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Tiivistelma

Palveluiden ulkoistamisen
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Tarkastelen palvelu-ulkoistuksen vaikutuksia tydllisyy-
teen ja yritysten maksamiin palkkoihin suomalaisella
aineistolla. Tutkimus perustuu Eurostatin vuonna 2011
tekemaan Global Value Chains -kyselytutkimukseen. Ky-
selyn vastaajajoukoksi oli valittu edustava otos suoma-
laisia yrityksia. Tunnistan kyselytutkimuksen perusteella
yritykset, jotka ryhtyivat ostamaan ulkoistettuja palve-
luita ulkomailta vuosien 2009-2011 aikana.
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menetelmaa ei-ulkoistajien tilastollisen vertailuryhman
muodostamiseen.

Tulosten perusteella ulkoistaminen korottaa yrityksissa
maksettuja palkkoja, mutta ulkoistajayritykset tyollista-
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The Labor-market Effects of Service Offshoring: A Synthetic Control Approach with High-dimensional Microdata

1 Introduction

The effect of offshoring on domestic firms has been and remains a hot topic in economic policy
discussion. While offshoring could allow firms to tap into sources of skilled workers at low cost
(Manning, 2014), workers at home might worry about losing employment opportunities and

increased competition from abroad.

The offshoring of manufacturing activities has been studied at length in economic research. The
effects of offshoring are theoretically ambiguous: increased competition can benefit home workers
by increasing productivity or hurt them via increased competition (see, e.g., Baldwin and Robert-
Nicoud, 2014; Grossman and Rossi-Hansberg, 2006, 2008). The existing empirical evidence
suggests that the offshore purchase of intermediate goods increases wages, at least for the college-
educated workforce (see, e.g., Feenstra & Hanson, 1999). There is much less evidence on the
effects of services offshoring, where tasks are the object being traded instead of goods. Indeed,
goods and services are traded very differently. Goods usually need to cross borders, while services
are intangible. Moreover, in contrast to trade in goods, trade agreements do not regulate trade in

services, so there are fewer bartiers to service trade.

Trade in services is still low compared with trade in goods (Baldwin and Dingel, 2021), but it has
grown more rapidly (Berlingieri et al., 2021; Amiti and Wei, 2009). Recent information and
communication technologies (see, e.g., Kissi and Lehdonvirta, 2018; Lehdonvirta et al., 2018;
Baldwin and Dingel, 2021) have transformed many jobs across the skill spectrum into “anywhere-

jobs” (Kakkad et al., 2021), which are much easier to offshore.! The Covid-19 pandemic has

! Blinder and Krueger (2013) found that roughly 25% of US workers work occupations with a hght potential for

offshoring. More recently, Ozimek (2021) has shown that the offshorability measure created by Blinder and Krueger
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further accelerated this trend (Stephany et al., 2020). Finally, global differences in wages are much
higher than those in the prices of goods, creating stronger arbitrage incentives (Baldwin, 2019).
While the labor-market effects of offshoring manufacturing have been widely documented (e.g.,
Autor et al., 2014; Ebenstein et al., 2014; Goos et al., 2014; Hummels et al., 2014), it is unclear

whether their results generalize to trade in services.

The existing evidence on services offshoring is still relatively scarce. Generally, it is associated with
shifts in employment toward higher-educated workers (Becker et al., 2013; Crino, 2010) doing
more non-routine and interactive tasks (Becker et al., 2013). On the other hand, the evidence of
the total employment effects of the increased offshoring of services in firms is mixed. Kovak et
al. (2021) find positive employment effects, whereas Amiti and Wei (2008) find small negative
ones. Kerr et al. (2020) use a similar linked employer—employee data set to that used in this paper
to study the effects of both goods and services trade on the level of the whole economy. According
to their findings, offshoring reduces the routine work performed within firms, but their results do

not shed light on the wage and employment effects of offshoring.

Business and management literature offers a complementary view on how firms’ internal personnel
and capital needs adjust to offshoring. Manning (2014) reviews the challenges that firms need to
overcome and ways to overcome these challenges. This literature highlights the various operational
challenges that offshoring firms face and the need to find ways of mitigating them, which usually

takes time. Thus, any effects of offshoring usually take a long time to emerge.

has no predictive power on changes in the number of people employed in the occupations in 2019. Instead of

offshoring potential, this paper studies the labor-market effects of realized offshoring events.
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This paper uses a synthetic control method (Abadie and Gardeazabal, 2003; Abadie et al., 2010)
to study the effects of offshoring on firms’ employment and wage outcomes. The offshoring
choice of the firm depends on a variety of observable and non-observable characteristics, which
may also affect the firm-level outcomes. I utilize the synthetic control method to overcome this
endogeneity due to omitted variables. The synthetic control method allows me to form a data-
driven donor pool of non-outsourcing firms that I compare with firms that start outsourcing in
the sample period. More concretely, I study how the employment and wages of a college-educated
and a non-college-educated workforce evolved between 2012 to 2019 in firms that started buying
outsourced services in 2011. These firms are compared with a synthetic control firm whose
trajectories of capital stock, personnel, wages, share of college-educated workers, and labor

productivity evolved in tandem with the offshoring firms from 2002 to 2009.

Additionally, I provide estimates on how the offshoring of low-skill tasks and high-skill tasks
affects high- and low-skilled workers separately. Extensive offshoring literature pioneered by
Grossman and Rossi-Hansberg (2008) has postulated that offshored tasks and home tasks with
the same skill level are complementary, and thus, offshoring increases the productivity of the
workers who do similar tasks to the offshored ones. However, thus far, only limited evidence exists

in favor of this assumption.

The traditional synthetic control method applies in the context of a single treated unit and a
relatively small number of control units (see, e.g., Abadie, 2003). The data used in this paper
consists of hundreds of treated firms (i.e., firms that started service offshoring in a single year)
matched to potentially hundreds of non-treated firms. This high-dimensional setting renders the
traditional synthetic control method unusable. Instead, I resort to the microsynth framework, a
modified version of the synthetic control method developed to bring high-dimensional, micro-

level data into the traditional synthetic control framework (Robbins and Davenport, 2021; Robbins
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et al., 2017). Using microsynth, I can form a synthetic control unit where the pre-treatment
observations are matched across all outcome variables and continuous time-varying control
variables. The synthetic control method accounts for time-varying unobservable confounders and,

thus, tackles endogeneity from omitted variable bias in a straightforward fashion.

A related but distinct issue is the endogeneity due to reverse causality. More concretely, if the
decision to offshore is triggered by an anticipation of future changes in demand for firms’ goods
or productivity, the synthetic control method would be biased. To mitigate this concern, I also
present results from an alternative specification where we split the pre-treatment period into two
parts: early pre-treatment and late pre-treatment. I only perform matching using data from the
eatly pre-treatment period and demonstrate no differences between the treatment and control
groups in the late pre-treatment period. Assuming that anticipation effects would be reflected in

late pre-treatment period outcomes, this is evidence against endogeneity due to reverse causality.

As an additional caveat, we note that service offshoring could take very different forms across
different firms. Further, my data lacks a measure for the value of the offshoring project, so my
estimates are not interpretable as elasticities. Nonetheless, my data does have information on the
types of services being outsourced, which allows us to study heterogeneity for different types of

outsourced services.

I find that offshoring increases both high-skilled and low-skilled workers” wages while decreasing
employment relative to the control group of non-offshoring companies. In the long run,
offshoring firms pay approximately three percent higher wages than the synthetic control group.
The long-run effect of offshoring on employment is roughly 11 percentage points. Moreover, 1
find that offshoring firms employ marginally fewer low-skilled workers compared with the

synthetic control group.
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A sub-sample analysis of the offshoring of high-skill and low-skill tasks separately indicates that
the effects of the former almost entirely drive the effects of offshoring on firm outcomes. I find
that, in general, only a tiny minority of the offshoring firms offshore low-skill tasks, and the effects

of offshoring low-skill tasks are mostly statistically indistinguishable from zero.

The rest of the paper is structured as follows. Section 2 reviews the microsynth framework, and
Section 3 describes the data. Section 4 presents the main results and sensitivity analyses, and

Section 5 concludes.

2 A review of the microsynth framework

The synthetic control methodology is based on the idea that one can estimate weights for non-
treated units so that the pre-treatment values of outcomes follow each other. The microsynth
framework expands on the standard synthetic control method along various dimensions. It allows
for multiple treated units and jointly incorporates multiple outcome variables, making it particularly
useful for the application at hand. In this section, I present a review of the microsynth framework

and discuss how I apply it in the current setting.

Let Y;j¢ denote the observed value of outcome i at time t for firm j. There are a total of I separate
outcomes, so that i € (1,...,1). T years are divided into two portions: years (1, ..., Ty) are pre-
intervention and (T + 1, ..., T) are post-intervention years, t € (1, ..., Ty, Ty + 1, ..., T). There

is total of ], non-treated firms of a total of J firms so that j € (1, ..., /o, Jo + 1, ..., ]).

Now, each observed outcome has the form

@
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Yijt = Yit(0) + ;¢ Dy,

where Dj; is the treatment indicator, getting the value 1 if firm j has started buying offshored
services in year t and retains value 1 after that. For years, t > T, Y; jt(O) is the unobserved

counterfactual for the treated units. The treatment effect averaged across the treatment group

reads as

]
1
ai = ]_—]Oj Z Qjjt, @

=]0+1

where t € (T + 1,...,T) and i € (1,...,1). To estimate aj;, it is necessary to calculate Y;7(0),
which is unobservable. The microsynth estimation framework boils down to choosing a set of

weights (Wy, ..., W), ) (with each firm in the control group receiving a non-negative weight), so

that for every outcome I and period t, the weighted firms in the control group sum up to their

respective sums across the treated group, or

Jo J
D w¥ye= ) Yy o)
=1

J=Jo

for each combination of outcomes and years t < Tj. The weights are scaled so that

Jo
Ywi=i-o 4
=1
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which implies that the synthetic control weights add up to the number of firms in the treatment

group.

If there exists a vector of weights that satisfies (3) and (4), the counterfactual outcome values can

be approximated by

Jo
PO = ) w¥ie ©
j=1

where t € (Ty +1,...,T).

Therefore, the average treatment effect across the treatment region can be approximated by

1 J Jo
iy = — Z Yije — Z w;Yije, (6)
=)o 54, j=1

where t € (Ty +1,...,T).

So far, the model setup described in Equations (1)—(6) is exactly analogous to the standard
synthetic control method of Abadie et al. (2010). Robbins et al. (2017) showed that the validity
and asymptotic unbiasedness results of Abadie et al. (2010) readily generalize to a situation where

Yij¢ is a matrix of all outcome variables in all pre-treatment periods for firm j, that is,

()

Y; = (Yiju o, Yajry—1 Yajur oos Yajrg—1, Yijio oo Yijrg—1)-

Using the definition in Equation (7), a matrix version of Equation (3) can be expressed as:

®)

Jo ]
Sun-3
Jj=1

Jj=Jo
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The weight vector w;, exactly solving (8), is calculated numerically. The solution boils down to

solving a set of weights w; and Lagrange multipliers A’ that minimize the objective function

Jo Jo ]
j=1 j=1 j=Jo

The function G (Wj) is a calibration function that regulates the behavior of weights. Robbins et al.

(2017) defined the calibration function as G(Wj) = ]_]]0

X (Wj — l)z,when w; = 0 and +o0

otherwise. This function has an implicit regularizing effect on the vector w; it chooses the weights
so that a minimal number of elements have a positive weight.2 Minimizing the set of positive

weights reduces the risk of overfitting, an inherent risk in synthetic control discussed in Abadie

(2021)

The main analytical difference between microsynth and the standard synthetic control is that the
function to be minimized is different. Instead of a function akin to Equation (9), the standard
synthetic control method minimizes a sum of squared errors between treatment and synthetic

control groups.

In practice, there are no guarantees that a vector of weights that solves Equation (8) always exists.
In such cases, the microsynth algorithm returns a vector of weights that most closely satisties (8).
The estimates presented throughout this paper are from models where Equation (8) is exactly

solved or where the pre-treatment values of the treatment and control units match exactly.

2 For discussion on alternative calibration functions, see Robbins et al. (2017).

10
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In addition to an estimate for the effect of offshoring, @;, , statistical inference also necessitates
an estimate for the uncertainty related to the quantity @;;.3 In this paper, I follow a bulk of previous
literature and use a permutation test for calculating the distribution of @;; under the null hypothesis
of ajy = [0, ...,0]. In practice, I perform the permutation test by assigning Dj; = 1 to randomly
selected | — ] firms and re-estimating @;; on the placebo sample. Repeating this approach P times

generates a distribution of parameter vectors @iy, (p € (Py, .., P)) under the null hypothesis of

*

it,p enables the calculation

zero treatment effects. Comparing the values of @, to the quantiles of @

of p-values related to parameter estimates.

I will next make some general remarks pertinent to the application at hand. First, as discussed by
Abadie (2021), the synthetic control method is not inherently unbiased. The degree of bias depends
on how well the weighted control units follow the time paths of treated units. If the pre-treatment
fit is poor, the performance of the synthetic control estimate will be poor. However, matching on
several outcomes improves the fit. Including more outcomes acts analogously to increasing the
pre-intervention period length and reduces the maximum bias related to the synthetic control.
Intuitively, having several outcomes as matching variables introduces additional moments that are

matched between the treatment and control groups in the pre-treatment years.

In my specific setting, the treatment variable is a binary variable that gets a value of 1 if a firm has
started buying services abroad between 2009 and 2011. The control group consists of firms that
do not offshore any services. Our matrix of outcomes consists of personnel (log), average (log)
salaries of college-educated and non-college-educated workers, the share of college-educated

workers, and labor productivity, estimated using a Cobb-Douglas production function.

3 Note that since we are studying the effect of offshoring on multiple outcomes, aj; is a vectot.

1
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Additionally, since firms with highly heterogeneous capital stocks can pay similar wages and have

equal numbers of people employed, I include capital stock levels as an additional matching variable.

There is extensive literature from Olley and Pakes (1996) on estimating production functions. This
literature highlights that capital and personnel stock are strategic variables that depend on their
(unobserved) productivity. The microsynth framework presented here conveniently sidesteps this
issue by ensuring that the treatment and control groups are precisely matched on both capital and

labor stocks and labor productivity.

A related issue, also highlighted in Olley and Pakes (19906), is that the entry and exit of firms are
partly determined by factors that are unobservable to we researchers. This is a problem for
synthetic control, which requires complete observations for all firms and years. Thus, my results
on the effects of offshoring should be seen as the effects of offshoring on established firms. For
example, the estimation method excludes “born global” firms that have built their business models

on global services from their inception.

3 Data and descriptive statistics

3.1 Dataset construction
The Finnish survey data I use in this paper was collected as a part of the “Global Value Chains”
(GVC) survey administered by Statistics Finland and Eurostat.* The survey sampling frame

consisted of companies employing over 100 people and a representative random sample of

# See Burostat (2013) for details.

12
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companies employing 50-99 people. The survey sampling frame covered all industry and service

sectors. The response rate for the survey was 82%.

I operationalize the offshoring variable by using a survey question which probed whether the
company started offshoring some of its activities outside of Finland during 2009—2011. The
respondents were additionally asked about the type of service they had offshored during that
period. The survey does not allow me to pinpoint the exact year when the offshoring started.c I
assume that the treatment year is 2011 for all treated firms in my baseline specification. I also

demonstrate in Section 4 that the results are not sensitive to changing this year.

The services categories and their associated skill requirements are listed in Table 1. Unfortunately,
the data does not provide a classification for the skill requirement of each task. Instead, we have
manually classified the offshored tasks into hzgh-skill tasks and low-skill tasks according to the typical

educational requirements.

Table 1: Offshored task classifications

The type of tasks being offshored Skill requirement
The firm’s core functions High
Distribution and logistics Low
Sales, marketing, marketing, telemarketing, and after-sales services Low
ICT services High
Administrative and management functions Low

5> Kerr (2020) use an earlier wave of the same survey.
¢ Thus, if a firm already offshored some service before 2009, the offshoring variable would get the value 0 for that

firm.

13
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Engineering and other technical services High

Research and development High

I'link the GVC survey data to two additional datasets. First, the annual panel of financial statements
contains information on the value added, capital stock, and personnel of each of the firms in the
survey. The synthetic control method requires complete observations, so I drop all the firms with

missing financial information.

The annual salaries and worker-skills data are based on the linked employer—employee data. For
each year, I take all the workers employed at the surveyed firm at the end of the year and calculate
their average incomes by education group. I exclude workers whose educational information is not

recorded in the data.

The matching variables used for creating the synthetic control group are the following:

High-skilled workers” average income (log): the average income of workers with college

education or a higher level of education (in logs)

Low-skilled workers’ average income (log): the average income of workers with a lower

level of education than college education (in logs)

The share of high-skilled workers: the share of workers with more than a college education

as a share of the personnel in the company
Personnel: the number of full-time-equivalent (FTE) employees during a year (in logs)
Capital stock divided by personnel: the book value of capital stock per employee (in logs)

Labor productivity: value added divided by employees (in logs)

14
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To limit the effect of anomalous observations, we winsorize all the monetary values at a 1% level.

3.2 Descriptive statistics

Table 2 lists the sample sizes used in the analysis. The total sample size in the survey is 1673, but
as explained in the previous section, the synthetic control method requires complete observations.
Excluding missing values reduces the sample size to 973. In the survey, 21% of the firms reported
that they started offshoring between 2009 and 2011, 2% of the companies reported offshoring
low-skill tasks, and 13% reported only offshoring high-skill tasks. The low- and high-skill
offshoring shares do not add up to 21% because some firms offshore both high- and low-skill

tasks simultaneously.

Table 2. The sample sizes used in the analysis

Number of firms in the offshoring survey 1653
Number of complete observations 985
Share of firms that began offshoring in 2011 21%
Share of firms that began offshoring low-skill tasks in 2011 2%
Share of firms that began offshoring high-skill tasks in 2011 13%

Figure 1 plots the time paths for the variables of interest for offshoring and non-offshoring firms.
A few general remarks come to mind. First, the firms that bought offshored services during 2009—
2011 tend to pay higher wages, employ more high-skilled labor, and have higher capital stocks than
their peers. Second, both types of firms’ personnel were on a decreasing trend from 2007 onward.

Third, the offshoring firms show slightly lower labor productivity than non-offshoring firms, but

15
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these time series are also extremely noisy. Figure 1 also suggests that classical difference in

differences would likely result in biased estimates due to diverging pre-trends.
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Figure 1. A time series for the variables used in the synthetic control analysis. Dashed lines
correspond to the group of firms that started offshoring abroad in 2009-2011; the solid lines
correspond to those that did not start offshoring; and I red dashed line corresponds to the year

2011.

4 Results

4.1 The main results: The effects of offshoring on wages and employment
I begin by discussing the effects of offshoring on wages and employment in the full sample using

data from 2003-2009 for building the synthetic control unit.

Figure 2 reports the results of this specification. The left column of Figure 2 (parts a.1-£.1) plots
the levels of treatment and control groups. The right column of Figure 2 (parts a.2—f.2) presents
the difference between the two. The gray lines in parts a.2—f.2 also present the results of
counterfactual outcomes, which are based on treatment permutations, as discussed in Section 2.

The dashed lines in parts a.2—f.2 correspond to the 0.025th, and 0.975th percentiles of the

17
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distribution of permutation draws. If the difference lies outside the".025th and ".975th percentiles

of the permutation distribution, the difference is significant at a 5% risk level.

According to parts a.1 and b.1 of Figure 2, the average salaries of high-skilled and low-skilled
workers have grown in both offshoring firms and the synthetic control group. Moreover, part a.2
demonstrates that the incomes of high-skilled workers grow quicker in the offshoring firms
compared with those in the synthetic control. This difference is statistically significant from 2013
onwards at a 5% risk level. Part b.2 plots the difference for low-skilled workers. In this group, the
growth picks up later and is only statistically significant from 2016 (five years after offshoring took

place).

Part c.2 of Figure 2 indicates that the differences between the offshoring and synthetic control
groups in the share of high-skilled workers have remained at zero. The exception to this is 2018,
the final year in the sample. While this difference is statistically significant, the point estimate —
0.019 log points — is economically rather small. Transformed to FTE workers, the point estimate
of 0.019 implies that offshoring firms employ roughly 2.8 more workers with a college education

(or even more) when compared with the synthetic control.

Simultaneously, according to part d.2 of Figure 2, the offshoring firms’ personnel has contracted
quicker than in the synthetic control. While only statistically discernible from zero after 2016, the
differences are economically substantial. For instance, according to part d.2, the difference in
employment in 2018 was 19%. When the difference in log-points is transformed back to levels,

this corresponds to roughly 33 FTE workers.

Part e.2 of Figure 2 indicates that there are no differences in capital stock between the treatment

and control firms in any year after offshoring. Finally, part £.2 of Figure 2 shows that annual

18



The Labor-market Effects of Service Offshoring: A Synthetic Control Approach with High-dimensional Microdata

changes in labor productivity differences are noisy, and there are no statistically discernible

differences between the treatment and synthetic control groups.

The fact that offshoring does not seem to result in productivity improvements is slightly surprising.
Nonetheless, the period under consideration coincides with stagnant productivity growth in
Finland (see, e.g., Fornaro et al., 2021; Dai et al., 2022). Moreover, as evidenced by Figure 1f, the
annual changes in labor productivity within firms are relatively noisy, which increases the risk that
the synthetic control fails to detect any effects from the noise. Additionally, there exists a large
amount of literature showing that firm productivity is both highly persistent within firms and

highly variable between firms (for a review, see Syverson 2011).

Part a of Table 3 reports the point estimates of the results. In Table 3, short-term refers to an average
over the years [t + 1, ..., t+3] (L.e., the years 2012-2014) and Jong-term refers to observation from
the year 2018. The full period corresponds to the average over [t+1, ..., t+7]. It is plausible that
the differences in the year 2018 capture the differences between offshoring firms and the synthetic
control group after they have finished adjusting their organization and building the necessary

international infrastructures for offshored services.

I find that generally, there are no differences between the offshoring group and the synthetic
control in the short term. In the long term, the annual difference in high-skilled workers’” incomes
between the offshoring and the synthetic control groups is approximately 3.1%, while the
difference in low-skilled workers” incomes between the two groups is of comparable magnitude
(3.3%). The estimates for the difference in the full period are mostly not discernible from zero.
Moreover, parts a.2 and b.2 of Figure 2 do not indicate a mean reversion in the wages of offshoring
firms. Therefore, it seems more likely that, on average, the wage effects of offshoring take years

to emerge.
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In the long term, the offshoring firms employ 19% fewer full-time-equivalent workers than the
synthetic control. However, analogously to earnings, the short-term differences are not statistically
significant at conventional risk levels. Additionally, like earnings differences, the differences in the

averages over the full period are not discernable from noise.

Finally, the share of high-skilled workers is 2 percentage points larger in the offshoring group
compared with the control group in the long term. No other statistically significant differences

emerge from panel “a” of Table 3.

4.2 Balance diagnostics: Industry distribution
As explained above, the synthetic control group is only formed using the continuous time-varying
characteristics of firms.” Therefore, comparing the time-invariant characteristics of the synthetic

control and the treatment group provides a natural diagnostic check for match quality.

I report the industry distributions of both groups in Figure 3. Figure 3 also includes 95%
confidence intervals based on a block bootstrap. I have taken 250 bootstrap resamples of firm
identifiers (one firm identifier corresponds to one block in the data) and re-estimated the synthetic
control model. The confidence intervals are calculated as the 0.025" and 0.975™ percentiles of the
industry share distributions of bootstrapped synthetic control estimates. Figure 2 shows that the

two distributions match rather well. The only statistically discernible difference between the

71 have not used the time-invariant background characteristics as match variables for two reasons. First, the sample
size in many industry cells is relatively small. Second, recent literature (e.g., Kaul et al., 2015; KléBner et al., 2018;
Kuosmanen et al., 2021) has raised the concern that using time-invariant covariates as matching variables in synthetic

control might lead to numerically unstable estimates.
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treatment and control group at a 5% risk level is for industry NACE code C (manufacturing).
When tested jointly, using a chi-square test for homogeneity, I fail to reject the null hypothesis that

the industry distributions differ between the synthetic control group and the offshoring group.

4.3 The results from an alternative matching period

In this section I report the results from a model where I have performed the matching for 2003—
2008 instead of 2003—2011. This analysis serves three purposes. First, the offshoring variable is
based on whether the firm started offshoring a particular service sometime between 2009 and
2011. In the previous subsection, I assumed that the offshoring event always occurred in 2011. If
the results are not sensitive to changing the matching period from 2003-2011 to 2003-2008, this

suggests that the results are not sensitive to the exact year of outsourcing.

Second, while the synthetic control method can plausibly tackle endogeneity due to omitted
variables, it is sensitive to reverse causality. That is, if a firm observes a shock that results in an
offshoring decision later in time, the synthetic control method might be biased. However, showing
that the results are robust to changing the matching period suggests that there were no such shocks

during 2008-2010.

Third, following Abadie et al. (2010), splitting the pre-intervention period in two allows me to test

for the possible risk of overfitting. If the fit during 2008—2010 is poor, it is evidence of overfitting.

I report the results of this exercise in both Figure 4 and panel “b” of Table 3. Comparing the
results reported in the previous subsection shows that the two specifications result in almost
identical estimates. Moreover, the fact that no differences between the treatment and control

groups emerge during 2008—2010 suggests that there is no excessive noise due to overfitting.
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4.4. The results by offshoring skill level

To study the differences between types of tasks being offshored, I perform the synthetic control
estimation separately for high-skill and low-skill offshored tasks. The primary motivation for this
exercise stems from Grossmann and Rossi-Hansberg’s (2008) framework. Their central
assumption is that offshoring a particular type of task is analogous to factor-augmenting technical
change. Thus, for instance, offshoring high-skill tasks should increase the demand for high-skilled
workers at home and increase their share of employment and income.

[TPR]
C

The empirical estimates in Table 3, panel “c”, repeat the analysis from Section 4.1 but only for

firms that only offshored high-skill tasks. Panel “d” only reports the results for low-skill offshoring.
Comparison between panels “a” and “c” in Table 3 indicates that the results reported in the
previous sections seem to be driven by high-skill offshoring. No statistically significant differences
appear in panel “d,” while the results of panel “’c”” are comparable to those reported in the previous
sections. The minimal results in panel “d” might primarily be related to small sample sizes. Only

2% of the firms in the sample offshored low-skill tasks, as reported in Table 2.

Taken at face value, the results for the offshoring of high-skill tasks broadly conform to Grossman
and Rossi-Hansberg’s theoretical setup. The offshoring of high-skill tasks seems to increase the
salaries of both high-skilled and low-skilled workers while increasing the relative employment share
of high-skilled workers (due to the share of high-skilled workers increasing while total employment
decreases). According to Grossman and Rossi-Hansberg, this is a result of offshored high-skill
work being complementary to high-skill work undertaken at home, which increases high-skilled

workers’ productivity within the firm.
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4.5. The results using an alternative control group
Another potential issue with the construction of the treatment variable is that some of the control
group firms might be treated after the treatment time. In practice, this could happen if a firm in

the control group starts offshoring sometime after 2011.

I address this by proxying post-2011 offshoring using the “external services” variable from firms’
financial statements. This variable captures both services offshored from abroad and domestically
outsourced services. Moreover, in some cases, expenses such as rents and occasional equipment
maintenance costs might be classified as external services. Thus, while external services might capture
other expenses in addition to offshoring/outsourcing, if a firm starts offshoring some of its

services, this should be associated with a discrete jump in external services expenses.

I filter out possible post-treatment time offshoring events by first finding all firms who do not
report starting offshoring between 2009 and 2011 and whose expenditure on external services per
worker has increased by more than 50% after 2011 compared with the pre-2009 external services
per worker expenditure. I then exclude these firms from the donor pool of synthetic control units

and re-estimate the synthetic control weights.

This filtering is costly for the sample size and results in the yeatly observations decreasing from

985 to 579. Nonetheless, panel “f” of Table 3 shows that the estimates using the filtered donor

pool for constructing the synthetic control are almost identical to the main estimates.
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Figure 2. A comparison between the offshoring firms and the synthetic control in levels (a.1-£.1)

and differences between the two (a.2—f.2). The red vertical line corresponds to the year 2011, which

is the treatment date. In a.1-f.1, the solid line is the synthetic control and the dashed line is the
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offshoring group. In parts a.2—f.2, the light gray lines correspond to 250 permutation draws and

the black dashed lines are the 0.025" and 0.975" percentile of the permutation draws.
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Figure 3. A comparison between the industry distribution (1-digit NACE, 2008) between the

treatment and synthetic control groups. Confidence intervals are calculated by block bootstrap.
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Figure 4. A comparison between the offshoring firms and the synthetic control in levels (a.1-£.1)

and differences between the two (a.2—f.2) using alternative matching periods. The red vertical line

corresponds to year the 2011, which is the treatment date. In a.1-f.1, the solid line is the synthetic

control and the dashed line is the offshoring group. In a.2 — £.2, the light gray lines correspond to
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250 permutation draws and the black dashed lines are the 0.025" and 0.975" percentile of the

permutation draws.

(a) Main (b) Matching period: years

specification 2003-2008
Short Long Full time Long Full time
term term period Short term term period

Average earnings, high

skill 0.013 0.031 0.023 0.015 0.032 0.022
[0.27] [0] [0.14] [0.39] [0] [0.25]

Average earnings, low

skill 0.004 0.033 0.016 0.014 0.044 0.023
[0.56] [0] [0.31] [0.35] [0] [0.22]

Share of high-skilled

workers 0 0.019 0.005 0.007 0.027 0.011
[0.98] [0.0083]  [0.71] [0.37] [0.0082]  [0.28]

Personnel -0.024 -0.19 -0.08 -0.057 -0.28 -0.116
[0.41] [0] [0.22] [0.49] [0] [0.31]

Capital stock 0.025 0.2 0.068 -0.02 0.13 0.004
[0.74] [0.058] [0.53] [0.58] [0.29] [0.81]

Labor productivity -0.166 -0.29 -0.225 -0.028 -0.24 -0.088
[0.71] [0.26] [0.54] [0.9] [0.35] [0.77]

(c) Only high-skill (d) Only low-skill

tasks tasks
Short Long Full time Long Full time
term term period Short term term period

Average earnings, high
skill 0.006 0.021 0.016 -0.014 0.0088 -0.007

[0.75] [0.11] [0.4] [0.71] [0.69] [0.85]
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Average earnings, low

skill 0.004 0.033 0.019 -0.015 -0.018 -0.021
[0.65] [0] [0.36] [0.68] [0.85] [0.61]
Share of high-skilled
workers 0.005 0.02 0.009 0 -0.037 -0.015
[0.44] [0.008] [0.32] [0.99] [0.17] [0.58]
Personnel -0.019 -0.13 -0.065 -0.049 -0.17 -0.093
[0.54] [0.048] [0.3] [0.3] [0.33] [0.34]
Capital stock 0.049 0.18 0.085 -0.02 -0.13 -0.058
[0.55] [0.18] [0.44] [0.9] [0.75] [0.87]
Labor productivity -0.365 -0.29 -0.286 -0.288 -0.76 -0.551
[0.33] [0.32] [0.44] [0.47] [0.28] [0.48]
(e) Filtered control
group
Short Long Full
term term period
Average earnings, high
skill 0.016 0.026 0.022
[0.38] [0.12] [0.25]
Average earnings, low
skill 0.004 0.032 0.017
[0.76] [0.033] [0.45]
Share of high-skilled
workers 0.005 0.016 0.008
[0.67] [0.082] [0.45]
Personnel -0.021 -0.22 -0.09
[0.61] [0] [0.31]
Capital stock 0.063 0.28 0.131
[0.74] [0.033] [0.43]
Labor productivity -0.549 -0.21 -0.468
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[0.32] [0.57] [0.35]

Table 3. The estimation results. Notes: the values refer to the difference between the treatment
and synthetic control groups; p-values that are based on permutation tests are listed in brackets;
short term corresponds to average of years [t+1, .... t+3] and /long term corresponds to [t+7]; panel

(a) is the main specification.

5 Discussion and conclusions

This paper studied the wage and employment effects of offshoring services using a synthetic
control framework and firm-level microdata. I find that, in general, offshoring increases wages of
all workers within the firm. In the long term, offshoring firms pay roughly 3% more than the non-
offshoring synthetic control group, but this effect only appears gradually, after 3—4 years of

offshoring.

Concurrently with the increase in wages, I also find a negative employment effect. Offshoring
firms employ 19% fewer workers in the long term than the synthetic control. Transformed to full-
time-equivalent workers, this implies that the offshoring firms employed 23 fewer FTE workers
compared to the control, a relatively stark effect. Moreover, the offshoring firms employ relatively

fewer low-skilled workers compared with the synthetic control.

In forming the synthetic control group, I ensured that the offshoring firms’ and synthetic control

group’s capital stock and labor productivity match exactly. No statistically significant differences

between offshoring firms and the synthetic control group emerge along these dimensions. This
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suggests that there are no changes after offshoring that could be driving some of the wage or

employment effects observed.

Having zero effects on productivity is rather surprising given that one of the main, often-quoted
motivations for outsourcing is cost savings. Potential explanations for there being zero effects
include noisy productivity measurements and that productivity within firms in general tends to be
very persistent (Syverson, 2011). Moreover, the Finnish economy as a whole faced stagnant

productivity throughout the observation period (Fornaro et al., 2021).

Existing literature has highlighted offshoring as a potential engine for polarization between high-
skilled and low-skilled workers within offshoring firms (see, e.g., Becker et al., 2013; Crino, 2010)
or offshoring countries (Baldwin, 2019). The findings in this paper only give tentative support to
the former: the effect of offshoring on the incomes of workers with low and high levels of
education is almost identical, and the share of high-skilled workers only increases marginally. This
contradicts some of the previous empirical evidence from the US (Crino, 2010) and Germany
(Becker et al., 2013), which have found that offshoring strongly favors high-skilled workers. One
probable explanation for this is that Finland’s collective wage-setting regime mandates minimum

raises within industries and effectively reduces wage inequality within firms.

While I do not find that offshoring leads to increasing wage polarization within firms, my results
imply that offshoring reduces employment within firms. The point estimate for the difference in
employment between the treatment and control group is 19% based on my preferred specification.
Transformed to FTE workers, this implies that a non-offshoring firm employed 28 fewer workers

compared with its non-offshoring synthetic comparison unit.
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In summary, my results suggest that offshoring can result in relatively large job losses in the home
countries. The results of this paper also indicate that these effects might take years to emerge,
which could explain why many analysts have failed to find large effects of offshoring. While past
developments are no guarantee for the future, rapidly growing offshoring could result in
unemployment. The results of this paper conform to the theoretical predictions developed by
Grossman and Rossi-Hansberg (2008). A central building block is the assumption of the
complementarity of high-skilled workers at home and offshored high-skill work. According to my
results, the offshoring of high-skill tasks disproportionately increases the demand for high-skill
work and earnings in the offshoring firm, which supports Grossman and Rossi-Hansberg’s

assumption.

My results also resonate with the findings of management scholars such as Manning (2014). He
emphasized that while offshoring gives access to a large skilled workforce at a relatively low cost,
offshoring also comes with considerable coordination challenges and necessitates investments in
flexible global infrastructures. Consequently, the positive or negative effects of offshoring on
firms, as with most other risky investments, are uncertain and usually take years to materialize.

Indeed, my results only emerge several years after the offshoring decision.

The final takeaway from this paper is methodological. I show how microsynth, a variation of the

synthetic control method, can be successfully applied to a high-dimensional setting with economic

microdata and the special considerations that this type of data entails.
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