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Abstract

Hourly wage data from 1990 to 2011 show a narrowing gap between the median wage and the

10th percentile wage, but an increasing gap between the median and 90th percentile wages. In this

paper, I investigate the impact of offshoring on the employment and wage distributions to deter-

mine whether it has contributed to this convexification. I use a task-based framework of the labor

market with three inputs and model what happens when the world price for the middle task input

declines. The model predicts both a decline in domestic employment and a reduction in the wage

paid to workers in this task, resulting in a rise in upper tail unemployment. However, I demonstrate

that observed wages within an industry can rise due to selection. I construct a proxy measure of

offshoring for both service and material inputs, and use industry level production and trade data

from the US Census Bureau’s Census of Manufactures, and individual level wage data from the US

Census and the American Community Survey to test the implications of the model. Offshoring has

the anticipated effects on employment and convexification. I find a negative effect of offshoring

on employment and a positive effect of offshoring on upper tail wage inequality. Moreover, current

levels of industry offshoring are significantly correlated with an industry’s lagged occupational com-

position. In particular, both forms of offshoring decrease with the share of manual occupations and

service offshoring increases with the share of routine occupations.
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1 Introduction

Although overall wage inequality has been increasing in the U.S. since the 1970s, starting in the mid-

1980s, lower-tail inequality stopped growing and declined slightly while upper-tail inequality increased

at an accelerating pace. I use the term convexification to describe the accelerating wage growth for

high earning workers, and the stagnation and relative decline of the middle class. During this same

period, the employment shares of highly paid professionals and low paid service workers rose while the

employment shares of mid-level manufacturing workers and office workers fell.1 These employment

and wage changes suggest a decrease in the relative demand for middle skilled labor.

At the same time, improvements in communication and transportation technology contributed to

offshoring in both manufacturing and service. The ability to hire cheap foreign workers should de-

crease the relative demand for the domestic workers of similar abilities. Recent work by Goos and Man-

ning (2007), and Autor and Dorn (2012), offers a “routinization hypothesis:” mid-level jobs are highly

routine, and therefore have the highest degree of substitutability with foreign labor. While some cir-

cumstantial evidence links routine tasks to wage convexification, the wage inequality literature lacks a

direct empirical analysis of the impact of offshoring on relative wages. Moreover, the existing research

focuses on manufacturing even though the majority of jobs in the American economy are comprised of

services.

In this paper I measure the extent to which offshoring by U.S. industries has increased the wage gap

between the median wage and the 90th percentile wage but narrowed the gap between the 10th per-

centile and the median, thereby contributing to the observed convexification. First, I present a simple

task-based model of labor supply and wages to illustrate the predicted effects of offshoring on upper

and lower tail wage inequality. I represent offshoring by a drop in the global price for routine task inputs,

and show how this differs from a skill-biased technological change. Secondly, I construct a measure of

offshoring for both material and service inputs, and apply this measure to 128 industries in both the

manufacturing and service sectors for the years 1990, 2000, and 2011. This approach for offshoring

1Autor and Acemoglu (2011).
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measurement was initially introduced by Feenstra and Hanson (1996) for material offshoring, and to

my knowledge only Amiti and Wei (2009) have employed this measure for service offshoring. Rather

than focusing solely on either the manufacturing or service sector in isolation, I include the full econ-

omy to provide a comprehensive view of the impact of offshoring. The analysis also covers a relatively

long time frame, using wage and industry data that span a 21 year period. Thirdly, I employ a fixed

effects regression model to estimate the effect of offshoring on wages and employment and test the im-

plications of the model. I estimate separately the effects on the lower half of the wage distribution (the

50/10 spread) from the effects on the upper half of the distribution (the 90/50 spread).

The results of the empirical analysis show that offshoring has a positive effect on wages throughout

the wage distribution. The magnitude of this impact is greatest at the top of the distribution; hence

there is a statistically significant positive impact of offshoring on upper tail wage inequality. An in-

crease in service offshoring of one standard deviation explains about 6% of the observed increase in the

upper tail wage spread, and one standard deviation increase in material offshoring can explain nearly

13% of the observed change. Controlling for industry productivity does not alter the estimated effect

of offshoring on wage levels and spreads. It is plausible that selection in layoffs is driving this effect:

if industries are offshoring jobs previously done by workers from the bottom half of the wage distribu-

tion, the measured wages in those industries will be higher than they were prior to the introduction of

offshoring. I apply a bounding exercise to provide an upper bound estimate of the effects of selection

on wages, and show that all of the wage effects could be due to selection. Finally, in order to inves-

tigate the impact of routinization, I control for the task composition of each industry. The estimated

offshoring effect does change when lagged industry occupational shares are included in the regression.

This suggests that the current industry-specific patterns of offshoring are influenced by the past occu-

pational distributions. The analysis on occupational composition shows that the lagged task content of

each industry is a statistically significant predictor of both material and service offshoring. In particular,

the share of routine occupations has a positive causal effect on service offshoring. However, this same

measure has a significantly negative causal effect on material offshoring. These results offer empirical

support for the routinization hypothesis when it is applied to service offshoring, but not with respect to
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material offshoring.

In Section 2 I provide an overview of U.S. wage convexification, and highlight how my paper con-

tributes to the literature. Section 3 describes offshoring and discusses the associated measurement

challenges. Section 4 explains the theoretical model that serves as a framework for the empirical anal-

ysis. Section 5 discusses the empirical methods. Section 6 examines the results in the context of three

mechanisms that potentially connect offshoring with the wage distribution, and section 7 concludes.

2 Wage Convexification Overview

In addition to the increase in overall wage inequality, the change in relative wages has not been homoge-

nous over the entirety of the distribution. This heterogeneity is especially pronounced with regards to

the last two decades. Figure 1 displays the evolution over time of three points in the male wage dis-

tribution: the 10th percentile, 50th percentile, and 90th percentile. We can see that the gap between

low-skilled workers (represented by the 10th percentile position) and median wage earners increased

from the mid 1970s until the mid-1980s, but for later periods this 50/10 gap is either constant or de-

creasing. In contrast, the gap between the 90th percentile wage earner and the median wage earner

continued to increase throughout the entire time span of the graph. In particular, the 90/50 gap shows

a large expansion from the late 1990s to 2010, indicating a sharp rise in the high-skill premium. The

same data for female wages (Figure 2) shows a wage distribution that is slightly less polarized, but still

reflects a greater spread increase in upper half of the distribution than the lower half.

What is driving this wage convexification? In very broad terms, the research on wage inequality

points to changes in institutional factors, and skill biased technical change (SBTC). Institutional fac-

tors such as unionization and declining real minimum wage are credited in driving lower tail inequality

(see Lee (1999), Card and Dinardo (2002), Lemieux (2006)). However, by 1990, the real minimum wage

had fallen sufficiently that minimum wage laws were no longer binding above the 10th percentile wage

level.2 A growing body of work in the early 2000s focused on SBTC as the source of upper tail inequality

2See Autor, Manning and Smith (2010).
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(including Katz and Autor (1999), Katz and Acemoglu (2002)). This branch of research argues that an

increased use of computers among college educated workers meant that the productivity of these work-

ers outpaced non-college educated labor. The relative demand for skilled labor grew quickly enough to

outpace the concurrent rise in relative supplies and the college wage premium ballooned.

But, increasing returns to education is only part of the story of the upper tail wage spread, since

residual (within group) inequality tracks a similar pattern to the divergence we see in Figure 1.1 (see

Card and Dinardo (2002), Bogliacino (2008 wp)). Autor, Levy and Murnane (2003) and Autor and Ace-

moglu (2011) point out that the canonical model used in the SBTC thesis is insufficient for explaining

the type of convexification observed in the U.S. distribution. The key shortcoming in the canonical

SBTC model is that it does not distinguish between skills (college versus high school education) and

tasks (occupational characteristics that are not perfectly mapped to educational background).

As an alternative framework, Autor et al. (2011, 2012) lay out the “routinization” hypothesis as fol-

lows: workers in the middle of the wage distribution are primarily in occupations with a high level

of routine tasks (for example: record keeping, routine customer service jobs, repetitive assembly, or

sorting goods in a warehouse). These occupations are characterized by the fact that they can be fully

described in a computer algorithm or in a list of instructions to a foreign worker. As a result, they are

highly prone to substitution by technology or offshore labor.3 Along a similar vein, Autor Katz and Kear-

ney (2006, 2008) propose a model of computerization to explain the divergence in lower tail and upper

tail inequality: computerization complements complex cognitive tasks, replaces routine tasks, and has

little impact on nonroutine manual tasks.

The critical contribution of the task based framework is that it distinguishes between the demand

for middle and low level tasks rather than lumping them together under the label of “low skilled labor”.

In contrast to the mid-level occupations, many low skill manual occupations are actually non-routine.

That is, since the nature of such tasks demands human interaction these workers are not as easily re-

placed by computers or remote labor. These occupations are primarily of the low skilled service variety:

for example, jobs in maintenance, janitorial work, sanitation , childcare, and hair and nail salons. On

3Blinder (2007) estimates that over 20 million domestic jobs are potentially offshorable due to their task characteristics.
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the other end of the complexity spectrum, highly analytic occupations require complicated decision

making beyond the scope of what can be contained in a computer algorithm. These jobs are concen-

trated at the top of the wage distribution. The task based model offers a plausible explanation for why

workers near the median are in decline relative to both the top and the bottom earners.

Figure 1.3 depicts the 1990-2000 and 2000-2010 changes in employment share by occupational

complexity.4 The data show a striking distinction between these two periods. During the 1990s, oc-

cupation employment share expansion was roughly monotonic in complexity. The least complex occu-

pations declined while the most complex occupations gained employment share, and the relative em-

ployment in occupations near the middle of the ranking changed the least. However, in the latter period

the occupations in the middle of the distribution actually lost employment shares, while both the least

and most complex occupations increased their shares. Since the complexity rankings are highly corre-

lated to wage rankings, similar patterns are observed when we use the occupation’s mean 1990 wage

percentile on the horizontal axis.

Figure 1.4 ranks occupations by their offshorability, and shows the relative change in employment

by percentile. The offshorability measure follows the methodology used by Autor and Acemoglu in the

Handbook of Labor Economics (2011). It aggregates (normalized) O*NET measures regarding two task

characteristics: each occupation’s intensity of routine tasks, and the intensity of face to face interac-

tions.5 According to the routinization hypothesis, routine task intensity causes an occupation to be

more easily offshored while the amount of face to face interactions limits offshorability. Consequently,

the offshorability measure is defined as (routine intensity) +(−1)∗(face to face intensity) and normal-

ized in the typical fashion. Unlike the convex effect of the complexity measure, the change in relative

employment is strongly and monotonically negative in offshorability for both decades. Occupations

that require face to face contact from workers appear to be protected from employment loss, whereas

4Occupation complexity measures the degree to which the occupation is classified as “Nonroutine Cognitive Analytic.” The
raw data is from the O*NET dataset, and the measure is constructed following Autor Katz and Kearney (2006).

5The measure for routine task intensity comes from the extent to which workers carry out physical assemply or equipment
inspections, calibrations, and repairs based on established checklists or guidelines. “Face to face interaction” refers specif-
ically to transactions that require physical proximity of the worker, for example: caring for patients in a hospital, or serving
food to a restaurant patron.
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occupations that engage heavily in routine tasks are highly susceptible to declining employment.

In these figures we see that the data offer strong circumstantial evidence that the decline in mid-

level employment and wages is linked to task characteristics. Whether an occupation is concentrated

in routine or abstract tasks is clearly important in explaining changes in relative demand. However,

the existing literature lacks direct empirical tests of this link, particularly with respect to offshoring

(with the exception of a new working paper by Oldenski).6 It is also important to point out that either

type of middle task substitution, computerization or offshoring, is consistent with the routinization

hypothesis.7 Either mechanism, or a combination of the two, would result in a decrease in the relative

demand for workers in the mid-level occupations, and produce a decline in the relative wage of median

workers. Given this theoretical ambiguity, the relative importance of offshoring to expanding wage

inequality is an empirical question that needs to be addressed.

The objective of this paper is to address this gap in the empirical literature. Specifically, this paper

asks the following questions:

1. How much of the observed increase in upper tail inequality can be explained by offshoring?

2. Are these effects due to selection?

3. How well does the task based model apply to the contribution of offshoring: does offshoring act as

a substitute for routine tasks, and/or does offshoring increase the relative returns to nonroutine

cognitive tasks?

3 Offshoring

Public opinion polls show that a majority of Americans believe that increased globalization, in the

forms of immigration, trade, and offshoring, is harmful to the wages and employment prospects of

native workers.8 Whereas in the past it was primarily manufacturing workers who held the view that

6Recent work by Oldenski (October 2012) supports the claim that offshoring can be explained by routinization in the years
2002 to 2008.

7Feenstra and Hanson (1999) remains one of the primary studies that aims to directly compare the two.
8http://www.people-press.org/2011/02/24/public-favors-tougher-border-controls-and-path-to-citizenship/;

http://www.gallup.com/poll/115240/Americans-Negative-Positive-Foreign-Trade.aspx
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offshoring was depressing American jobs and diminishing American wages, workers in the service sec-

tor are increasingly adopting this aversion to offshoring. In a 2004 Gallup poll, two-thirds of investors

reported that they believed offshoring was harmful to the US economy’s overall strength.9 There is

some recent research supporting the point of view that American workers are harmed by trade and

offshoring. Autor, Dorn and Hanson (2012) show that exposure to Chinese imports has negative ef-

fects on local labor market employment and wages. However, most academic studies on offshoring

highlight the labor market benefits. Ottaviano, Peri and Wright (2010) conclude that offshoring has no

negative effects on Employment. Using a different measurement technique, Wright (2011) finds that

offshoring (in the US manufacturing sector 1997-2007) did displace domestic production workers, but

because offshoring industries have greater output, overall employment in these industries increases.

Like Wright, Olney (2011) considers offshoring in the framework of traded tasks (from Grossman and

Rossi-Hansberg (2008)). Comparing the wage effects of immigration and offshoring, he finds stronger

(positive) effects for wages from offshoring, which he cites as evidence of a productivity effect. Amiti

and Wei (2009) also stress the productivity effect: they credit service offshoring with 10 percent of the

increase in labor productivity between 1992 and 2000.

Although these studies provide valuable insights to the aggregate effects of offshoring, these effects

may not be felt equally throughout the wage distribution. It is essential to also investigate whether

offshoring changes the shape of the wage distribution. Crinó (2010), shows that medium and low-

skilled occupations see a negative employment response to service offshoring. Although Crino looks

exclusively at service industries, my analysis of both services and manufacturing confirms his results.

Feenstra and Hanson (1996, 1999) conduct the most rigorous studies on the effects of offshoring for

the wage distribution in the US 10, and show that offshoring is an important channel through which

trade affects the demand for labor of different skill types. They find that that the increase in imported

intermediates explains 11% to 51% of high-skilled labor’s increased share of the total wage bill (the

estimate varies based on the definition of offshoring that is used). However, other studies (e.g. Slaughter

9http://www.gallup.com/poll/11506/Investors-Support-Outsourcing.aspx
10their definition of inequality is the production workers’ share of the total wage bill
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(2001)) find that the impact of offshoring on wage bill share is insignificant when time fixed effects are

included.11

3.1 What is Offshoring?

Offshoring, also referred to as “trade in tasks,” is defined as conducting some portion of final good

production outside the domestic border. Offshoring is commonly but incorrectly called “outsourcing,”

which refers to arms length production that takes place either domestically or internationally. It in-

cludes both foreign outsourcing from unrelated suppliers of intermediate goods (international arms

length production) and tasks performed abroad by subsidiaries or related entities of a multinational

firm (foreign direct investment). Tempest (2006) describes Mattel’s production process for the many

components of a Barbie doll, which takes place in the United States, Saudi Arabia, Japan, Taiwan, China,

Indonesia and Malaysia, and finally is marketed and distributed back in the U.S. Automobiles and elec-

tronics are other examples of goods in which most of the manufacturing process occurs globally.

When offshoring takes the form of intermediate good production, physical goods are shipped from

one country to another and counted as part of total trade volume. However, a growing portion of trade

in tasks is actually in services. Accounting and tax services, radiology and other medical laboratory

processes, customer service call centers, document processing, and data processing are all services that

are now traded internationally. Given that much of these service products can be delivered between

parties electronically, the transportation costs are close to zero.

The primary obstacle to measuring and studying offshoring in U.S. firms is that there is no offi-

cial dataset or reporting process for trade in tasks. When trade in physical goods occurs between two

unaffiliated firms, it is not always clear whether goods are intermediate inputs or final use commodi-

ties. The value of international transactions within a firm may be manipulated by the firm in order to

avoid certain import taxes. Even without firm manipulation, the cost of importing both goods and ser-

vices within the firm is much lower than importing them from an unaffiliated supplier. Finally, the fact

that offshoring is widely prevalent speaks to another source of distortion: prices of international com-

11I use both time and industry fixed effects throughout my empirical analysis.
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modities are not fully arbitraged, and imported inputs are generally cheaper than domestic substitutes.

Much of the trade in services is not reported officially at all, although the BEA does now collect survey

data from American firms on trade in services with affiliated parties. For these reasons, it is neccessary

to construct an approximate measure of offshoring.

3.2 Offshoring measurement

Offshoring measurement for U.S. industries is not straightforward because the U.S. does not currently

compile data on offshoring by American firms. Feenstra and Hansen (1996) introduced a method for

measuring offshoring in the manufacturing sector, and Amiti and Wei (2009) follow a similar tech-

nique to measure offshoring in five broad service categories. I build on these previous measures of

offshoring by including both manufacturing and service industries in the analysis, using industry level

input-output tables and trade data for both sectors. I define offshoring as the share of an industry’s non-

energy inputs that are imported. Measurement according to this definition requires both information

about the use of intermediate inputs and information about import intensities of all relevant inputs. I

use a combination of international trade data from the Bureau of Economic Analysis (BEA) and industry

level production data obtained from BLS input-output tables. The measure of each industry’s material

offshoring of material production is denoted as OSMi t and OSSi t is the measured offshoring of service

inputs. The intermediate goods usage data is taken from the Bureau of Economic Analysis (BEA) in-

put output accounts, based on the 2002 benchmark tables and downloaded from the Bureau of Labor

Statistics (BLS) 12. These tables give the breakdown of all input materials and services, by industry. The

offshoring measure is defined as:

OSi t =
∑

j

[ inputs j i t

total non-energy inputsi t

]
∗

[
imports j t

production j + imports j −exports j t

]

For each input good or service j, the first term represents input purchases of that good (service) by the

12The data are available starting in 1993, http://www.bls.gov/emp/ep_data_input_output_matrix.htm.
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industry i during period t, as a fraction of all non-energy inputs (both material and service) for industry

i at time t. The second term represents the share of good or service j that was imported nationally: total

imports of good or service j, divided by total supply of j (total supply is equal to domestic production

plus net imports of service. This second term is calculated at the country level for each year, since

imports and exports of each input are not available by industry. It is neccessary to assume a constant

share of imports in j for all industries that use j as an input. The metric can equivalently be expressed

as:

OSi t = 1

Inputsi t

[∑
j

inputs j i t ∗ imports j t

total domestic supply j t

]

Throughout this paper I will use OSM to refer to manufacturing offshoring, and OSS to refer to ser-

vice offshoring. The services that I included were (1) finance, (2) insurance, (3) telecommunications, (4)

business support services,13 and (5) computer and information services. Other major service categories

(for example: educational services, transportation services) are not included because trade volumes are

either equal to zero or simply unreported. The measure for OSM is a sum over 38 manufacturing indus-

try inputs. Out of the 170 final use commodities in the BEA input-output tables, I am able to construct

measures of OSM and OSS for 129 industries present in the Census in 1990, 2000 and 2010. Figure 5 and

Figure 6 display the box plots of these measures over the period 1993 to 2000.14

From the figures, one can see that both measures are increasing over time, and increasing in vari-

ance. This is particularly true of the OSS measure. The data for trade in services is limited during the

1990s, and it was neccessary to aggregate many service inputs into the five categories described above.

This and the fact that service imports were very low in the 1990s produce an OSS measure that is quite

small in magnitude and variance during the 1990s. In the 2010 data, the top three industries in material

offshoring were metals processing, computer equipment manufacturing, and seafood production and

13This includes business, professional, scientific and technical services. For example: legal, administrative, medical support
services.

14I matched 1993 OSS and OSM measures with wage data from the 1990 Census, since the BEA data is unavailable for the
year 1990.
The measure was adapted to the state level for a robustness check. In order to measure offshoring variables for a state, I cal-
culated the weighted average of all industry level offshoring measurements, using each industry’s share of gross state product
for the weights.
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packaging. Other industries with a high OSM measures tended to be manufacturing industries. The top

three service offshoring industries included a service industry: insurance, as well as two manufacturing

industries: computer equipment and pharmaceuticals.

4 Theoretical Framework

In order to inform the empirical analysis, I describe a simple task based model and characterize the

effect of offshoring on wages within this framework.

4.1 Production

The factors of production are labor in the form of three types of tasks: manual (M), routine (R), or ab-

stract (A). Total economic output is a Cobb-Douglas aggregation of the three task inputs: Y = LαM LβR LγA ,

with α+β+γ = 1. One can think of the task-specific production LM ,LR ,and L A as intermediate good

production, where overall economic output is an aggregate of these intermediate goods. Normalizing

the price of the final good to 1 and assuming zero fixed costs, profit is equal to

LαM LβR LγA −pM LM −pR LR −p AL A

where pk is the price of intermediate good k ∈ {M ,R, A}. Profit maximization yields the following first

order conditions:

FOC (LM ) : α
Y

LM
= pM (1)

FOC (LR ) : β
Y

LR
= pR (2)

FOC (L A) : γ
Y

L A
= p A (3)

Dividing (3) by (2) and rearranging, we can write the relative demand for abstract tasks with respect to

the demand for routine tasks, which is always increasing in pR

p A
.
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L A

LR
= γpR

βp A
(4)

Similarly, the relative demand for routine tasks versus manual tasks is increasing in pM

pR
and can be

written as:

LR

LM
= βpM

αpR
(5)

4.2 Workers

Labor is supplied inelastically by workers in one of the three types of task (M, R, or A). Each worker has

exogeneously determined skill level z, where z ∼G(.) over the interval [0,1]. An individual with skill level

z can produce φk (z) units of output, where k ∈ {M ,R, A}. In this case, worker productivity is constant

for task M, but linear and increasing in skill for tasks R and A.

φk (z) =



aM , for k = M

aR +bR z, for k = R

aA +bA z, for k = A

Let aM > aR > aA . This means that an individual with the lowest amount of skill, z = 0, would be

the most productive in the M task, and very poor at producing the A task. Setting 0 < bR < bA means

that productivity increases with skill in both the routine and the abstract tasks, but the marginal return

to skill is greater in the abstract task. These assumptions on the parameters of φk (.) imply that for

three workers with skill levels z ′ < z ′′ < z ′′′, z ′ will have a comparative advantage in the manual task,

z ′′ will have a comparative advantage in the routine task, and z ′′′ will have a comparative advantage

in the abstract task.15 Hence, in an efficient allocation of labor, the least skilled workers will perform

manual tasks, the most skilled workers will perform abstract, and those workers in the middle of the

skill distribution will perform the routine tasks.

15In general, the assumption that
φA (z)
φR (z) and

φM (z)
φR (z) are both increasing in z is sufficient to generate this pattern of compara-

tive advantage.
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Figure 1.7 illustrates that this is the equilibrium allocation of skill to tasks: for every skill level z, the

worker selects the task in which she earns the highest wage. Each worker will be paid the value of her

marginal product: the unit price for task k multiplied by her productivity φk (z).

wk (z) = pkφk (z)

We can solve for the threshold points Z1 and Z2 in terms of the productivity parameters and intermedi-

ate good prices. In equilibrium, the worker with skill level z = Z1 will be indifferent to working in either

manual or routine tasks:

pM aM = pR (aR +bR Z1) (6)

=⇒ Z1 = pM aM −pR aR

pR bR
(7)

Taking the partial derivative of Z1 with respect to pr , we can see that ∂Z1
∂pR

< 0.

∂Z1

∂pR
= ∂

∂pR

(
pM aM −pR aR

pR bR

)
= −aR (pR bR )−bR (pM aM −pR aR )

(pR bR )2

=−pM bR aM

(pR bR )2 < 0

As the price for the routine task falls, the threshold skill level between the manual and routine tasks

rises. As a result, some workers will switch from the routine to the manual task. Similarly, the worker

with skill level z = Z2 will be indifferent to working in either routine or abstract tasks:

pR (aR +bR Z2) = p A (aA +bA Z2) (8)

=⇒ Z2 = pR aR −p A aA

p AbA −pR bR
(9)
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The threshold level Z2 is increasing in pR :

∂Z2

∂pr
= ∂

∂pr

(
pR aR −p A aA

p AbA −pR bR

)
= aR (p AbA −pR bR )− (pR aR −p A aA)(−bR )

(p AbA −pR bR )2

= aR p AbA −bR p A aA

(p AbA −pR bR )2

which is > 0 if and only if

aR p AbA > bR p A aA

aR

bR
> aA

bA

The above inequality holds by assumption (aR > aA and bR < bA). As the global price for the routine task

increases, the threshold skill level between the routine and abstract tasks rises: some workers previously

performing the routine task will switch to the abstract task. Substituting the parameters for Z1 and Z2,

we can express the length of the skill interval in which routine tasks are performed as

Z2 −Z1 =
(
pM aM −p A aA

)
pR bR + (

pR aR −pM aM
)

p AbA(
p AbA −pR bR

)
pR bR

(10)

This expression is increasing in PR : the skill interval that represents the workers engaged in the routine

task will narrow as the price for routine labor falls.

4.3 Labor Market Clearing

Market clearing in each type of task requires that the sum of the workers’ productivity in each type of

task must be equal to the total factor demand. The market clearing condition for manual tasks LM is:

LM = aRG(Z1) (11)
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Since G ′(.) is non-negative, the share of domestic labor in the manual task will increase as Z1 increases

(equivalently, as pR decreases).

Market clearing for routine and abstract tasks are given by:

LR = aR (G(Z2)−G(Z1))+bR

∫ Z2

Z1

z.g (z)dz (12)

and

L A = aA (G(1)−G(Z2))+bA

∫ 1

Z2

z.g (z)dz (13)

We can show that LR , the mass of domestic labor production in the routine task, is generally in-

creasing in pR .

∂LR

∂pR
= aR

[
G ′(Z2)

∂Z2

∂pR
−G ′(Z1)

∂Z1

∂pR

]
+bR

[
∂

∂pR

∫ Z2(pR )

Z1(pR )
zg (z)dz

]
(14)

The first term in (14) is positive:

aR

[
G ′(Z2)

∂Z2

∂pR
−G ′(Z1)

∂Z1

∂pR

]
> 0

because

G ′(z) > 0

∂Z2

∂pR
> 0

∂Z1

∂pR
< 0.

The second term is also positive. We can write this term as:

bR

[
∂

∂pR

∫ Z2(pR )

Z1(pR )
zg (z)dz

]
= bR

[
∂Z2

∂pR
Z2g (Z2)− ∂Z1

∂pR
Z1g (Z1)+

∫ Z2

Z1

∂

∂pR

(
zg (z)

)
dz

]
.
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Since

∂Z2

∂pR
> 0

∂Z1

∂pR
< 0

Z2g (Z2) > 0

Z1g (Z1) > 0

∂

∂pR

(
zg (z)

)= 0,

it follows that

bR

[
∂

∂pR

∫ Z2(pR )

Z1(pR )
zg (z)dz

]
> 0

=⇒ ∂LR

∂pR
> 0.

Similarly, we can show that

∂L A

∂pR
= ∂

∂pR

[
aA (G(1)−G(Z2))+bA

∫ 1

Z2

z.g (z)dz

]
< 0. (15)

4.4 Offshoring in the task based framework

Offshoring occurs when firms can use foreign workers to replace more costly domestic workers. As

Autor (2008) points out, certain characteristics make a specific class of occupations easier for a firm

to offshore. For example, occupations requiring face to face contact (such as childcare providers, bar-

tenders, public transportation attendants) may not require a high level of skill, but are difficult or im-

possible to offshore. Abstract tasks are also prohibitively difficult or costly to offshore, because these

occupations require the worker to engage in a constantly changing enviroment and respond using hu-

man judgement. Assuming that routine (R) tasks are the potentially offshorable task input, access to

cheap foreign labor for this task is equivalent to a decrease in the global price for R tasks: pR ↓. As a
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result, some of the domestic middle task workers will be displaced by foreign workers, and switch to

either the manual or the abstract task. From Equation (10) one can show that with a decline in pR ,

(Z2 − Z1) will decrease. Using Equation(12), this also means that the quantity of domestic labor em-

ployed in the routine task will fall. Furthermore, congruent with the Stolper Samuelson theorem, the

relative payments to abstract task workers relative to routine workers will increase, since routine tasks

are now being imported. Figure 1.8 shows the effect of this type of price shock on wages and on the

allocation of workers between tasks.

In this framework, introduction of offshoring as a decline in the global price of mid-level labor im-

plies that increased offshoring will be associated with decreased real wages for middle skilled workers,

an increased 90/50 spread, as well as a decreased 50/10 spread. One could also consider the case in

which routine and abstract tasks are price complements 16: in this case a decline in the global price for

routine tasks will increase the demand for abstract tasks, and we will see an increased wage level for

high skill workers as in Figure 1.9.

5 Empirical Strategy

5.1 Measuring Inequality

The empirical analysis uses data from several sources. For individual level wages, I use data from the

1990 and 2000 Census, and the 2011 American Community Survey (ACS).17 I restrict the sample to civil-

ian individuals aged 16 to 65 who worked for wages for at least one week in the year prior to the survey.

Using annual earnings, weeks worked during the year, and average hours per week, I construct hourly

wages for each individual. For each industry in 1990, 2000, and 2011, I use the difference in log wages

between the 10 percentile and the median, as well as the log gap between the median and 90th per-

centile wage, as measures of lower and upper tail inequality, respectively. Table 1.1 describes the data

16for example, a CES production function with elasticity of substitution<1
17Earnings from the 2011 ACS are further removed from the 2008 recession shock than earnings in the 2010 ACS.
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aggregated at the industry-year level.18 The mean industry employs a little under 1 million people. It

pays an annual income to its 10th percentile, median, and 90th percentile workers of roughly $7,000,

$28,000, and $63,000.19 Employees of the average industry are 15 percent foreign born, 11 percent black,

37 percent female, 22 percent college educated, and 17 percent are union members. The final dataset

used in the empirical analysis has 367 observations: 121 industries in 1990, and 123 in 2000 and 2011.

5.2 Econometric specification

I used a fixed effects model for the baseline analysis. The empirical framework for examining the effect

of offshoring on inequality is the following:

Yi t =α+β1ossi t +β2osmi t +γXi t +δi +τt +ei t

where Yi t is the relevant outcome variable for industry i during year t, osmi t is offshoring of material

inputs, ossi t is service offshoring, Xi t includes industry characteristics: controls for female, black, and

immigrant employment, college-educated share of employment, and unionization. (Observations are

weighted by total industry employment, measured in persons employed.)20

The dependent variables that I use include: log hourly wage at the 10th, 50th, and 90th percentiles,

and the spreads between the median log wage and the 10th and 90th percentile log wages, respectively.

spread50−10,i ,t = lnω50
i t − lnω10

i t

spread90−50,i ,t = lnω90
i t − lnω50

i t

These measures represent the mid-skill premium relative to low-skill wages, and the high-skill premium

relative to mid-level wages.

18Industries are defined at the 3-digit NAICS level, although it is neccesary to further combine some of the 3-digit industries
in order to harmonize data from the Census and the BEA.

19All dollar amounts are given in 1999 dollars.
20In a perfectly competitive model of the labor market, workers of equal skill levels should have identical wages across

industries. However, there is plenty of empirical evidence of inter-industry frictions and resulting wage differentials; see
Gibbons and Katz (1992), Abowd, Kramarz and Margolis (1999).
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6 Results

The results for the baseline fixed effects model are displayed in Table 1.2. Columns 1, 2, and 3 use the

log wage at the 10th, 50th, and 90th percentiles as the dependent variable. The outcome variable in

Column 4 is the lower tail inequality: the difference between the 10th percentile and 50th percentile

log wage. Column 5 uses the upper tail inequality: the difference between the median and the 90th

percentile. I also include log industry employment as a dependent variable; these results are in Column

6. All specifications include a full set of year and industry fixed effects. With the exception of Column 6,

observations are weighted by industry employment.

Both OSS and OSM have a significant and positive effect on wages throughout the wage distribution.

Because the magnitude of these effects is substantially larger for the industries’ 90th percentile wage

than for the median wage, OSM and OSS also each have a significant and positive effect on the upper

tail wage spread, with estimated coefficients of β̂OSS = 1.376∗∗ and β̂OSM = 0.215∗∗ (see Column 5 of

Table 2).21

Table 1.3 interprets the results of the fixed effect regression in the context of the sample data set.

During the sample period 1990-2011, industry upper tail inequality (ln( w90
w50

) has a standard deviation

of 0.1735 log points. An estimated OSS coefficient of 1.376 for the upper tail regression means that an

increase in the OSS measure of 1 standard deviation is associated with an increase in upper tail wage

inequality of approximately 0.011 log points, or roughly 6% of the between industry standard deviation

found in the data. An OSM coefficient of 0.215 implies that a 1 standard deviation increase in material

offshoring results in an increased upper tail spread of 0.02 log points, which is 12.6% of the observed

industry variance.

The time series interpretation is summarized in Table 1.4. Between 1990 to 2011, the mean indus-

try in the sample experienced an increase in services offshoring from 0.0143 to 0.0287, a difference of

21Robustness checks: these results are robust to various alternative specifications. I separate the sample by gender, and
also into services and manufacturing. I use weekly log wages to construct the wage levels and spreads, and I remove various
industry level controls (not the fixed effects). I use different definitions for the wage spreads (for example: 30th-10th percentile
spread, or 90th-70th percentile spread), and do not find any discontinuities. I also use the CPS wage data as an alternative to
the Census. In general these regressions have less precision, but do not contradict the results in the baseline equation.
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0.0144. This implies an increase in upper tail wage inequality of (1.376)(0.0144) = 0.02 log points, which

is 32% of the observed increase in the 90/50 spread for this period.22 Similarly, the increase in material

offshoring of 0.114 23 implies an increase in the 90/50 spread of 0.025 log points: 40% of the observed

rise in upper tail inequality.

In contrast to the positive wage effects, material offshoring has a negative effect on employment:

Column 6 of Table 1.2 shows that the estimated coefficent for OSM is -1.236**, indicating that a 10%

increase in material offshoring leads to a 12% decline in industry employment. (Due to the limited

variation of the trade services data, these results are not precise enough to give any information about

the effect of service offshoring on employment.) Given the sample standard deviation in OSM of 0.102,

this result attributes 9.5% of the standard deviation in employment to material offshoring. These data

clearly indicate a tradeoff between employment and real wage levels for workers in offshoring indus-

tries.

6.1 Potential Mechanisms

There are three primary reasons that offshoring might have a positive effect on wages and the upper tail

spread. The first standard explanation of many trade models is that offshoring is associated with more

productive industries, and workers in such industries are rewarded for their relatively high marginal

product with higher wages. If these wage effects are increasing in the wage rank, they would act to

exacerbate the upper tail spread as well. It is important to note that this mechanism is not consistent

with a competive labor market model: in a competitive model, wages are determined on a macro level

by labor supply and demand and firms choose a level of production at which the marginal product of

labor is equal to the market wage. 24

However, several other authors including Grossman and Rossi-Hansberg (2008), Ottaviano et al.

(2010), and Wright (2011) assume a model in which offshoring decreases production costs and increases

22from Table 1.1: mean increase in 90/50 spread from 1990 to 2011 was 0.062 log points
23The mean industry OSM measure was 0.112 in 1990, and 0.226 in 2011.
24Example: CD Production (Y = LαK 1−α)
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productivity in all workers. In order to address this viewpoint, I include industry level productivity as a

control in the fixed effects regression. (Productivity is defined as output per labor hour.) In Table 1.5, I

include industry productivity, and find that the coefficients for wage levels and spreads are very similar

to those in the baseline fixed effects model. In addition, the productivity coefficients in the wage level

and wage spread regresions are insignificant. From these results there is no evidence that the wage

effects in Table 1.2 are driven by increased productivity. Regressing productivity on industry controls

and the offshoring measures also fails to indicate that either form of offshoring has any significant effect

on productivity.

Secondly, the positive wage effects could be driven by the fact that industries that offshore heavily

are disproportionately replacing their low and middle skilled domestic workers with foreign workers.

This explanation is supported by the large negative effect of OSM on employment, shown in Column

6 of Table 1.2. 25 In the extreme case, if the total unemployment implied by the additional offshoring

came from the bottom half of the distribution, this would result in higher average wages for the new

distribution of surviving workers. By construction, 10th percentile wages in an industry that has previ-

ously laid off the low skilled workers will be higher than the 10th percentile wage in an identical industry

that did not undergo such layoffs.

I carry out the following bounding exercise in order to assess the extent to which the employment

effects could create the illusion of higher wages throughout the wage distribution. First, for each indus-

try in the 1990 sample, I multiply the observed change in OSM between 1990 and 2000 by the value of

the OSM coefficient in the fixed effects model of log employment (approximately 1.2, Table 2, column

6).

βOSM ∗4OSMi ,1990−2000 ∗100%

• Profit maximization →

αLα−1K 1−α =ω

productivity = LαK 1−α
L

=α−1ω

• Productivity ↑ because ω ↑

25This negative effect of offshoring on employment contradicts the findings of Olney (2011)
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This gives the predicted percentage decrease in employment implied by the regression results in col-

umn (6) of Table 2. Then, I look at the case in which the full change in employment comes from

the lower end of the wage distribution. For example, suppose an industry increased OSM by 0.08

(dOSMi ,1990−2000 ∗ 100 = 8%). The implied percentage decrease in industry i as a result of material

offshoring is equal to

1.2∗ dOSMi ,1990−2000 ∗100% =

1.2∗8% = 10%

where dOSMi ,1990−2000 is the change in the OSM measure between 1990 and 2000. All workers in the

1990 sample are ranked according to their hourly wages, and the lowest 10 percent of workers are elim-

inated. I use a similar method to truncate all industries in the 2000 sample, using the change in OSM

between 2000 and 2010. The 2010 sample is unchanged for this exercise.

Table 6 shows the results from the bounded dataset. The coefficient for OSS is not much changed for

any of the outcomes. This is in line with reasonable expectations since the datsets were not truncated

on the basis of changes in the OSS. It also supports the weak correlation between OSS and OSM. How-

ever, the effects of OSM on the low level and median wage are now significantly negative, and the effect

on the high level wage is statistically zero. Both the lower tail spread (column 4) and upper tail spread

(column 5) regressions show a postive coefficient for OSM. The coefficient in column 5, for the upper

tail spread, has increased from 0.215*** to 0.473***. So, it is possible that the negative employment ef-

fects are not only giving the offshoring industries the appearance of higher wages, but also masking the

full impact on upper tail inequality. It is important to emphasize that since I cannot track which indi-

viduals are laid off between Censuses, this bounding exercise shows only what the employment effect

may be doing, and it cannot provide any definitive empirical support for this mechanism. It shows only

that this mechanism cannot be ruled out.

Thirdly, in keeping with the task based framework, it could be that offshoring acts as a substitute for
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the routine task inputs originally performed by workers in the middle of the wage distribution. When

industries experience increased access to offshoring, the global price of routine task inputs drop. As

a result, domestic workers see their market wage fall relative to workers in manual and abstract tasks,

as depicted in Figure 8. This mechanism alone would explain a positive effect of offshoring on the

upper tail spread, but it would not directly imply higher real wages throughout the skill distribution.

Furthermore, if only routine tasks and not low skill manual tasks are offshored, we would see a negative

effect of offshoring on the 50/10 spread.

Some authors (for example, Acemoglu et al. (2011)) have proposed that offshoring operates like an

abstract task enhancing technological shock (see Figure 9). For example, if offshoring is complemen-

tary to the highly complex task, and substituble with routine occupations, increased offshoring would

produce an increased wage gap between these two categories and explain the positive wage effects

seen at the 90th percentile level. The observable implications are similar if routine and abstract tasks

are p-complements. Nonetheless, without an overall increase in worker productivity, this still does not

explain the positive wage effects at the 10th and 50th percentiles.

In order to investigate this task based model as a potential explanation, I use data on task character-

istics from the O*NET database.26 The O*NET dataset contains various measures of task characteristics

associated with several hundred different occupations. I start with a rough partition that classifies all

of occupations as being either routine, manual or abstract, then refine these classifications into six dif-

ferent measurements. Following the practice of Autor Levy Murnane (2003), Autor and Dorn (2012 wp)

and Autor Katz and Kearney (2006), the refined measures are organized along two broad dimensions: (i)

routine versus non-routine, and (ii) cognitive versus manual. Non-routine tasks are further described as

either analytic or interpersonal. Additionally, non-routine occupations could be either physical (truck

drivers, fire fighters) or cognitive (lawyers, teachers) in nature. Table 7 gives descriptions and examples

for each of the six measures: non-routine cognitive analytic, non-routine cognitive personal, routine

cognitive, routine manual, non-routine manual physical, non-routine manual personal. Examples of

26The Occupational Informational Network, or O*NET, is a database produced jointly by the US Deparment of Labor and
the Employment and Traning Administration. It is available online at http://www.onetcenter.org/.
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non-routine cognitive analytic occupations are physicians, mathematicians, and economists. Exam-

ples of Routine Cognitive occupations include switchboard operators and call center workers.

These measures are normalized across the occupations that appear in the 1990 Census, which

serves as my base year. I assigned each occupation in my dataset a binary score for each of these nine

measures, equal to 1 if the occupation’s score was above the mean occupation score in the 1990 sam-

ple. For example, in 1990, the (weighted27) mean routine cognitive score for all ocupations was equal to

-.0771. So, an occupation in any year is classified as Routine Cognitive (RCog=1) if it has a routine cog-

nitive score greater than -.0771. Then, industries are described by the fraction of occupations in each of

the six main categories. This means that an occupation has a binary variable in each of the three course

categories, and each of the six finer categories, and each industry has nine corresponding continuous

variables that vary between zero and one.

To summarize the relationships between these task measures and offshoring, I regressed service

and material offshoring on the lagged industry level measures. Lagging the occupational composition

reduces the potential for endogeneity, assuming that current offshoring does not affect past industry

composition. Table 8 shows the results from regressing OSS on the three coarse categories in Column

(1), and the results from regressing OSM on the three coarse categories in Column (2). It is clear that

there are fundamental differences between the two different forms of offshoring. OSS increases with

the share of routine jobs and decreases with the share of manual jobs. This is consistent with the notion

that the routine tasks are highly offshorable, while manual tasks require a proximate worker and are

harder to move overseas. However, Column (2) shows that material offshoring decreases with routine

jobs and increases with the share of abstract tasks.

Since the latter result appears to contradict the assumptions of the task based model, I re-estimate

the two equations using the finer task descriptions. The estimated coefficients for the finer measures

are given in Columns (3) and (4) of Table 8. With respect to service offshoring, the positive effect of

routine tasks in Column (1) is supported by the positive effect of Routine Cognitive tasks in Column (3).

The negative effect of manual tasks on OSS is also confirmed, since the variables nonroutine manual

27weighted by the occupation’s 1990 population
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physical and nonroutine manual personal also have negative signs. The material offshoring measure is

less straightforward. Both types of routine task measures–cognitive and manual–have negative signs,

although only the former effect is statistically significant. But the coarse abstract measure is divided

into Nonroutine Cognitive Analytical and Personal. While both these measures have a positive effect

on OSM, neither is significant.

Finally, I run the baseline fixed effects regression including all original control variables in addi-

tion to the 10 year lagged fraction of occupations in the industry that are in each of the three coarse

categories, followed by the six finer measures.28 Tables 9 and 10 show that including these lagged oc-

cupation shares does change the estimated effect of the OSM measure and OSS meausures. For a given

occupational composition, an industry will see larger effect on upper tail inequality from OSS and a

slightly smaller but still positive effect from OSM.

7 Conclusion

In this paper, I examine the impact of offshoring on wage convexification through the framework of a

task based model. In particular, I look for evidence to support the hypothesis that offshoring decreases

relative wages of middle skilled workers because these workers perform highly routine tasks. I use in-

dustry level measures of offshoring and aggregate individual wage data to construct industry measures

of upper and lower tail inequality. I find that offshoring significantly increases wage levels at each point

in the earnings distribution and also increases the 90/50 spread.

Of the three mechanisms that I consider, both a productivity effect and selection are consistent with

the positive wage effects. I show that the positive wage effects could be fully explained by selection, and

this explanation is plausible because the increased wages in offshoring industries are accompanied by

a large decrease in employment. However there is no empirical evidence of productivity enhancement.

In other words, elevated wages in highly offshored industries are most likely due solely to the fact that

domestic positions for low paid, low skilled workers are being eliminated. The positive effect of service

28Using current occupation shares does not change the offshoring coefficients from those seen in the baseline regression;
moreover current offshoring measures appear uncorrelated with current industry composition
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offshoring on the 90/50 spread is magnified when lagged occupational composition is controlled for,

while the positive effect of material offshoring is dampened. This study provides support for the hy-

pothesis that offshoring is directly increasing inequality in the upper half of the wage distribution, but

also shows that positive wage effects of offshoring are due to selection in layoffs. The results shown in

this paper indicate that offshoring acts as a substitute for domestic workers in routine service occupa-

tions.
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Figure 1: Evolution of Hourly Wages (Men)
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Figure 2: Evolution of Hourly Wages (Women)
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Figure 3: Changes in Employment Shares by Complexity
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Figure 4: Changes in Employment Shares by Offshorability
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Figure 5: Offshoring of Material Inputs
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Figure 6: Offshoring of Service Inputs
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Figure 7: Wage Schedule for Efficient Task Allocation
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Figure 8: Decline in the Global Price for Routine Tasks
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Figure 9: Abstract Task Enhancing Technology
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Table 4: Effect on Upper Tail Inequality
S hare of 90/50 Increase Explained by Offshoring (Mean Industry 1990-2011)

∆1990−2011 OS β ∆1990−2011 ∗β ∆1990−2011 Ineq. ∆Predicted
∆Observed

OSS 0.0144 1.376 0.0199 0.062 0.32

OSM 0.1151 0.215 0.0247 0.062 0.40
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