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The Impact of Robot Adoption  
on Global Sourcing

This paper studies the impact of robot adoption on firms’ global sourcing activities. Using 

a rich panel dataset of Spanish manufacturing firms, we show that robot adopting firms 

increased their intermediate input purchases from foreign and domestic suppliers between 

2006 and 2016. The effects of robots differ across sourcing strategies: the highest in 

foreign outsourcing and the lowest in foreign vertical integration. We find that robot 

adopters fragment their production further by reducing the concentration of purchases 

from suppliers and the increase in intermediate input purchases is related to quality 

upgrading to a certain extent. Marginal treatment effects estimates suggest that responses 

to adoption are heterogeneous: higher probability of adoption intensifies the effects on 

outsourcing and weakens the effects on vertical integration. In contrast to rising concerns 

over reshoring, our findings suggest that robots have yet promoted trade in intermediate 

inputs.
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1 Introduction1

Advanced technologies have transformed the organization of production in manufacturing

industry during the last decades. Developments in communication and information tech-

nologies have accelerated the expansion of production fragmentation and formed global

value chains (GVCs) (e.g. Hummels et al., 2001; Johnson & Noguera, 2017). Sourcing

intermediate inputs within and across national borders emerged as an attractive form of

organizing the production for firms and became dominant feature of international trade.

Firms in developed countries gained comparative advantage in terms of labor costs by

relocating certain production processes to developing countries and created new job op-

portunities for offshore workers.2

Additionally, robotics technology improved dramatically since 1990s and industrial

robots have become more prevalent in production facilities across many industries. Robots

are considered as sophisticated labor-saving technologies because their actions can be

modified to perform different tasks without requiring human intervention.3 Recent studies

show that robots reduce employment and depress wages of low-skilled labor in manufac-

turing industry (e.g. Dauth et al., 2017; Graetz & Michaels, 2018; Acemoglu & Restrepo,

2020). Even though sourcing intermediate inputs produced by cheaper workforce in low

and middle-income economies has become major profitable strategy in international trade,

robots offered firms an alternative channel for reducing labor costs. Because robots can

substitute particularly low-skilled workers, they can make offshore workers in develop-

ing economies redundant if they enable firms to produce intermediate inputs instead of

sourcing them from elsewhere. Thus, rapid increase in use of robots and recently explored

displacement effects of them raised the concerns over the potential disruptions in GVCs

and the possibility of widespread reshoring activities of firms in developed economies (e.g.

De Backer et al., 2016; Rodrik, 2018; Lund et al., 2019).

In this paper, we study how adopting robots has affected sourcing activities of Spanish

manufacturing firms from 2006 to 2016. We use a unique firm-level panel dataset that

allows us to assess the impact of robots on intermediate input demand for various sourcing

strategies: foreign outsourcing, foreign vertical integration, domestic outsourcing and

1Akin A. Cilekoglu is grateful to Erol Taymaz, Banu Demir and the participants at the Middle East
Technical University and the PhD student seminar of the University of Barcelona for helpful comments
and suggestions. Rosina Moreno acknowledges financial support provided by the Ministerio de Economı́a
y Competitividad for the project entitled ‘Innovation and locational factors: Diversification, knowledge
and the environmental revolution’, ECO2017-86976-R.

2A group of studies regarding the production fragmentation focuses on labor market outcomes of
offshoring tasks to low-income countries, see Crinò (2009) and Hummels et al. (2018) for comprehensive
reviews of this literature. Another group focuses more on firms’ decisions on sourcing inputs and con-
tractual frictions, with Helpman (2006) and Antràs & Yeaple (2014) providing extensive reviews of this
literature. Our paper is closer to the latter group.

3In ISO 8373, The International Organization for Standardization defines an industrial robot as ”an
automatically controlled, reprogrammable, multipurpose, manipulator programmable in three or more
axes, which may be either fixed in place or mobile for use in industrial automation applications”.
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domestic vertical integration.4 To analyze the relationship between firm’s use of robots

and sourcing decisions, we present a simple model of a firm’s choice of production location

and organizational form. Our econometric analysis relies on instrumenting the robot

adoption trends in other European countries (e.g. Acemoglu & Restrepo, 2020) interacted

with firms’ reliance on foreign technologies and we further estimate the heterogeneity of

the outcomes using marginal treatment effects approach.

Production fragmentation typically occurs in form of vertical integration and out-

sourcing. A vertically integrated final-good producer owns the production of intermedi-

ates located elsewhere and the input supplier becomes related party to this final-good

producer by ownership. Only high productive firms tend to select into vertical integration

because the expansion of firm’s boundaries requires large investment and organizational

fixed costs. In this case, an input supplier faces a low risk of losing the final-good producer

because vertical integration locks both parties into a bilateral relationship that induces

weaker incentives for the supplier.

On the other hand, an outsourcing final-good producer finds a suitable partner and

subcontracts with an independent supplier to purchase intermediate inputs. Outsourcing

does not incur governance costs as in vertical integration because transactions involve

unrelated parties. However, it requires a fixed cost of searching input suppliers and con-

tractual frictions, which are generally assumed to be relatively less costly than the costs

incurred in vertical integration. In outsourcing, an input supplier faces a relatively higher

risk of losing a final-good producer since the sourcing activity is based on a contractual

relationship, i.e. creating better incentives for supplier to retain the final-good producer.

In theoretical models of production fragmentation, technology used by firms deter-

mine their productivity levels and organization of production across different locations. In

Antras & Helpman (2004), technology used by final-good producer is one of the determi-

nants of firms’ global sourcing strategies; organizational form and the location (whether

to integrate or outsource in home country or abroad) for the production of intermediate

inputs. Similarly, Helpman et al. (2004) show that productivity levels determine firms’ or-

ganizational forms across borders, particularly in which market to serve and invest. In the

task trade approach of Grossman & Rossi-Hansberg (2008), improvements in communica-

tion and transportation technologies facilitate offshoring and lead to higher productivity.

Grossman & Helpman (2005) show that technological developments may not affect the

intensity or the locational composition of outsourcing activities. More recently, Costinot

4Outsourcing is a sourcing strategy defined as purchasing the intermediate inputs from an unrelated
party, an independent supplier. On the other hand, vertical integration is a sourcing strategy in which
the production of the intermediate inputs occurs within the boundaries of the firm through a related
party. If intermediate inputs are imported from a foreign country, vertical integration and outsourcing are
also referred as foreign direct investment (FDI) and offshoring (arm’s-length relationship), respectively.
Since our data allow us to identify both form of sourcing and the location of suppliers, we prefer to use
outsourcing and vertical integration to be more explicit.
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et al. (2013) demonstrate that technological changes can create spillovers across countries

in GVCs, affecting each country differently depending on the technological change.

Despite the central role of technology in the literature of production fragmentation,

empirical evidences for these predictions have been limited. Studying Danish firms, Bøler

et al. (2015) find that a reduction in R&D costs promotes the international sourcing

activities and increases imports of intermediate inputs. Fort (2017) shows that advanced

technologies facilitate fragmentation among US firms by reducing communication and

coordination costs. In addition to information and communication technologies, there has

been an extensive usage and advances in automation technologies recently, specifically in

robotics. Displacement effects of industrial robots sparked interest in not only how they

affect labor markets in domestic economies, but also how they affect firms’ organizational

decisions and trade in intermediate inputs.5

Recent studies present mixed evidence on the role of robots in firms’ cross-border

activities. Artuc et al. (2019) and Faber (2020) find that exposure to US robots had

negative effects on local labor markets in Mexico through lower exports to US. Using

worker-level data, Kugler et al. (2020) find that exposure to US robots had negative

impacts on export-oriented local labor markets in Colombia. In contrast to macro-level

studies favoring reshoring trends, Antràs (2020) argues that a fall in participation in

global activities is not apparent yet at the aggregate level. Cross-country estimates of

Artuc et al. (2018) show that increased robot intensity in developed countries had positive

effects on imports from developing countries. Stemmler (2019) finds that robots in foreign

countries increased employment in Brazil through increased input trade. Stapleton &

Webb (2020) find that using robots increased imports and the probability of importing

from low-wage countries in Spain between 1990 and 2016.

Primary contribution of this paper is to provide a firm-level evidence for the impact

of labor-saving technologies on sourcing decisions. Current studies are predominantly

conducted at the macro-level, estimating the effects of exposure to robots in developed

countries on the industries and regions of input supplier developing countries. Since

identifying the behaviour of individual firms is crucial for understanding the patterns

in international trade (Bernard et al., 2007), discovering how robots can affect workers

in developing countries requires more rigorous approach on the basis of firm-level data.

We are able to approach this issue from demand side at the micro-level and identify the

changes in different sourcing strategies. The variables in our dataset allow us to eliminate

biases arising from the characteristics of individual countries involved in GVCs because

participation in GVCs varies depending on the technological sophistication in production,

specialization and natural resources across countries.

5Particularly COVID-19 pandemic accelerated the concerns over disruptions in GVCs and potential
slowdown in international trade because many firms began considering reducing their dependency on
input suppliers across borders.
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Second, our study relates to the growing but still scant literature on the effects of

robots using firm-level data. Koch et al. (2019) find that robot adopters in Spain in-

crease their output and employment considerably in the following years of adoption while

never adopting firms shrink in size. Acemoglu et al. (2020) and Bonfiglioli et al. (2020)

document that robot adopters increase their productivity and size in France. Similarly,

Humlum (2019) finds that robot adoption increased productivity but widened the wage

gap between high and low-skilled workers in Denmark. While these papers studied the

effects of robots on workers and firm productivity, our analysis focuses on how robots af-

fect trade in intermediate inputs. Our paper is more closely related to Stapleton & Webb

(2020) but we investigate the changes in firms’ various sourcing strategies, taking into

consideration both the location of input supplier and their relationship with the input

purchasers, rather than focusing on sequential order of using automation technologies

and importing.

This paper also contributes to the literature on firms’ organization in international

trade. Empirical evidences suggest that trade liberalization encourages firms to adopt

advanced technologies through new export opportunities (e.g. Lileeva et al., 2010; Bustos,

2011) and import competition (e.g. Bloom et al., 2016). Recently, Bernard et al. (2020)

find that offshoring firms increase their skill intensity and reorganize their resources to-

ward more quality upgrading and innovative activities. Focusing on the extensive margin

of importing, Antras et al. (2017) show the interdependency across locations in sourc-

ing decisions arising from firms’ seek of reducing marginal costs. Our analysis captures

the details of the relationship between intermediate input suppliers and final-good pro-

ducer. Since the content of this relationship involves differential risks for both parties,

firms’ responses may vary depending whether they are involved in related-party (vertical

integration) or arm’s-length relationship (outsourcing) (e.g. Bernard et al., 2009). In

this paper, we analyze the changes in intermediate input purchases of outsourcing and

vertically integrated firms after adopting robots.

Finally, our paper extends the literature on domestic sourcing activities of firms. A

considerable amount of studies previously focused on foreign sourcing, i.e. foreign direct

investment (FDI) and offshoring, but domestic sourcing strategies have usually been

neglected. Fort (2017) finds that advanced technologies favour domestic sourcing more

than offshoring in the U.S. and create bias in sourcing decisions toward high human

capital countries. Kee & Tang (2016) document that trade liberalization increased the

domestic content in exports and improved the activities of Chinese firms in GVCs. Our

paper additionally considers the content of the relationship with the suppliers located in

domestic and foreign country.

The rest of the paper is organized as follows. Section 2 presents the theoretical

framework and we discuss various channels that may affect firms’ decision on sourcing

5



after adopting robots. Section 3 describes our data and documents stylised facts about

the patterns of adoption and sourcing in Spain. In Section 4, we present our empirical

analysis and the results. Section 5 concludes.

2 Theoretical Framework

In this section, we provide a simple framework for an initially sourcing firm’s behaviour

on organizing production following Melitz (2003). We abstract from contractual frictions

inherent in global sourcing transactions. Our aim is to explore the conditions for off-

shoring firm’s decision on manufacturing intermediate inputs itself using robots instead

of purchasing it from a supplier located elsewhere. To simplify the analysis, we consider

the case that firm chooses one of the sourcing strategies from a single location.

The set of varieties Ω consumed as an aggregate good in the form of CES utility

function is

Q =

[∫
ω∈Ω

q(ω)
σ−1
σ dω

] σ
σ−1

(1)

where σ > 1 is the elasticity of substitution between any two varieties consumed

in the market. In a monopolistically competitive industry, a sourcing firm produces

differentiated final good q(ω). Standard aggregate price index is given by

P =

[∫
ω∈Ω

p(ω)1−σdω

] 1
1−σ

(2)

where p(ω) is the price of unique variety ω. r(ω) is differentiated final good producing

firm’s revenue and the aggregate expenditure on the variety of goods in a market is E =

QP =
∫
r(ω)dω. Inverse demand function of consumers with Dixit-Stiglitz preferences

for ω then becomes q(ω) = Q
(
p(ω)
P

)−σ
.

A variety is produced in combination of two stages. Two types of firm, a headquarter

firm and an intermediate input supplier engage in production as in Antras & Helpman

(2004). Headquarter firm located in domestic country purchases intermediate inputs from

a domestic or foreign supplier and conducts the final stage of the production. Production

is carried out by labor or robots. We assume that cost function of combined inputs takes

the Cobb-Dauglas form

C(c, γ) = q

(
c̄

γ̄

)η(
c

γζ

)(1−η)

, (3)

where η ∈ (0, 1). ζ ∈ {L,R} and c ∈ {w, r} are indexes of production factors,

labor L or robots R, and their associated costs, respectively. (c̄/γ̄)η is the cost share of

headquarter firm and (c/γζ)1−η is the cost share of intermediate input supplier. γ denotes

the productivity of factor used in each stage of production and robots are assumed to

have higher productivity than labor, γR > γL.
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The price of the variety ω is equal to constant mark-up over marginal cost:

p(ω) =
(c̄/γ̄)η(c/γζ)(1−η)

ρ
(4)

where σ/(σ − 1) = 1/ρ > 1.

There are two locations; domestic country (D) and foreign country (F ). Intermediate

input purchases of final-good producer from location i are subject to variable costs of

transportation, τ , and monitoring, β. Monitoring the input production and communica-

tion with intermediate supplier induce variable organizational costs. Similar to Antras

& Helpman (2004), we assume that monitoring costs are higher for foreign supplier than

for domestic supplier and higher for vertical integration than for outsourcing,

βF > βD > 1 and βV I > βO > 1 (5)

and the transport cost of shipping goods from foreign country is larger than distribut-

ing the goods within domestic country,

τF > τD > 1. (6)

A sourcing firm pays a sunk cost, f , for previously set up distribution and servic-

ing network. Moreover, a vertically integrated firm must deploy its physical assets in a

host country and an outsourcing firm must abandon its relationships with suppliers for

reshoring its production (e.g. Antràs, 2020). Perhaps more importantly, producing in-

termediate inputs requires additional fixed costs for new production facilities, buildings,

inventories and other physical assets. This indicates that reshoring decision require large

sunk costs, fR, and fR(B) > f .

Larger the sales of a firm, higher the costs for new facilities because of larger capacity

of production. Thus, we assume that investments in robots associated with reshoring is

increasing with sales across the markets:

fR′(B) > 0. (7)

From the cost function and pricing rule above, profit functions using labor of sourcing

firm and robots in domestic country for manufacturing intermediate inputs can respec-

tively be expressed as

π = B(γ̄/c̄χ)η(σ−1)(γL/wiχi)(1−η)(σ−1) − f (8)

π̃ = B(γ̄/c̄χ)η(σ−1)(γR/r)(1−η)(σ−1) − fR. (9)

where χ ∈ {βs, τ}. s ∈ {V I,O} is the index for sourcing strategy, vertical integra-

tion (VI) or outsourcing (O). i ∈ {D,F} specifies the location of intermediate input

production. B = 1
σ
E(Pρ)σ−1 represents the market demand for the final product.
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We define the attractiveness of reshoring as relative demand for robots to labor in

production of intermediates, Ψi = r/w. Under the zero profit condition, we can obtain:

ΨF =
γR

γL
(τFβF )

( f

fR(B)

)1/(1−η)(σ−1)

(10)

ΨD =
γR

γL
(τDβD)

( f

fR(B)

)1/(1−η)(σ−1)

(11)

Equation (10) and (11) represent the cases in which the firm is involved in a foreign

and domestic sourcing strategy, respectively. It follows that higher relative productivity

of robots to labor employed by the input supplier (γR/γL) increases the attractiveness

of reshoring. On the other hand, larger transportation costs (τF , τD) between an in-

termediate supplier and a final-good producer, and higher monitoring cost (βF , βD) of

intermediate input production also makes reshoring decision more attractive. However,

if fR(B) is sufficiently large, investment costs of reshoring may force the firm to continue

offshoring because fR(B) > f > 0.

Suppose the headquarter firm increases its productivity using robots for final-good

production and demand more intermediate inputs. Since τF > τD and βF > βD, in both

vertical integration and outsourcing case, reshoring is more attractive if intermediate

input supplier is located abroad. This induces that if firm continues to source because

fR(B) is sufficiently large, the rise in the intensity of intermediate purchases must be

larger in domestic than in foreign sourcing case, i.e. ΨD < ΨF . On the other hand,

since vertical integration is more costly to monitor, βFV I > βFO and βDV I > βDO , reshoring

must be more attractive in vertical integration case than in outsourcing, i.e. ΨO < ΨV I .

This induces that the rise in the intensity of intermediate purchases must be larger in

outsourcing case than in vertical integration case.

Theoretical framework presented in this section motivates firm’s reshoring decision

with large investment costs, fR(B), and eliminates other potential important factors.

However, given the complexity of GVCs, there could be several other reasons that we

cannot analyze with the current data. First, the characteristics of tasks performed by

offshore workers and robots may be different, if this is the case, then replacing robots with

offshore workers may be difficult. While robots typically perform routine tasks,, Blinder

& Krueger (2013) show that routine tasks are not more likely to be offshorable with re-

spect to other tasks.6 Consistent with these findings, Stemmler (2019) recently identified

that foreign robots increased employment in Brazil for largely non-routine tasks. In our

dataset, we are not able to observe the tasks performed in production of intermediate

inputs. However, Timmer et al. (2014) find that the share of low-skilled labor in value-

added is decreasing in developing countries, reflecting that intermediate inputs may not

6According to some of their measurements, even larger share of non-routinisable jobs are offshorable
compared to routinizable jobs.
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be necessarily produced with low-skill tasks. Similarly, Costinot et al. (2011) find that

the shares of vertically integrated firms are higher in less-routine industries in the U.S.

Thus, the tasks performed by offshore workers can actually have medium complexity,

making substitution between robots and offshore workers difficult.

Second, even if we assume that tasks performed by offshore workers and robots are the

same, it does not necessarily induce the substitution between them. Recently, Bernard

et al. (2020) find that Danish firms continue producing and improving the quality of

products that they once offshored. This suggests that reshoring may not occur even

though robots become capable of producing the same imported intermediate inputs. Fi-

nally, international specialization can have a crucial role in the organization of supply

chains across firms in different countries and lead to interdependencies across borders

(e.g. Antras et al., 2017). Hence, interdependency of suppliers across different locations

can impair the possibility of reshoring decisions.

3 Data and Stylised Facts

We use firm-level data from the ESEE (Encuesta Sobre Estrategias Empresiales), a panel

dataset of Spanish manufacturing firms collected by Fundacion SEPI and the Spanish

Ministry of Industry. The survey spans the 1990-2016 period, distinguishes 20 manu-

facturing industries based on two-digit NACE classification (Classification of Economic

Activities in the European Community) and contains a large sum of information on the

characteristics of annually surveyed 1,800 Spanish firms with 10 or more employees.7

The ESEE is unique in that it conveys information on the sourcing strategies of firms:

whether the firm purchases intermediate inputs from an unrelated party (outsourcing) or

from a related party (vertical integration), and whether the supplier is located abroad or

in Spain. We are not able to obtain any information about suppliers’ characteristics and

origin of their countries. However, our data contain the value of imports from specific

locations which are used for robustness checks, namely Latin America and the rest of the

world (defined as all the regions except Latin America, OECD and EU countries).

For our dependent variables, foreign sourcing strategies are specified as the percentage

of total imports and domestic sourcing strategies as the percentage of total purchases

of the firm. We are able to compute all the sourcing activities in units because the

data include the value of imports and purchases. Our dataset contains additional useful

variables such as intermediate consumption, concentration of suppliers and intermediate

purchases through internet.

As our key explanatory variable, the measure of firm-level robot adoption is binary,

indicating whether the firm used robots in production process in a given year. Unlike the

large majority of current studies that rely on exposure to robots at the industry or regional

7https://www.fundacionsepi.es/investigacion/presentacion.asp
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level, we can identify the effects of robots explicitly at the firm-level. The data contain

further detailed information on imported technologies, skill intensity, various productivity

measures and the number of markets the firm is related to.

For the construction of our instrument, we combine the ESEE dataset with the IFR

(International Federation of Robotics) database, which consists of new installations and

the stock of industrial robots by industry, country and year. The IFR data cover 50

countries including Spain, and 35 industries within manufacturing from 1993 to 2014.8

We evaluate the trends in Spain’s intermediate input trade with other European Union

countries (those selected in construction of our instrument) to test the robustness of the

results. To do so, we obtain the data on aggregate intermediate input exports to Spain

by country from the The World Integrated Trade Solution (WITS).

In our analysis, we use an unbalanced panel of the data and study the period 2006-

2016 for several reasons. First, information regarding the various sourcing strategies in

the ESEE dataset are only available for this period. Second, reshoring narrative began to

have widespread media coverage after the global financial crisis in 2008.9 Indeed, Faber

(2020) finds no effects of US robots on local labor markets in Mexico for 1990-2000 but

for 2000-2015. Third, focusing on the 2006-2016 period allows us to abstract from the

trade dispute between US and China that occurred during the Trump administration and

COVID-19 pandemic.

Figure 1 plots the distribution of productivity levels, capital investments and inter-

mediate consumption for robot adopters and non-adopters. We exploit two firm-level

productivity measures from our data: the natural log of the firm’s sales and labor pro-

ductivity defined as the natural logarithm of value added per worker. The distribution of

adopters is evidently positioned to the right of non-adopting firms in each plot. The top

panel indicates that robot adopting firms are (on average) more productive whereas the

bottom of the panel depicts that adopters invest in capital more (on the left side) and

have higher intermediate consumption (on the right side). The differences between the

two groups are also consistent with main assumptions in the model that robots are more

productive than workers and adopting them require large fixed costs of investments. Table

A2 in Appendix A provides additional descriptive statistics showing similar patterns.

If firms continued sourcing intermediate inputs from suppliers even after adopting

robots, then their intermediate input purchases must have increased because larger amount

of producing final goods requires larger amount of intermediate inputs. To see whether

this is the case, we regress each sourcing activity (foreign outsourcing, foreign vertical

integration, domestic outsourcing and domestic vertical integration) on sales. Figure 2

quantifies the differences in various sourcing strategies with 95 percent confidence intervals

8See Table A1 in Appendix A for the details of matching of our two datasets based on industries.
9See Kinkel & Maloca (2009), Pisano et al. (2009), Sirkin et al. (2011) and Home (2013) for early

concerns.
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of local polynomial regressions. Intermediate input purchases for each type of sourcing

strategy are larger in higher sales.10 All panels depict a monotonic and a strongly increas-

ing relationship between sales and sourcing activities. Figure B1 in Appendix B shows

similar patterns for the imports from Latin America and the rest of the world.

Table 1 reports summary statistics for the participation in sourcing activities. Robot

adopters purchased intermediate inputs more than non-adopters regardless of sourcing

strategy and imports destinations. Outsourcing is a more common strategy than vertical

integration in both groups. Table 2 presents the intensities of sourcing across the two

groups. Adopters also appear to be sourcing more intensely than non-adopters on aver-

age while outsourcing firms purchase intermediate inputs more intensely than vertically

integrated firms.

The facts documented in this section point to substantial differences between robot

adopters and non-adopters. The empirical analysis conducted in the next section explores

the dynamics of the relationship between robot adoption and sourcing activities in greater

detail.

4 Impact of Robots on Production Fragmentation

In this section, we investigate how robot adoption affected firms’ sourcing strategies.

Section 4.1 presents the identification strategy whereas Section 4.2 presents the findings

from our instrumental variable (IV) estimates. We elaborate on positive and significant

results in Section 4.3 and show that increased sourcing after the adoption is -at least

partly- related to quality upgrading. In Section 4.4, we examine the heterogeneity of

the outcomes due to the differences in adoption patterns across industries using marginal

treatment effects estimation.

4.1 Identification Strategy

Our instrumental variable strategy specifies that firms’ adoption decisions are due to tech-

nological progresses in robotics. Similar to the approach used by Acemoglu & Restrepo

(2020), we instrument adoption decisions using annual industry-level robot installations

in four other European Union countries for 2006-2016: Germany, France, Italy and Eng-

land.11 We specifically choose countries that have similar macroeconomic structure with

Spain; those are in developed country status with same tariff system and experiencing

similar demographic patterns. We also construct an alternative instrument using robot

installations in Denmark, Finland, Norway and Sweden to examine the robustness of our

10This is consistent with the patterns Antras et al. (2017) discovered that firms with higher sales source
their intermediate inputs from a larger number of markets.

11This strategy was primarily used by Autor et al. (2013) and Bloom et al. (2016) in trade literature
to account for import competition due to the supply shocks from China.
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results. Figure B2 in Appendix B shows the trends in the stock of robots in each country

over this period and confirms our expectation that it serves as a technological frontier.12

Thus, at the first-stage, we estimate:

Rijt = α1 + α2

4∑
c=1

Robotscjt + α3γij2005 + δt + νj + ηijt (12)

where Rijt equals one if the firm i in industry j adopts robots in period t and zero

otherwise. Robotscjt denotes industry-level new installations of robots in country c. δt

and νj represent year and industry fixed-effects, respectively. ηijt is the error term.

Firms already selling more units of products may have more incentives to adopt new

technologies that can boost their productivity. Similarly, firms with higher productivity

or low marginal cost may adopt new technologies more easily because they are more

profitable. For these reasons, we include firm’s first reported log sales in the survey

from 2005 on, denoted as γijr2005 in the estimation. Note that using annual or lagged

productivity levels would likely affect our outcome variable at the second-stage and bias

our results. Hence, choosing a time-invariant parameter for each firm allows us to abstract

from the violation of exclusion restriction assumption and control for positive selection

into adoption decision.

A potential concern with estimating Equation (12) is that robot installations in other

European countries are at the industry-level and this specification may not capture the

variations in adoption decisions of different firms operating in the same industry. To dis-

tinguish firm-level variations, we use each firm’s dependency on foreign technology proxied

by imported technologies and interact it with industry-level installations.13 Following a

similar functional form as the one used in Rajan & Zingales (1998)14, we estimate:

Rijt = α′1 + α′2TechDependencyijt ×
4∑
c=1

Robotscjt + α′3γij2005 + δt + νj + η′ijt (13)

where α′2 is the coefficient that exploits firm and industry-level variations from tech-

nological progresses in robots. While there are reasons to expect that α2 in Equation (12)

will be positive, in Equation (13) we expect parameter α′2 to be negative. In particular,

rising installations of robots in an industry where the firm operates (i.e. higher values of

Robotscjt) can imply a higher probability of adopting the robot at the firm level for two

reasons: first, because a higher number of installations can be the result of technological

progress in that sector making robots more attractive to the considered firm and second,

due to a strategic response by the firm trying not to lag behind competitors in terms of

12Note that Scandinavian countries in our alternative instrument have substantially smaller population
compared to Spain. Therefore, they have actually larger unit stock of robots when measured per worker.

13Imports of technology in our data is defined as payments for licences and technical aid from abroad.
14See also Nunn (2007), Fort (2017) and Bernard et al. (2020) for the implementation of the same

approach.
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technological adoption. However, in Equation (13) we are considering the interaction be-

tween the technological dependency of the firm and sectoral installations of robots. Those

firms that are more technologically independent (lower values of TechDependencyijt) and

operating in robot-intensive sectors will have a higher probability of robot adoption (neg-

ative sign of α′2).

At the second-stage, we utilize the following estimation:

Iijt = β1 + β2Rijt + β3∆Bijt + β4θijt + β51[Iijt−1 > 0] + δt + νj + εijt (14)

where Iijt denotes the IHS transformed values of intermediate input purchases for

sourcing. We use IHS (inverse hyperbolic sine) transformation of all the outcome vari-

ables (sourcing activities and imports from the Rest of the World and Latin America) to

preserve the zero valued observations in the sample, which would otherwise be undefined

in standard logarithmic form and dropped out of the analysis.15
1[Iijt−1 > 0] denotes the

sourcing status in previous period. θijt is a binary variable indicating whether the firm

purchased goods or services from its suppliers through internet which may be considered

as proxy for a decline in monitoring cost between subcontractors and domestic firms, β,

in our theoretical framework presented in Section 2.16

A trade shock may increase new sourcing opportunities for firms (e.g. Bernard et al.,

2020) and expansion of sales to new export markets may encourage the firm to invest

in productivity enhancing technologies or allow them to bear fixed cost of technology

investments more easily (e.g. Lileeva et al., 2010; Bustos, 2011). To control for such

potential threats to identification, we include ∆Bijrt in the estimation that represents

the change in the number of international markets that the firm is related to from period

t−1 to t. We additionally include regional dummies to mitigate the agglomeration effects

in each specification because most productive firms may reside in specific regions that

can allow them to enjoy economies of scales or network effects.

4.2 Results

Table 3 presents the baseline IV estimates. Panel B reports the OLS estimates of the

first-stage equations (12) and (13), including firm random effects to control for individual

unobserved heterogeneity.17 The first row of the panel shows the results with instru-

ment using industry-level variations and second row of the panel shows the results with

15IHS is defined as ln (x +
√
x2 + 1) and it behaves similar to log. However, another common approach

to deal with such circumstances is to insert one to each value in the sample before taking logs of them.
Conclusions are the same but the results only slightly differ when the variables are treated as such.

16Performing various parts of production processes across different locations intrinsically require com-
munication and coordination between parties involved in production. Internet is one of those technologies
that improved communication in production across different locations significantly and reduced the co-
ordination costs (e.g. Grossman & Rossi-Hansberg, 2008; Fort, 2017).

17We should take into account that firms in the ESEE dataset are randomly sampled from a large
population. This feature makes the choice of treating individual specific terms as randomly distributed
across firms appropriate (Greene, 2003). Indeed, if the individuals are a random sample from a higher
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instrument using firm-level variations. The reported standard errors in Robotsjt and

TechDependency×Robots are clustered at the industry and firm level, respectively. Ex-

cept the column (8) that shows domestic vertical integration using the instrument with

firm-level variation, all the coefficients on the instruments have statistically significant at

the 1% level with expected signs.

Panel A in Table 3 reports the corresponding IV estimates. The impact of robot

adoption on sourcing is positive and statistically significant at the 1% level in each sourc-

ing strategy. Interestingly, the coefficients on the robot adoption only slightly vary when

we use the interaction term as an instrument (TechDependencyijt ×
∑4

c=1Robotscjt),

suggesting that the effects are not considerably differential across firms. The effects of

adopting robots are heterogeneous across sourcing strategies. The highest coefficient es-

timated is the one for foreign outsourcing (19.183 and 18.492) and the lowest in foreign

vertical integration (8.450 and 9.339).

Theoretical framework presented in Section 2 indicated that the differences in the

coefficients across sourcing strategies should occur because of organizational costs aris-

ing from monitoring the production of intermediate input production (that is higher in

vertical integration than in outsourcing due to managerial overload) and the transporta-

tion cost between the supplier and the sourcing firm (that is higher for foreign sourcing

than for domestic sourcing because of distance).18 Accordingly, we would expect to see

the highest effect on domestic outsourcing than any other sourcing strategy and higher

effect on foreign outsourcing and domestic vertical integration than on foreign vertical

integration. However, our results suggest that the impact of robot adoption on domestic

outsourcing seems to be more moderate. Since domestic outsourcing is very common -

almost all firms are involved- and the most intensely pursued sourcing activity (see Table

1 and 2), firms may have switched to other sourcing strategies or some other dynamics

may have played a role.

A potential violation of exclusion restriction may arise if firms are not importing inter-

mediate inputs from relatively low-wage countries but one of the European countries we

selected in the construction of the instrument. To confirm the robustness of our estima-

tions, we perform the same analysis separately for the imports from Latin America and

the rest of the world. Table 4 presents the results for imports from different destinations.

The effects of robots are similar to previous results and significant with positive signs as

population, and we are interested in obtaining inference for the whole population, then the unconditional
inference that is implicit in the error components approximation, i.e. the random-effects model, seems
more accurate. Furthermore, fixed effects estimations would yield imprecise results due to the limited
number of time-series observations in our unbalanced sample and perhaps cause incidental parameters
problem.

18In fact, if we assume that the demand for intermediate inputs increased at the same level for each
sourcing strategy, the firms involved in most costly sourcing strategies may have switched to other
sourcing strategies or begun producing intermediate inputs themselves (for the tasks that are possible
to automate with robots) to some degree.
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expected.

On the other hand, if intermediate input producers in Germany, France, Italy or

England begin using robots and become able to compete with those in low-wage countries,

Spanish firms may switch their suppliers and start importing from them.19 If this story

was at play, then intermediate input imports of Spain from the EU countries must have

increased during this period. Figure B3 in Appendix B displays that in contrast to this

possibility, Spain reduced the imports of intermediate inputs from each of these countries

selected in the main and alternative instruments over the 2006-2016 period.

Table 5 presents the results from estimating the equations (13) and (14) including the

sourcing status in the previous period and log wage defined as labor costs per employee.

First stage results at the bottom of the panel are statistically significantly at the 1%

level for foreign sourcing, foreign vertical integration and domestic sourcing but at the

5% level for domestic vertical integration. All the coefficients on the instruments have

expected signs. At the top panel, the coefficient estimates show that the results are

robust to inclusion of lagged sourcing status and wages. Sourcing status in the previous

period has a strong, statistically significant positive effect in each case. Except domestic

sourcing, the coefficients fall considerably in each sourcing with the inclusion of past

sourcing status. In the second columns of each sourcing strategy, log wage is included in

the specifications. The coefficient estimates for wage are slightly higher for outsourcing

than vertical integration, indicating higher sensitivity of outsourcing firms to changes in

wage. Overall, wage appears to have minor effects on intermediate input sourcing.

To assess the robustness of the main estimations, we again perform the same analysis

for distinct locations as presented in Table 6. All the columns show statistically significant

results. Similar to sourcing strategies, the coefficients on robot adoption are considerably

smaller when we include sourcing status in the previous period but they are statistically

significant at the 1% level. We also examine the analysis using our alternative instrument

constructed from robot installations of Finland, Norway, Denmark and Sweden and the

results are presented in Table A3 and A4 in Appendix A. All the coefficient estimates are

similar, statistically significant and with expected signs. Thus, the results suggest that

robot adoption induced higher demand of intermediate inputs for firms sourcing from

both foreign and domestic suppliers.

In the data, we observe the share of purchases coming from the firm’s three biggest

suppliers, which allows us to assess the degree of fragmentation in production. Put

another way, more fragmented production refers to a decline in concentration of suppliers.

Estimations for suppliers’ concentration are reported in Table 7. The coefficient on robot

19Despite this concern, recent empirical evidences suggest that global supply chains tend to be sticky
(Antràs, 2020). A growing body of literature documents that firms respond to macroeconomic shocks
temporarily and at the intensive margin rather than extensive margin (e.g. Bernard et al., 2009; Bricongne
et al., 2012; Behrens et al., 2013).
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adoption is negative and statistically significant in all specifications, indicating a decline

in purchases from the three biggest suppliers. In Table A5 in Appendix A, we show that

the estimates are robust when we use the alternative instrument. In fact, these results

are also consistent with the possibility of switching between the sourcing strategies and

thus the differences in the increased input purchasing for each sourcing strategy.

We find that using robots increased firms’ imports of intermediate inputs from 2006 to

2016. The changes are different for each sourcing strategy, the highest for foreign sourcing

and the lowest for foreign vertical integration. Robots appear to have fragmented the

production further by widening the range of input suppliers. Despite the growing concerns

over reshoring, positive effects of robots are prevalent for all types of sourcing strategies

and for specific locations (low and middle-income countries).

4.3 Quality Upgrading Mechanism

One might argue that the positive findings in our estimations may be reflecting increased

quality of goods without any change in the amount of products produced. In fact, adopt-

ing robots can encourage or unwillingly push firms to demand high-skilled workers to

adapt to the new technology easier and improve product quality. Skilled workers are gen-

erally needed for producing high quality goods and they can be characterised by higher

level of education, employment in R&D activities or higher earnings.

Empirical evidences are also consistent with the idea that offshoring increases product

quality (e.g. Bernard et al., 2020) and the wages of domestic skilled labor (e.g. Hummels

et al., 2014). Additionally, Verhoogen (2008) finds a strong positive relationship between

exporting and demand for skilled labor in Mexico through quality upgrading mechanism.

Brambilla et al. (2012) show that exporting to certain destinations can lead to production

of higher quality products and thus, higher demand for skilled workers.

To examine the relevance of this quality upgrading mechanism, we utilize skill-intensity,

defined as the proportion of engineers and graduates in total personnel in the firm, and

the number of employees in R&D employees. The OLS estimates are reported in Table

8. The estimated coefficients for each sourcing strategy are positive and significant at

the 1% level, except the coefficient on R&D employment in domestic vertical integration,

column (8), which is positive but insignificant.

Table 9 reports the estimates for imports from specific locations. The coefficients

on skill intensity in columns (1) and (3) are positive but only significant for the rest of

the world at the 5% level. However, the coefficients on R&D employment represented in

columns (2) and (4) are positive and significant for both locations.

We find strong support for that the number and the proportion of skilled workers are

positively associated with intermediate input imports. The skill composition at the firm-

level seems to be related to intermediate input sourcing, both from foreign and domestic
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suppliers. The OLS results suggest that quality upgrading of sourcing firms may explain

the increases in intermediate input purchases after adopting robots at least to a certain

degree.

Considering the macro-level studies that documented reshoring patterns of U.S. in-

dustries from Mexico (Artuc et al., 2019; Faber, 2020) and Colombia (e.g. Kugler et al.,

2020), our results are intriguing. If robots decreased intermediate input demand from

some countries but increased from the others with somewhat higher quality, then there

may be changing patterns in global trade. More specifically, higher quality demand of

robot users in developed countries may lead to concentration of sourcing activities in

certain locations. This is consistent with the findings of Fort (2017) that advanced tech-

nologies have augmented offshoring of U.S. firms to high human-capital countries more

than to low human-capital countries.

4.4 Marginal Treatment Effects

The ESEE dataset only contains a binary measure of robot adoption. Absence of the

information regarding the stock of robots at the firm-level does not allow us to estimate

the effects of changes in the density of robots on intermediate input purchases. However,

we can still evaluate how treatment effects vary with a firm’s probability of robot adoption.

Figure 3 shows the variability of adopters and robots across industries. The left panel

depicts the share of adopters and the right panel shows the average installations of robots

in each industry. Vehicles and accessories has the highest share of adopters, almost 80%

of the firms, and it is most intensely robotized industry, followed by Fabricated metal

products, Plastics and rubber products, Basic metal products and Food and beverages.

The remaining industries employ relatively much less robots and have lower share of

adopters.

Differential adoption patterns and robot intensities across industries are perhaps be-

cause robots are more adaptable to tasks performed in those industries. Heterogeneity

in adoption and the installations of robots across industries suggests that the probability

of adopting robots may vary across firms depending on the industry they are operating

in. Thus, one may expect highly robotized industries to experience larger productivity

gains and eventually demand more intermediate inputs.

To characterize the heterogeneity in the effects of robots, we implement a generalized

version of marginal treatment effects (MTE) using local instrumental variables developed

by Heckman & Vytlacil (2005).20 The MTE allows us to assess the variation in the impact

of a treatment that is correlated with the unobserved characteristics. More specifically,

the MTE evaluates the heterogeneity in treatment effects (intermediate input imports

for firms) at different values of the propensity score (along the distribution of adoption

20See Carneiro et al. (2011) for a detailed application of MTE on estimating returns to education.
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probability). In this way, we can identify how much a firm purchases intermediate inputs

if it is more (or less) likely to adopt robots.

Examining MTE requires estimating the propensity score at the first stage. Let

us characterize the adoption rule for a firm by R∗i = µR(Zi)–Vi, where Zi denotes the

observable determinant of the adoption decision, i.e. the instrument, and µR(Zi) is the

mean value of the instrument. Vi is i.i.d. error term indicating unobserved resistance to

adoption decision that reduces the propensity score. Define the cumulative distribution

function of Vi as UR = FV (Vi) and the probability of adoption as P (Zi) ≡ Pr(Ri =

1|Zi) = FV (µR(Zi)). Hence, Ri = 1 if P (Zi) ≥ UR, that is R∗i ≥ 0, and Ri = 0 otherwise.

Local instrumental variable estimator is expressed as:

∆LV I(x, p) =
∂E(Yi|X = x, P (Zi) = p)

∂p
(15)

where X denotes the vector of covariates. LVI then identifies the MTE in the following

equation:

∂E(Yi|X = x, P (Zi) = p)

∂p
= ∆ATE + E(U1 − U0|UR = p) = ∆MTE(p). (16)

where ∆ATE represents the Average Treatment Effects (AVE) and ∆MTE represents

the Marginal Treatment Effects (MTE).

Figure 4 plots the distribution of the propensity score among adopters (treated) and

non-adopters (untreated). Vertically located red dashed lines represent the boundary

points of trimming that ensures the full common support.21 The distribution of the

propensity score exhibits a substantial degree of overlap between the adopters and non-

adopters, allowing for an appropriate comparability of them to identify the causal effects.

Figure 5 plots the MTE estimates over the range of unobserved resistence to the treat-

ment, i.e. the propensity score. Vertical axis shows the treatment effect while horizontal

axis shows the unobserved resistance to receiving the treatment. Units placed to the left

of the x-axis represent the low resistence to adoption (high propensity score) and those

to the right represent the high resistance to adoption (low propensity score). The pan-

els show a substantial heterogeneity in treatment effects, indicating that the impacts of

robots on intermediate input imports are not uniformly distributed. Outsourcing firms

with high probability of adoption increase intermediate input imports more than the firms

with low probability of adoption (downward sloping curve). In contrast to outsourcing,

vertically integrated firms with high probability of adoption increase intermediate input

imports less than the firms with low probability of adoption (upward sloping curve). Only

the firms involved in foreign vertical integration with the highest probability of adoption,

21We trim the observations for the propensity score below 0.001 or above 0.999. The observations
remaining in the common support are preserved while 14 observations from foreign sourcing strategies
and 13 observations from domestic sourcing strategies are dropped from the sample.
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at the tail of the curve, have negative treatment effects (placed in the territory below

zero), suggesting that these highly productive firms in fact reduced their input purchases.

5 Conclusion

In this paper, we use a detailed panel dataset of Spanish manufacturing firms to investi-

gate how adopting robots affect outsourcing and vertically integrated firms’ intermediate

input purchases from both foreign and domestic suppliers. We find that robot adop-

tion increased sourcing activities from 2006 to 2016 with a considerable variability across

sourcing strategies; the highest impact is observed for firms involved in foreign outsourcing

and the lowest for firms involved in foreign vertical integration. These findings are robust

to alternative instruments and specifications using imports from low and middle-income

countries.

We document that robot adopters reduced the intermediate input purchases from

their main suppliers while increasing total sourcing activities, suggesting a further frag-

mentation in production. There is also evidence that increased intensities in sourcing

are related to quality upgrading as proxied by skill composition. Our data reveal that

robot adopters tend to be more productive, have larger capital investments and involve

in international activities more than non-adopters. On the basis of these stylized facts,

a firm’s choice to continue offshoring in our theoretical framework is motivated by large

investment costs of reshoring while differential changes in sourcing arises from monitoring

and transportation costs.

Certain industries are more heavily installing robots and they have higher fraction

of robot adopters. We estimate the marginal treatment effects to see the implications

of such heterogeneity in adoption patterns across industries. We find that responses

to adoption vary dramatically across sourcing strategies; higher probability of adoption

increases the intensity of sourcing for outsourcing firms but decreases the intensity of

sourcing for vertically integrated firms. These results are consistent with the important

role of industry characteristics in analyzing the effects of advanced technologies on firms’

sourcing decisions (e.g. Fort, 2017).

The findings in this paper emphasize the long-term implications of technological de-

velopments on global sourcing. Our firm-level analysis shows that the new technologies

may affect trade patterns differentially depending on the organizational forms across dis-

tinct locations. An important question is to what extent our firm-level findings can be

generalized to other countries in today’s world economy with complex supply chains and

specialization across countries. It remains a mystery yet how firms will organize their pro-

duction globally in the future as sophisticated labor-saving technologies (e.g. 3D printing

and AI) become more widely adapted in the production processes and whether the effects

of robots will be parallel with the results presented in this paper.
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Bonfiglioli, A., Crinò, R., Fadinger, H., Gancia, G., et al. (2020). Robot imports and
firm-level outcomes (Tech. Rep.). CEPR Discussion Papers.

Brambilla, I., Lederman, D., & Porto, G. (2012). Exports, export destinations, and skills.
American Economic Review , 102 (7), 3406–38.
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Tables

Table 1: Participation Shares by Sourcing Strategies

Robot Adopters Non-Adopters

Mean SD Mean SD

Foreign Outsourcing 0.601 0.490 0.435 0.496
Foreign Vertical Integration 0.168 0.374 0.068 0.251
Domestic Outsourcing 0.948 0.223 0.935 0.247
Domestic Vertical Integration 0.253 0.435 0.109 0.312
Rest of the World 0.358 0.479 0.228 0.420
Latin America 0.087 0.282 0.048 0.213

Observations 4183 8518

Note: This table presents the percentage of firms participating in sourcing
strategies across the two groups between 2006 and 2016. Rest of the world
represents the regions except Latin America, OECD and EU countries.

Table 2: Sourcing Intensities

Robot Adopters Non-Adopters

Mean SD Mean SD

Foreign Outsourcing 9.120 7.652 5.958 6.996
Foreign Vertical Integration 2.721 6.120 1.034 3.878
Domestic Outsourcing 15.668 4.105 14.027 4.105
Domestic Vertical Integration 4.051 7.038 1.681 4.861
Rest of the World 6.808 9.228 4.163 7.744
Latin America 1.631 5.328 0.861 3.882

Observations 4183 8518

Note: This table reports the IHS transformed means of intermediate input
purchases across the two groups from 2006 to 2016. Rest of the world represents
the regions except Latin America, OECD and EU countries.
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Table 4: Impact of Robot Adoption on Imports by Destination

Rest of Rest of Latin Latin
the World the World America America

(1) (2) (3) (4)

Panel A. IV
Robot adoption 17.644*** 17.829*** 5.049*** 5.145***

(2.775) (1.418) (0.620) (0.798)

Online purchases 0.215 0.223 0.053 0.020
(0.167) (0.380) (0.090) (0.174)

∆ Markets 0.036 0.195 0.013 0.039
(0.093) (0.130) (0.047) (0.059)

Panel B. First Stage
Robots 0.307*** 0.395***

(0.102) (0.121)
TechDependency×Robots -0.687*** -0.687***

(0.162) (0.162)
Initial productivity 0.103*** 0.107*** 0.104*** 0.107***

(0.007) (0.006) (0.009) (0.006)

Observations 12701 12701 12701 12701

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Notes: This table presents the effects of robots on imports from two locations for
two different instruments: at the industry level in the odd columns (Robots) and at
the firm-industry level in the even columns (TechDependency×Robots). First stage
in Panel B presents the results for two instruments with firm’s first reported log
sales from 2005 on denoted as initial productivity. Robots is multiplied by 10−5 and
TechDependency×Robots is multiplied by 10−10 for the interpretability of the results.
Panel A presents the IV estimates. ∆ denotes a change in a variable from previous year.
Robust standard errors are clustered at the industry level for Robots and at the firm
level for TechDependency×Robots. ***, ** and * Significant at 1, 5 and 10 percent level,
respectively.
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Table 6: Impact of Robot Adoption on Imports by Destination with New Importers

Rest of Rest of Latin Latin
the World the World America America

(1) (2) (3) (4)

Panel A. IV
Robot adoption 5.201*** 5.197*** 1.492*** 1.483***

(0.519) (0.568) (0.258) (0.281)

Online purchases -0.023 -0.023 -0.007 -0.007
(0.125) (0.125) (0.063) (0.063)

∆ Markets 0.163* 0.163* 0.025 0.025
(0.093) (0.093) (0.054) (0.054)

Lagged sourcing status 15.369*** 15.369*** 15.111*** 15.111***
(0.185) (0.185) (0.312) (0.312)

Wage 0.004 0.009
(0.236) (0.108)

Panel B. First Stage
TechDependency×Robots -0.693*** -0.731*** -0.716*** -0.755***

(0.169) (0.176) (0.171) (0.179)
Initial productivity 0.106*** 0.111*** 0.107*** 0.113***

(0.006) (0.007) (0.006) (0.006)

Observations 11557 11557 11557 11557

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Notes: This table presents the results from estimating the equations (13) and (14) by using imports
from two locations as the outcome variables. Panel B shows first stage results for the instrument and
firm’s first reported log sales from 2005 on denoted as initial productivity. TechDependency×Robots
is multiplied by 10−10 for the interpretability of the results. Panel A presents the IV estimates.
∆ denotes a change in a variable from previous year. Lagged sourcing status equals 1 if firm was
involved in corresponding sourcing strategy in the previous period, 0 otherwise. The second columns
in the specification of each sourcing strategy includes log wage. Robust standard errors are clustered
at the firm level. ***, ** and * Significant at 1, 5 and 10 percent level, respectively.
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Table 7: Production Fragmentation

(1) (2) (3) (4)

Panel A. IV
Robot adoption -27.361*** -26.595*** -27.554*** -26.825***

(5.042) (2.952) (5.892) (3.174)

Online purchases -1.458*** -1.579*** -1.456*** -1.583***
(0.460) (0.537) (0.464) (0.546)

∆ Markets 0.002 -0.057 0.002 -0.063
(0.234) (0.218) (0.234) (0.219)

Wage 0.190 0.311
(1.241) (1.220)

Panel B. First Stage
Robots 0.301** 0.302**

(0.118) (0.119)
TechDependency×Robots -0.229* -0.252*

(0.128) (0.137)
Initial productivity 0.104*** 0.104*** 0.105*** 0.107***

(0.008) (0.005) (0.007) (0.005)

Observations 12097 12097 12097 12097

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Notes: This table presents the effects of robots on concentration of firm’s purchases from three
main suppliers for two different instruments: at the industry level in the odd columns (Robots)
and at the firm-industry level in the even columns (TechDependency×Robots). First stage in
Panel B presents the results for two instruments with firm’s first reported log sales from 2005
on denoted as initial productivity. Robots is multiplied by 10−5 and TechDependency×Robots
is multiplied by 10−10 for the interpretability of the results. Panel A presents the IV estimates.
∆ denotes a change in a variable from previous year. Robust standard errors are clustered at
the industry level for Robots and at the firm level for TechDependency×Robots. ***, ** and
* Significant at 1, 5 and 10 percent level, respectively.

29



T
a
b
le

8
:

Q
u
al

it
y

U
p
gr

ad
in

g
of

S
ou

rc
in

g
F

ir
m

s

F
O

F
O

F
V

I
F

V
I

D
O

D
O

D
V

I
D

V
I

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

S
k
il
l

in
te

n
si

ty
0.

03
2*

**
0.

02
4*

**
0.

02
2*

**
0.

02
9*

**
(0

.0
08

)
(0

.0
06

)
(0

.0
06

)
(0

.0
07

)

R
&

D
E

m
p
lo

y
m

en
t

0.
00

6*
**

0.
00

5*
**

0.
00

4*
**

0.
00

3
(0

.0
01

)
(0

.0
01

)
(0

.0
01

)
(0

.0
03

)

O
n
li
n
e

p
u
rc

h
as

es
0.

41
0*

**
0.

43
0*

**
0.

07
7

0.
08

8
0.

17
7*

*
0.

18
5*

*
0.

13
4

0.
15

2
(0

.1
31

)
(0

.1
31

)
(0

.0
78

)
(0

.0
77

)
(0

.0
86

)
(0

.0
85

)
(0

.0
95

)
(0

.0
95

)

∆
M

ar
ke

ts
0.

26
2*

**
0.

26
5*

**
0.

09
4*

0.
09

6*
0.

02
1

0.
02

2
0.

02
8

0.
02

9
(0

.0
90

)
(0

.0
90

)
(0

.0
55

)
(0

.0
55

)
(0

.0
50

)
(0

.0
50

)
(0

.0
60

)
(0

.0
60

)

L
ag

ge
d

so
u
rc

in
g

st
at

u
s

6.
29

6*
**

6.
32

1*
**

8.
12

1*
**

8.
12

6*
**

4.
31

0*
**

4.
31

8*
**

8.
38

9*
**

8.
40

1*
**

(0
.1

49
)

(0
.1

50
)

(0
.3

06
)

(0
.3

05
)

(0
.3

23
)

(0
.3

22
)

(0
.2

41
)

(0
.2

44
)

O
b
se

rv
at

io
n
s

11
97

3
11

97
3

11
97

0
11

97
0

11
98

2
11

98
2

11
98

2
11

98
2

In
d
u
st

ry
F

E
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

es
Y

ea
r

F
E

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

R
eg

io
n

F
E

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

Y
es

N
ot

es
:

F
O

,
F

V
I,

D
O

,
D

V
I

re
fe

r
to

IH
S

tr
an

sf
o
rm

ed
va

lu
es

o
f

fo
re

ig
n

o
u

ts
o
u

rc
in

g
,

fo
re

ig
n

ve
rt

ic
a
l

in
te

g
ra

ti
o
n

,
d

o
m

es
ti

c
o
u

ts
o
u

rc
in

g
an

d
d

om
es

ti
c

ve
rt

ic
al

in
te

gr
at

io
n

,
re

sp
ec

ti
v
el

y.
S

k
il

l
in

te
n

si
ty

is
m

ea
su

re
d

a
s

p
er

ce
n
ta

g
e

o
f

en
g
in

ee
rs

a
n

d
g
ra

d
u

a
te

s
a
t

th
e

fi
rm

.
R

&
D

em
p

lo
y
m

en
t

is
d

efi
n

ed
as

to
ta

l
p

er
so

n
n

el
en

ga
g
ed

in
R

&
D

.
∆

d
en

o
te

s
a

ch
a
n

g
e

in
a

va
ri

a
b

le
fr

o
m

p
re

v
io

u
s

ye
a
r.

L
a
g
g
ed

so
u

rc
in

g
st

at
u

s
eq

u
al

s
1

if
fi

rm
w

as
in

vo
lv

ed
in

co
rr

es
p

o
n

d
in

g
so

u
rc

in
g

st
ra

te
g
y

in
th

e
p

re
v
io

u
s

p
er

io
d

,
0

o
th

er
w

is
e.

R
o
b

u
st

st
a
n

d
a
rd

er
ro

rs
ar

e
cl

u
st

er
ed

at
th

e
fi

rm
le

ve
l.

**
*,

**
an

d
*

S
ig

n
ifi

ca
n
t

a
t

1
,

5
a
n

d
1
0

p
er

ce
n
t

le
ve

l,
re

sp
ec

ti
v
el

y.

30



Table 9: Quality Upgrading of Sourcing Firms by Destination

Rest of Rest of Latin Latin
the World the World America America

(1) (2) (3) (4)

Skill intensity 0.015** 0.004
(0.007) (0.005)

R&D Employment 0.004*** 0.005***
(0.001) (0.001)

Online purchases 0.229** 0.237** 0.116* 0.114*
(0.110) (0.110) (0.064) (0.063)

∆ Markets 0.436*** 0.437*** 0.075 0.075
(0.089) (0.089) (0.053) (0.053)

Lagged sourcing status 12.444*** 12.441*** 12.467*** 12.382***
(0.177) (0.178) (0.331) (0.332)

Observations 11949 11949 11950 11950

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Note: Skill intensity is measured as percentage of engineers and graduates at the firm.
R&D employment is defined as total personnel engaged in R&D. ∆ denotes a change in
a variable from previous year. Lagged sourcing status equals 1 if firm was involved in
corresponding sourcing strategy in the previous period, 0 otherwise. Robust standard
errors are clustered at the firm level. ***, ** and * Significant at 1, 5 and 10 percent
level, respectively.
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Figures

Figure 1: Patterns of Adoption

0
.0

5
.1

.1
5

.2
D

en
si

ty

10 12 14 16 18 20

Adopters
Non-adopters

kernel = epanechnikov, bandwidth = 0.7000

Sales

0
.1

.2
.3

.4
D

en
si

ty
0 2 4 6 8

Adopters
Non-adopters

kernel = epanechnikov, bandwidth = 0.7000

Labor productivity

0
.0

5
.1

.1
5

.2
D

en
si

ty

5 10 15 20

Adopters
Non-adopters

kernel = epanechnikov, bandwidth = 0.7000

Capital Investments
0

.0
5

.1
.1

5
.2

D
en

si
ty

5 10 15 20

Adopters
Non-adopters

kernel = epanechnikov, bandwidth = 0.7000

Intermediate Consumption

Note: This figure presents the distribution of productivity (measured as log sales), labor productivity
(measured as log value added per worker), log capital investments and log intermediate consumption.
The bold lines show the distributions of robot adopting firms and the dashed lines show the distributions
of non-adopting firms.
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Figure 2: Sales and Intermediate Input Purchases of Sourcing Firms
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Note: Figures present the smoothed values with confidence bands from local polynomial regressions of
intermediate input sourcing (measured as IHS values of each sourcing activity) on firm productivity
(measured as log sales). Firms that were not involved in a sourcing strategy in a given year are excluded
from the estimations.

Figure 3: Robot Adopters by Industry
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Note: The figure presents the adoption patterns across industries. The left panel displays the share of
robot adopting firms by industry and the right panel displays the installations of robots on average in
each industry.
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Figure 4: Propensity Scores of Adoption
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Note: Probabilities of adoption are estimated using equation (13). Gray shaded bars represent the
propensity scores of adopters denoted as treated and empty bars represent the propensity scores of non-
adopters denoted as untreated. Vertical dashed lines in red represent the trimmed points along the
distribution of propensity score.
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Figure 5: Marginal Treatment Effects
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Note: Each panel depicts the MTE curves for sourcing strategies with 95% confidence intervals of
parametric normal MTE. Horizontal dashed lines represent the values of average treatment effects (ATE).
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Appendix

A Additional Tables

Table A1: Industry Matching ESEE-IFR

ESEE IFR
12 - Basic metal products 24 - Basic metals

289 - Metal, unspecified
2931 - Metal (AutoParts)

9 - Chemicals and 19 - Pharmaceuticals, cosmetics
pharmaceuticals 20-21 - other chemical products n.e.c.

229 - Chemical products, unspecified
15 - Computer products, 275 - Household/domestic appliances

electronics and optical 262 - Computers and peripheral equipment
263 - Info communication equipment,

domestic and prof.
265 - Medical, precision, optical instruments
279 - Electrical/electronics unspecified
2933 - Electrical/electronic (AutoParts)
26-27 - Electrical/electronics

16 - Electric materials 271 - Electrical machinery
and accessories n.e.c. (non-automotive)

260 - Electronic components/devices
261 - Semiconductors, LCD, LED

13 - Fabricated metal products 25 - Metal products (non-automotive)
24-28 - Metal

14 - Machinery and equipment 28 - Industrial machinery
11 - Nonmetal mineral products 23 - Glass, ceramics, stone,

mineral products (non-auto
2934 - Glass (AutoParts)

20 - Other manufacturing 91 - All other manufacturing branches
18 - Other transport equipment 30 - Other vehicles
10 - Plastic and rubber products 22 - Rubber and plastic

products (non-automotive)
2932 - Rubber and plastic (AutoParts)
19-22 - Plastic and chemical products

17 - Vehicles and accessories 29 - Automotive
299 - Automotive unspecified
291 - Motor vehicles, engines and bodies
2999 - Unspecified AutoParts
2939 - Other (AutoParts)

7 - Paper 17-18 - Paper
8 - Printing
3 - Beverage 10-12 - Food and beverages
2 - Food and tobacco
1 - Meat products
5 - Leather, fur and footwear 13-15 - Textiles
4 - Textiles and clothing
6 - Timber 16 - Wood and furniture
19 - Furniture

Notes: The table shows the matching of industries between the ESEE dataset (on
the left) and the IFR dataset (on the right). The classifications are provided along
with the industry definitions.
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Table A2: Descriptive Statistics

Robot Adopters Non-Adopters

Mean SD Obs. Mean SD Obs.

Output 17.08 1.75 4183 15.55 1.66 8518
Sales 17.06 1.74 4183 15.53 1.67 8518
Value Added 15.78 1.63 4149 14.38 1.51 8453
Labor Productivity 3.97 0.61 4146 3.73 0.64 8452
Wage 10.53 0.32 3997 10.38 0.37 8109
Capital Investments 13.24 2.11 3641 11.61 2.19 6258
Skill Intensity 7.79 8.55 4080 7.21 9.73 8447
R&D Employment 14.50 99.75 4121 4.49 51.63 8479
Intermediate Consumption 16.69 1.85 4183 15.09 1.80 8518
Imports 14.92 2.42 3464 13.30 2.53 5381
Exports 15.70 2.46 3562 14.00 2.60 5715

Notes: This table reports the means, standard deviations and observations of some
variables for robot adopting and non-adopting firms. Variables in the table span the
period 2006-2016. Output is the log of the sum of sales, the variation of stocks for
sale and other current management income. Sales is the log of firms’ product sales
and value-added is the log of firms’ value added on production. Labor productivity
represents the log of value added per worker. Wage denotes the log of labor cost per
employee. Capital investments is measured as the log of the sum of the purchases in
capital goods. Skill intensity is the percentage of engineers and graduates within the
total personnel. R&D employment represents the total number of employees engaged
in R&D activities. Intermediate consumption is the log of the sum of purchases and
external services, minus the variation in the stock of purchases. Imports is the log of
value of imports and exports is the log of value of exports.
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Table A4: Impact of Robot Adoption on Imports by Destination Estimated with Alter-
native Instrument

Rest of Rest of Latin Latin
the World the World America America

(1) (2) (3) (4)

Panel A. IV
Robot adoption 5.206*** 5.204*** 1.491*** 1.483***

(0.520) (0.570) (0.258) (0.281)

Online purchases -0.023 -0.023 -0.007 -0.007
(0.125) (0.125) (0.063) (0.063)

∆ Markets 0.163* 0.163* 0.025 0.025
(0.093) (0.093) (0.054) (0.054)

Lagged sourcing status 15.368*** 15.368*** 15.111*** 15.111***
(0.185) (0.185) (0.312) (0.312)

Wage 0.002 0.009
(0.236) (0.108)

Panel B. First Stage
TechDependency×Robots -15.391*** -16.266*** -15.827*** -16.705***

(3.393) (3.454) (3.427) (3.486)
Initial productivity 0.106*** 0.111*** 0.107*** 0.113***

(0.006) (0.007) (0.006) (0.006)

Observations 11557 11557 11557 11557

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Notes: This table presents the results from estimating the equations (13) and (14) by using imports
from two locations as the outcome variables. In each specification, an alternative instrument is con-
structed from robot installations of Finland, Norway, Denmark and Sweden. Panel B shows first stage
results for the instrument and firm’s first reported log sales from 2005 on denoted as initial productivity.
TechDependency×Robots is multiplied by 10−10 for the interpretability of the results. Panel A presents
the IV estimates. ∆ denotes a change in a variable from previous year. Lagged sourcing status equals 1
if firm was involved in corresponding sourcing strategy in the previous period, 0 otherwise. The second
columns in the specification of each sourcing strategy includes log wage. Robust standard errors are
clustered at the firm level. ***, ** and * Significant at 1, 5 and 10 percent level, respectively.
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Table A5: Production Fragmentation Estimated with Alternative Instruments

(1) (2) (3) (4)

Panel A. IV
Robot adoption -25.482*** -23.750*** -25.889*** -24.503***

(4.810) (3.073) (6.055) (3.465)

Online purchases -1.651** -1.637* -1.642** -1.618*
(0.644) (0.845) (0.673) (0.854)

∆ Markets -0.139 -0.273 -0.145 -0.272
(0.259) (0.292) (0.262) (0.294)

Wage 0.500 0.788
(1.785) (1.707)

Panel B. First Stage
Robots 3.635*** 3.703***

(0.636) (0.634)
TechDependency×Robots -16.404*** -17.252***

(3.499) (3.556)
Initial productivity 0.105*** 0.108*** 0.110*** 0.113***

(0.009) (0.006) (0.008) (0.006)

Observations 12097 12097 12097 12097

Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Region FE Yes Yes Yes Yes

Notes: This table presents the effects of robots on concentration of firm’s purchases from
three main suppliers using an alternative instrument (constructed from robot installations
of Finland, Norway, Denmark and Sweden). First stage in Panel B presents results for two
instruments with firm’s first reported log sales from 2005 on denoted as initial productiv-
ity. Robots is multiplied by 10−5 and TechDependency×Robots is multiplied by 10−10 for the
interpretability of the results. Lagged sourcing status equals 1 if firm was involved in corre-
sponding sourcing strategy in the previous period, 0 otherwise. The second columns in the
specification of each sourcing strategy includes log wage. Robust standard errors are clustered
at the industry level for Robots and at the firm level for TechDependency×Robots. ***, **
and * Significant at 1, 5 and 10 percent level, respectively.
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B Additional Figures

Figure B1: Sales and Intermediate Input Purchases of Sourcing Firms by Destinations
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Note: Figures display the smoothed values with confidence bands from local polynomial regressions of
IHS transformed imports from the Rest of the World (on the left panel) and from Latin America (on the
right panel) on firm productivity (measured as log sales). Firms that did not import in a given year are
excluded from the estimations.

Figure B2: Robots in the EU Countries
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Note: This figure presents the log stock of robots in the EU countries. The left panel compares the robot
stocks in Germany, Italy, France and United Kingdom (the countries selected for our main instrument)
with Spain. The right panel compares the robot stocks in Finland, Norway, Sweden and Denmark (the
countries selected for our alternative instrument) with Spain.
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Figure B3: Spain’s Intermediate Good Imports
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Note: This figure presents the trends in Spain’s log intermediate good imports from the EU countries
for 2006-2016.
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C Variable Definitions

• Foreign outsourcing: percentage of intermediate imports from other (not related)

firms in the same group (over total imports).

• Foreign vertical integration: percentage of intermediate imports from other firms

in the same group (over total imports).

• Domestic outsourcing: percentage of intermediate purchases to other (not related)

firms in Spain (over total sales).

• Domestic vertical integration: percentage of intermediate inputs purchased from

related firms in Spain (over total sales).

• Concentration of suppliers: Percentage of the purchases of the company which come

from its three biggest suppliers.

• Imported technology: Payments for licenses and technical aid from abroad, in thou-

sands of Euros.

• Skill intensity: Percentage that engineers and graduates represent on the total

personnel of the company on December 31st.
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