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Industrial robots are rapidly changing global production 
processes, with large implications for patterns of foreign 
direct investments. The impact is ambiguous a priori. On 
the one hand, robotization may boost foreign direct invest-
ments since firms that have invested in robots increase their 
demand for complementary inputs. On the other hand, 
robotization may dampen foreign direct investments since 
firms have weaker incentives to outsource selected inputs 
and/or tasks. This paper finds that robotization at home 
boosts foreign direct investments, based on bilateral foreign 
direct investments data from 2003–21 across 65 countries. 
To uncover the underlying mechanism, the effect on foreign 

direct investments is decomposed into three components: 
capital per job (or capital intensity), jobs created per project 
(or labor intensity), and number of foreign direct invest-
ments projects. The positive effect of robotization in the 
source country on foreign direct investments is driven by 
increases in the number of projects and capital intensity, 
but not labor intensity. Decomposing foreign direct invest-
ments by business function reveals that this effect operates 
primarily through efficiency-seeking manufacturing invest-
ments rather than market-seeking activities, indicating that 
automation enhances firms’ ability to establish complemen-
tary production networks abroad.

This paper is a product of the Trade, Competition, and Business Global Department and the International Finance 
Corporation. It is part of a larger effort by the World Bank Group to provide open access to its research and make a 
contribution to development policy discussions around the world. Policy Research Working Papers are also posted on the 
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1 Introduction

Industrial robots are rapidly transforming global production processes, with profound implications

for patterns of foreign direct investment (FDI). Over the past decade, the annual installations of in-

dustrial robots have more than doubled worldwide (International Federation of Robotics (IFR),

2025), topping 500,000 units for the fourth straight year. China represents 54% of global de-

ployments, surpassing traditional automation leaders like Western Europe, Japan, and the United

States since 2013 worldwide (International Federation of Robotics (IFR), 2024). This technological

shift raises a fundamental question: does automation encourage or discourage firms from investing

abroad?

The theoretical prediction is ambiguous. On the one hand, robotization may boost outward

FDI as firms that invest in automation become more productive and competitive, increasing their

demand for complementary inputs and expanding into foreign markets. This argument hinges on

the theoretical framework by Acemoglu and Restrepo (2020), and the empirical evidence by Artuc

et al. (2023), Wang (2021), and Stapleton and Webb (2020). The channel operates through both

efficiency-seeking motives, sourcing intermediate inputs more cost-effectively, and market-seeking

motives, leveraging enhanced productivity to serve new consumer markets (Dunning, 1993; Dunning

and Lundan, 2008). On the other hand, robotization may dampen FDI by reducing firms’ incentives

to outsource production tasks or intermediate inputs, as automation makes domestic production

more cost-competitive relative to offshoring. This “reshoring” dynamic suggests that automation

could substitute for, rather than complement overseas investment. Indeed, Faber (2020) and Krenz

et al. (2021) argue that automation at home is associated with more reshoring activity.

To resolve this empirical ambiguity, we examine how robotization in source and destination

countries affects bilateral FDI flows. We combine granular data from fDi Markets covering greenfield

investments from 2003 to 2021 across 65 countries with industry-level robot stock data from the

International Federation of Robotics. We then employ a gravity-style empirical framework with

instrumental variable estimation to address endogeneity concerns.

Our central finding is that robotization at home significantly boosts outward FDI. A 1% increase

in robot adoption in a source country’s industry is associated with up to 0.8% increase in FDI

outflows from that industry. Conversely, robotization in destination countries shows no significant

correlation with inward FDI on average.

To uncover the mechanisms driving this relationship, we decompose the aggregate FDI effect into

three components following standard methodologies in the trade literature (Hillberry and Hummels,
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2008): (1) capital intensity, measured as capital per job created, (2) labor intensity, measured as jobs

created per project, and (3) the number of FDI projects, the extensive margin. This decomposition

reveals that the positive effect of source country robotization operates through two channels: an

increase in the number of FDI projects (accounting for approximately 70% of the total effect) and

higher capital intensity per project. Importantly, we find no significant effect on labor intensity,

indicating that automation at home does not reduce the number of jobs created per overseas project.

This pattern is consistent with robots and labor being complements rather than substitutes in the

production of goods destined for foreign markets.

Our findings contribute to three strands of literature. First, we extend research on the labor

market impacts of automation (Acemoglu and Restrepo, 2020) by showing that robotization has

significant cross-border spillovers through FDI channels. Second, we add to the extensive literature

on the determinants of FDI, by identifying technological adoption as a key driver of investment

decisions, complementing traditional factors such as market size, labor costs, and trade costs. Third,

we inform ongoing debates about reshoring and the reconfiguration of global value chains (Antràs,

2020; Baldwin, 2022) by showing that while automation increases overall FDI outflows, it does so

by enabling firms to expand abroad rather than by triggering a wholesale retreat of production

activities back home.

The policy implications are significant for both advanced and developing economies. For source

countries, our results suggest that investing in automation enhances firms’ international competi-

tiveness and facilitates their integration into global production networks. For destination countries,

particularly in the developing world, the lack of a significant relationship between host country

robotization and FDI inflows indicates that automation alone is unlikely to be a decisive factor in

attracting foreign investment. Instead, traditional comparative advantages, including market access,

institutional quality, and factor costs, remain critical determinants of FDI location decisions.

The remainder of the paper proceeds as follows. Sections 2 and 3 describe our data sources and

empirical methodology, respectively, including our instrumental variable strategy. Section 4 presents

our main results on the relationship between robotization and FDI. Subsection 4.2 decomposes the

aggregate effects into capital intensity, labor intensity, and project number components. Subsection

4.3 explores heterogeneous effects depending on the FDI driving motives: efficiency seeking or market

seeking FDI. Section 5 discusses policy implications and concludes.
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2 Data

For our main analysis, we employ two main datasets. Our first dataset is from fDi Markets. The data

is provided by the Financial Times and gives real-time transaction-level information on greenfield

FDI projects and expansions with data on over 190 countries since 2001. The data is compiled

through various sources such as news wires, media sources, industry organizations, and market

research companies. For each transaction, the dataset provides information on the: (i) name of the

investing company, (ii) nationality of the investing company, (iii) destination country, (iv) value of

investment, (v) sector of activity of the project, (vi) business function of the activity carried out at

the facility and (vii) number of jobs created from the investment.

There are two benefits of using data from fDi Markets compared to other sources. First, it

provides detailed bilateral industry-level data over a long period. Second, and more importantly, it

provides information on the business function at the foreign facility. The business function indicates

the physical activity that is being carried out. For example, it reveals whether the purpose of the

facility is to manufacture products or to conduct R&D. This is fundamentally different from the

sector of the FDI project, which is covered also in other data sources. The sector of the project is

associated with standard industry classifications such as the North American Industry Classification

System (NAICS), which only indicates the economic activity of the establishment of the company.

To differentiate between the two, a simple example is that an FDI project could be in the chemical

sector, but the business activity is to conduct R&D rather than manufacturing, which the chemical

sector is usually classified under in typical industry classifications. We utilize the information on the

business function to understand the underlying mechanisms on how robotization relates to FDI.1

Our second dataset is from the International Federation of Robotics (IFR). It provides informa-

tion on both the operational stock and inflows of industrial robots by country and industry dating

back to 1993. The data is compiled through annual questionnaires filled in by industrial robot sup-

pliers covering more than 90% of all industrial robots Acemoglu and Restrepo (2020). The data

from the IFR assumes that the total robots installed in a year are fully operational for 12 years.

Afterwards, they are assumed to have been completely depreciated. As this is unlikely to be the case,

we follow the literature and compute the operational stock of robots using the perpetual inventory

1There are 18 business functions: Business Services; Construction; Customer Contact Center; Education & Train-

ing; Electricity; Extraction; Headquarters; ICT & Internet Infrastructure; Logistics, distribution & Transportation;

Maintenance & Servicing; Manufacturing; Recycling; Research & Development; Retail; Sales, Marketing & Support;

Shared Services Center; and Technical Support Center.
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method (PIM) assuming a 10% depreciation rate. When compared to the FDI data, there are two

main drawbacks to the IFR data. The first downside is that the IFR data only covers around 70

countries, which is significantly fewer than in the FDI data. The second downside is that the data is

only at the country-industry level rather than at the company level. Nevertheless, the IFR data is

the best available data on operational robots installed across countries and has been widely used in

the literature (e.g. Acemoglu and Restrepo (2020); Artuc et al. (2023); Graetz and Michaels (2018)).

For the FDI to be compatible with the IFR data, we aggregate the FDI data up to the source-

destination-industry-year level. Each company’s industry classification is reported using the NAICS

classification. Different degrees of granularity of NAICS codes are reported across firms. As a result,

we use the most disaggregated NAICS code available. Then, with the IFR data being reported under

the International Standard Industrial Classification, we merge the FDI to the IFR data using an

NAICS to ISIC crosswalk. Our final panel comprises bilateral FDI data between countries and

operational robot stock in each country at the two-digit ISIC industry level.2

Our final sample comprises 213,566 country-pair-industry-year observations from 2003-2021, of

which 35,207 observations (16.5%) contain positive FDI flows. The conditional mean FDI value

is $78.4 million, though the distribution is highly right-skewed with a median of $10.2 million.

Robot adoption varies substantially across countries and industries. The mean robot share (country-

industry robots as a share of global industry robots) is 6.6%, but ranges from near zero to 98.4% in

Germany’s automobile manufacturing industry in 2004. Manufacturing sectors account for 76.9% of

FDI projects in our sample, with business services at 0.03%, logistics at 1.4%, and sales & retail at

6.5%. Over our sample period, global industrial robot installations have increased by more than six-

fold, from approximately 220,000 units annually in 2003 to approximately 1.6 million units in 2021.

This expansion was geographically concentrated, with China’s share of global robot installations

rising from 0% in 2003 to 35% by 2021, while Western Europe, Japan, and the United States saw

their combined share decline from 97% to 36% over the same period.

2Some industries are a bundle of two-digit ISIC industries.
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3 Empirical Strategy

3.1 Baseline Specification

To assess the impact of automation on bilateral FDI flows, we employ an empirical gravity model

by estimating the following equation:

logFDIijkt = α+ β log(Robotsckt−1) + θijt + θkt + εijkt (1)

where FDIijkt is the total value of FDI from source country i to destination country j in industry

k at year t. Robotsckt−1 is the total stock of operation robots in either the source country (c = i)

or destination country (c = j) in industry k at year t− 1. To accommodate some zero values in the

log of robot stock, we use the standard transformation of adding a small constant. Specifically, the

variable is log(1+Robotsckt−1). Our independent variable is then the lagged total stock of robots in

a country in an industry. We use the lagged stock of robots as we assume investment decisions are

based on the previous year’s economic environment. We include source-destination-year fixed effects

(θijt) to control for any time-varying bilateral country shocks, such as investment agreements, and

industry-year fixed effects (θkt) to control for industry demand and supply shocks across time.

We estimate (1) using OLS. To account for zeros in the bilateral FDI data, we also estimate

the equation using the Poisson pseudo-maximum likelihood (PPML) estimator (Silva and Tenreyro,

2006).

3.2 Decomposition

To further investigate how automation affects FDI, we follow the method from Hillberry and Hum-

mels (2008) and decompose the value of FDI into three different channels:

FDIijkt =

“Capital intensity”︷ ︸︸ ︷
FDIijkt
Lijkt

× Lijkt

Nijkt︸ ︷︷ ︸
“Labor intensity”

×
Number of FDI projects︷ ︸︸ ︷

Nijkt (2)

where Lijkt is the total number of jobs created and Nijkt is the number of FDI projects. The first

channel we look at is the value of FDI per job created, which measures the “capital intensity” of

FDI. The second channel is through the number of jobs created per FDI project, which measures

the “labor intensity” of FDI. These two channels can be considered the intensive margins of bilateral

FDI. The final channel is through the total number of FDI projects conducted, which is the extensive
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margin of bilateral FDI. We set each component as the dependent variable to evaluate which is most

affected by automation. As a result, we estimate the following three equations using OLS:

log

(
FDIijkt
Lijkt

)
= α1 + β1 log (Robotsckt−1) + θijt + θkt + εijkt (3)

log

(
Lijkt

Nijkt

)
= α2 + β2 log (Robotsckt−1) + θijt + θkt + εijkt (4)

logNijkt = α3 + β3 log (Robotsckt−1) + θijt + θkt + εijkt (5)

We can then compare the coefficients β1, β2 and β3 to examine which channel of automation has

the largest effect on FDI by exploiting the log-additive property and the fact that OLS is a linear

estimator resulting in β1 + β2 + β3 = β.

3.3 IV Estimation

The coefficient estimates in equation (1) are potentially biased due to reverse causality. Even though

we use the lagged share of robots, the adoption of robots could be affected due to announced

investments which only materialize later in the future. As a result, we instrument the stock of

robots in a country using the total stock of robots in the five closest countries in terms of GDP

per capita for a respective industry, similar to the method used in (Artuc et al., 2023). We argue

that this is a valid instrument as, firstly, adoption of robots should be similar across countries with

similar economic development through technological advancements. Secondly, investment by/to a

country should not be affected by the adoption of robots by third countries.

In order to be confident that the exclusion restriction holds, we will run a placebo test to check

if FDI is affected by our instrument in future periods, specifically from t+ 1 up to t+ 4 periods. If

the future instrument predicts the current outcome, the estimated treatment effect in the main IV

regression is likely biased and cannot be interpreted as purely causal. Conversely, if these placebo

instruments are not statistically significant, then the exclusion restriction is likely to hold in our IV

analysis. This approach is akin to pre-trend tests in a difference-in-differences setting, a check for

anticipation effects or reverse causality.

3.4 Mechanisms: Efficiency Seeking or Market Seeking?

In subsection 4.1, we provide evidence that an increase in robotization in the source country leads to

more outward FDI. We argue that the increase in FDI is due to robotization leading to an increase in

productivity, allowing firms to overcome the fixed cost of FDI. There are two potential reasons why
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FDI increases. Following the established FDI literature (Dunning (1993) and Dunning and Lundan

(2008)), we distinguish between two primary investment motives. Efficiency-seeking FDI involves

establishing foreign facilities to access cheaper or higher-quality inputs, either through manufacturing

operations or complementary business services (customer contact centers, shared services centers,

and technical support centers). This vertical FDI is aimed at optimizing production costs or accessing

specialized capabilities. Market-seeking FDI, in contrast, involves investments aimed directly at

serving local consumer markets through sales offices, retail operations, and logistics facilities. This

horizontal FDI is motivated by the desire to be closer to end customers and circumvent trade barriers.

To uncover these mechanisms, we utilize the information on the business function of FDI and

estimate the following equation:

logFDIijkst = α+ β1

(
EffManu

s × log (Robotsckt−1)
)

(6)

+ β2

(
EffServ

s × log (Robotsckt−1)
)

+ β3 (Mkts × log (Robotsckt−1))

+Xijkst + θijt + θkt + εijskt

where EffManu
s is a dummy equal to 1 if business function s is manufacturing, and 0 otherwise;

EffServ
s is a dummy equal to 1 if business function s is business services, customer contact center,

share services center or technological support center, and 0 otherwise; and, Mkts is a dummy equal

to 1 if business function s is sales, retail, or logistics, and 0 otherwise. Xijkst is a vector of controls

which includes all the base effects of each independent variable.

By interacting the dummy variables with the stock of robots in the source country, it allows us

to uncover the purpose of the increase in FDI when there are productivity gains from robotization.

Therefore, if β1 > 0, it supports the efficiency seeking motive in importing intermediate inputs in

manufacturing. Similarly, if β2 > 0, but in importing intermediate inputs in services. If β3 > 0, it

supports the market seeking motive as these are business functions aimed at selling directly to local

foreign consumers.

4 Results

4.1 Baseline Results

We begin our discussion of the empirical results with the baseline estimates of how robotization in the

source country affects FDI. Table 1 presents these results, with the PPML results in column (1) and
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the OLS results in column (2). We observe a significant positive relationship between robotization

in the source country and FDI flows. A 1% increase in robotization in the industry-source country

can increase FDI flows by 0.10%. The OLS coefficient is larger than the PPML, suggesting that

robotization influences predominantly the intensive, rather than the extensive, margin of FDI. The

positive estimates indicate that robotization in the source country has a productivity effect, where

industries with more robot adoption are producing more, so they are investing more in foreign

markets seeking either new markets, cheaper inputs, or more resources. Using the IV to account for

Table 1: Baseline: FDI and Source Robots

(1) (2) (3)

PPML OLS IV

Any value log(Value > 0) log(Value > 0)

log(Robotikt−1) 0.0596∗∗ 0.0976∗∗∗ 0.841∗∗

(0.0225) (0.0161) (0.270)

Constant -2.069∗∗∗ -4.854∗∗∗

(0.0361) (0.0213)

Source-Dest-Year FE Yes Yes Yes

Sector-Year FE Yes Yes Yes

F-stat 75.47

N 213566 35207 35207

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. The OLS R2 is 0.636.

potential biases in the robot variable, the estimated coefficient in column (3) increases substantially

and remains statistically significant. A 1% increase in robotization in the industry-source country

can increase FDI flows by 0.8%. The larger IV estimate suggests that the endogeneity leads the

OLS to understate the true effects of robotization in the source country.

To ensure our instrument is relevant, we report the F-stat of the first stage regression where we

find our instrument is relevant with an F-stat > 10. In addition, to check that the IV results are not

driven by a violation of the exclusion restriction or instrument validity, we run a placebo test where

we estimate how present FDI flows are related to future robotization investments at the source. The

results are presented in table 2. We find that the placebo instruments are not significant, supporting

our assertion that the instrument is valid and that the exclusion restriction holds.

Robotization in the destination country has a similar and positive effect on FDI. The PPML

9



Table 2: Placebo IV: FDI and Source Robots

(1)

OLS

log(RobotOther
ik,t+1) 0.00421

(0.0165)

log(RobotOther
ik,t+2) -0.0358

(0.0184)

log(RobotOther
ik,t+3) -0.0173

(0.0194)

log(RobotOther
ik,t+4) -0.0162

(0.0177)

Constant -4.512∗∗∗

(0.0386)

Source-Dest-Year FE Yes

Sector-Year FE Yes

R-squared 0.636

N 30461

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

and OLS results are presented in columns (1) and (2) of table 3, respectively. The positive rela-

tionship between robotization in the destination country and FDI is statistically significant in both

models, where a 1% increase in robotization in the industry-destination country is associated with

an increase in FDI flows by 0.18%-0.24%. The positive estimate indicates that with higher robot

adoption by industries in destination countries, these countries become more attractive to FDI. The

adoption of robots may increase the marginal product of labor in that industry, so for a given wage,

workers are more productive with these industrial robots. In this example, the robot technology is

labor augmenting. The opposite may be true, where the robot technology is labor replacing and

fewer workers are needed in the industries that adopt more robots. Then, robotization reduces the

labor demand in the industry, thus increasing labor supply and reducing wages. The destination

country can maintain its low labor cost and remain attractive to FDI. In either case, robotization

in the destination can attract more FDI, especially FDI that is efficiency seeking, which is a major
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motivation for FDI.3

However, the IV results in column (3) show that robotization in the destination country is not

statistically significant. This suggests that the OLS results should be interpreted with caution, and

that the data do not provide robust evidence of destination robots’ positive effect on FDI once the

analysis accounts for endogeneity. This null finding may mask important heterogeneity in FDI’s

responses to robotization. For example, higher robot stocks can have different effects on the number

of jobs in the FDI, or the type of FDI (such as efficiency-seeking versus market-seeking). We explore

this heterogeneity further in Section 4.3.

Table 3: Baseline: FDI and Destination Robots

(1) (2) (3)

PPML OLS IV

Any value log(Value > 0) log(Value > 0)

log(Robotjkt−1) 0.244∗∗∗ 0.180∗∗∗ -0.604

(0.0336) (0.0221) (1.652)

Constant -2.190∗∗∗ -4.859∗∗∗

(0.0346) (0.0173)

Source-Dest-Year FE Yes Yes Yes

Sector-Year FE Yes Yes Yes

F-stat 3.708

N 213566 35207 35207

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. The OLS R2 is 0.637.

4.2 Decomposition Results

The positive relationship between robotization in the source and destination countries and FDI

can be decomposed into three components: capital intensity, labor intensity and the number of

FDI projects. We use OLS to estimate these results to exploit its linear estimator properties to

understand which component is driving the positive effect.

Table 4 presents the decomposition results for the FDI and robotization in the source country.

3The literature indicates that efficiency-seeking or vertical FDI has been more important for developing countries

where labor costs are lower (Dellis et al. (2017)). Conversely, market-seeking or horizontal FDI has played a larger

role in more advanced economies.
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Table 4: Decomposition: FDI and Source Robots

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

FDI FDI/L L/N N

log(Robotikt−1) 0.0986∗∗∗ 0.0216∗∗ 0.00841 0.0686∗∗∗

(0.0161) (0.00733) (0.0121) (0.00756)

Constant -4.855∗∗∗ -8.298∗∗∗ 2.222∗∗∗ 1.222∗∗∗

(0.0212) (0.00980) (0.0162) (0.0100)

Source-Dest-Year FE Yes Yes Yes Yes

Sector-Year FE Yes Yes Yes Yes

R-squared 0.636 0.625 0.700 0.779

N 35199 35199 35199 35199

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

We first observe that the coefficients for the three components in columns (2) to (4) add up to the

coefficient for FDI in column (1). These results indicate that the positive effect of robotization in the

source country is driven primarily by the extensive margin, or the number of FDI projects. Around

70% of the total effect is attributable to a rise in the number of FDI projects, suggesting that firms

respond to robot adoption at home by expanding the scale of their foreign investment activity rather

than fundamentally restructuring its composition. The labor intensity ratio (column 3) is small and

statistically insignificant, confirming that this margin plays no meaningful role. The remaining

roughly 22% of the effect reflects an increase in capital intensity, though this is clearly a secondary

channel. Taken together, the decomposition results suggest that firms that invest in robotization

at home expand their FDI footprint, potentially by leveraging improvements in productivity or

profitability which are unobservable in our data.

Similarly, the positive effect of robotization in the destination country is driven by the extensive

margin, as shown in the results in Table 5. Crucially, we observe that the positive effect of roboti-

zation in the destination country is driven by the number of FDI projects and the labor intensity

of FDI in equal measure. While both intensive margins (capital intensity and labor intensity of

FDI) are statistically significant components of this positive effect, the effects are pulling in opposite

directions. This means that when FDI increases due to higher robot adoption in the industry of the

destination country, the capital intensity of FDI decreases but the labor intensity of FDI increases.

The increase in labor intensity indicates that robotization is labor augmenting and is associated with
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Table 5: Decomposition: FDI and Destination Robots

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

FDI FDI
L

L
N N

log(Robotjkt−1) 0.180∗∗∗ -0.0439∗∗∗ 0.113∗∗∗ 0.111∗∗∗

(0.0221) (0.0100) (0.0157) (0.0106)

Constant -4.858∗∗∗ -8.241∗∗∗ 2.153∗∗∗ 1.230∗∗∗

(0.0173) (0.00802) (0.0124) (0.00825)

Source-Dest-Year FE Yes Yes Yes Yes

Sector-Year FE Yes Yes Yes Yes

R-squared 0.637 0.625 0.701 0.779

N 35199 35199 35199 35199

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.

upward industry demand for labor and pressures on wages. The destination country’s attractiveness

to efficiency-seeking FDI remains stable or even increases, and the FDI projects have a larger labor

intensity. The decrease in the capital intensity of FDI is likely because foreign firms have less need

to invest in capital and equipment as the industry has already invested in industrial robots.

4.3 Heterogeneity by FDI Motives

As amply discussed in the literature, FDI is motivated by the desire to seek improvements in effi-

ciency or to gain access to foreign markets. In this subsection, we explore whether robotization has

heterogeneous effects depending on the FDI motives. We define efficiency-seeking FDI as invest-

ments in manufacturing and selected business services (customer contact centers, shared services,

technical support) that were made to access cheaper or higher-quality inputs in destination coun-

tries. Market-seeking FDI is investments in sales, retail, and logistics activities aimed at serving

local consumer markets.

We examine how robotization at the source country affects FDI across different business func-

tions, distinguishing between efficiency-seeking motives for manufacturing and services inputs, and

market-seeking motives (sales, retail, and logistics). The results are presented in Table 6. The

results reveal that robotization’s effect on FDI is primarily channeled through manufacturing ac-

tivities. Across all specifications, the interaction between manufacturing FDI and source country

robotization is positive and highly significant, indicating that firms investing in automation at home
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Table 6: Source Robots and Efficiency Seeking and Market Seeking FDI

(1) (2) (3) (4) (5) (6)

FDI FDI & Market (V1) FDI & Market (V2)

log(Robotikt−1) 0.0200 0.0219 0.00926 0.0101 0.0149 0.0273

(0.0147) (0.0134) (0.0177) (0.0169) (0.0194) (0.0185)

Eff.Mfg 1.481∗∗∗ 0.803∗∗∗ 0.712∗∗∗

(0.0325) (0.0371) (0.0401)

Eff.Serv -0.213 -0.855∗∗∗ -0.933∗∗∗

(0.129) (0.128) (0.128)

Market -1.396∗∗∗ -1.318∗∗∗

(0.0369) (0.0395)

Eff.Mfg × log(Robotikt−1) 0.0975∗∗∗ 0.0843∗∗∗ 0.114∗∗∗ 0.0962∗∗∗ 0.0990∗∗∗ 0.0789∗∗∗

(0.0160) (0.0152) (0.0189) (0.0184) (0.0205) (0.0199)

Eff.Serv × log(Robotikt−1) 0.0136 -0.0449 0.0420 -0.0335 0.0279 -0.0501

(0.0642) (0.0618) (0.0638) (0.0626) (0.0638) (0.0630)

Market × log(Robotikt−1) 0.0374∗ 0.0221 0.0216 -0.00855

(0.0190) (0.0182) (0.0201) (0.0192)

Constant -5.643∗∗∗ -5.051∗∗∗ -4.914∗∗∗ -5.051∗∗∗ -4.822∗∗∗ -5.050∗∗∗

(0.0227) (0.0171) (0.0295) (0.0171) (0.0335) (0.0171)

Source-Dest-Year FE Yes Yes Yes Yes Yes Yes

Sector-Year FE Yes Yes Yes Yes Yes Yes

Business Function FE No Yes No Yes No Yes

R-squared 0.591 0.651 0.626 0.651 0.621 0.651

N 46876 46876 46876 46876 46876 46876

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. EfficiencyManufacturing Seeking =

1 if business function is Manufacturing: 0 otherwise. EfficiencyServices Seeking = 1 for Business Services, Customer

Contact Center, Shared Services Center and Technical Support Center; 0 otherwise. Market Seeking (V1) = 1 for

Sales and Retail; 0 otherwise. Market Seeking (V2) = 1 for Sales, Retail and Logistics; 0 otherwise.

are substantially more likely to establish foreign manufacturing facilities. With a 1% increase in

robotization in the industry-source country, efficiency-seeking manufacturing FDI can increase by

0.08%-0.11%, depending on the specification. This finding provides strong support for the efficiency-
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seeking hypothesis: robotization enhances productivity at home, which in turn increases demand

for complementary intermediate inputs that can be produced more cost-effectively abroad through

vertical FDI.

In contrast, the interaction effects for efficiency seeking-services FDI are consistently insignifi-

cant across all specifications. Automation does not appear to meaningfully alter firms’ propensity to

offshore business services, customer contact operations, or technical support functions. This asym-

metry between manufacturing and services is noteworthy: while robots enhance the productivity

of physical production processes (making manufactured inputs more valuable), they appear to have

limited effects on firms’ decisions about where to locate service activities. Yet this result is not

surprising given that robotization is mostly centered around the automation of manufacturing pro-

cesses. While software-based forms of automation can improve business processes, these are not well

measured in the industrial robots data available.

More importantly, the market-seeking interaction term does not have any significant effects across

specifications. In columns (4) to (6), the interaction coefficient is not significant. The coefficient is

significant in column (3), but the result is not robust once the specification accounts for business

function characteristics and a narrower definition of the market-seeking variable. This result is

consistent whether we have a narrow definition of market seeking (only sales and retail, in columns 3

and 4) or a broad one including logistics (columns 5 and 6), or whether we include business function

fixed effects (columns 4 and 6). Unlike the manufacturing result, we do not find any compelling

evidence that automation at home drives firms to establish market-serving facilities abroad.

These patterns collectively indicate that the positive relationship between source country roboti-

zation and FDI documented in our baseline results is driven predominantly by vertical FDI in man-

ufacturing rather than horizontal market-seeking investments. Taken together, this suggests that

robots and foreign production inputs are complements in the production process. As automation

makes domestic production stages more efficient, firms expand their foreign sourcing of intermediate

inputs to feed these more productive home operations.

We also examine how robotization in the destination country affects FDI across different busi-

ness functions, presented in Table 7. Similar to the results with robots in the source country, we

find that the positive effect of destination robots is channeled through manufacturing investments.

The interaction between manufacturing FDI and destination country robotization is positive and

highly significant. A 1% increase in robotization in the industry-destination country can increase

manufacturing FDI by 0.09%-0.13% depending on the specification. This indicates that industries
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Table 7: Destination Robots and Efficiency Seeking and Market Seeking FDI

(1) (2) (3) (4) (5) (6)

FDI FDI & Market (V1) FDI & Market (V2)

log(Robotjkt−1) 0.0876∗∗∗ 0.100∗∗∗ 0.0888∗∗∗ 0.0883∗∗∗ 0.0914∗∗∗ 0.104∗∗∗

(0.0190) (0.0173) (0.0213) (0.0204) (0.0224) (0.0215)

Eff.Mfg 1.522∗∗∗ 0.860∗∗∗ 0.752∗∗∗

(0.0265) (0.0308) (0.0336)

Eff.Serv -0.0884 -0.663∗∗∗ -0.765∗∗∗

(0.0924) (0.0927) (0.0930)

Market -1.328∗∗∗ -1.267∗∗∗

(0.0298) (0.0322)

Eff.Mfg× log(Robotjkt−1) 0.124∗∗∗ 0.0866∗∗∗ 0.132∗∗∗ 0.0986∗∗∗ 0.125∗∗∗ 0.0824∗∗∗

(0.0192) (0.0183) (0.0218) (0.0214) (0.0231) (0.0226)

Eff.Serv × log(Robotjkt−1) -0.182∗ -0.231∗∗ -0.218∗∗ -0.220∗∗ -0.214∗∗ -0.235∗∗

(0.0781) (0.0765) (0.0781) (0.0773) (0.0786) (0.0776)

Market × log(Robotjkt−1) -0.0149 0.0223 -0.0236 -0.00680

(0.0213) (0.0205) (0.0219) (0.0210)

Constant -5.684∗∗∗ -5.078∗∗∗ -4.973∗∗∗ -5.079∗∗∗ -4.874∗∗∗ -5.078∗∗∗

(0.0188) (0.0142) (0.0248) (0.0142) (0.0281) (0.0142)

Source-Dest-Year FE Yes Yes Yes Yes Yes Yes

Sector-Year FE Yes Yes Yes Yes Yes Yes

Business Function FE No Yes No Yes No Yes

R-squared 0.592 0.651 0.627 0.651 0.622 0.651

N 46876 46876 46876 46876 46876 46876

Robust standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. EfficiencyManufacturing Seeking =

1 if business function is Manufacturing: 0 otherwise. EfficiencyServices Seeking = 1 for Business Services, Customer

Contact Center, Shared Services Center and Technical Support Center; 0 otherwise. Market Seeking (V1) = 1 for

Sales and Retail; 0 otherwise. Market Seeking (V2) = 1 for Sales, Retail and Logistics; 0 otherwise.

investing in automation in destination countries attract more manufacturing investments seeking

more efficient inputs. This finding suggests that robot investments increase industry productivity,

either by reducing the unit costs (through higher production amounts) or by reducing the share
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of labor in total costs. This finding also has particular relevance for developing countries that are

facing rising wages and losing their attractiveness for FDI.

The results are different for efficiency seeking services FDI. While robotization in the source

country has no effect on efficiency-seeking services FDI, robotization in the destination country

has a negative and significant effect on such FDI. A 1% increase in robotization in the industry-

destination country can decrease services FDI by 0.18%-0.24%, depending on the specification. The

finding suggests that there is a structural shift or reallocation of FDI once the industry becomes

more automated. The efficiency-seeking services FDI are investments in business services and shared

services such as back-office processing, basic IT support, and technical support. These investments

are often made to support labor-intensive production systems. However, once the manufacturing

processes in the destination country are automated, they become digitized, standardized and inte-

grated. The processes can be handled through embedded software systems, controlled remotely in

the headquarters or in a few strategic hubs. As a result, robotization in destination countries will

decrease the need for efficiency-seeking services investments.

The results also show that robotization has no significant effect for market-seeking FDI. The

market seeking interaction term shows no significant effects in all specifications. Similar to the results

in Table 6 for source robotization, there is no evidence that automation in destination countries drives

firms to invest in market-serving facilities.

Taken together, the heterogeneity results for source and destination robots strongly demonstrate

that robotization can affect the production cost structure and technology, which in turn can affect

efficiency seeking FDI. The higher productivity from robotization can increase more efficiency seeking

FDI to manufacture intermediate inputs. The automation of production processes in destination

countries can also decrease the need for services inputs, thus reducing the need to invest in services

inputs. In contrast, market seeking FDI is driven by market demand and the need to be closer to

customers. While robotization in the destination country can potentially increase productivity and

incomes, the effects are indirect and not immediate. Robotization does not directly expand market

demand, so there is no effect on market seeking FDI.

5 Conclusions

This paper examines how industrial robotization reshapes patterns of foreign direct investment, using

bilateral FDI data across 65 countries from 2003 to 2021. Our central finding is that robotization in
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source countries significantly boosts outward FDI, with a 1% increase in robot adoption associated

with up to 0.8% increase in FDI outflows. Conversely, robotization in destination countries shows

no significant net effect on inward FDI once we account for endogeneity. These findings resolve an

important empirical ambiguity: while automation could theoretically either encourage FDI (through

productivity gains) or discourage it (through reshoring), the data decisively supports the productivity

channel.

Decomposing the aggregate FDI effect reveals that source country robotization operates primarily

through two channels: an increase in the extensive margin (number of FDI projects, accounting

for approximately 70% of the effect) and higher capital intensity per project (23% of the effect).

Importantly, we find no significant effect on labor intensity, indicating that automation at home

does not reduce employment at overseas facilities. This pattern is consistent with robots and foreign

labor being complements rather than substitutes in the global production process.

Our heterogeneity analysis by business function provides crucial insights into the mechanisms

underlying these patterns. The positive effect of source country robotization is driven almost en-

tirely by efficiency-seeking manufacturing FDI, with interaction coefficients ranging from 0.08 to 0.11

across specifications. In contrast, we find no significant effects on services FDI or market-seeking

investments. This indicates that automation enhances firms’ demand for foreign-manufactured in-

termediate inputs, consistent with robots and imported components being complements, but does

not alter location decisions for service activities or market-serving facilities.

The destination country results reveal more nuanced patterns. Robotization at the destina-

tion discourages traditional efficiency-seeking manufacturing FDI (which seeks low-cost production

platforms) but encourages logistics and retail FDI (which serves local consumer markets). This

asymmetry suggests that as countries automate, they transition from being primarily recipients of

vertical FDI to becoming hosts of horizontal FDI. Automation appears to transform developing

economies from production platforms into consumer markets in the eyes of foreign investors.

These findings have important policy implications for both source and destination countries. For

advanced economies, our results indicate that investing in automation does not trigger a wholesale

retreat of production activities back home, in line with the reshoring narrative. Instead, automation

enhances firms’ international competitiveness and facilitates their integration into global production

networks, increasing both the number and capital intensity of foreign investments. Policies that

support robotization may thus strengthen rather than weaken firms’ global engagement.

For developing countries, the implications are mixed. On the one hand, our finding that desti-
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nation robotization does not significantly increase aggregate FDI inflows suggests that automation

alone is unlikely to be a decisive factor in attracting foreign investment. Traditional comparative

advantages, including market size, institutional quality, labor costs, and trade costs, remain critical

determinants of FDI location decisions. On the other hand, the heterogeneity analysis suggests that

automation may help developing countries attract higher-value efficiency-seeking manufacturing FDI

even as it makes them less attractive for cost-driven services FDI. This could represent a beneficial

structural transformation if such investments can create better jobs and more technology spillovers

than traditional efficiency-seeking investments.

Our analysis has several limitations that suggest directions for future research. First, we examine

robotization at the country-industry level rather than the firm level, due to data constraints. Firm-

level analysis could reveal important heterogeneities in how different types of firms respond to

automation opportunities. Second, our FDI data capture greenfield investments but not mergers

and acquisitions, which represent a sizable share of total FDI. The relationship between robotization

and M&A activity may differ from the patterns we document for greenfield investments.

In conclusion, this paper provides evidence that industrial robotization is reshaping global invest-

ment patterns in ways that are more nuanced than simple reshoring narratives suggest. Automation

enhances rather than diminishes firms’ global engagement, but it does so selectively—primarily

through vertical manufacturing FDI from automated source countries. As automation continues to

advance, understanding these patterns will be crucial for policy makers seeking to harness FDI as a

tool for economic development and for firms navigating an increasingly automated global economy.
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