census and ACS Samples

Tech / Farm/
Manager / Sales / Produc- Opera- Forest / Service
Prof'nl Admin tion tives Fishery Occs
(1) (2) 3) (4) (5) (6)
A. Males

C'zone dummies, w/o Person-Level Controls

Share of Routine 0647 * 0921 ** -0329 * -0638 * -0.509 -0.036
Occs. 4 (0.092) (0.140) (0.115) (0.137) (0.348) (0.149)
C'zone dummies, with Person-Level Controls
Share of Routine 0665 ** 0526 ** 0.139 -0.339 * -0.012 0.193
Occs. 4 (0.104) (0.136) (0.135) (0.145) (0.212) (0.153)
n 998,009 856,597 1,040,807 1,317,549 131,966 540,228
B. Females

C'zone dummies, w/o Person-Level Controls

Share of Routine 1122 ** 0779 ** 0.249 -0.655 * -0.808 ** 0.011

Occs. (0.107) (0.100) (0.180) (0.129) (0.277) (0.132)
C'zone dummies, with Person-Level Controls

Share of Routine 1.007 ** 0.756 ** 0.264 -0.156 -0.783 * 0.226 ~

Occs. (0.107) (0.105) (0.172) (0.159) (0.234) (0.126)

n 952,170 1,826,497 93,470 530,740 30,850 853,335

Robust standard errors in parentheses are clustered on state-year cells. Models are weighted by a
worker's share in total labor supply in a given year. Each cell corresonds to a separate OLS regression.
All models include an intercept, and a time dummy for the second period, and commuting zone
dummies. Models with person-level controls also include nine dummies for years of education, a quartic
in potential experience, dummies for married, non-white and foreign-born, and interactions of all
individual level controls with the time dummy. Hourly wages are defined as yearly wage and salary
income diveded by the product of weeks worked times usual weekly hours. ~p < 0.10, *p < 0.05, " p <
0.01.



Appendix Table 1. Occupational Composition by Education Group: Level and Change of Share of
Education Category Employed in Each Major Occupation Group, 1980-2005

Managers Technic.  Product. Operators Farming Service
Professi- Sales Craft Fabrictrs.  Fishery Occs.
onals Admin. Repair Laborers  Forestry

A. A 1980 - 2005 (% pts)

Non-College -0.2 -1.2 -0.5 -4.1 -1.4 7.4
Less than High School -1.3 0.0 0.2 -7.6 -0.7 9.4
High School -0.5 -4.3 -0.4 -1.1 -1.3 7.6
Some College -0.3 -2.7 -0.2 -1.4 -1.0 5.5
College Graduate -1.5 1.2 -1.3 -0.4 -0.6 2.6

B. 1980 (% pts)

Non-College 9.1 26.7 18.5 28.1 3.7 13.9
Less than High School 5.8 13.9 19.9 37.3 5.1 17.9
High School 10.8 334 17.8 23.3 2.9 11.7
Some College 23.7 39.9 12.4 11.5 1.9 10.7
College Graduate 67.4 21.8 4.1 2.4 1.1 3.2

C. 1990 (% pts)

Non-College 9.1 271 17.7 26.4 2.9 16.7
Less than High School 4.9 15.2 18.7 34.3 4.6 22.3
High School 10.9 32.1 17.3 23.1 2.2 14.4
Some College 23.9 40.7 12.2 10.6 1.2 11.5
College Graduate 66.2 24 .4 2.9 2.2 0.7 3.6

D. 2000 (% pts)

Non-College 8.5 25.6 18.5 25.5 24 19.5
Less than High School 4.5 15.3 19.3 315 4.2 25.2
High School 10.0 29.5 18.2 23.3 1.7 17.4
Some College 23.7 38.1 12.6 10.3 0.9 14.3
College Graduate 66.9 22.7 2.7 2.1 0.5 5.1

E. 2005 (% pts)

Non-College 8.9 255 18.1 24.0 2.3 21.2
Less than High School 4.5 13.9 20.2 29.7 4.4 27.3
High School 10.3 29.1 174 22.2 1.6 19.3
Some College 23.4 37.3 12.2 10.1 0.9 16.2
College Graduate 66.0 23.0 2.8 2.1 0.5 5.8

Source: Census 5% samples for 1980, 1990, 2000; American Community Survey 2005. Sample
includes persons who were aged 18-64 and working in the prior year. Labor supply is measured as
weeks worked times usual weekly hours in prior year. All calculations use labor supply weights.



Appendix Table 2. Ranking of Occupations by RTI Score (Lowest to
Highest): Service

Top Quintile of Ranking (Least Routine Intensive)
2 Fire Fighting, Prevention and Inspection
5 Public Transportation Attendants and Inspectors
6 Police and Detectives, Public Service
10 Crossing Guards
14 Waiter, Waitress
18 Cleaners, Maids, Housekeepers, Butlers
19 Sherrifs, Bailiffs, Correctional Institution Officers
26 Baggage Porters, Bellhops and Concierges
31 Recreation and Fitness Workers
36 Misc. Food Preparation and Service Workers
39 Gardeners and Groundskeepers
44 Recreation Facility Attendants
46 Health and Nursing Aides
55 Guides
56 Supervisors of Building and Cleaning Service
60 Janitors
61 Food Preparation Workers

Second to Fourth Quintile of Ranking

79 Superv. of Landscaping, Gardening, and Groundskeep.
92 Ushers

126 Animal Caretakers, except Farm

154 Child Care Workers

163 Guards and Police, except Public Service

166 Supervisors of Guards

182 Laundry and Dry Cleaning Workers

237 Bartenders

272 Hairdressers and Cosmetologists

282 Cooks

Bottom Quintile of Ranking (Most Routine Intensive)
330 Dental Assistants
335 Barbers
348 Motion Picture Projectionists

Notes: The Routine Task Index (RTIl) measures the average log
routine/manual task ratio for each detailled occupation. The ranking
consists of 354 occupations, including 30 service occupations. Residual
occupations groups ("not elsewhere classified") are excluded.



Appendix Table 3. Levels and Changes of Share of Employment in Routine Occupations, Overall and by Education

Group, 1980-2005

Overall

College Graduates

Some College

High School Graduates

High School Dropouts

Ten Times Average Annual Change
Standardized Task or RTI Score 1980- 1990- 2000- 1980-
1980 1990 2000 2005 1990 2000 2005 2005

Share of Employment in Routine Occupations, by Education

0.333 0335 0333  0.318 0.002  -0.002 -0.030  -0.006
(0.47)  (0.47)  (0.47)  (0.46)

0.335 0339  0.334  0.322 0.004  -0.005 -0.023  -0.005
(0.47)  (0.47)  (0.47)  (0.47)

0.380 0370  0.366  0.351 -0.009 -0.005 -0.029  -0.012
(0.48)  (0.48)  (0.48)  (0.48)

0.364 0339  0.328  0.310 -0.025  -0.011  -0.035  -0.022
(0.48)  (0.47)  (0.47)  (0.46)

0.215 0.225 0.236 0.215 0.010 0.011 -0.042 0.000
(0.41) (0.41) (0.42) (0.41)

n = 722 Commuting Zones in each decade, weighted by start of period commuting zone share of national
population. Abstract, Routine and Manual task measures are based on the Dictionnary of Occupational Titles (DOT)
and defined according to Autor-Levy-Murnane (2003). Routine occupations are defined the occupations with largest
routine task / manual task ratios that account for one third of overall employment in 1980.
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