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Abstract

I use firm-level data on offshoring paired with occupation-level data on employment
and wages to estimate the impact that offshoring has had on U.S. workers from 2002
to 2008. I find that offshoring by U.S. firms has contributed to relative gains for the
most highly skilled works and relative losses for middle skilled workers. An increase
in offshoring in an industry is associated with an increase in the wage gap between
workers at the 75th percentile and workers with median earnings in that industry,
and with a decrease in the gap between workers earning the median wages and those
at the 25th percentile. This pattern can be explained by the tasks performed by
workers. Offshoring is associated with a decrease in wages for occupations that rely
heavily on routine tasks and an increase in wages if the occupation is nonroutine and
communication task intensive.
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1 Introduction

The offshoring of intermediate inputs and back office services has received a great deal of
attention in policy discussions and the popular press, especially as it relates to employment
and wages in the US. Yet little empirical research has been done to increase our understanding
of how offshoring impacts different types of workers and what the implications are for the
detailed structure of employment in the U.S. This paper examines the distributional effects
of offshoring beyond the broad categories of skilled and unskilled labor that have historically
been used in the international trade literature. I begin with a model proposed by Acemoglu
and Autor (2010) that divides workers into high, medium, and low skilled groups. This
model has been used to show how skill biased technology change can lead to a polarization
of the workforce, that is, relative gains for workers at the high and low ends of the wage
distribution and relative losses for workers in the middle. Acemoglu and Autor suggest that
a similar result could be obtained from offshoring rather than technology change, however
they do not empirically test that prediction. In this paper, I provide evidence that offshoring
is indeed linked to increasing polarization of the U.S. workforce. To my knowledge, this is the
first paper to do so. I then show that the intensity with which occupations use nonroutine
tasks determines which workers gain or lose from offshoring.

Figures 1 and 2 illustrate the polarization that occurred in the U.S. labor force from 2001
to 2010. Figure 1 shows the log ratio of wages for workers at the 90th and 50th percentiles
of the wage distribution, as well as the same ratio for workers at the 50th relative to the
10th percentiles. The gap between the 90th and 50th percentiles increased steadily over this
time period, while the gap at the lower end of the distribution decreased slightly. Together,
these two trends add up to relative losses for the median worker. Figure 2 shows the changes
in log hourly earnings rates for the 10th, 25th, 50th, 75th, and 90th percentiles of the wage
distribution from 2001 to 2010. The greatest gains have been at the top, with smaller gains
at the bottom and middle of the distribution.

Previous work by Acemoglu and Autor (2010) and others has suggested that offhsor-
ing may contribute to this polarization trend, however that relationship has never been
documented empirically. Traditional models of trade do not offer much insight into any re-
lationship that may exist between offshoring and polarization. Increases in the gap between
workers at the very top and very bottom of the wage distribution can be linked to offshoring
using standard comparative advantage models of trade. However, models of comparative ad-

vantage based on endowments of skill, capital, and other factors can not predict the pattern



of polarization that we observe in the data. In this paper I present an empirical framework
that reconciles this disconnect between theory and evidence. When comparative advantage
is viewed in terms of tasks as well as labor endowments, more nuanced patterns in the data,
such as polarization, can be explained.

Implicit in the speculations of previous authors that offshoring may lead to a polarization
of labor demand in the US are a number of assumptions about which types of industries,
occupations, or tasks can be more easily offshored. Fragmenting the production process
in a way that moves certain intermediate inputs or processes to another country is easier
for certain types of production than for others. For example, activities that involve direct
interaction with consumers, such as haircuts or food service, can not be offshored while
those that are not location specific, such as data entry, can be. In addition, the literature!
has shown that firms are more likely to offshore routine tasks and keep nonroutine tasks
in their headquarters. Routine tasks can easily be broken down into a clear set of steps,
which can then be programmed into computer code (in the case of skill biased technology
change) or communicated to someone located in another country (in the case of offshoring).
Nonroutine tasks involve decision making, problem solving, or creativity. These nonroutine
tasks are both more difficult to communicate to overseas contractors or foreign affiliates
and more crucial to a firm’s core mission or strategy, and thus they are more likely to be
performed in a company’s US headquarters rather than offshored.

Figure 3 shows the importance of face-to-face communication for US workers by wage
quintile, using wage data by occupation from 2002 and communication intensity scores by
occupation from the Department of Labor’s Occupational Information Network (O*NET).
These measures follow a pattern that is very similar to that of the wage growth numbers
used to document the polarization of labor demand. The most communication intensive
industries are the top and bottom of the wage distribution, with the least interactive, and
therefore potentially the most offshorable, occupations concentrated in the middle of the
distribution. Figure 4 shows the importance of nonroutine tasks for occupations divided by
their 2002 wage quintile. The most nonroutine occupations are concentrated at the top of
the wage distribution. However, we observe a u-shape at the lower wages levels, as the lowest
quintile occupations are more intensive in nonroutine tasks than the second lowest quintile.

But these tradeability considerations are not the only factors that determine which tasks
will be offshored. At the same time that firms are making organizational decisions related

to the ease of separating production tasks across borders, they also face the comparative

1See Oldenski (2012b) or Antras, Garicano and Rossi-Hansberg (2006)



advantage reality that workers in certain countries are relatively more productive at per-
forming certain activities. When firms increase production at their foreign affiliates, they
are not doing so in a vacuum. Table 1 shows that increases in employment at, or sales by,
the foreign affiliates of US firms are associated with increases in both employment by those
same firms in their US locations and with US exports by those firms. A 10 percent increase
in employment at the foreign affiliates of a US multinational is associated with a 4 percent
increase in both employment in the US headquarters of those firms and a 4 percent increase
their exports from the US. The results presented in Table 1 are simply correlations and are
not meant to imply a causal relationship, as it is difficult to disentangle the endogenous re-
lationship between parent and affiliate activity. It is likely that decisions to increase activity
at both foreign affiliates and in the US are made jointly. However, it could also be the case
that increasing foreign affiliate activity increases productivity in a way that leads to higher
employment in the US and/or that exports and greater US employment follow foreign affili-
ate activity, for example, to provide post sale services or parts and maintenance. Whatever
the mechanism, the evidence is strong that foreign affiliate and US activity within a firm
move together and are compliments rather than substitutes. Any model that examines the
loss of certain US jobs as a result of offshoring without considering the concurrent gains in
other areas neglects this empirical fact.

Interactions between the “offshorability” considerations described above and compara-
tive advantage can explain both the overall widening of the wage gap in the US, as well as
disproportionate gains for workers at the top of the skill distribution and disproportionate
relative losses to workers in the middle of the distribution. Nonroutine and communication
intensive occupations are concentrated at both the top and the bottom of the skill distribu-
tion in the US. However, US workers at the top of the distribution also perform the jobs in
which the US has comparative advantage. Thus we should expect these high skilled, high
wage workers to gain the most from the increased tradeability of certain tasks both because
the areas they specialize in are activities that are more in demand in the US as trade expands
and because they are made more productive by the availability of cheaper complementary
low skilled tasks through offshoring. Middle skilled workers should gain the least, as they are
not in occupations for which the US has comparative advantage and are also more likely to
perform routine, easily offshorable tasks. Workers at the bottom of the distribution are not
in sectors in which the US has comparative advantage, yet many of the tasks they perform

are either nonroutine manual or location specific and thus less vulnerable to offshoring than
middle skill jobs.



In this paper, I first document that a significant relationship exists between offshoring
by US firms and the polarization of wages in the US from 2002 to 2008. I then show
that the tasks performed by workers in different occupations can explain this relationship.
The impact of offshoring on wages differs for occupations that are more or less routine or
communication intensive and rely to a greater or lesser extent on the use of computers, even
when controlling for skill and tradability, in a way that is consistent with an explanation
based on an interaction between offshorability and comparative advantage. The results show
that workers performing nonroutine tasks have experienced increases in their wages and
employment shares independent of offshoring. However, it is these nonroutine occupations
that have also gained the most from offshoring. While an increase in offshoring in a given
industry reduces wages for the most routine occupations in that industry, it increases wages
and employment shares for the more nonroutine occupations. This suggests that U.S. workers
have a comparative advantage in performing nonroutine tasks and that demand for workers

performing these tasks increases in the U.S. when U.S. firms offshore more routine tasks.

2 Literature Review

Theoretical literature on the relationship between trade and wages dates back to the Stolper-
Samuelson theorem of the Heckscher-Ohlin Model of trade. Simply put, in a two-country,
two-good, two-factor world, an expansion of trade should lead to an increase in the returns
to a country’s abundant factor and a decrease in the returns to its scarce factor. Empirical
tests of this prediction have produced mixed results.?

In the 1990’s, the focus shifted to the impact of international outsourcing, as opposed to
trade in final goods, on the wage gap®. However, these studies focused exclusively on the
offshoring of manufactured goods (rather than services) and only divided workers into two
skill groups based on educational attainment or their status as production versus nonpro-
duction workers. Based on this classification, it has been well documented that the wage
gap between high and low skilled workers has been growing over the last several decades and
that international trade in intermediate goods has been among the contributing factors to
this growing divide.

Over the past decade or so, offshoring has increasingly expanded beyond manufactured

goods to include business and IT services. Amiti and Wei (2005) and Gorg and Hanley

2See Leamer (2000) for a summary of empirical tests of the Stolper-Samuelson theorem
3See, for example, Feenstra and Hanson (1996, 1997 and 1999)



(2005) find that there are no long term or aggregate effect of an increase of service imports,
but when highly disaggregate data are used, workers in some narrowly defined industries
are negatively impacted in the short run. More recently, a few studies of trade and wages
have begun to estimate the impact of trade and offshoring on incomes in the U.S. at a more
detailed level. Ebenstein et al. (2011) use data from the Current Population Survey (CPS)
and show that the impact of offshoring on wages and employment can be either positive
or negative depending on the country in which the offshored work takes place and whether
workers remain in the same sector or shift from manufacturing to services after the offshoring
takes place. Liu and Trefler (2008) perform a similar exercise in which they examine the
impact of an increase in service imports from India and China on employment, earnings, and
occupational switching using CPS data. However, these studies do not look at the overall
distribution of wages.

On the theoretical side, an emerging literature has focused on trade in tasks, rather than
in physical goods. These models are meant to capture the increasingly complex divisions of
labor across countries that have been made possible by innovations in information technology.
Several theoretical papers have been written to model the impact of this trend on wages.*.
However, these papers do not address polarization and they have not been tested empirically,
due primarily to the difficulty of acquiring data on trade in intangible services.

It is extremely difficult to test models of trade in tasks empirically because trade data
are collected at the industry and firm level, rather than at the task or occupational level.
Oldenski (2012a and 2012b) has gotten around this data problem by constructing measures of
the intensity with which industries use certain types of tasks. This work has shown that US
firms are more likely to offshore routine tasks, while more nonroutine activities are performed
in their US headquarters. Alan Blinder has taken a more subjective approach, arguing that
the most important factor in determining the offshorability of an occupation is the extent
to which that occupation requires face-to-face interaction between the producer and the
consumer (Blinder 2009). Jensen and Kletzer (2007) highlight the enduring importance of
comparative advantage, offering evidence that even when certain activities are tradeable,
that does not necessarily imply that they will be offshored by US firms, as the US is a
net exporter of most tradable services. Firpo et al. (2011) show that the task content of
occupations can explain changes in the US wage distribution. However, they do not use
data on offshoring, but rather speculate that variation in the offshorabilty of tasks may

explain this relationship. Thus they document a link between tasks and changes in the wage
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distribution, but do not empirically test for a relationship between tasks and offshoring or
offshoring and polarization.

The labor literature has also devoted much attention to the rising wage gap between
skilled and unskilled workers in the U.S. Studies by Berman, Bound and Griliches (1994),
Autor, Katz and Kruegar (1998), and others have used what Acemoglu and Autor (2010)
refer to as the canonical model to examine the impact of technology change on the wage gap.
Recent work by labor economists has gone beyond the simple division of high and low skilled
labor to investigate more subtle changes in the U.S. wage structure. Papers by Autor, Katz
and Kearney (2006), Goos, Manning and Salomons (2009), Acemoglu and Autor (2010), and
Autor and Dorn (2010) have documented a “missing middle” or polarization of the U.S. labor
force. This polarization has been shown to be related to skill biased technological change.
Over time, returns to highly educated workers performing nonroutine cognitive tasks have
been increasing, as those workers are complements to, and thus made more productive by,
technological innovations. This leads to an increase at the top of the wage distribution.
Workers performing routine tasks have seen their wages fall as many of the activities they
perform are substitutes for technology. However, these workers are not concentrated at the
very bottom of the wage distribution. Rather they represent many higher end manufacturing
jobs as well as more routine service jobs, such as bank tellers and data entry workers. Jobs at
the lowest end of the wage distribution include many that require nonroutine manual tasks,
such as janitorial services and truck drivers, that can not be fully automated and replaced
by machines. Thus these jobs have not experienced a fall in wages relative to those in the
middle of the wage distribution. Offshoring has been suggested as an additional potential
explanation for this polarization effect, but has not been included in empirical studies of the
trend, which focus primarily on skill biased technology.

This paper attempts to bridge the gap between the approaches taken by labor economists
and those taken by trade economists by combining detailed firm level data on the offshoring
activities of U.S. multinationals with occupational level data on employment, wages, tasks

and education.

3 Theoretical Framework

The basic framework follows Acemoglu and Autor (2010). They present extensive evidence of
the recent polarization of the U.S. labor market, in which median wages have fallen relative

to those of workers at both the top and the bottom of the wage distribution. They then



propose a model with three types of labor and a continuum of tasks. Workers are either low,
medium, or high skilled. Each skill level has comparative advantage in the performance of
a subset of production tasks. Changes in technology (or in this case offshoring) may impact
the productivity of one or more skill group in performing each task. Their focus is on the
impact of skill-biased technical change, however they mention that a similar result can be
obtained using offshoring rather than technology as the source of the productivity change. I
begin by presenting their basic model, which I will test in the context of offshoring in Section
6.

3.1 The Acemoglu and Autor Model

Consider an economy with one final good Y that is produced by combining a continuum of

tasks, 7 € [0, 1] using Cobb-Douglas technology

Y = eap [/01 lny(z’)dz} (1)

Each task has the following production function:

where L, M, and H index low, medium and high skilled workers. A is factor-augmenting
technology and « is the productivity of workers at each skill level in performing task i. The
linear structure of the task production function means that workers of any skill level can
perform any task, however only one skill level will actually be used in production of that
task in equilibrium. In this sense, it is a comparative advantage model of task performance.
Tasks are indexed such that high skilled workers have comparative advantage in the higher
numbered tasks and oy (7)/aps (i) and apy (i) /ag (i) are assumed to be continuously differen-
tiable and strictly increasing. Assuming labor market clearing, it is straightforward to show
that there will be two cut off points, I and Iy such that all tasks with indices ¢ < I will
be performed by low skilled workers, all tasks with ¢ > Iy will be performed by high skilled
workers and I < ¢ < Iy will be performed by medium skilled workers. Using the assump-
tion of perfect competition in labor markets and properties of the Cobb-Douglas production
function, relative wages across skill groups can be expressed as a function of the equilibrium

allocation of tasks across skill groups, given by I, and Ig:
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points I, and Iy are in turn impacted by factor augmenting technology. Because of the
comparative advantage nature of the model
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In other words, a positive shock to the productivity of high skilled workers increases

<0 (5)

the range of tasks performed by these workers, primarily at the expense of middle skilled
workers. Thus the model predicts polarization as a result of skill biased technology change
(i.e. innovations that increase the productivity of high skilled workers, Ag).

In an extension to this model, Acemoglu and Autor consider what will happen to relative
wages if a share of the tasks used in production can be offshored to a foreign country. They
assume that a set of tasks [I’, [”] C [IL, Iy] can now be offshored. This assumption is based
on the observation that an increasing number of relatively routine information tasks (such as
data entry, basic accounting, and customer service) are being offshored while most extremely
low skilled jobs (such as fast food workers and janitorial services) and extremely high skilled
jobs (such as managers) are less likely to be offshored. After offshoring tasks in the range
[I', I”], new thresholds I}, and Iy will exist such that I, < I, and Iy > Iy. This will result
in an increase in wy /wy; and a decrease in wy,/wy. However, they do not empirically test
this result. This is the first prediction I will be testing in Section 6.

In addition to the argument about the relative ease of offshoring certain types of tasks
that are more often performed by middle skilled workers, there is also a link between tra-
ditional skill-based comparative advantage and polarization. Table 1 presents evidence that
offshoring does not take the form of a simple net gain in foreign jobs at the expense of a net
loss in domestic jobs. As some work moves offshore, there are other areas of employment
in the US that expand. As a country increases its trade for any reason, be it free trade
agreements, failing transport costs, or innovations that allow for greater fragmentation of

production, the areas in which the US has comparative advantage will gain the most. In the
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US, a skill abundant country, high skilled workers benefit. Under the framework described
above, in which there are three types of workers, a continuum of tasks, and an equilibrium
in which every tasks is performed by only one worker, an increase in trade (or offshoring)
will result in polarization. An increase in the offshorability, or more accurately the trade-
ability, of tasks can be modeled as an increase in ay relative to ay and aj; due to the US
comparative advantage in high-skill intensive products. Similar to the skill biased technical
change result, we have polarization because

dly dly, d(Iy —1p)

0 0 d
dinay < "dinogy <ban dinay

<0 (6)

However, if it is also the case that the increase in tradeability does not impact tasks at
all skill levels equally, then the impact also comes through yet another channel, as shown
by Acemoglu and Autor in the case in which only tasks [I', I"] C [I1, Iy] can be offshored.
These two effects together (traditional comparative advantage based on skill endowments
and variations in tradeability that are correlated with skill) can predict polarization of the

US labor force as a result of offshoring, as well as the overall widening of the wage gap.

4 Empirical Specification

4.1 Industry Level

I begin by testing the prediction of Section 3.1 that an increase in offshoring will lead to
an increase in gap between workers at the top of the wage distribution and workers in the
middle of the wage distribution. At the same time, the wage gap between the median worker

and workers at the bottom of the distribution will narrow. For the industry level exercise, I

estimate
Aln (%) = a+ B1Aln(of fshoring)k + PoAln(comp)rs + V¢ + €kt (7)
50/ kt
and
Aln (?) = a+ B1Aln(of fshoring)k + PoAln(comp)rs + V¢ + €kt (8)
25/ kt

Where (g—;g)kt is the ratio of wages at the 75th percentile to wages at the median of the

w50
w25

earnings distribution in industry k at time ¢ and (#52), is the ratio of wages at the median to
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wages at the 25th percentile in industry k at time ¢. The variable of fshoring measures the
share of total U.S. production in each industry that takes place at foreign affiliates of U.S.
multinational firms. C'omp is the fraction of workers employed in each industry who report
using a computer at their job in the CPS 2003 October Supplement. This variable captures
the technology intensity of the industry, which has been shown to impact the polarization of
wages. [ am able to construct a time-varying measure of computer use at the industry level
by starting with the raw data at the occupation level and exploiting changes in occupational
employment shares within industries over time when constructing the industry-level variable.
v is a time fixed effect. Time invariant industry-level characteristics are controlled for

through the use of first differences in some specifications and fixed effects in others.

4.2 QOccupation Level

After testing for a link between offshoring and polarization, I will turn to more detailed
task and occupation characteristics to explain this relationship. Offshoring will likely have
different effects on different occupations, and may also impact the distribution of wages
within an occupation depending on the skill level, routineness, communication intensity, and
computer use required for that occupation. Technology that allows for the unbundling of
tasks may not just involve offshoring the entire occupation of a single worker. It may also
result in individual workers having some of the tasks they perform offshored, freeing them
up to focus on higher value added tasks where they have greater comparative advantage
and can be more productive. For example, an economist does research but may also type
the results of that research. A management consultant may create some novel client-specific
solutions, but likely also spends some time simply packaging and presenting publicly available
information. The relative gains from offshoring should be highest for the most highly skilled
workers in the US, as they have the greatest relative gains from shedding lower value added
tasks when the US increases its specialization in nonroutine tasks.

Even within a single occupation, we can expect to see variations in who gains and loses
from offshoring. Workers in the same occupation vary in terms of their relative productivity
at performing the various tasks required for that occupation. The workers within an occu-
pation who are better at performing the most routine tasks will likely be hurt the most by
offshoring, while those workers with comparative advantage in nonroutine tasks will gain the
most. Occupations that require a larger share of nonroutine tasks have a greater scope for

specialization according to comparative advantage as a result of trade, thus we should see
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greater within occupational shifts among occupations that are more intensive in their use of
nonroutine tasks as comparative advantage across tasks within an occupation takes hold, as
well as aggregate relative gains to those occupations compared to occupations that specialize
in routine tasks.

An increase in offshoring of some of the tasks associated with a given occupation will
decrease the relative demand for workers with comparative advantage in those tasks, having
a negative impact on their relative wages. This leads to distributional changes within, as
well as across, occupations.

Workers who had previously performed both routine and nonroutine tasks can now allo-
cate a greater share of their labor hours to the nonroutine tasks, magnifying the comparative
advantage of workers who are most productive at performing those tasks.

To test for these effects of task offshoring within and across occupations, I estimate:

Aln (X) ke = a+ BiAln(of fshoring) g + B2(comp); + Ps(task);
+B4Aln(of fshoring) g (comp); + BsAln(of fshoring) g (task); + v + V& + €kt 9)

Where X represents a variety of outcome variables of interest, including averages wages,
employment, the wage gap, and polarization measures at the occupation-industry level.
Because offshoring data are not available by occupations, I look at the impact of an increase
in offshoring at the industry level on the outcomes of occupations employed in that industry.
So, for example, X, may be the average wage of administrative assistants employed in the
legal industry, in which case of fshoringg; would be offshoring done by the legal industry.
nonroutine is the importance of nonroutine tasks in the occupation. =, and ~, are time and

industry fixed effects.

5 Data

The Bureau of Economic Analysis collects firm-level data on U.S. multinational company
operations in both goods-producing and service-producing industries in its annual surveys
of U.S. direct investment abroad. I use these data to define a measure of offshoring. This
variable consists of the total sales by a foreign affiliate of a U.S. multinational as a share
of the firm’s total sales. This variable captures the share of total output produced by U.S.

owned firms that is produced in countries other than the U.S. Sales by foreign affiliates
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include sales back to the U.S. as well as to the country in which the affiliate is located and
the rest of the world. I use data from 2002 to 2008 because these are the years for which
occupational employment and wage data are also available. The BEA surveys cover 112
manufacturing and service industries, classified according to BEA versions of 4-digit North
American Industrial Classification System (NAICS) codes.

Data on employment and wages come from the Occupational Employment Statistics
(OES) put out by the Bureau of Labor Statistics (BLS). The OES provides employment
and wage data by occupation and industry from BLS payroll surveys. They also include
information on wages for workers at the 10th, 25th, 50th, 75h, and 90th percentiles by
both occupation and industry. Data on computer usage comes from the Current Population
Survey (CPS) October 2003 Supplement. The CPS provides individual level data on workers,
including their industry and occupation of employment, wages, and education level. The
October Supplement also asks whether the worker uses a computer or accesses the internet
as part of his or her job. Unfortunately, the computer questions are not included in the
October CPS Supplement every year, and the most recent year in which the question was
asked was 2003. For the industry level analysis, I construct a time series variable that takes
advantage of changes in occupational shares within each industry over time. I begin with
the share of workers that used a computer at their jobs for each occupation in 2003. I then
construct a separate industry-level variable for each year in the sample that weights these
computer use shares by the share of workers in each occupation in the industry in each year.
Thus an industry exhibits increasing computer intensity if it increases its share of workers
in occupations that used computers intensively in 2003. For the occupation level analysis, I
use the CPS data on computer by occupation use for 2003 for the entire sample period.

I also match the data on offshoring and employment with data from the Department of
Labor’s Occupational Information Network (O*NET), which includes data on the importance
of over 200 tasks or work activities performed in about 800 occupations. I focus on one of
these task measures that most closely captures the importance of nonroutine tasks: the
measure for “making decisions and solving problems.” For the occupation level analysis, I
use the importance score for this task, relative to the sum of the importance scores of all
tasks used in the occupation. For the industry level analysis, I aggregate these scores up
to the industry level weighting by the share of employment in each industry accounted for
by each occupation in each year, resulting in a variable that varies by industry and year, as

with the computer use measure described above.
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6 Results

6.1 Industry Level Results

Before estimating the polarization equations (7) and (8), I first look at the impact of off-
shoring on average wages and employment shares by industry. Table 2 presents these results.
A change in the log value of offshoring in a given industry has no impact on the average wage
in that industry, either contemporaneously or with one or two year lags. I also control for the
intensity with which each industry uses computers, a proxy for skill biased technical change.
Employment in the industry doing the offshoring as a share of total U.S. employment is not
impacted by a change in offshoring in the current or previous year. However, two years after
an increase in offshoring, the share of U.S. workers employed in the industry doing the off-
shoring increases. A change in the intensity with which computers are used in the industry
has no effect on aggregate wages or employment shares, whether contemporaneously or with
one or two year lags.

Even though there is no evidence that changes in offshoring impact the average wage
paid to workers at the 4-digit NAICS industry level, they are associated with changes in
the distribution of wages. Table 3 presents the results on polarization. Consistent with
previous literature, I find evidence that increased computer use is associated with relative
gains at the top and bottom of the earnings distribution and relative losses in the middle.
Table 3 shows that the gap between the workers earning the median wage in an industry
and the workers whose wages are at the 25th percentile for the industry decreases with an
increase in computer use while the gap between wages at the median and the 75th percentile
increases. The same relationship holds for offshoring and relative wages, however in the
case of offshoring, the effect is only present in the current period and with a one year lag
but disappears after two years. The effect is also stronger, more precisely estimated, and
more persistent at the top rather than the bottom of the wage distribution. These results
are consistent with evidence of polarization found in the labor literature. In other words,
the occupations that are least in demand as a result of offshoring are those in the middle
of the distribution, while demand increases for workers at the bottom and the top of the
distribution, either because these tasks are more difficult to offshore, or because the are areas
in which U.S. workers have a comparative advantage and are thus in higher demand when
trade expands and productivity rises.

Because the regressions are run in logs, the coefficients can be interpreted as percentage

changes. So, for example, a 10 percent increase in the share of activity that takes place at
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foreign affiliates is associated with a 0.3 percent increase in the gap between workers at the
75th and 50th percentiles of the wage distribution, and with a 0.9 percent decrease in the
gap between workers at the 50th and 25th percentiles.

6.2 Occupation Level Results

Having documented the relationship between offshoring and polarization above, I now turn
to detailed explanations for why this relationship exists and what factors are driving the
differential impact of offshoring on different types of workers. I will first show that the link
between offshoring and polarization is present at the occupation level as well as the industry
level. Then I will examine how this link varies based on the skill level, computer usage, and
task content of occupations.

When data are disaggregated to the six-digit occupation level, the link between offshoring
and both average wages and employment is much stronger. Table 4 shows that when an
industry exhibits a greater level of offshoring, the average occupation in that industry sees an
increase in wages. There are contemporaneous falls in employment shares, but employment
increases with one and two year lags. This is perhaps surprising if one thinks of offshoring
as a static shifting of jobs from the US to another country. However, the results suggest
that this static, one-direction view is not accurate. The wage effect may in part contain a
composition effect if low wage jobs are being eliminated, leaving relatively more higher wages
jobs to raise the average. But this effect should not be a concern for employment, which
increases for occupations within an industry that exhibits offshoring growth. In Section 6.3
I control for the wage composition effect by defining each occupation’s position in the wage
distribution as constant using values for a base year and then looking at changes over time
for occupations at different initial positions in the distribution. The results still hold.

These averages mask important differences across occupations. I now turn to measures
of potential sources of comparative advantage and tradeability to understand what is driving
the relationship between polarization and offshoring. Table 5 shows the effects of offshoring
on occupations interacted with the computer use, task characteristics, and skill levels of those
occupations. Column 1 shows that when an interaction between computer use and offshoring
is included, the coefficient value on a change in the offshoring share is negative. However,
workers in more computer intensive occupations are positively impacted by offshoring in
their industry. The results interacting offshoring and communication tell a similar story. If

the offshoring share of an industry increases, workers in the more communication intensive
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occupations in that industry gain. These results are consistent with a tradability story. Since
more communication-intensive jobs are more difficult to offshore, workers in these jobs gain
from offshoring while workers in less communication intensive occupations experience a fall
in average wages.

However, comparative advantage also plays a role in addition to tradeabilty. Column 3 of
Table 5 includes an interaction between a change in the offshoring share and the educational
level of workers in each occupation. Consistent with a US comparative advantage in more
highly skilled professions, the coefficient on the interaction between offshoring and education
is positive, suggesting that workers in high skilled occupations experience wage benefits from
offshoring, while workers in less skill-intensive occupations experience wage losses. Similarly,
offshoring has a positive effect on the average wages of workers in more nonroutine task-
intensive occupations. Table 6 controls for all of these occupational interactions at the same
time. The positive impact of offshoring on workers in more nonroutine occupations still holds,
even when education is controlled for. The only qualitative pattern that changes when all
five interactions are included is that the sign on the interaction between offshoring and
computer use becomes negative. This is likely because the importance of using computers
in an occupation is correlated with the educational level of that occupation. Once education
is controlled for, the average wages of workers in jobs that are more computer intensive fall
with increases in offshoring, as the tradeabilty component of computer use is isolated from
its skill component. All of these results together can explain the broad patterns of increasing
inequality and polarization that result from offshoring. High skilled and high wage workers
gain from offshoring due to the US comparative advantage in the occupations they perform.
Workers in less communication intensive and more routine occupations are made worse off.
However, because these workers are concentrated in the middle of the wage distribution, the
relationship between offshoring and averages wages is not monotonically increasing with a

workers position in the wage distribution.

6.3 Distributional Effects of Offshoring Within Occupations

All of the above results, both at the industry and the occupational level, capture shifts across
different types of jobs. At the industry level, offshoring does not have a significant aggre-
gate effect, but it does increase demand for the highest paid workers in an industry, while
decreasing relative demand for workers at the middle of the distribution. At the occupation

level, offshoring industries increase demand for workers in nonroutine task intensive occupa-
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tions but decrease demand for workers in more routine task intensive industries. However,
offshoring does not necessarily take place at the occupational level. In other words, as a
company expands its foreign operations, it is not necessarily going to have workers at the
foreign affiliate perform identical tasks to those that were performed by workers in the US
headquarters. Consider an example from the accounting sector. An accountant could per-
form any of a wide range of accounting tasks, from simply filling in and filing tax returns
to providing long term planning advice. Suppose that an accounting firm has a number of
employees who each perform a range of these tasks. Now suppose that in order to cut costs,
this accounting firm offshores some of its work to an affiliate in another country, say, India.
It could do this by hiring employees in India to do exactly what the employees in the US had
been doing. Or it could have the employees in India perform a subset of the tasks previously
performed in the US, leaving the accountants in the US to focus on the remaining tasks.
Anecdotal and case study evidence suggests that this is indeed the way many firms imple-
ment offshoring (Friedman 2005). Previous empirical work on offshoring by Oldenski (2012)
shows that US firms offshore the most routine tasks, keeping more nonroutine activities in
their headquarters locations.

All of this evidence suggests that the appropriate units to use when measuring offshoring
should be tasks, rather than occupations or industries. Unfortunately, trade, employment,
and wage data are not collected at the task level. However, looking at how offshoring im-
pacts the distribution of wages among workers in the same occupation can provide evidence
of within-occupation shifts that are likely correlated with the types of tasks performed by dif-
ferent workers within those occupations. Consider the accounting example described above.
In this case, offshoring is likely to have a negative impact on accountants whose specialize
in routine tasks. Accountants with comparative advantage in nonroutine tasks should then
comprise a larger share of demand for accountants in the US. To the extent that offshoring
increases the productivity of the firm doing the offshoring, allowing them to expand their
operations in all locations, this could result in net gains for nonroutine task performing ac-
countants in the US, at the expense of US accountants who have a comparative advantage
in routine tasks.

Tables 7 and 8 get at these distributional effects within occupations. The results in Table
7 show that there is a small positive relationship between offshoring and the wage gap of
workers at the 75th and 50th percentiles of the distribution within occupations. The results
presented in Table 8 show that offshoring increases the wage gap of workers within the same

occupation for occupations that are more nonroutine task intensive and that have higher
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educational requirements. This is true at both the bottom and the top of the distribution.

6.4 Potential Endogeneity and Composition Effects

The above results use data on what the employment, average wages, and wages at various
percentiles of the distribution were in each year. However, changes in these outcomes can
come about in a number of different ways. For example, the average wage in an industry could
increase because there is an overall increase in demand for workers in that industry. However,
if the firms in an industry simply eliminated their lowest skilled, lowest paid workers, then
the average wage would also increase, but in this case due to a composition effect rather than
an aggregate demand increase. Similarly, the wages at each percentile of the distribution
may be endogenous to offshoring. A given occupation that was at, say, the 25th percentile
of the wage distribution in one year may not occupy that same place in the distribution a
few years later if other occupations have been eliminated or expanded. It is still important
to look at the relationship between offshoring at relative wages at any given point in time,
as the wage gap in any given year is still meaningful regardless of whether it came about
through exogenous or endogenous shifts. However, we can have an even better understanding
of this relationship by also looking at changes in wages relative to the distribution in some
fixed base year, instead of allowing the ranking of occupations within the distribution to
change as well.

To address these issues, I reran the primary specifications defining each industry or
occupation’s place in the wage distribution using data from 2002. I assigned each occupation
and industry to either the lowest, middle, or highest third of the wage distribution based
on average earnings in 2002. I then looked at how changes in offshoring and computer use
have impacted these three groups differently over time. Table 9 shows how average wages
changed over time for workers who were in the lowest, middle, and highest wage industries
based on their 2002 earnings. The results show that offshoring had a small positive impact on
workers in the lowest wage industries. Workers in the middle third were negatively impacted
as offshoring increased. And workers in the top third experienced wage gains in association
with offshoring. The results are qualitatively similar those for changes in computer usage by
industry over time.

The extent to which each occupation relies on nonroutine tasks plays a key role in the
relationship between offshoring and wage changes. As shown in Table 10, while offshoring

has an overall negative impact on workers in occupations that are in the bottom third of the
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wage distribution, it has a positive impact on wages in the more communication intensive low
wage occupations. Nonroutine intensity is not significant for the middle third of industries,
possibly due to the small size of the sample and the relatively low intensity of nonroutine
tasks for middle income jobs. For workers in the highest paying industries, offshoring is
associated with wage gains for the most communication intensive, highly educated, and

nonroutine occupations.

7 Conclusions

This paper shows that increases in offshoring at the industry level are associated with pat-
terns of polarization in the U.S. labor market. This polarization can be explained by the
importance of nonroutine tasks, which are present at the top and bottom of the skill distri-
bution to a greater extent than the middle of the distribution. In addition, offshoring leads
to occupation-level gains in terms of average wages and employment. However, these gains
are accompanied by increases in the wage gap for different workers in the same occupation,
as those with comparative advantage in nonroutine tasks see greater returns to their skills,

while those with comparative advantage in more routine tasks do not.
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Table 1: Offshoring and onshore activity, 1990-2007

Model : 1 2 3 4
N: 41347 40931 21094 20592
Depvar: Aln(par emp) Aln(par emp) Aln(par exp) Aln(par exp)
Aln(affiliate emp) 0.386%** 0.396***

(0.013) (0.029)
Aln(affiliate sales) 0.216%4% 0.324%4%

(0.011) (0.028)

Year FE yes yes yes yes
R-sq 0.17 0.10 0.07 0.06

K and *** indicate significance at the 10, 5 and 1 percent levels, respectively

Robust standard errors are in parentheses
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Table 2: Industry level regressions: employment shares and average wages, 2002-2008

Model : 1 2 3 4 ) 6
N: 672 560 448 672 560 448
Depvar: Aln(wage) Aln(wage) Aln(wage) Aln(emp) Aln(emp) Aln(emp)
A In(offshore) -0.078 0.061
(0.057) (0.076)
A comp 0.001 -0.001
(0.002) (0.001)
t — 1A In(offshore) -0.030 0.024
(0.062) (0.079)
t — 1A comp 0.019 -0.038
(0.030) (0.039)
t — 2A In(offshore) 0.018 0.134*
(0.061) (0.070)
t — 2A comp 0.043 -0.061
(0.040) (0.064)
R-sq 0.13 0.12 0.18 0.09 0.08 0.18

* ** and *** indicate significance at the 10, 5 and 1 percent levels, respectively
Robust standard errors are in parentheses
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Table 3: Industry level regressions: polarization, 2002-2008

Model : 1 2 3 4 5 6
N: 672 560 448 672 560 448
Depvar: Aln(75/50) Aln(50/25) Aln(75/50) Aln(50/25) Aln(75/50) Aln(50/25)
Aln(offshore) 0.026* -0.086**
(0.014) (0.038)
Acomp 0.041%* -0.036*
(0.022) (0.019)
t — 1Aln(offshore) 0.104** -0.007
(0.042) (0.042)
t — 1Acomp 0.100** -0.0217%**
(0.031) (0.002)
t — 2AlIn(offshore) 0.019 0.003
(0.025) (0.009)
t — 2Acomp 0.137%** -0.219%**
(0.052) (0.044)
R-sq 0.04 0.08 0.03 0.09 0.04 0.11

and *** indicate significance at the 10, 5 and 1 percent levels, respectively
Robust standard errors are in parentheses
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Table 4: 6-digit occupation-level regressions, 2002-2008

Model : 1 2 3 4 ) 6
N: 84749 77053 68855 77740 70827 63437
Depvar: Aln(wage) Aln(wage) Aln(wage) Aln(emp) Aln(emp) Aln(emp)
Aln(offshoring) 0.002%** -0.009*

(0.001) (0.005)
t-1Aln(offshoring) 0.004%#% 0.0217%*%

0.000 (0.005)
t-2Aln(offshoring) 0.004** 0.012%%%*
0.000 (0.004)

comp -0.023 0.113%**  0.082%** 0.057 -0.674%F  -0.538%**

(0.032)  (0.027)  (0.028)  (0.307)  (0.268)  (0.221)
R-sq 0.13 0.13 0.13 0.14 0.15 0.13

* ** and *** indicate significance at the 10, 5 and 1 percent levels, respectively
Robust standard errors are in parentheses



Table 5: 6-digit occupation-level regressions, 2002-2008

Model : 1 2 3 4
N: 68855 68855 68855 68855
Depvar: Aln(wage) Aln(wage) Aln(wage) Aln(wage)
t-1Aln(offshoring) -0.003%** -0.001 -0.010%** -0.009%**
(0.001)  (0.001)  (0.001) (0.001)
t-1AlIn(ofshr)*comp  0.059**
(0.029)
computer 0.108%***
(0.027)
t-1AlIn(ofshr)*comm 0.116%**
(0.033)
communication 0.085%**
(0.032)
t-1Aln(ofshr)*edu 0.0017%#%
(0.0001)
education 0.003%**
(0.0001)
t-1AlIn(ofshr)*nrtne 0.204%**
(0.032)
nonroutine 0.556%**
(0.041)
R-sq 0.21 0.22 0.22 0.24

* ** and *** indicate significance at the 10, 5 and 1 percent levels, respectively

Robust standard errors are in parentheses
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Table 6: Occupation level regressions, 2002-2008.

Model : 1 2
N: 6885 77740
Depvar: Aln(wage) Aln(emp)
t-1 Aln(offshoring) -0.010%** -0.050%**
(0.002) (0.018)
t-1 Aln(ofshr)*nrtne 0.081%* 0.548
(0.047) (0.580)
t-1 Aln(ofshr)*comp -0.059* -1.234%#*
(0.034) (0.342)
t-1 Aln(ofshr)*comm  0.086** 1.935%**
(0.035) (0.357)
t-1 Aln(ofshr)*edu 0.0027%4* 0.019%+%
(0.0004) (0.003)
R-sq 0.26 0.27

* ** and *** indicate significance at the 10, 5 and 1 percent levels
Robust standard errors are in parentheses
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Table 7: Polarization within occupations, 6-digit occupation level regressions, 2002-2008.

Model : 1 2 3 4 5 6
N: 72611 73555 65422 66359 57885 58795
Depvar: Aln(75/50) Aln(50/25) Aln(75/50) Aln(50/25) Aln(75/50) Aln(50/25)
Comp 0.035* -0.013 0.013 -0.01 0.022 -0.019
(0.020) (0.020) (0.020) (0.020) (0.020) (0.020)
dAln(offshore) 0.001** 0.001
(0.000) (0.001)
t-1Aln(offshore) 0.001 -0.001
(0.001) (0.001)
t-2AlIn(offshore) 0.001** -0.001
(0.000) (0.001)
R-sq 0.13 0.13 0.13 0.13 0.13 0.13

* 4k and *** indicate significance at the 10, 5 and 1 percent levels, respectively

Robust standard errors are in parentheses
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Table 8: Polarization within occupations, 6-digit occupation level regressions, 2002-2008.

Model : 1 2 3 4
N: 72611 73555 65422 66359
Depvar: Aln(75/50)  Aln(50/25) Aln(75/50) Aln(50/25)
Aln(offshore) 0.001 0.001
(0.001) (0.001)
Aln(off)*comp 0.027 -0.053**
(0.024) (0.024)
Aln(off)*comm 0.029 0.027
(0.025) (0.025)
Aln(off)*edu 0.001%* -0.001
(0.000) (0.001)
Aln(off)*nrtne 0.028** 0.069*
(0.013) (0.038)
t-1 Aln(offshore) 0.001 -0.001
(0.001) (0.001)
t-1 Aln(off)*comp 0.061** -0.069*
(0.026) (0.038)
t-1 Aln(off)*comm -0.03 -0.021
(0.027) (0.026)
t-1 Aln(off)*edu 0.0001%%+ 0.0001%**
(0.000) (0.000)
t-1 Aln(off)*nrtne 0.028** 0.069*
(0.013) (0.038)
R-sq 0.14 0.14 0.15 0.15

* ** and *** indicate significance at the 10, 5 and 1 percent levels, respectively
Robust standard errors are in parentheses
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Table 9: Industry level regressions by position in the 2002 wage distribution, 2002-2008.

Model : 1 2 3 4 5 6
N: 222 228 222 185 190 185
Third: bottom middle top bottom middle top
Depvar: Aln(wage) Aln(wage) Aln(wage) Aln(wage) Aln(wage) Aln(wage)
Aln(ofshr) 0.001 -0.002** 0.001
(0.001)  (0.001)  (0.002)
Acomp 0.004*** 0.002* 0.001
(0.001)  (0.001)  (0.001)
t-1Aln(ofshr) 0.002* -0.001 0.003%#*
(0.001)  (0.001)  (0.001)
t-1Acomp 0.002%#* 0.001 0.001
(0.001) (0.001) (0.001)
R-sq 0.25 0.14 0.10 0.25 0.09 0.11

* ** and *** indicate significance at the 10, 5 and 1 percent levels, respectively
Robust standard errors are in parentheses
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Table 10: Occupation level regressions by position in the 2002 wage distribution, 2002-2008.

Model : 1 2 3
N: 20169 18172 16079
Third Low Middle High
Depvar: Aln(wage) Aln(wage) Aln(wage)
t-1Aln(offshore) -0.004 -0.001 -0.009**
(0.003)  (0.003) (0.004)
t-1Aln(ofshr)*comp 0.048 -0.014 0.048
(0.050)  (0.067) (0.093)
t-1Aln(ofshr)*comm  0.152%** 0.024* 0.112%*
(0.050)  (0.008) (0.063)
t-1AlIn(offshore) *edu  0.002* 0.001 0.001**
(0.001) (0.001) (0.000)
t-1AlIn(ofshr)*nrtne 0.112 0.002 0.098%**
(0.096)  (0.010) (0.048)
Rosq 0.26 0.15 0.26

* ¥ and *** indicate significance at the 10, 5 and 1 percent levels
Robust standard errors are in parentheses



Figure 1: Log hourly earnings ratios at the top and bottom of the wage distribution
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Figure 2: Log hourly earnings change from 2001 to 2010 by percentile of the
income distribution
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Figure 3: Communication Task Intensity by 2002 Wage Quintile
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Figure 4: Nonroutine Task Intensity by 2002 Wage Quintile
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