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We discuss the effects of offshoring on the labor market in a matching model with 

endogenous adjustment of educational skills. We carry out a comparative statics analysis 

and show that offshoring leads to a restructuring of the economy through skill-biased 

technical change (SBTC) where overall welfare is improved. In a policy exercise we show 

that, if offshoring were to be opposed by a protectionist agenda, labor market flexibility 

can bring about the same welfare gain. In addition, we offer an empirical analysis aimed at 

verifying the correlation be- tween offshoring and SBTC in US manufacturing industries in 

recent years. Our results show that different offshoring strategies affect SBTC differently. 

In particular, the evidence suggests that while high-skill offshoring strategies open the skill 
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1 Introduction

History does not repeat itself but it certainly rhymes. In recent times the US has

moved from a currency war under the Obama administration, to a trade war under

President Trump�s �rst term in o¢ ce. Hopefully, this will not evolve into a major mili-

tary con�ict as history has shown many a time through this sequence of related events.

Trumponomics, as it came to be known, might as well have been called Reaganomics

2.0. Indeed, lower taxes, together with higher government spending and debt, a dose of

deregulation, and a strong push for protectionist trade policies, get as close as possible

to the philosophy behind US economics nowadays.

In this paper we set out to analyze the implications of o¤shoring strategies for

the labor market in general, with a particular focus on skill-biased technical change

(SBTC hereafter) and the increasing protectionist trend in present-day US policy. With

that end in mind, we o¤er both theoretical and empirical applications concerning US

manufacturing industries in the last couple of decades. SBTC can be de�ned as a shift

in the production technology favoring skilled over unskilled labor, thus increasing its

relative productivity and relative demand. In the last three decades the wages of high

skilled workers have soared signi�cantly relatively to those of unskilled labor, in spite

of a major increase in the relative supply of skills.1

Estimates of the o¤shoring e¤ects on SBTC can vary depending on the assumptions

and the data, of course. For instance, using US data, Feenstra and Hanson (1996) �nd

that o¤shoring explains approximately 19�21% of the increase in the nonproduction

wage share in the eighties.2 ;3 Berman et al. (1994) argue that this last variable is better

than the share of nonproduction labor in employment when accounting for SBTC, if

one does not want to underrepresent the shift in demand toward skilled labor. Notice

that the generalized rise in the relative wages of nonproduction workers might always

induce substitution away from this kind of labor.

Slaughter (2000), on the other hand, fails to produce any strong evidence in support

of a positive relationship between multinational activities and skill upgrading during the

1977�1994 period. If anything, international activities such as o¤shoring tend to have

small e¤ects on the US relative labor demand, in spite of the increase of such activities

in the past 20 years. Head and Ries (2002), in turn, follow up with a similar framework

for the Japanese economy, and �nd signi�cant evidence that vertical specialization by

multinationals contributes to skill upgrading.

The previous results are reinforced by Canals (2006), who is able to account for

1See, most prominently, Berman et al. (1994, 1998), Acemoglu (2002), or Card and DiNardo (2002).
2See the errata to their 1996 paper, which revises the original estimated contributions downwards

(from 31%).
3The change in this variable over the 1979�1990 period was in the order of 39%.
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around one tenth of the wage gap as a result of o¤shoring practices in the US during

the eighties and nineties. Alternatively, and more recently, Hummels et al. (2014) �nd

that o¤shoring in Denmark has considerably di¤erent wage e¤ects across educational

levels, raising high-skill wages while reducing low-skill ones. Even when SBTC and the

wage gap are not exactly the same thing, they bear a strong correlation if SBTC is

proxied by the share of the wage bill going to nonproduction (skilled) labor.

For the present paper we use a matching model with endogenous skill requirements

where employers create both high and low-skill vacancies and where the distribution

of skill requirements across these vacancies is endogenous, as is the schooling decision

of workers. The endogenous skill distribution of workers allows us to account for the

dynamic reaction of agents to the changes in the economy, thus improving the modelling

approach of Albrecht and Vroman (2002) or Agnese and Hromcová (2016), on which

we base our present study. To get an idea of the natural adjustment of workers to

the o¤shoring phenomenon and to competition and globalization in general, we present

data for a group of highly developed countries.

Figure 1: O¤shoring trends (1995�2011) and high-skill shares (2000�2017)

Source for o¤shoring index (vertical axis) is OECD Input-Output Database (2018), for skill levels (horizontal axis)

is OECD Education data. Note: low-skill is below secondary and post-secondary levels and high is tertiary (OECD);

moreover, the data point pairs correspond to the education level at t+10 and o¤shoring index at time t, namely,

�rst point is 2005 edu level and 1995 o¤sh, last point is 2017 edu level and 2007 o¤sh. Arrows are created as an

OLS regression line over all available points for each country (highskill(t+10),o¢ ndex(t)); � is the beginning of

the regression line, and � is the end of the regression line.
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In order to produce a measure of o¤shoring we rely on an intermediate imports

index as proposed by Feenstra and Hanson (1996). The rationale is that the higher the

volume of intermediate trade the higher the o¤shoring intensity, as inputs previously

produced in the home country are now being imported back from low-wage countries.

Figure 1 shows, with a few exceptions, a positive relationship between o¤shoring and the

fraction of high-skill workers in the countries�populations, what is commonly referred

to as skill upgrading.4

Figure 2 shows the evolution of the variables discussed above for the US manufac-

turing sector as a whole. SBTC, as proxied by the labor costs of high skilled workers in

the total labor cost bill, has lately experienced a slight increase, whereas the intensity

of o¤shoring has been sliding down, maybe as a result of the uncertainty surrounding

the last �nancial crisis. As we will see later, this relapse in the growth of o¤shoring

practices might have prevented a steeper rise in the skill gap and in wage inequality.5 It

is certainly the case that the current protectionist rhetoric is bound to keep o¤shoring

intensity on a downward trend.

Figure 2: Technical change and o¤shoring, US manufacturing 1995�2015

Source for o¤shoring measure in US manufacturing are own calculations based on OECD Input-Output

Database rev. 3 & 4.; labor costs data are taken from STAN Database rev. 4.

The objective of the paper is to assess the impact of o¤shoring on the domestic

economy and discuss the potential e¤ects of protectionist behavior on the part of the

4O¤shoring is measured as imported content in exports. We have 28 developed countries: Australia,
Austria, Belgium, Canada, Czech Republic, Denmark, Estonia, Finland, France, Germany, Hungary,
Ireland, Italy, Japan, Korea, Latvia, Netherlands, Norway, New Zealand, Poland, Portugal, Slovakia,
Slovenia, Spain, Sweden, Switzerland, UK and USA. Some are not displayed because of the overlapping
arrows (Denmark, Spain, Sweden).

5Feenstra and Hanson (1996) proxy SBTC with the nonproduction workers share of the industry
wage bill (as do Berman et al., 1994), which they calculate from the NBER database. Their last value
for year 1990 stands at around 43 percent whereas our �rst value for 1995 is close to 44.6 percent.
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US government. In particular, we will focus on the unemployment rate, wage inequality,

output, and welfare (both overall and by workers�skills). Further, we will evaluate an

alternative policy that can lead to the same post-o¤shoring welfare levels, once we

assume that o¤shoring has been prevented by a protectionist bias in US trade policy,

as is currently the case. Finally, we will carry out an empirical analysis aimed at

understanding the relationship between SBTC and o¤shoring� at which point it will

be sensible to discuss the di¤erent types of o¤shoring (both high- and low-skill) and

how they contribute to SBTC.

Our paper contributes to the previous literature by emphasizing the positive e¤ects

of o¤shoring strategies. In the theoretical part we rely on the previous literature of

matching models, as developed by Albrecht and Vroman (2002), Rogerson et al. (2005),

and Davidson et al. (2008), while we use a special case of the model developed in a

related paper by Hromcová and Agnese (2018). We perform a comparative statics

analysis where we discuss the potential labor market e¤ects of o¤shoring in the context

of the US economy. We show that, to some extent, o¤shoring can lead to a restructuring

of the economy through SBTC and that, in spite of increasing wage inequality, overall

welfare is improved. We also demonstrate that the same welfare results can be achieved

if we allow for a mild increase in labor �exibility. This scenario is suggested as a policy

option to compensate for the recent US protectionist trend, yet the truth be told, it

still exhibits lower productivity and lower total output, even when relative wages and

employment outcomes might seem more attractive from the policy-making perspective.

We also undertake a short empirical analysis of the US manufacturing industries in

recent years (1995-2015) by drawing mainly on the pioneering works by Feenstra and

Hanson (1996, 1999). Here we aim at assessing the contribution of o¤shoring strategies,

both of high and low-skill activities, to SBTC in the years after the last global crisis.

Our estimations show that o¤shoring is truly a complex phenomenon and, as such, must

account for the distinctive e¤ects of high- and low-skill activities separately, as their

e¤ects go in opposite directions. The evidence suggests that high-skill o¤shoring opens

the skill gap while low-skill o¤shoring closes it, and that the pull of high-skill o¤shoring

is stronger� these joint e¤ects resulted in the reduction of the skill gap in recent years

as both o¤shoring measures have experienced a downward trend.

The remainder of the paper is organized as follows. The model and its main prop-

erties are brie�y discussed in section 2. A short comment on the calibration is found

under section 3. The comparative statics analysis is discussed at length in section 4,

where we not only go over the labor market e¤ects of o¤shoring, but we also suggest

a policy alternative to o¤set the negative e¤ects of the recent protectionist drift in US

policy. Section 5 o¤ers our empirical analysis and delves into the relationship between

SBTC and high- and low-skill o¤shoring. Final remarks are summarized in section 6.
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2 Model

We use an extended version of the model in Albrecht and Vroman (2002), which we

developed in Hromcová and Agnese (2018), and that we adapt here for the case of

o¤shoring and policy making. For our present analysis we focus on one of the two

possible equilibria discussed at length in the previous references. The main features of

the model are outlined in the next paragraphs while additional details can be found in

the appendix.

We consider two types of agents, workers, and �rms.6 Workers are in�nitely lived

and of measure one, and are characterized by their position in the distribution of the

cost of skills acquisition function. Besides, each worker is indexed by x � [0; 1] ; his

opportunity cost of remaining low-skill, and those who acquire skills have, potentially,

higher productivity levels than those who do not. The cost of acquiring skills is described

by a monotonic function, cost(x); which satis�es

dcost(x)
dx

< 0 and cost(1) = 0:

The worker whose opportunity cost of remaining low-skill is the highest, the one indexed

by x = 1; becomes high-skill at zero cost, whereas the cost for the worker with x = 0 is

the largest.

Workers are assumed to be risk neutral and thus they maximize their expected

discounted income, wages, or unemployment bene�ts, at a positive rate r. Consumption

is equal to the expected income in each period, so saving is not possible. After the skill

decision is made, a fraction q of workers remains low-skill, L; and the others become

high-skill, H: Such a decision is a one-time action submitted at the start of the model.

On the �rm�s side, there is free entry and each �rm employs one worker when active.

A vacancy can be opened at an exogenous cost c, which includes the hiring costs, but

also the �ring costs that �rms will potentially face in the future. Firms place vacancies

of both skill types, producing a fraction � of low-skill vacancies and a fraction 1 � �
of high-skill vacancies, and such a distribution is endogenous. Further, if a �rm hires a

worker to occupy a low-skill vacancy the level of output is yL, and if it hires a worker

to �ll a high-skill vacancy then the level of output is yH : As a result, high-skill �rms

are more productive than their low-skill counterparts, thus yH > yL: Finally, all �rms

maximize their discounted pro�ts at a positive rate r.

As in Albrecht and Vroman (2002), high-skill workers are allowed to take both types

of jobs but low-skill workers can only �ll a vacancy that matches their skills. Given

that the decision of skill acquisition is endogenous and that the purpose of education is

6A description of how the model works for one type of worker can be found in Rogerson et al.
(2005) and Williamson (2010).
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to increase one�s status, the equilibrium where high-skill workers accept low-skill jobs

ceases to exists once SBTC starts to play out. Therefore, in our analysis below we

will deal solely with the case where high-skill workers can only land a job in high-skill

�rms.7

If a worker is employed, he gets a wage corresponding to the type of vacancy and

the type of skills he has. A worker of type L (H) working in a job of type L (H) will

get a wage wL (wH); where wH > wL: If a worker is unemployed he is entitled to an

exogenously given unemployment bene�t b, and any worker can refuse the job if his

reservation wage is not met. Moreover, jobs are lost at an exogenous rate �.

Firms and workers meet according to a matching technology M(u; v) where u rep-

resents unemployed workers (unemployment rate) and v vacancies. In this process an

endogenously determined fraction 
 of unemployed workers will be low skilled. In ad-

dition, arrival of jobs to workers happens at a rate M(u;v)
u

and arrival of workers to

employers at a rate M(u;v)
v
: If we de�ne market tightness as � = v

u
, we can rewrite the

job arrival rate to workers as m(1; v
u
) = m(�) and the workers�arrival rate to �rms as

M(u;v)
u
v
u

= m(�)
�
= z(�).

If the match succeeds, the employed worker�s expected utility is WL or WH , and

the active �rm�s expected pro�ts are JL or JH . The utility of the worker comes from

earning the wage wL when low skilled, and the wage wH when high skilled. The �rm�s

pro�ts stem from the di¤erence between production and incurred costs, to wit, wages

and search, or yi � wi � c; and i = L;H:
As in Okazawa (2013), the skill choice of workers depends on the comparison between

its cost and the wage di¤erential between low and high-skill workers. The worker whose

cost of skill acquisition is cost(x) chooses to be high-skill if the wage gap is higher than

the cost, i.e.

wH � wL > cost(x); (1)

the worker on the threshold will be indi¤erent to remain low skilled or to become high

skilled

wH � wL = cost(x�): (2)

Therefore, all workers with 0 < x < x� will be low skilled and the ones with x� � x < 1
will become high skilled. This implies that the fraction of the labor force that remains

7Albrecht and Vroman (2002), Agnese and Hromcová (2016), and Hromcová and Agnese (2018),
analyze the cases where high-skill workers accept low-skill jobs. In these papers, two types of equilibria
are considered: the equilibrium with cross-skill matching (CSM) and the equilibrium with ex post
segmentation (EPS). CSM is reached when high-skill workers and low-skill vacancies are matched,
whereas EPS kicks in when these potential matches do not meet. Both equilibria, CSM and EPS, can
potentially coexist. Due to the characteristics of our study, we focus on the EPS equilibrium only, and
the description of the economy is in line with this premise.
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low skilled, q; will be determined by the threshold value x�; i.e.

q = x�: (3)

Both workers and �rms take into account that the match can be broken with prob-

ability �: If the match does not succeed, an unemployed worker�s expected utility is UL
or UH ; and the expected pro�ts of a vacant �rm are Vi; i = L or H: In this case, a

worker�s utility comes from earning the unemployment bene�ts b, whereas the �rm�s

(negative) pro�ts come from �nancing a vacancy, �c (hiring and �ring costs mainly):
A new match between workers and �rms can occur with probabilities that depend on

the matching process.

There is something to bargain over if the value of working is higher than the value

of unemployment, WH > UH and WL > UL; and when the value of the job is higher

than the value of the vacancy, JH > VH and JL > VL: Wages are set to maximize the

weighted surplus of workers and �rms in a Nash bargaining process

max
fwig

[Wi(wi)� Ui]� [Ji(yi � wi � c)� Vi]1�� ; i = L;H (4)

where the weighting parameter � represents the bargaining power of workers.

Moreover, workers may experience spells of employment and unemployment. In

each period, a number of low- and high-skill workers are employed, that is EL and EH ,

respectively. When the �ow of workers into and out of each employment state coincide,

the steady-state equilibrium is achieved. Last, utility and pro�t maximization problems

are characterized by Bellman equations. Appendix A goes brie�y over the equilibrium

conditions, Bellman equations, and expressions for the unemployment rates and output.

Our main concerns in the present paper have to do with SBTC and welfare. We

de�ne the former as the labor costs of high-skill workers in the total labor cost bill, SH ;

SH =
EHwH

EHwH + ELwL
: (5)

Total welfare depends on the skill distribution, the number of employed individuals,

the values of work and unemployment, and the initial welfare cost incurred by workers

acquiring higher skills. Welfare of the average low- and high-skill workers, 
L and 
H ;

are de�ned as follows


L =
ELWL + (q � EL)UL

q
; and


H =
EH

h
WH � cost(x)

i
+ (1� q � EH)

h
UH � cost(x)

i
1� q
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where

cost(x) =
1

1� x�
Z 1

x�
cost(x)dx:

Overall welfare, 
, is the weighted sum of the other two,


 = q
L + (1� q) 
H :

3 Calibration

We calibrate the model to �t US yearly data during 1995�2015. In the given period, jobs

last on average approximately 5 years, implying that the rate at which the employment

relationship is broken is � = 0:2: Agents discount the future at a constant rate, which

we set at r = 0:05: The bargaining power of workers is set to be the same as that of the

�rms, � = 0:5; as is usually suggested in the literature. We assume that the matching

function has a Cobb-Douglas form as in Albrecht and Vroman (2002), thus

M(u; v) = 2
p
uv:

Further, in the baseline case the value of the output in a low-skill �rm is set to yL = 1;

and the output produced in a high-skill �rm is assumed to be yH = 1:2: Under such pa-

rameters, unemployment bene�ts amount to about 40% of previously perceived wages,

or b = 0:4: Moreover, the cost of opening a vacancy is set to c = 0:05; which amounts

to approximately 7% of total output. This leads to an unemployment rate of around

5�6%� roughly the US average in our period of analysis.

We take the quadratic shape of the cost of acquiring skills function,

cost(x) = � (1� x)2 :

The value of the parameter � is such that, in the initial equilibrium, 65% of the labor

force is low skilled and 35% is high skilled, so � = 1:5. This skill distribution corresponds

to the one found in the initial year of our period under examination.

4 Comparative statics

O¤shoring can be seen as a source of skill-biased technical change (Feenstra and Hanson,

1996, 1999; Head and Ries, 2002). In the context of our analysis, this is modeled as

a change in the productivity gap that is consistent with a change in the labor costs of

high-skill workers in the total labor cost bill, SH , as de�ned above. We calibrate our

model for a range of sensible values of the productivity gap and then proceed to discuss
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the general e¤ects of o¤shoring.

4.1 The e¤ects of o¤shoring

To study the e¤ects of o¤shoring we allow for a sequence of changes in the productiv-

ity gap that result in changes in the nonproduction wage share� SH in (5)� that are

consistent with the SBTC hypothesis. As discussed in the introduction, the resulting

change in the nonproduction wage share during the eighties was found to be within

the 19�21% interval (see Feenstra and Hanson, 1996, and errata, 1996).8 We take this

estimate as a reference for our numerical exercise below.

In our model, (exogenous) changes in the productivity gap will induce a corre-

sponding reaction in wages. As implied by (2) and (3) above, a higher wage gap will

subsequently prompt more workers to acquire new skills, resulting in a lower q share.

Depending on the direction of the changes in the productivities of high- and low-skill

workers we will be faced with di¤erent possibilities.

We propose three scenarios, namely, #1 o¤shoring raises yH and lowers yL, #2

o¤shoring raises both yH and yL; but raises yH more, and #3 o¤shoring raises both

yH and yL; but raises yL more.9 At any rate, cases #1 and #2 implicitly assume that

o¤shoring has a bias for high skilled workers (e.g. high-skill o¤shoring). The reason

we o¤er three distinctive scenarios stems from the somewhat heterogeneous evidence

the literature has been able to produce so far, and the apparent lack of a clear pattern

as to how o¤shoring a¤ects productivity levels (see the OECD review by Olsen, 2006).

Su¢ ce to say that much depends on both sector and �rm-speci�c characteristics.

Table 1 departs from a 20% productivity gap baseline (�rst row) and moves away

from there in all three scenarios. We believe this is a large enough change to see how

the model works, while keeping in mind that, according to Feenstra�s and Hanson�s

estimations, the real impact of o¤shoring upon SBTC will be roughly one �fth of its

change. For our comparative statics analysis, scenarios #1 and #2 (high-skill bias)

generate the same changes in SH once we open the productivity gap.10

Under o¤shoring #1 we observe a mild increase of the unemployment rate which

is the result of two signi�cant changes� a stark rise of low-skill unemployment and a

noticeable drop of high-skill unemployment. In terms of relative wages and welfare the

results show the same pattern. Overall, for our parameters and assumptions we see a

substantial sectoral reshu­ ing within the economy, although we must not forget that

8Feenstra and Hanson (1999) �nd a slightly lower e¤ect as they work with other variables in their
speci�cations� o¤shoring explains a 15% increase in the relative wage of nonproduction workers while
expenditures in high-technology capital such as computers, for example, can explain as much as 35%.

9This third possibility, even when incompatible with the SBTC hypothesis, will still be of interest
as we will show in a later section.
10Consecutive expansions of the productivity gap yield additional 20% changes in SH :
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only a fraction of it is due to o¤shoring.

Under o¤shoring #2 we get a signi�cant drop of the unemployment rate, mainly

driven by a salient drop in high-skill unemployment which more than compensates the

soft increase of low-skill unemployment. Restructuring is far less disturbing now as

the welfare of both low- and high-skill workers show an upward trend. Beyond the

similarities in SH , q, and �, the di¤erences between #1 and #2 stem from the fact

that, for the latter, a vacancy is relatively cheaper for both types of �rms (thus higher

pro�ts are expected), the market is tighter, and conditions in general are better for all

workers.

Finally, under o¤shoring #3, we see that unemployment, both total and by skills,

remains barely unchanged, yet the opportunity cost in terms of welfare is noteworthy.

This result is clearly not consistent with the SBTC hypothesis, as low skilled workers

are relatively better o¤, and can only be thought of if productivity-improving shocks

have a bias in favor of that kind of workers. In this context, and for this particular

case, we can assume that o¤shoring has a bias for low skilled workers (e.g. low-skill

o¤shoring), so o¤shoring strategies will eventually have a positive productivity e¤ect

on them.11

Our results above suggest a kind of policy governments should strive for, if they

want to help the economy toward a more advisable outcome. Indeed, productivity

and o¤shoring-enhancing measures are welcome even when they lead to SBTC, but

especially when productivity levels of both high and low-skill workers are improved.

Notice that the SBTC hypothesis holds under scenarios #1 and #2, although it is only

under #2 that productivity goes up for all skills and should therefore be preferred.

In fact, the empirical evidence presented in a later section seems to point to the fact

that this scenario is the likeliest when allowing for both high and low-skill o¤shoring,

implying the stronger positive e¤ects of the former. In other words, o¤shoring tends to

improve the productivity levels of those involved and, thus, to change the "skill gap"

accordingly� that is to say, high- (low-)skill o¤shoring tends to raise the productivity

of high (low) skilled workers.

The next section o¤ers a short counterfactual exercise based on our comparative

statics exercise for the US in Table 1, but mainly focusing on scenario #2. In other

words, if such scenario is the most advisable but an anti-o¤shoring agenda prevails, then

we might as well wonder what other mechanism policy makers can rely on to obtain,

approximately, the same welfare result.

11For our empirical analysis below, we will distinguish between high and low-skill o¤shoring in a
more explicit way.
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4.2 O¤shoring, welfare, and labor �exibility

Welfare and inequality concerns over the o¤shoring phenomenon are not new to the

literature, although the relation to labor markets and their resilience is less evident.12

We turn now to a policy experiment that, in our view, could potentially achieve the

welfare results under the best o¤shoring scenario, that is, o¤shoring #2 in Table 1, but

now assuming that o¤shoring strategies can be hindered by protectionism.

In the light of the recent US protectionist policy agenda and its trade war with

China, we believe it would be sensible for the US to pursue a harmonizing policy which

is at the same time both achievable and not very disagreeable with the population at

large. As we have shown in another place (Agnese and Hromcová, 2016), increased

labor market �exibility can signi�cantly help in achieving this result (see also Jung and

Mercenier, 2014).

What can be done to achieve the same improvement in welfare levels that stem from

o¤shoring�induced productivity-related shocks?13 To answer this question we calibrate

the model for di¤erent levels of the exogenous cost c, which we have assumed to include

all costs involved in opening a vacancy, as well as �ring costs. We will aim at the same

welfare level as in the previous exercise, using total welfare 
 for case #1 and low-skill

welfare 
L for case #2. The reason we rule out 
L under #1 is that, for that particular

scenario, such parameter goes down with o¤shoring.

Table 2 reports our �ndings on cases #1 and #2 only, as these are the most likely to

occur. We contend that, for case #1, it would only take a minor reduction of what we

refer to as vacancy costs (e.g. �ring and hiring costs) to take the economy to the same

welfare level as before. Allowing for a meager rollback of around 5% is shown to be

enough as well as politically feasible. However, for case #2, in order to achieve the same

welfare for low-skill workers it will be necessary to go for a major cut of 20%� which

is perhaps not completely enticing politically, especially when the US labor market is

among the most �exible already.

Bear in mind that, in both counterfactual exercises, increased �exibility can restore

welfare but at the expense of productivity and output growth, even when wage inequal-

ity is reduced. Also, let it not be forgotten that, as in the previous exercise, o¤shoring

is but a fraction of SBTC.

12See, among others, Ebenstein et al. (2014), Görg and Görlich (2015), Hummels et al. (2013), and
the earlier contributions by Feenstra and Hanson (1996, 1999).
13Again, as in the exercise above, we must keep in mind that only a fraction of it is due to o¤shoring

activities.
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5 Empirical analysis

5.1 Estimation

We now intend to provide empirical evidence on the e¤ect of o¤shoring on SBTC within

the US manufacturing sector, as was assumed by our model above. In particular,

we analyze the change in the high-skill labor costs share resulting from the change

in o¤shoring-related activities. For that, we estimate a reduced-form equation as in

Feenstra and Hanson (1996, 1999) and Head and Ries (2002) with the high-skill labor

costs share as dependent variable and o¤shoring intensity, among others, as explanatory

variables� our o¤shoring measure is calculated from Input-Output tables.14

In order to produce a measure of o¤shoring we rely on an intermediate imports

index as �rst proposed by Feenstra and Hanson (1996). As stated in the introduction,

the rationale is that the higher the volume of imported inputs the higher the o¤shoring

intensity, as these inputs are now being imported from subsidiaries in low-wage coun-

tries. We use a narrow version of the measure, which means that imported inputs come

from the same industry abroad. We believe this makes more sense when working with

aggregated data as we do.

The idea behind this simple exercise is to determine the qualitative and quantitative

e¤ect of both high and low-skill o¤shoring on SBTC in recent years. We do this by

estimating a share equation, as typically done in the literature, and by running a set

of counterfactuals. Following Head and Ries (2002) we estimate the share of high-skill

costs in total variable costs as a linear function of the logs of input prices and quasi-�xed

factors. As in there, we do not include wages as regressors as we assume that there is

no exogenous variation across industries, and we also expand the estimable equation by

our high- and low-skill o¤shoring measures.

We thus run a time-series regression for the US manufacturing sector in a single

reduced-form equation, namely:

SHt = f

 
offHt offLt Yt Kt=Yt

+ � + +

!
where we expect a positive (negative) e¤ect of high- (low-)skill o¤shoring, and also a

positive e¤ect from the scale and capital intensity coe¢ cients.15 SBTC is proxied in

two ways: high-skill labor costs (total compensation of employees), SLH ; and high-skill

14Appendix B shows the de�nitions of the variables along with their sources, and Appendix C goes
over the classi�cation of manufacturing industries based on their R&D intensities� this classi�cation
is then employed to distinguish between high and low-skill o¤shoring measures.
15According to Agnese (2012), di¤erent types of o¤shoring can a¤ect occupations di¤erently; meaning

that relocated activities tend to show a positive synergy with other related activities that stay behind,
thus giving place to skill upgrading in the relocating �rms.
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wages and salaries, SwHt, both as shares of the total.

Table 3 shows the results of the estimation under OLS and IV and for both the

alternative dependent variables. Our estimations show the expected signs for high-skill

(+) and low-skill (-) o¤shoring on SBTC. However, both coe¢ cients turn out signi�cant

for the OLS estimations alone. Figure 5 shows how our single-equation estimation under

model (i) tracks SBTC during 1996�2015� model (i) seems to o¤er the best results in

terms of goodness of �t and signi�cance of the coe¢ cients.16

Table 3: SBTC regressions, US manufacturing 1996�2015

Method (i) OLS (ii) IV (iii) OLS (iv) IV

Dep. variable SLHt SLHt SwHt SwHt

cnt -0.023 [0.821] 0.021 [0.903] 0.017 [0.894] 0.020 [0.926]

Dep. variablet�1 0.609 [0.002] 0.516 [0.027] 0.524 [0.027] 0.494 [0.097]

offHt�1 1.267 [0.016] 1.207 [0.132] 1.125 [0.058] 1.191 [0.224]

offLt�1 -0.773 [0.025] -0.734 [0.147] -0.637 [0.101] -0.679 [0.283]

Kt=Yt 0.105 [0.034] 0.115 [0.076] 0.119 [0.052] 0.125 [0.080]

�Yt 0.221 [0.017] 0.213 [0.098] 0.218 [0.036] 0.226 [0.120]

r2 0.529 0.483 0.391 0.389

F � stat [0.006] [0.115] [0.047] [0.190]

J � stat [0.977] [0.757]

Note: p-values in brackets; o¤shoring regressors not in logs, so coe¢ cients are semi-elasticities.

We now turn our attention to our set of counterfactuals, aimed at throwing more

light on the recent contribution of o¤shoring strategies to SBTC in US manufacturing

industries.
16We have worked with the de�ators of value added and input prices as instruments, as well as

their lags. Further, notice that the �rst lag of the endogenous variable is highly signi�cant in all
speci�cations and that the value added variable only enters in di¤erences; in addition, the o¤shoring
regressors only enter with one lag. Appendix D exhibits the partial regression plots (leverage plots) of
the regressors in speci�cation (i)� these plots simply turn a multivariate regression into a collection of
univariate regressions involving the residuals of alternative regressions, with the goal to highlight the
direction of the correlation between the variables.
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Figure 5: SBTC, actual and �tted values

5.2 Counterfactuals

Figure 6 shows our main variables and their paths in our simulation period. This after-

crisis period goes from 2008 to the end of the sample, and right at the start in 2008

shows a low value of the SBTC variable which coincides with a peak in both the high

and low-skill o¤shoring indices. We use the estimated model above to calculate the

contribution of the o¤shoring intensities to SBTC in 2008�2015. With that purpose

in mind, we �x the o¤shoring variables, one at a time, to the simulation�s starting

year, and then solve the model accordingly. Once we do this we are able to recover

the simulated trajectory of the high-skill labor cost share (e.g. SBTC) and, hence,

determine the contribution of the exogenous variable to the change in the endogenous

one.

Figure 6: SBTC and o¤shoring intensities, 2008�2015
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5.2.1 High-skill o¤shoring

Figure 7 on the left shows the high-skill o¤shoring intensity index �xed to its 2008 value

along with its actual trajectory, while the �gure on the right shows the contribution

of such a variable to the change in the SBTC variable after solving the single-equation

model. As shown there, the actual fall in the high-skill o¤shoring index has contributed

to a reduction of the high-skill labor cost share of approximately 7 percentage points,

which is a nontrivial �gure. Unlike a comparative statics exercise our simulation here

takes account of the dynamics occurring within the subsample 2008�2015, and therefore

the �nal e¤ect on SBTC is the result of this summation of e¤ects.

Figure 7: High-skill o¤shoring and contribution to SBTC

High-skill offshoring Contribution

5.2.2 Low-skill o¤shoring

Figure 8 on the left shows, in turn, the low-skill o¤shoring intensity index �xed to its

2008 value with its actual trajectory, and to the right the contribution to the SBTC

when solving the model. The actual fall in the low-skill o¤shoring index has contributed

to an increase of the high-skill labor cost share of approximately 3 percentage points.

Again, as before, this dynamic simulation accounts for the dynamics taking place during

2008�2015.

18



Figure 8: Low-skill o¤shoring and contribution to SBTC

Low-skill offshoring Contribution

5.2.3 Joint contribution and summary of results

Figure 9 shows the joint contribution of both types of o¤shoring on SBTC. Overall,

high-skill o¤shoring is driving the SBTC in the US in recent years� in particular, the

e¤ect of a drop in both o¤shoring variables has led to a net drop of around 4 percentage

points.

Table 4 summarizes our counterfactual exercise. The �rst two columns show the

values of the o¤shoring measures in 2008 and 2015, which correspond to the starting

and �nal values of the simulation period. The next columns exhibit, respectively, the

change, in percentage points (p.p.), in o¤shoring intensity for that period, the simulated

contribution in terms of the SBTC, as drawn from our previous analysis, and the

estimated contribution per 1 p.p., which is simply the ratio between the previous two.

A little caveat is in order. The signs under the column referring to the contribution to

SBTC, should be understood as how SBTC would have changed under the hypothesized

path of the exogenous o¤shoring variables� see the gaps at the end of the simulations

on Figures 7, 8, and 9, under contribution. Notice that, for instance, the contribution

of high-skill o¤shoring to SBTC in Figure 7 is approximately +7 p.p., meaning that,

had this measure remained at its 2008 value, then the high-skill cost share would have

been 7 p.p. higher than what it actually was. The same applies to low-skill o¤shoring

but in the opposite direction. In reality, though, both o¤shoring measures went down,

which implies that, curiously enough, their impact on SBTC took an unexpected turn.

All in all, SBTC has been very sensitive to the changes in o¤shoring in the years

after the crisis, especially concerning high-skill o¤shoring, which roughly doubles the

contribution of low-skill o¤shoring. Respectively, their estimated contributions per
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1 p.p. during 2008�2015 were -1.59 and +0.81, and the joint contribution is equal to

-0.78 p.p. per 1 p.p.

Figure 9: O¤shoring and joint contribution to SBTC

High-/low- skill offshoring Join contribution

Table 4: O¤shoring contribution to SBTC, summary

2008 2015 �off � Sim. cont. to SBTC�� Est. cont. per 1 p.p.

offH 24.96 20.57 -4.39 ' 7 -1.59

offL 20.46 16.77 -3.69 ' -3 0.81

total ' 4 -0.78

Note: �in percentage points, ��actual minus simulated, in p.p. (see Figs. 7, 8, 9).

6 Final remarks

We have used a matching model to carry out a comparative statics analysis of the e¤ects

of o¤shoring on labor market outcomes while allowing for an endogenous adjustment

of skills. We have shown that, to some degree, o¤shoring can help in the direction of

a restructuring of the economy through SBTC and that, in the end, overall welfare is

improved. If, however, o¤shoring practices were to be blocked by a protectionist agenda,

as is the trend in US trade policy nowadays, we argue that the resulting welfare losses

could be o¤set by increased labor �exibility.

We have also produced empirical evidence that is consistent with the idea that

o¤shoring is a major driver behind SBTC, as also shown by previous literature. By

20



analyzing the e¤ects of high- and low-skill activities separately, we are able to produce

new evidence which lends force to the idea that o¤shoring is such a complex phenom-

enon. These results suggest that high-skill o¤shoring opens the skill gap and low-skill

o¤shoring closes it, and this is consistent with the fact that o¤shoring tends to increase

the productivity of the workers and activities most at hand; in other words, high-

(low-)skill o¤shoring raises the relative productivity of high- (low-)skill activities and

workers.

The data clearly show that, in recent years, and possibly because of the global crisis,

both types of o¤shoring have been on the decline. Given that high-skill o¤shoring in

particular has a stronger pull, the overall e¤ect on SBTC has been that of a reduction

in the skill gap. In the current context of protectionist US policy and the trade war

with China, the welfare losses may be exacerbated if o¤shoring practices and trade in

general are hampered, as we believe they will be. Our word of advice would be that, if

such a trend is politically unavoidable, perhaps some attention should be paid to other

harmonizing policies such as increased labor �exibility, that might compensate for the

welfare loss.
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Appendix A. Bellman equations and welfare de�nitions

A1. Steady state equilibrium �ows and matching
In steady state, low-skill workers that were working, EL;

EL = q � 
u; (6)

and lose their jobs, equal the low-skill unemployed, q�EL; that �nd a job (right-hand
side)

�EL = PL (q � EL) ; (7)

with PL the probability that a low-skill worker will match with a low-skill �rm. On the

other hand, high-skill workers that were working, EH ;

EH = 1� q � (1� 
)u; (8)

and lose their jobs, equal the high-skill unemployed, 1� q � EH ; that �nd a job (right
hand side)

�EH = PH (1� q � EH) ; (9)

with PH the probability that a high-skill worker will match with either a low or a

high-skill �rm. The probability that a low-skill worker will match with a low-skill �rm

is

PL = �m(�); (10)

and the probability for a high-skill worker to match with high skill �rm is

PH = (1� �)m(�): (11)

By rewriting (7) and (9), and using (6), (8), (10) and (11), we get the expressions for the

unemployment rate and the fraction of low-skill vacancies (as in Albrecht and Vroman,

2002)

u =
� (
 + q � 2
q)


 (1� 
) [m(�) + 2�] ; (12)

� =
(1� 
) qm (�) + � (q � 
)
m (�) (
 + q � 2
q) : (13)

Unemployment rates for each type of workers depend on the skill distribution, q; and

the share of unemployed for each type, 
; and (1� 
)

uL =

u

q
and uH =

(1� 
)u
1� q :
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A2. Workers
The following Bellman equations state that the discounted value of working (left-

hand side) must be equal to the �ow of net income (�rst item on the right hand side) and

the expected loss from changing the employment status (second item on the right-hand

side)

rWi = wi � �(Wi � Ui); i = L;H (14)

where r is the discount rate. The analogous equations for the unsuccessful match hold�

the discounted value of being unemployed must be equal to the �ow of net income

(unemployment bene�ts) and the expected gain from �nding a job, namely

rUL = b+ �m(�) (WL � UL) ; (15)

rUH = b+ (1� �)m(�) (WH � UH) : (16)

A3. Firms
When the match is successful the Bellman equations for the active �rms take the

following form

rJi = (yi � wi � c)� � (Ji � Vi) ; i = L;H (17)

where the discounted value of the job must be equal to the �ow of pro�ts earned by

the active �rm and the expected loss from changing the labor market status (becoming

inactive). The corresponding Bellman equations for the inactive �rms are

rVL = �c+ z(�)
 (JL � VL) (18)

rVH = �c+ z(�)(1� 
) (JH � VH) (19)

where the discounted value of the vacancy must be equal to the �ow of income lost

by maintaining the vacancy open and the expected gain from switching to the active

status. There is free entry into the market, and new �rms enter while the value of the

vacancy is positive. No more �rms enter when the value of the vacancy decreases to

zero; the free entry condition can be then expressed as

VL = 0 and VH = 0: (20)

A4. Wages
Wages for each type of match can be obtained by processing (14), (17) and (20),
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and by plugging them into (4)

wi = �(yi � c) + (1� �) rUi; i = L;H: (21)

Finally, the condition for the equilibrium to exist is that high-skill workers are

matching only with high-skill jobs

yL � c � rUH : (22)

Total output depends on the productivity and employment of each type of worker

Y = ELyL + EHyH :
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Appendix D. Leverage plots

High-skill offshoring
�
offHt�1

�
Low-skill offshoring

�
offLt�1

�

Capital/value added (Kt=Yt) Value added, growth (�Yt)

Note: regressions of the residuals of OLS estimation (i) above on the residuals of auxiliary estimations

between the exogenous k-th variable and a vector of the remaining variables.
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