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Abstract
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of the authors. They do not necessarily represent the views of the International Bank for Reconstruction and Development/World Bank and 
its affiliated organizations, or those of the Executive Directors of the World Bank or the governments they represent.

Policy Research Working Paper 9678

Robots are rapidly becoming a key part of manufactur-
ing in developed and emerging economies. This paper 
examines a new channel for how automation can affect 
international trade: quality upgrading. Automation can 
reduce production errors, particularly of repetitive pro-
cesses, leading to higher quality products. The effects of 
robot use on export quality are estimated, by combining 
cross-country and cross-industry data on industrial robots 
with detailed Harmonized System 10-digit trade data. 
Robot diffusion in (preexisting) foreign customers is used 

as an instrumental variable to predict robot adoption in 
the home country-industry. The findings show that robot 
diffusion leads to increases in the quality of exported prod-
ucts. Quality improvements are predominantly driven by 
the upgrading of developing country exports; and within 
countries, quality improvements are driven by upgrading 
of (initially) lower-quality exports of developed and devel-
oping countries. The paper also finds some differences in 
the type of robots—sophisticated or more basic—associated 
with quality gains in developing and developed economies.

This paper is a product of the Office of the Chief Economist, East Asia and the Pacific Region. It is part of a larger effort by 
the World Bank 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 Web at http://www.worldbank.org/prwp. The authors 
may be contacted at tdestefano@hbs.edu and jtimmis@worldbank.org 
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I. Introduction 

Robots are becoming an integral part of global production processes. Today there are roughly 2.7 

million robots in operation around the world with the number of new robots installed each year 

more than tripling over the last decade (IFR, 2018). In some cases, even entire production lines 

are being automated (Tilley, 2017).  The increasing automation of manufacturing tasks is true not 

only of developed economies, but also developing economies are increasingly automating 

production (see Figure 1).2 While developed economies remain more intensive users of robotics, 

there has been faster diffusion in developing economies, leading to a convergence in robot use 

across countries.   

Figure 1: Convergence in robot use between developed and developing countries, 2000-2015 

 
Notes: The following figure plots the 25th, 50th and 75th percentiles of the distribution of log (1 + robot stock) at the 
country-industry level, separately for developed and developing countries (see a full list of our sample of 59 countries 
in Table 1).   We add one before taking logs to avoid excluding zero values.  Developed reflects high-income countries 
and developing reflects non-high-income, defined in 2000 using the World Bank classification. 
 

 
2 Throughout this paper we use high income and developed, non-high income and developing, and robots and 
automation interchangeably. 
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An emerging literature has begun to examine some of the economic implications of robot diffusion, 

with much of the focus thus far on developed economies.  Much of this work has focused on the 

productivity or labor-saving effects of robotics and their impact on wages or employment.3 Some 

studies have begun to assess how robotics may influence the global organization of production, 

for instance through the potential reshoring back to developed economies of previously imported 

intermediate inputs (Artuc et al., 2018; De Backer and DeStefano 2021; Dachs et al, 2019).   This 

existing research largely reflects research on the United States, Canada and European countries, 

with few studies examining impacts on emerging markets (notable exceptions being Artuc et al., 

2018, Maloney and Molina, 2019; and de Vries et al., 2020).    

In this paper we explore a new channel – whether automation leads to export quality upgrading –  

in both developing and developed economies.  Robots are used to undertake a range of repetitive 

tasks that require a consistent high-level of accuracy, such as handling and assembly of small 

electronic components, precision welding of car parts and cutting of metal products within strict 

tolerances (Agapakis et al., 1990; Gunasekaran, 1996; Tilley 2017).  In contrast, tasks that are 

either less repetitive or have larger error tolerances (such as packing boxes) are often still 

performed by humans, even in high-income economies.  Many robots are explicitly designed to 

achieve greater accuracy and can include sensors that allow the machines themselves to identify 

product defects (Herakovic, 2010; Herakovic et al., 2011).  The widespread diffusion of robotics 

in manufacturing production may lead to increases in the quality of exported products. 

To assess the impact of robots on quality upgrading, we rely on several data sets that span a broad 

sample of countries (28 developed and 31 developing economies) over a 15 year the period from 

2000 to 2015.4 Export quality is derived using detailed HS 10-digit US import data and combined 

with data on robot use at the country-industry level. To address potential endogeneity concerns, 

we instrument robot adoption of the home country-industry using robot diffusion among their 

foreign customers located in other world regions, using their initial foreign trade network defined 

 
3 See for example, Acemoglu et al (2020); Acemoglu and Restrepo (2020); Brynjolfsson and McAfee (2011); de Vries 
et al. (2020), Dixon et al. (2021); Frey and Osborne (2017); Graetz and Michaels (2018); Kromann et al. (2020); 
Maloney and Molina (2019); Presidente (2017). 
4 Our data reflects a  considerable period of time (16 years) which is important, as it has been shown that the 
performance implications of technologies and complementary investments in organizational technology can take years 
to realize (Bresnahan et al 2002).   
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in 2000.5  We also include a broad range of fixed effects, including country-product and country-

year dummies. We exploit the extensive country coverage of our data to disaggregate quality 

upgrading into that of developed and developing economies. Moreover, the richness of our trade 

data, with 5,646 unique products, enables us to examine which products are being upgraded within 

each country.  Specifically, we examine quality upgrading for new export varieties, more complex 

products (following Levchenko, 2007) and initially low-quality exports.  Finally, we use novel 

information on the type of robots being adopted to examine whether quality gains are specific to 

the diffusion of advanced robots or are more broad-based. 

We find that robot diffusion leads to increases in the quality of exported products.  In aggregate 

the strongest quality gains accrue to developing economies, with more muted quality growth for 

developed economies and only evident for the first 5 years of our sample. Within each country, we 

find robust evidence that robots lead to quality upgrading of initially low-quality exports, furthest 

from the quality frontier, and this is true of both advanced and developing economies.  Since 

developing economies in general tend to produce lower-quality exports, this reconciles the stronger 

aggregate quality upgrading we observe for developing countries.   The paper also finds some 

evidence of differences in quality upgrading by types of robots, adoption of more basic robots 

leads to quality upgrading of developing economies, whereas some sophisticated robot 

applications lead to stronger quality upgrading in advanced economies. For instance, in terms of 

cutting machines, we find mechanical cutting robots matter more for quality upgrading in 

emerging economies and laser cutting robots more for high income economies. Finally, the 

strength of our instrumental variable suggests that the technological choices of foreign suppliers 

can be an important factor in driving robot adoption in their international supply chains. 

One of the difficulties in measuring the effects of technology diffusion is the likely presence of 

endogeneity bias. Technology is not typically randomly adopted but done so with an expected 

return on that investment. This paper uses robot diffusion in (pre-existing) foreign customers as 

instrumental variables to predict adoption in the home country. Our choice of instrument is 

motivated by the existing FDI literature that finds extensive evidence of knowledge spillovers from 

foreign multinational customers to their overseas suppliers (Javorcik, 2004; Havránek and Iršova, 

 
5 That is, we exclude foreign customers in the same world region as the home country for the purposes of constructing 
the instrumental variable.  We do so to remove concerns of common regional shocks that may jointly affect the home 
country and foreign customer. 
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2011). Multinationals can require strict productivity and production standards of their suppliers, 

and may share new technologies or encourage the adoption of new production methods to achieve 

this (Criscuolo and Timmis, 2017).  To ensure the robustness of our instrument, we use ex-ante 

trade networks at the start of the sample period for the year 2000.  We also only consider trade 

networks with other world regions (i.e. excluding trade with the home country’s region) – to 

exclude common regional shocks that may contaminate the analysis. In addition, the relevance of 

the instrument withstands a barrage of fixed effects including exporter*HS 10-digit product and 

exporter*year fixed effects, in order to control for potential trends across countries overtime, as 

well as potential time-varying multilateral resistance terms highlighted by the trade literature 

(Anderson and van Wincoop, 2003).6   

The existing literature on robotics, and technology more generally, often pertains to developed 

economies (Acemoglu and Restrepo, 2020; Presidente, 2017; Graetz and Michaels, 2018; Cardona 

et al 2013). A priori it is unclear how quality upgrading gains relate to country development levels.   

On the one hand, developing countries typically produce lower-quality exports and so have larger 

potential to catch-up through automation (Hallak and Schott, 2011; Henn et al., 2020).  On the 

other hand, developed countries are more likely to have access to the complementary factors 

needed to realize the potential quality gains from robotics, such as the management skills to 

reorganize production (e.g. Brynjolfsson and Hitt, 2000, Bresnahan et al., 2002).  Our study uses 

data that spans 59 countries allowing us to identify important heterogeneity in quality gains from 

robotics across developed and developing countries.7  We also leverage new data on robots types 

– e.g. laser guided cutting vs mechanical cutting – to examine whether certain robots are more 

crucial for quality upgrading than others. 

Export quality has attracted a great deal of attention because of its importance for the development 

and growth (Hirschman 1958; Grossman and Helpman 1991; Hidalgo et al 2007). At the firm-

level, businesses that produce higher quality goods have higher revenue and employment, pay 

higher wages, are more productive and sell their goods to a greater variety of markets (Verhoogen 

2008; Manova and Zhang 2012; Crozet et al 2012).  Producing high quality exports is also often a 

 
6 We also add control variables for (log) industry employment and real value added per worker. 
7 Including developing countries in our sample necessitates using data from 2000, whereas for advanced economies 
data is available from 1993 (as in Graetz and Michaels, 2018).  
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pre-requisite for participating in global value chains and exporting to advanced economies (Bastos 

et al., 2018; Cadestin et al, 2018; Kummritz et al., 2017).  However, producing high-quality exports 

remains a particular challenge for developing economies, with economic development often 

involving a step-change in the quality of production (Hallak and Schott, 2004; Henn et al., 2020).  

We contribute to this literature by examining quality upgrading effects for a broad range of 

developed and developing economies. 

Historically in the trade literature, unit prices (trade values per unit quantity) had been used as a 

proxy for quality (Schott, 2004; Hallak, 2010). However, the literature has recently recognized 

that a range of factors other than quality itself may influence prices, such as transport costs or 

tariffs.  We use detailed HS 10-digit level US import data to estimate export quality by employing 

a micro-founded measure of quality introduced by Khandelwal et al (2013).  This measure has 

been widely used in the recent literature (e.g. Breinlich et al., 2016; Bajgar and Javorcik, 2020).  

Intuitively, this measure assigns a higher quality for products - conditional on prices – that have a 

larger market share in a given destination country (in our case, the United States). 

We also contribute to the literature examining ISO quality certification – a manufacturing standard 

commonly linked with production quality. For example, ISO 9000 certification in Slovenian firms 

is found to increase firm exports along with other performance outcomes including profitability, 

labor productivity and wages (Javorick and Sawada, 2018).  Following exchange rate devaluation 

Mexican firms, particularly those initially larger and more productive, are more likely to gain ISO 

9000 certification, increase exports and wages (Verhoogen, 2008). ISO 9000 certification can also 

be a pre-requisite to join as suppliers to multinationals, which can demand continuous quality 

improvements in their supply chains (Javorcik and Spatareanu, 2009; Iacovone et al, 2015).  

The trade literature has commonly focused on the effect of trade liberalization on technology 

adoption, rather than examine the impact of technology on trade as we do here (see for instance, 

Bustos, 2011; Bas and Strauss-Kahn , 2015; Bloom et al., 2016).  Some exceptions are Kneller and 

Timmis (2016) who find that UK broadband rollout led new firms to trade services and Fernandes 

et al. (2019) who show that the internet rollout led both to increased intensity of Chinese 

manufacturing exports and new firms to start exporting.  Our paper most closely relates to Artuc 

et al. (2018), who find that greater robot adoption leads both to an increase in imports sourced 

from and exports to less developed countries in the same industry.  Our paper focuses on the impact 
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of robots on the composition of trade – the quality of exports – concentrating on changes in quality 

within detailed HS 10-digit export varieties.    

The rest of the paper continues as follows. Section II discusses the mechanisms through which 

robotics impact product quality. Section III presents the data and explains our variables of interest. 

The empirical strategy is described in Section IV and the results are discussed in Section V. Section 

VI summarizes the paper and provides several policy considerations. 
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II. How might robots impact quality? 

The engineering literature and recent descriptive studies highlight a number of possible 

mechanisms through which robots may lead to product quality improvements. Robots enable 

greater accuracy and precision for repetitive tasks, reducing production error, and thereby 

increasing product quality (Tilley, 2017; Agapakis et al 1990 and Gunasekaran 1996).  Computer 

Aided Design and Manufacturing (CAD/CAM) technologies are commonly used alongside 

robotics during the design and testing phases of production, allowing producers to virtually create 

more sophisticated prototypes that can be tested through simulations, increasing the quality and 

variety of final goods (Buxey, 1991; Groover and Zimmers, 1983; Evans, 1980).  

Robotics often require overall higher quality inputs than non-automated machines which may also 

lead to higher quality of finished products. Long run times means that the inputs used within the 

production process need to be of higher quality to enable continuous production. Welding robots, 

for example, run for long periods of time at high temperatures and frequencies requiring 

manufactures to use high quality consumable inputs in order to prevent process breakdowns, 

unneeded maintenance and to ensure that the production process is efficient and accurate (The 

Fabricator, 2011).  Unfortunately, we do not have detailed imported data for our 59 countries to 

examine imported intermediate quality upgrading. 

i. Heterogeneity across robot applications 

One important question for academics and policy makers is whether all types of robotics lead to 

quality gains or whether the benefits of using these technologies are asymmetric across 

applications or are common across broad robot types.  We use novel information on the type of 

robots to examine this question. 

Some types of advanced robots are able to operate to within extremely accurate tolerances.  For 

instance, laser cutting can make precise cuts to within 10 micrometers (0.01 millimeters), 

depending on the laser wavelength, and laser guiding can enable extremely accurate robot 

movement and positioning, often to within micrometers (see Figure 2).  Similarly, sensor and 

vision inspection devices incorporated with some robots can also allow the machines to identify 

flaws in products across a number of dimensions including color, surface finish, and abrasions, see 
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Figure 3 (Herakovic et al., 2011; Herakovic, 2010).8   Robots designed to carry out quality control 

inspections (see Figure 3) can also help reduce the numbers of defective products that reach the 

customer while at the same time reducing the need for quality inspection staff (Argote and 

Goodman 1985). 

For more basic robot applications, such as pallet handling robots and manual cutting robots (see 

Figures 4 and 5), the precision tolerances are likely to be higher than sophisticated laser guided or 

laser cutting robots.  However, the quality gains from adoption will also depend on the prior 

technology used, for instance, a transition from unskilled labor to basic robots.  Even rudimentary 

robots are commonly able to repeatably perform some tasks more accurately than human labor – 

for example, manual cutting robots in the 1980s were able to operate to within 1mm accuracy 

(Gillespie, 1980).  In addition, more basic robots are likely to have fewer adjustment costs and so 

be more readily implemented in production of less advanced firms and countries.

Figure 2: Laser guided welding robot 

 
Source: Servo-Robot (2021).  

 

Figure 3: Vision guided inspection robot 

 
Source: Metrology.news (2018)  

 
 

 
8 The automotive industry relies on robots to monitor quality through a host of production processes such as defaults 
in body panels, uneven paint finishes, breaks in adhesive sealants, irregular welding beads, all of which are found to 
increase the quality of the end product (Bogue 2013). Within the food industry, automated machines with optical 
sensors and spectroscopic techniques are incorporated in processing and inspection of food products by providing 
instantaneous safety and quality control assessment (Singh and Jayas, 2012). 
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Figure 4: Pallet handling robot 

 
Source: Jennerjahn Machines (2020) 

 

Figure 5: Manual cutting robot 

 
Source: ZsoltGraniteCorporation. (2020) 

ii. Heterogeneity across countries and products 

Not all tasks are currently suitable for automation, particularly those that are bespoke or dexterous.  

Instead robots are more effective in carrying out simple activities that require repetition at high 

levels of accuracy and for long periods of time, such as cutting, welding and handling  (Graetz and 

Michaels, 2018; Acemoglu and Restrepo, 2020; and Frey and Osborne, 2017). In contrast, tasks 

that are less repetitive or have larger error tolerances (such as packing boxes) are often still 

performed by humans, even in high-income economies and advanced firms.   

Over the last several decades, many of these repetitive tasks that are suitable for automation have 

been fragmented across global value chains and offshored to low-wage economies.  Much attention 

has been directed towards whether automation will lead to these tasks being performed by robots 

and reshored to developed countries, particularly as wages rise in developing economies.  

However, another possibility is that some of these tasks may be replaced by robots in developing 

countries, indeed, some emerging markets, such as China, are some of the largest global users of 

robots in manufacturing.  Furthermore, producers of lower quality goods have greater catch-up 

potential and lower quality goods are more often produced in developing countries.  These motives 

are likely to differ from the labor-saving motive of robotics adoption in high-wage economies, 

often cited in the context of the future of work or high-income economy productivity (Graetz and 

Michaels, 2018; Acemoglu and Restrepo, 2020).  
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III. Data and quality measures 

i. Robot data 

Data on the use of robots across countries and industries are provided by the International 

Federation of Robotics (IFR), the same data used by Graetz and Michaels (2018), Acemoglu and 

Restrepo (2020). IFR provides information on annual shipments (sales) and a measure of industrial 

robot stock across roughly 100 countries and manufacturing industries.9 Their definition of 

industrial robots comes from the International Organization for Standardization (ISO) 8373:2012. 

From this definition, a robot refers to a machine that embodies the following characteristics: can 

be reprogrammed, is multipurpose in function, allows for physical alteration, and is mounted on 

three or more axes.   

IFR constructs this data set by consolidating information on industrial robot sales from almost 

every industrial robot supplier in the world. From the data we know the number of robots that are 

being sold to manufacturing sectors in countries over time. In addition, the IFR data provides 

information on the robot types (by application such as handling, processing, welding, assembling 

and so on), which is only available at the country level. One limitation of the data is that robot 

sales and stock are denominated in units, and thus information on the value of the assets is not 

included.  Following Graetz and Michaels (2018), we construct robot stock at the country-industry 

level by taking the initial stock starting value from the IFR, then adding to this robot sales from 

subsequent years and assume annual depreciation of 10%.   

One of the limitations of our study is that our robotics data is not comparable between developed 

and developing countries before 2000, which constrains our sample period to 2000-2015 (IFR 

2018). Furthermore, robots are measured at the industry-country-year level therefore we cannot 

assess differences in the use of robots across establishments within an industry. However, one key 

 
9 Note our final sample of countries is 59, after dropping jurisdictions with missing robot information, those 
who are not represented in the trade data and those lacking data on industrial employment, value added and 
number of establishments over the sample period.  We also exclude Canada and Mexico as robots for these 
countries are jointly recorded with the United States for the earlier period. 
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advantage of the IFR data is the consistency and comparability across many jurisdictions which is 

typically lacking with firm level robot data, allowing us to consider 59 exporting countries.10  

We include country-industry controls for employment and labor productivity (real value-added per 

worker in constant price 2015 USD), which are obtained from the UNIDO Industrial Statistics 

Database.11   

ii. Measuring quality 

Export quality is derived from detailed United States HS 10 digit import data which we match to 

the robotics data by country and industry over time. We exclude robot products from the trade 

data.  We harmonize the HS import data, in order to consistently measure HS 10 digit products 

over time, following the procedure of Pierce and Schott (2012).12  We use US import data, due to 

its availability at the 10-digit level, and so allowing the measurement of quality for detailed product 

varieties.13 14  

Historically, the trade literature has used unit prices (trade values per unit quantity) as a proxy for 

quality (Schott, 2004; Hallak, 2010). However, the literature has recently recognized that a range 

of factors other than quality itself may influence prices such as transport costs, tariffs, competition 

and productivity. As a result, our main export quality measure for this paper follows the micro-

founded model of Khandelwal et al (2013) and Breinlich et al. (2016).  Demand for each variety 

is given by: 

ln 𝑥𝑥  𝑝𝑝𝑝𝑝𝑝𝑝 = �𝜎𝜎𝑝𝑝 − 1� ∙ ln 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞  𝑝𝑝𝑝𝑝𝑝𝑝−𝜎𝜎𝑝𝑝 ∙ ln 𝑝𝑝  𝑝𝑝𝑝𝑝𝑝𝑝

+ �𝜎𝜎𝑝𝑝 − 1� ∙ ln𝑃𝑃  𝑝𝑝𝑝𝑝+ ln 𝑤𝑤𝑝𝑝𝑝𝑝  

(1) 

 
10 Canada and Mexico have been dropped from the sample due to inconsistent data collection over the sample period. 
Before 2010, the United States, Canada and Mexico robot sales were classified jointly as North America.  
11 Value-added in USD is deflated to constant prices using US CPI-U, consistent with the treatment of trade 
values.  Other controls in the UNIDO Industrial Statistics Database, such as wages, capital investment or 
number of enterprises, are not widely available for our sample countries. 
12 We gratefully acknowledge concordance code available until 2019 on Peter Schott’s homepage 
https://faculty.som.yale.edu/peterschott/international-trade-data/. 
13 Allowing us to compare (Washington) apples with (Washington) apples. 
14 We follow Amiti and Khandelwal (2013) and trim the top and bottom 1% of prices by year.  We estimate quality 
only for manufacturing sectors, and for differentiated sectors using the Rauch (1999) liberal classification.  The results 
are robust to using conservative differentiated sector classification. 
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Where ln 𝑥𝑥  𝑝𝑝𝑝𝑝𝑝𝑝 represents the quantity of imports for product p, from exporter i at time t, 𝜎𝜎𝑝𝑝 is the 

HS 10 digit elasticity of substitution for product p of the importing country (taken from Broda and 

Weinstein, 2006), ln 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞  𝑝𝑝𝑝𝑝𝑝𝑝 is the quality and ln 𝑝𝑝  𝑝𝑝𝑝𝑝𝑝𝑝 the unit price of the imported product.  

𝑃𝑃 𝑝𝑝𝑝𝑝 is the price index of the product and  𝑤𝑤𝑝𝑝𝑝𝑝 is the expenditure on product p. 

Note we estimate equation 2 using:  

 

ln 𝑥𝑥  𝑝𝑝𝑝𝑝𝑝𝑝+ 𝜎𝜎𝑝𝑝 ∙ ln 𝑝𝑝  𝑝𝑝𝑝𝑝𝑝𝑝 = 𝐹𝐹𝐹𝐹𝑝𝑝𝑝𝑝 + 𝜀𝜀𝑝𝑝𝑝𝑝𝑝𝑝 (2) 

Where 𝐹𝐹𝐹𝐹𝑝𝑝𝑝𝑝 denotes an HS 10 digit product-time fixed effect, which absorbs the price index for 

varieties of product p (ln𝑃𝑃  𝑝𝑝𝑝𝑝) as well as demand expenditure on these products ( 𝑤𝑤𝑝𝑝𝑝𝑝) (see 

discussion in Breinlich et al, 2016).  (Log) quality is then estimated as the residual 𝜀𝜀̂𝑝𝑝𝑝𝑝𝑝𝑝 from 

regression 2, scaled by the elasticity of substitution:  

 

ln quality  𝑝𝑝𝑝𝑝𝑝𝑝 = 𝜀𝜀̂𝑝𝑝𝑝𝑝𝑝𝑝/(𝜎𝜎𝑝𝑝 − 1) (3) 

The intuition for the quality measures is it reflects market shares, conditional on prices in the 

destination country, the United States.  The resulting measure is often interpreted as a relative 

ranking of quality within each product-destination market combination.  We follow this 

interpretation.  Firstly, we estimate regressions based on this within variation at the exporter-

product level (as we note in section 4).  Secondly, where we examine heterogeneity by initial 

product quality relative to the “quality frontier”, i.e. the highest quality exports, we define the 

frontier at the HS 10 digit level, consistent with the quality measure.   

Our sample illustrated in Table 1 spans 59 countries, both developed and developing, over a 15-

year period (2000-2015) for 16 manufacturing industries (2-digit ISIC rev.4) and 5,646 unique HS 

10-digit products.  
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Table 1: Sample of Economies 

Developed Exporters (28 Economies) 

Australia France Ireland Malta Qatar Switzerland 

Austria Germany Israel Netherlands Singapore Taiwan, China 

Belgium Greece Italy New Zealand Slovenia United Kingdom 

Denmark Hong Kong 
SAR, China Japan Norway Spain  

Finland Iceland Kuwait Portugal Sweden  

Developing Exporters (31 Economies) 

Brazil Czech Republic Latvia Peru Slovak Republic Vietnam 

Bulgaria Egypt, Arab 
Rep. Lithuania Philippines South Africa  

Chile Estonia Malaysia Poland Korea, Rep.  

China Hungary Moldova Romania Thailand  

Colombia India Morocco Russian 
Federation Tunisia  

Croatia Indonesia Oman Saudi Arabia Turkey  

Notes: Developed reflects high-income countries using the World Bank country income classification in 2000, the 

start of our sample.  Developing reflect non-high-income countries.
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iii. Descriptive statistics 

Developed economies are among the most intensive users of robots during our sample period (see 

earlier Figure 1). Despite relatively high levels of robot use in 2000, developed economies 

experienced increased robot adoption over period 2000-2015 across almost all industries and 

countries. However, investment in robotics is not exclusive to advanced incomes.  Rather, we 

observe a faster rate of robot diffusion in many emerging economies and hence a (partial) 

convergence in the intensity of robot use by 2015. For example, robot use in the top and median 

quartile developing countries converged with the median and bottom quartile developed countries 

by the end of the sample period respectively.15 This is particularly evident from 2004, which 

corresponds to the period of EU accession for a number of Eastern European economies in our 

sample.  Other authors have noted the role of opening-up to FDI for these economies leading both 

to the diffusion of technology and the growth of automotive industries – the most intensive industry 

user of robots (Havránek and Iršova, 2011).   

Highlighting the top five countries from developed and developing countries draws attention to 

the convergence in the diffusion of robotics across countries.  Although Japan is the most intensive 

robot user among our sample of countries, its robot diffusion occurred largely before our sample 

period with little growth since 2000 (see Figure 6). Similarly, while we witness growth in robot 

stock among the remaining developed countries, most of their adoption happened before the year 

2000.  Indeed, many advanced firms, such as Fiat, Volkswagen, Toyota, and Renault have used 

robotics in their automobile production extensively since the 1980s. However, the same period 

witnesses dramatic growth in robot use by the top five emerging economies – with China and the 

Republic of Korea reaching similar levels of robot stocks to the most advanced economies by 

2015.  

  

 
15 Quartile positions in robot use are defined at the start of the sample period, 2000.  
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Figure 6: Robot Diffusion in Top Five Developed and Developing Economies 

 
Notes:  Observations in the figure reflects the (log) total robot stock for each country and year, for the economies with 
the largest robot stock in 2015.  Note in our regression analysis, robot stock is used at the country-industry-year level. 
 

In terms of export quality, we also find that there has been convergence in quality between 

emerging economies and the frontier between 2000 and 2015, which is consistent with broader 

findings in the literature (for example, Henn et al., 2020).  Figure 7 shows the quality gap to the 

quality frontier, where the global frontier is defined within a product as the top 10% highest quality 

exporters.  The top quartile developing country exports (measured by log quality gap to the global 

frontier) have substantially increased quality over the period 2000-2015, reducing the gap to the 

quality frontier, and are close to convergence with the top quartile developed exporters by 2015.16 

Similarly, the quality gap of the median and bottom quartile of exports from developing countries 

have almost completely converged with exports from developed countries.  

 
16 Note the quality gap of the developed exporters has increased over time, because the quality of the global 
frontier has increased faster than the quality of their exports overall. 
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When looking at descriptive statistics in levels, we find as expected, both unit prices and export 

quality are higher for developed than for developing economies (see Tables A1 and A2 in the 

Appendix).  Similarly, levels of robot use both overall and for each specific robot application 

(including laser cutting and mechanical cutting) are also higher in advanced economies. Developed 

country exports are closer to the quality frontier, but have on average introduced fewer new export 

products (since 2000) in comparison to developing countries. In terms of our industry control 

variables, industries in developing countries have lower labor productivity (real value-added per 

worker), but are somewhat larger in terms of employment. 

Figure 7: Quality trends across different percentiles of the initial quality distribution  

 
Note: The figure illustrates quality trends for exporters with different distances to the quality frontier in 2000.  The 
quality gap of any given export product reflects the difference between its (log) quality and the (log) quality of the 
frontier.  The quality frontier is defined within each product, as the quality of the top 10% highest quality exporter in 
2000 – and is reflected by the black horizontal line.  P25 represents the 25th percentile quality gap to the frontier, i.e. 
the top 25% highest quality exporter in 2000.  P50 represents the median quality exporter in 2000.  P75 represents 
the 75th percentile quality gap, i.e. the  bottom 25% lowest quality exporter in 2000. Country income classifications 
are defined by World Bank 2000.  
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IV. Empirical strategy 

We estimate the effect of robotics on export quality using a difference-in-difference estimation, 

complemented with additional fixed effects, in the next section we discuss our instrumental 

variable: 

ln quality  𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝛼𝛼0 + 𝛼𝛼1𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜒𝜒𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 (4) 

Where ln quality  𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  refers to the log quality for a product 𝑝𝑝, from an exporter 𝑖𝑖, in a sector 𝑠𝑠, at 

time 𝑡𝑡 (defined by equation 3 in the previous section). 𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖 represents is the log robot stock 

in exporter 𝑖𝑖, for sector 𝑠𝑠 at time t.  Note we add one to the robot stock before taking logs, to avoid 

dropping some zero values.  𝜒𝜒𝑖𝑖𝑖𝑖𝑖𝑖 represents a broad range of fixed effects and control variables.  

We include exporter*HS 10-digit product and exporter*year fixed effects, in order to control for 

potential trends across countries overtime, as well as potential time-varying multilateral resistance 

terms highlighted by the trade literature (Anderson and van Wincoop, 2003).17  Note the seminal 

paper in the literature, Graetz and Michaels (2018) estimate a similar specification for European 

country-industries, also allowing for country-trends, but measuring long-differences in 

productivity rather than differences-in-differences as we do here.  We also add control variables 

for (log) industry employment, which is similar to estimating log robots per worker, but allows for 

differential coefficients on log robots and log employment.  We include real value added per 

worker to control for potential scale effects and the effects of differential productivity growth 

across sectors.  𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 represents the error term. All standard errors are clustered at exporter-industry 

level. 

First, we examine heterogeneous effects by exporter country income – developed vs developing 

economies.  Exporter income status is defined in 2000, the first year of our data, using the World 

Bank classification. We interact our main robot measure with a developed and developing country 

dummy, in order to report the estimated effect for each country group against zero.  We do this in 

preference to sample splitting in order to maximize the power in our IV estimations. 

 
17 We also examine including product-year fixed effects, thereby fully saturating the model with dummies.  This 

clearly works the data extremely hard and first-stage F statistics fall to around 5.  We find broadly similar results, with 
similar signs and size of coefficients, but these are identified more noisily, with some evidence of statistical 
significance.  Results are available upon request. 
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Second, we examine whether there is heterogeneity within each exporter by product types – 

initially high vs low quality, complex vs non-complex and new vs existing exported products. 

Initially low- and high-quality products are measured using their initial quality gap – the distance 

between their quality and the quality of the frontier (the top 10% highest quality) in the first year.  

The quality gaps are calculated within each HS 10-digit product and for each exporter of those 

products.18  Product complexity is defined following Levchenko (2007) and reflects the variety of 

different inputs used to produce one unit of the good.  Specifically, we calculate the Herfindahl 

index of intermediate input use using US Input-Output tables for 1997 using 496 NAICS 

industries.  We measure complexity as the negative of the Herfindahl index, so that higher values 

of complexity reflect more diverse inputs (as in Levchenko, 2007).19  New exported products 

reflect those products a country first exports after 2000, and not exported at any point during 1990-

1999 before our sample.20  We estimate product heterogeneity by interacting our robot measure 

with a quality gap or complex product or new product variable. 

We also consider whether certain robot types matter more for quality than others. To assess this 

we rely on a relatively unexploited aspect of the IFR data which collects information on robot 

applications at the country level.  Following the engineering literature, we focus on several 

applications which are perceived to be used mainly for improving the quality of production, 

notably those equipped with laser guided devices. In particular, we examine heterogeneity in 

quality effects of laser guided robots to non-laser guided robots within each broad application 

categories from the IFR data (cutting, handling and welding). Because robot applications data are 

at the country-level, we first construct country-level robot stocks for each application, exactly as 

we describe in section 3 for (overall) robot data at the country-industry level.  We approximate 

robot applications at the country-industry-level, by multiplying the country-industry-level overall 

robot stock, with the (country-level) share of robots of a given application.  We do so to avoid 

country-level regressions and enable a consistent estimation specification across regressions. 

 
18 The 10% highest quality products – “the frontier” are defined as having zero quality gap.  In unreported results, our 
findings are robust to excluding these frontier export products.  The results are also robust to restricting to only 
products that at least 10 countries export in each year (see Table A7 in the Appendix). 
19 In unreported results, we find the results are robust using the number of intermediate inputs, as an alternative 

measure of product complexity.   
20 We also examine robustness to using new exports defined after 2005 or 2010 and find broadly similar results.  Most 

varieties are already exported before 2000. 
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Given the scope of this paper, we focus explicitly on within product quality gains as a result of 

robot diffusion. The literature on export quality finds evidence of quality gains accruing both from 

within product quality improvements (Atkin et al, 2017) and introduction of new high-quality 

products (Goldberg et al 2009). Our fixed effects specification does not allow for the assessment 

of the latter channel, and therefore we leave this to future research.   

i. Instrumental variable construction 

To address the endogeneity of robot adoption, we use the diffusion of robots in (initial) trade 

partners as an instrument for home country-industry robot adoption.  This instrument is motivated 

firstly by the FDI literature that finds broad consensus of knowledge spillovers to industries that 

supply multinationals through backward linkages (Javorcik, 2004; Havránek and Iršova, 2011).  

Lead firms tend to demand better quality inputs from suppliers and may directly share knowledge, 

technology and encourage the adoption of new practices to achieve this, for example, obtaining 

ISO 9000 certification (Javorick and Sawada, 2018).  Secondly, our motivation borrows from the 

trade literature, which finds evidence that trade can be an import channel for technology diffusion 

(e.g. Bustos, 2011; Bas and Strauss-Kahn , 2015; Bloom et al., 2016).   

Specifically, we instrument a country-industry’s robot adoption using weighted average robot 

diffusion of their (pre-existing) export customers, using their initial export network in 2000 to 

define these weights:     

𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼0 + 𝛼𝛼1�
𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖→𝑗𝑗,𝑠𝑠,𝑡𝑡=2000

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡_𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖,𝑠𝑠,𝑡𝑡=2000
∗ 𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑗𝑗𝑗𝑗𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 (4) 

𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖→𝑗𝑗 ,𝑠𝑠,𝑡𝑡=2000 reflects the exports from the home country 𝑖𝑖 to foreign customer 𝑗𝑗 of sector 𝑠𝑠 in 

year 2000 which is scaled by the total quantity of exports of country 𝑖𝑖 of sector 𝑠𝑠 in the same year 

𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖,𝑠𝑠,𝑡𝑡=2000.  These weights are multiplied by the robot stock of supplier 𝑗𝑗 in sector 𝑠𝑠 at 

time 𝑡𝑡, 𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑗𝑗𝑗𝑗𝑗𝑗.   

We consider only export flows and robot adoption in countries located in other world regions in 

constructing the instrumental variable.  We do so out of a concern of potential correlated regional 

shocks that may jointly affect robot diffusion at home and in their (initial) foreign customers.  
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Given our use of US import trade data, we also exclude exports to North America (Canada, Mexico 

and the United States) for the construction of the instrument.   

ii. Instrument relevance  

The first stage results in Table A3 in the Appendix suggest that our instrument, the diffusion of 

robotics among pre-existing foreign customers is a strong predictor for robot adoption of the home 

country.  The first stage results of our instrumental variable, used throughout the paper, is reported 

in model 1.  The size of the first-stage F statistic (115.8) demonstrates our instrument has strong 

predictive power for robot adoption in the home country, despite the inclusion of a range of 

restrictive country-product and country-year fixed effects.  A 10% increase in robot use in export 

customers leads to a 7% increase in robot use amongst their foreign suppliers. 

In models 2 to 6, we investigate alternative identification strategies that we not do not employ in 

the rest of the paper.  In model 2, we calculate an alternative instrument, using robot diffusion in 

(initial) developed country export partners.  Trade connections to advanced markets may in 

principle have greater potential for technology spillovers, because of the wider variety or more 

sophisticated technologies used there.  However, we do not find any additional predictive power 

of developed country export partners, over export partners more generally, and including this 

additional instrument halves the first stage F statistic. 

In models 3 and 4, we find that our instrument works well as a predictor of robot adoption in both 

developed and developing countries.  The instrument also predictors robot diffusion if we restrict 

the sample to developing (Model 3) and developed economies (Model 4) however the strength of 

the instruments are lower than in the pooled sample, reflected in the F statistics of 27.2 and 44.7 

respectively.  For either sub-sample we do not find any additional predictive power of developed 

export partners, over export partners more generally.  Note we do not split the sample in our main 

regressions, but rather pool both country income groups, to maximize the strength of the 

instrument. 

In models 5 and 6, we include alternative instruments reflecting robot diffusion in (initial) import 

partners.  As noted earlier, the FDI literature reveals extensive evidence of knowledge spillovers 

from multinational customers backwards to their suppliers, however there is far less evidence of 

the reverse.  Our results mirror the findings of this literature.  We do not find any evidence that 
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measures of robot adoption in (initial) import partners (model 5), as well as initial developed 

import partners (model 6), predict robot adoption in the home country, and their inclusion 

substantially weakens the overall first-stage identification.  In addition, constructing an instrument 

from the adoption of import partners, i.e. suppliers, is less plausibly exogenous than export 

customers, the instrument we use.  The FDI literature shows multinationals often have substantial 

market power and influence over their suppliers.  Therefore, robot adoption in suppliers could 

potentially be an endogenous decision by the home firm.   

For the remainder of the paper, the baseline instrumental variable specification will be a single 

instrument, weighted average robot stock in export partners reflected in Model 1. 

iii. Instrument validity  

In constructing our instrument, we undertake a number of steps to assess its plausible exogeneity.  

As discussed in the preceding section, the instrument measures robot diffusion in export partners 

rather than import partners, with export partners defined in the initial year and we only consider 

initial export partners in other world subregions (to exclude common regional shocks).21 

We conduct a strict exogeneity test to assess the validity of the instrument, following Wooldridge 

(2002) and Baier and Bergstrand (2007). We repeat the baseline first-stage estimation, but also 

include leads (t+1 and t+2) and lags (between t-1 to t-3) of our instrument.  If the diffusion of 

robots among export partners is strictly exogenous, then future values of the instrumental variable 

(at t+1 and t+2) should not be correlated with our treatment, contemporaneous robot diffusion. 

The results in Table A4 cannot reject that the instrument is strictly exogenous. The coefficients for 

future values of the instrument (at t+1 and at t+2) are both statistically insignificant and close to 

zero (see models 2, 3 and 7).  Moreover, the standard errors are noticeably small signifying the 

precision of the estimates.  In addition, we find that lagged values of the instrument (models 4 to 

6) do not typically increase the predictive power compared to the baseline (model 1). 

 
21 Sub-regions are defined using UNSTATS classification. 
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V. Results  

This section presents the OLS and instrumental variable estimates on whether robots lead to 

increases in export quality. First, we present our baseline estimation of quality for all countries and 

products and distinguish these effects across developed and developing country exporters. Second, 

we examine differences in quality gains across product types.  In particular, we explore if robot 

diffusion results in a catch-up or a divergence in product quality over time, by contrasting the 

quality growth of products based on their initial distance from the “quality frontier”.  We also 

consider heterogeneous quality gains across more vs less complex products and across new vs 

existing export varieties.  Thirdly, we exploit novel data from the IFR to examine whether there 

are heterogeneous quality gains across different robot applications – contrasting more and less 

advanced robots which undertake handling, cutting and welding.  

i. Baseline  

In this section, we examine whether the diffusion of robotics leads to quality gains overall and 

decompose these effects across country income groups – developed and developing economies.   

Earlier descriptive statistics show that developing countries have simultaneously experienced 

faster growth in robot adoption over the period 2000-2015, albeit from a far lower initial level, as 

well as convergence in the quality of their exports towards those of developed economies (see 

Figure 1 and 6). These trends may be suggestive of a potential link between robot diffusion and 

quality, however it is a priori unclear for which group of countries quality gains are expected to be 

stronger.  On the one hand, emerging economies typically export lower-quality products, further 

from the frontier, and so have larger scope for quality increases (Henn et al., 2020).  On the other 

hand, extensive research has shown that obtaining the benefits of technology requires a host of 

complementary assets, such as skills, organizational capital, management and so on (see for 

example Brynjolfsson and Hitt, 2000; Bresnahan et al., 2002; Brynjolfsson et al. 2002; Leung, 

2004; Van Ark and Inklaar, 2006; Bloom et al. 2012; Akerman et al., 2015).  These complementary 

assets are likely to be more readily available in higher-income economies.  

Table 2 presents the results both for unit prices and export quality.  We find robot diffusion is 

strongly related to increases in export quality overall for all countries in our sample (model 5) and 

this relationship appears to be causal (model 7). A 10% increase in robot stock is associated with 
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a 0.3% to 1.2% increase in quality, using OLS and IV estimation respectively.  In terms of unit 

prices there is a weaker overall relationship, with some evidence of an OLS correlation, but no 

significant overall effect discernible from IV estimates (model 1 and 3 respectively).  Moreover, 

the F statistics for the IV regressions are 115.8 confirming the strength of the instruments in the 

first stage, as discussed in the previous section.22  

We next decompose the aggregate effects into those for developed and developing country 

exporters. To do so we interact our robot variable with a dummy variable for high income countries 

and a dummy variable for non-high income status.  Therefore, we are estimating the robot 

coefficients against the null of zero for both groups, rather than comparing the effects across the 

groups. We avoid splitting the sample in order to maximize power of the instruments, which is 

important for some later regressions. 

When peering beneath the aggregate, we find that most of the gains in export quality from robotics 

are driven by developing countries.  A 10% increase in robots is estimated to lead to a 2.7% 

increase in export quality for developing economies (see column 8). In contrast, we find weak 

evidence (significant at the 10% level) of an increase in the quality of exports from developed 

countries.  However, the size of the effects is considerably smaller for developed economies, a 

10% increase in robots leads to only a 0.4% increase in export quality. Note in unreported results, 

these estimated effects in developed and developing countries are significantly different from one 

another.  For unit prices, we similarly see increases due to robots in developing countries, but now 

however, no discernible impact for developed economies. 

One reason why we find less evidence of a marked impact of robots on quality in developed 

economies over the entire sample period, may be because more advanced countries were early 

adopters and thus quality gains were realized early on.  Indeed, the earlier descriptive evidence on 

robot adoption (Figure 1) shows positive but more muted diffusion in developed countries during 

the period. Due to the lack of comparability in our data between developed and developing 

countries before 2000, we are unable to include earlier years. Instead we decompose our sample 

period by interacting robots with three different dummy variables which take the value of one for 

the time periods, 2000-2005, 2006-2010, 2011-2015 and zero otherwise. Doing so allows us to 

 
22 First stage results are reported in Table A5 in the Appendix.  
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disentangle the effects of robots on export quality at early, middle and later periods of the sample 

across developed and developing countries.  Unfortunately, we are limited to OLS estimation as 

our instruments are weak when estimating effects across combinations of country income groups 

and three separate time periods. 

The results in Table A6 in the Appendix show strong correlations between quality increases and 

robot diffusion in developed countries at the beginning of the sample period (2000-2005) and for 

developing countries at the end of the sample period (2011-2015). These results suggest there are 

quality gains from robot diffusion in developed countries as well as developing, but they were 

realized earlier and only in the first years of our data.  

Table 2: Effects of Robots on Export Quality 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Outcome: Unit Prices Quality 
  OLS IV OLS IV 

               

Robots 
0.011*  0.023  0.030**  0.121***  
(0.006)  (0.015)  (0.012)  (0.039)  

         
Robots  
– Developing 

 0.023**  0.074**  0.052**  0.266*** 
 (0.010)  (0.032)  (0.021)  (0.089) 

         
Robots  
– Developed 

 -0.001  -0.004  0.008  0.043* 
 (0.006)  (0.010)  (0.010)  (0.025) 

            
Kleibergen-Paap  
F statistic 

  115.8 32.64   115.8 32.64 

# Observations 897,260 897,260 897,260 897,260 897,260 897,260 897,260 897,260 
Note: Robots reflects log robot stock.   The instrument reflects robot diffusion in (initial) foreign export partners, in 
other world regions, defined using 2000 export flows. Quality refers log quality estimated via Khandelwal et al (2013), 
unit prices are in logs. Country income status is defined by the World Bank (2000).  Controls include (log) employment 
and (log) real value added per worker at the country-industry-year level. The regressions also include exporter*10-
digit product and exporter*year fixed effects.  The first stage has been omitted for brevity and is available in  Appendix 
Table A5. Robust standard errors clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, 
** p<0.05, * p<0.1.  

ii. Heterogeneity across product types 

The results of the previous section reflected regressions pooled across all product types. This 

section examines the extent to which there are heterogeneous effects of robots across different 

products. First, we explore if robot adoption has resulted in a catch-up or a divergence of product 

quality over time, by contrasting the quality growth of products based on their initial distance from 
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the “quality frontier”.  We repeat our baseline IV regressions but now interact robots with a 

“quality gap” variable - reflecting initial distance to the quality frontier.23  Recall, the quality 

frontier is defined within a given product as the top 10% highest export quality, and the quality 

gap is defined as the differences between export quality and the frontier export quality in the first 

year. 

We find strong evidence that robot diffusion leads to product quality convergence (see Table 3). 

Poor quality products, that are initially furthest from the quality frontier (i.e. the largest quality 

gap) obtained the greatest quality gains from robots, a result consistently found across OLS and 

IV regressions.  Unlike the baseline results in the previous section across all products, we find 

strong evidence of quality gains for (initially) poor quality exports of both developed and 

developing countries.  Exports that are initially 10% further from the quality frontier, experience 

a 1% faster increase in quality from a given growth in robot stock in developed economies and 

1.3% faster in developing countries (model 4).  To assess the robustness of these results, we 

calculate alternative quality gap measures (see Table A7 in the Appendix) using different 

definitions of the frontier within each product, including the top 20% highest quality exports and 

top five quality exports.  We find very similar results to those in Table 3.  

Since developing countries tend to export lower quality goods (as shown in Table A2 and discussed 

in section 3), this reconciles our finding of stronger country-level effects for developing 

economies.  Developing countries tend to produce lower-quality goods and so have greater 

potential for quality catch-up through automating their production. 

The fact that robots matter more for quality improvements of initially lower quality goods exported 

by both developed and developing countries has potentially important implications for economic 

development. Quality improvements in production and exports appear to be important 

determinants of economic growth (Hirschman 1958; Grossman and Helpman 1991; Hidalgo et al 

2007). Moreover, given that the gains appear are particularly strong for initially poorer quality 

exports implies that robotics facilitate convergence of export quality.  Robot diffusion in 

developing countries may therefore also facilitate a broader and deeper participation in Global 

Value Chains, since stringent quality standards are often a pre-requisite to joining.  

 
23 To ease interpretation of non-interacted terms, we demean the quality gap interaction, so non-interacted terms reflect 
the effect of robots at the mean quality gap.   



27 
 

Table 3: Robotics and Initial Quality Gap 

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

Outcome: Quality 
  OLS IV 

         
Robots 0.006 

 
0.137***  

(0.011) 
 

(0.028)  
Robots * Quality Gap 0.065*** 

 
0.113***  

(0.005) 
 

(0.008)  
     
Robots – Developing  0.005 

 
0.170*** 

 (0.016) 
 

(0.058) 
Robots – Developing * 
Quality Gap 

 0.072*** 
 

0.099*** 

 (0.007) 
 

(0.008) 
    

Robots – Developed  0.008 
 

0.127*** 

 (0.013) 
 

(0.030) 
Robots – Developed * 
Quality Gap 

 0.052*** 
 

0.129*** 

 (0.007) 
 

(0.016) 
     
Kleibergen-Paap F statistic   59.9 16.6 
# Observations 897,260 897,260 897,260 897,260 

Note: Quality gap reflects the initial distance from the “quality frontier.  The quality frontier is defined within a given 
product as the top 10% highest exporters quality.  The quality gap is defined as the difference between export quality 
and the frontier export quality in the first year. Robots reflects log robot stock.  The instrument reflects robot diffusion 
in (initial) foreign export partners, in other world regions, defined using 2000 export flows. Quality refers log quality, 
estimated via Khandelwal et al (2013). Country income status is defined by the World Bank (2000).  Controls include 
(log) employment and (log) real value added per worker at the country-industry-year level. The regressions also 
include exporter*10-digit product and exporter*year fixed effects.  The first stage has been omitted for brevity. Robust 
standard errors clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
 

We next extend the product dimension to see whether quality improvements are heterogeneous 

across other product characteristics.   

We start by assessing whether product complexity matters for quality gains from robotics. We 

measure complexity as the variety of inputs used to produce a product, following Levchenko 

(2007).  Robotics may be particularly important for complex products given that robots can enable 

manufacturers to reduce the size and increase the number of internal components used to produce 

goods (Popovic, 2009). Electronics today could not be produced without the fine precision of 

robots handling, soldering and assembly of numerous small components.  Moreover, robots 

typically work in conjunction with computer-aided design/computer-aided manufacturing 

software (CAD/CAMs) allowing manufacturers to test virtual prototypes of new complex goods 
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through simulations, to identify production challenges early on (Buxey, 1991; Milgrom and 

Roberts, 1990; Groover and Zimmers, 1983; Evans, 1980). 

We next assess whether quality gains are heterogeneous across new and existing exported 

varieties.  Robots are also likely to be particularly important for new products, with many goods 

now explicitly designed to be assembled by robots.  Many of the most modern product varieties, 

such as cellphones, modern cars and other electronics goods, heavily rely on automation in their 

production.   

However, there is likely overlap between the initial quality gap and new varieties or complexity.  

New varieties in our data are particularly likely to be exported by developing countries and these 

countries also produce lower-quality exports (Henn et al., 2020).  Developing countries also tend 

to both produce lower-quality exports and also less complex goods (Levchenko, 2007).  In our 

data we find that developing countries are also particularly likely to produce complex goods at 

lower-quality - combining a wide-variety of intermediates without production errors may be a 

particular challenge (Costinot et al., 2013).   

To disentangle the roles of complex products and new varieties, or initial product quality, we first 

estimate these relationships individually and second introduce a horse race between these product 

characteristics.  We measure potential heterogeneous quality gains for complex goods by 

interacting log robot stock with product complexity developed by Levchenko (2007), defined by 

(the negative of) Herfindahl-Hirschman Index (HHI) of intermediate inputs.24 We next examine 

the possible of an overlap with initial product quality by running a horse race by including both 

complexity and initial quality interactions. We follow the same steps for new products, thereby 

replacing the complexity interaction with a new product indicator.  The new product dummy 

reflects whether the variety has been first exported by that country after 2000, and not at any point 

in 1990-1999 before our sample period.25  Then we run a horse race with new product and initial 

quality interactions.  

 
24 Product complexity is measured using Levchenko (2007) with 1997 IO tables for US NAICS 1997 corresponded to 
data. We use the negative of the HHI, so that higher complexity measures a wider variety of inputs.  We divide the 
HHI by 1,000 for legibility of the coefficients.  We demean product complexity interactions so the so non-interacted 
terms reflect the effect of robots at the mean complexity.  
25 Broadly similar results are obtained using alternative years such as products introduced since 2005 or 2010. 
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Focusing first on the complexity by itself, the results in Table 4 (model 1-4) suggest that the gains 

from robotics are indeed greater for more complex goods. These gains appear to be obtained by 

exporters of complex goods primarily in developing countries, with little evidence for high income 

countries for both OLS and IV estimates (model 2 and 4).  However, the quality improvement that 

appears to be related to complex products is in fact explained by initial poor-quality products 

(model 5 to 8).  When including both product complexity and (initial) quality gaps as a horse race 

we find product complexity no longer explains quality increases in developing countries.  In 

developed countries in some specifications there is now a negative relationship with quality 

upgrading, at least conditional on initial quality.  However, initial quality gaps continue to robustly 

predict increases in product quality from robots and this holds across OLS and IV specifications 

and developed and developing countries.  

The results for new varieties show a similar message to product complexity (see Table 5).  When 

including a new export product dummy alone, it appears the quality gains from robots are 

particularly concentrated in new products (models 1-4).  This is suggested across both developed 

and developing economies and OLS and IV specifications.  However, in a horse race between new 

varieties and initial quality, the explanatory power for new products disappears.  Instead, initial 

distance to the quality frontier continues to strongly predict quality upgrading (models 5-8). 
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Table 4: Robotics, product complexity and initial quality gap 
 Complexity Complexity and Quality Gap 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Outcome: Quality Quality 
 OLS IV OLS IV 
Robots 0.024**  0.118***  0.006  0.145***  

 (0.011)  (0.038)  (0.011)  (0.028)  
Robots * Complexity 0.064***  0.024  0.003  -0.057***  
 (0.024)  (0.022)  (0.017)  (0.019)  
Robots * Quality Gap      0.065***  0.113***  
      (0.005)  (0.008)  
Robots – Developing   0.039**  0.245***   0.004  0.171*** 

  (0.019)  (0.081)   (0.016)  (0.057) 
Robots – Developing * Complexity   0.086***  0.072**   0.014  -0.016 

  (0.031)  (0.029)   (0.021)  (0.020) 
Robots – Developing * Quality Gap        0.071***  0.099*** 

       (0.006)  (0.008) 
         
Robots – Developed   0.008  0.048*   0.010  0.138***  

  (0.010)  (0.026)   (0.012)  (0.030) 
Robots – Developed * Complexity   0.005  -0.039   -0.032*  -0.107*** 

  (0.018)  (0.029)   (0.018)  (0.035) 
Robots – Developed * Quality Gap        0.052***  0.129*** 

       (0.007)  (0.016) 
Kleibergen-Paap F statistic   58.3 16.4   40.4 11.1 
# Observations 897,260 897,260 897,260 897,260 897,260 897,260 897,260 897,260 

Note: Quality gap reflects the initial distance from the “quality frontier.  The quality frontier is defined within a given product as the top 10% highest exporters 
quality.  The quality gap is defined as the difference between export quality and the frontier export quality in the first year. Product complexity is measured 
following Levchenko (2007) using US IO tables in 1997.  Robots reflects log robot stock.  The instrument reflects robot diffusion in (initial) foreign export partners, 
in other world regions, defined using 2000 export flows. Quality refers log quality estimated via Khandelwal et al (2013). Country income status is defined by the 
World Bank (2000).  Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The first stage has been omitted 
for brevity. The regressions also include exporter*10-digit product and exporter*year fixed effects.  Robust standard errors clustered at the exporter-industry level 
are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
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Table 5: Robotics, new products and initial quality gap 
 New Products New Products and Quality Gap 
  (1) (2) (3) (4) (5) (6) (7) (8) 
Outcome: Quality Quality 
 OLS IV OLS IV 
Robots 0.022* 

 
0.110*** 

 
0.007 

 
0.138*** 

 

 (0.012) 
 

(0.039) 
 

(0.011) 
 

(0.029) 
 

Robots * New Product 0.080*** 
 

0.135*** 
 

-0.005 
 

-0.012 
 

 (0.015) 
 

(0.028) 
 

(0.017) 
 

(0.026) 
 

Robots * Quality Gap 
    

0.065*** 
 

0.112*** 
 

 
    

(0.005) 
 

(0.008) 
 

Robots – Developing 
 

0.039* 
 

0.250*** 
 

0.007 
 

0.171***  
(0.022) 

 
(0.091) 

 
(0.017) 

 
(0.060) 

Robots – Developing * New Product 
 

0.081*** 
 

0.094*** 
 

-0.007 
 

-0.009  
(0.018) 

 
(0.036) 

 
(0.020) 

 
(0.033) 

Robots – Developing * Quality Gap 
     

0.072*** 
 

0.099***      
(0.007) 

 
(0.008) 

         
Robots – Developed 

 
0.006 

 
0.038 

 
0.008 

 
0.126***   

(0.010) 
 

(0.025) 
 

(0.013) 
 

(0.030) 
Robots – Developed * New Product 

 
0.049* 

 
0.164*** 

 
-0.003 

 
0.019  

(0.029) 
 

(0.054) 
 

(0.028) 
 

(0.048) 
Robots – Developed * Quality Gap      

 
0.052*** 

 
0.129*** 

     
 

(0.007) 
 

(0.016) 
Kleibergen-Paap F statistic   61.0 16.4   41.6 11.1 
# Observations 897,260 897,260 897,260 897,260 897,260 897,260 897,260 897,260 

Note: Quality gap reflects the initial distance from the “quality frontier.  The quality frontier is defined within a given product as the top 10% highest exporters 
quality.  The quality gap is defined as the difference between export quality and the frontier export quality in the first year. New products are defined as HS 10-
digit products first exported by a given country since 2000 and not previously exported during the 10 years of pre-sample data, 1990-1999. Robots reflects log 
robot stock.  The instrument reflects robot diffusion in (initial) foreign export partners, in other world regions, defined using 2000 export flows. Quality refers log 
quality, estimated via Khandelwal et al (2013). Country income status is defined by the World Bank (2000).  Controls include (log) employment and (log) real 
value added per worker at the country-industry-year level. The regressions also include exporter*10-digit product and exporter*year fixed effects.   The first stage 
has been omitted for brevity. Robust standard errors clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
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iii. Heterogeneous effects across different robot applications 

The final contribution of the paper is to examine whether certain robots matter more for quality 

than others. Our robot data contains information on specific robot types, that vary widely in their 

sophistication within a given application. For example, within handling applications, there are 

robots that are equipped with sensory devices that allow for product defect detection and others 

that lift and stack pallets. Similarly, within processing applications, some robots have precision 

laser cutting, while others are mechanical.  Within this section we focus on these examples within 

cutting and handling applications, contrasting the quality effects across advanced and more 

rudimentary robots.26 

Unfortunately, the robot application data is not available directly at the country-industry level.  We 

approximate robot applications at the country-industry-level by interacting the (country-level) 

share of a given robot application with the (country-industry-level) of robot stock. We do so, to 

avoid country-level regressions and enable a consistent estimation specification across regressions.  

We construct our instrumental variables in the same way.  This results in less variation than our 

baseline robot stock measure and thus our instruments are somewhat weaker. We present the OLS 

results below and report the IV results in Table A8 and A9 in the Appendix which find similar 

results but with weaker instruments. 

For cutting robots we find gains overall from both mechanical and laser guided cutting machines 

(see Table 6). Interestingly, for developing countries we find that quality gains are obtained from 

the more rudimentary robots, with mechanical cutting tools.  In contrast, developed countries 

experience quality gains only from sophisticated laser guided cutters.  Even adopting relatively 

basic robots may increase production quality in developing countries, if for instance, they reduce 

production errors compared to the pre-existing production technology of labor and machines.  For 

handling robots (see Table 7) we find that quality gains from that robot class are mainly driven by 

less sophisticated applications, pallet handling, as opposed to more sophisticated handling and 

 
26 Handling, processing and welding robots represent nearly 85% of the total robots in our data. 
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inspecting robots with sensory devices.  Moreover, the quality gains from less sophisticated pallet 

handling robots are concentrated entirely in developing countries. 27   

An important take away from these results is that technology is heterogeneous, and not all 

applications matter equally for quality.  The quality effects of technology types can even differ 

across countries. Our findings are somewhat suggestive of developing countries gaining more from 

more basic robots, whereas developed economies benefiting more from advanced robots, however 

additional research is needed in this area with better data.  The results suggest that if policy makers 

wish to encourage the robot technology adoption, caution should be used in targeting particular 

robot types or specific robot applications.  Instead, it may be better to address the constraints to 

technology adoption more generally and allow firms to make the appropriate adoption decision 

based on their individual needs.  

 
27 Welding robots also have applications which are laser guided or spot welders, but we find no evidence for quality 
gains from any of the sub-applications. Results are in Table A10 in the Appendix.  
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Table 6: Cutting Robots and Export Quality 
  (1) (2) 
Robot Measure: Cutting Robots 
Outcome: Quality 
      
Mechanical cutting robot 0.082** 

 

  (0.038) 
 

Laser cutting robot 0.085*** 
 

  (0.032) 
 

  
  

Mechanical cutting robot - Developing 
 

0.246***  
(0.071) 

Mechanical cutting robot - Developed 
 

-0.012  
(0.022) 

Laser cutting robot - Developing 
 

-0.001  
(0.041) 

Laser cutting robot - Developed 
 

0.084**  
(0.035) 

      
Observations 864,039 864,039 

 

Table 7: Handing Robots and Export Quality 
  (1) (2) 
Robot Measure: Handling Robots 
Outcome: Quality 
      
Pallet handling robot 0.145*** 

 

  (0.052) 
 

Handling & inspection robot -0.023 
 

  (0.041) 
 

  
  

Pallet handling robot - Developing 
 

0.300***  
(0.099) 

Pallet handling robot - Developed 
 

0.049*  
(0.028) 

Handling & inspection - Developing 
 

-0.062  
(0.073) 

Handling & inspection - Developed 
 

-0.032  
(0.031) 

      
Observations 864,039 864,039 

 

 
Note: Robots reflects log robot stock.  We approximate robot applications at the country-industry-level by interacting the (country-level) share of a given robot 
application with the (country-industry-level) of robot stock.  Quality refers log quality, estimated via Khandelwal et al (2013). Country income status is defined by 
the World Bank (2000).  Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The regressions also include 
exporter*10-digit product and exporter*year fixed effects.   IV results are presented in Table A8 and A9. Robust standard errors clustered at the exporter-industry 
level are reported in parentheses.   *** p<0.01, ** p<0.05, * p<0.1.  
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iv. Robustness 

The results throughout the paper repeatedly reveal a positive link between robot use and export 

quality. However, there are a number of factors that could potentially contaminate our results or 

limit their external validity. In this section we consider three such candidates, the role of China, 

the global financial crisis and whether our results are driven by the automobile manufacturing. 

The timing of our sample corresponds with the rise of China’s economic growth, their accession 

to the WTO and their rapid and extensive participation in global value chains. Although China is 

only one of 31 developing countries in our data, we examine the robustness of our baseline 

regressions for excluding China.  Another factor which may impact our results is the global 

financial crisis which occurred in the middle of our sample period in 2008/2009.  We restrict our 

sample to excluding these crisis years.  Finally, while there has been in increase in the diffusion of 

robots across all sectors, the heaviest users are typically the automobile sector. In our data the 

average robot stock in the automobile sector for countries in our data is nearly three times higher 

than the second largest robot using sector, electrical equipment manufacturing.  Automobile 

manufacturing is only one of 16 manufacturing sectors, and again we examine robustness of our 

results to its exclusion.   

Table A11 in the Appendix presents the baseline results now excluding China (Model 1-4), 

excluding the auto sector (Model 5-8) and excluding the financial crisis years (Model 9-12). Across 

these three robustness tests we find the same message with results mirroring the baseline both for 

the OLS and IV estimation -  robot diffusion leads to increases in export quality overall with much 

of the gains occurring in developing countries.  In fact, in unreported results we test robustness to 

excluding any individual country or sector, one-by-one, and in each case the baseline results 

remain unchanged. 
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VI. Conclusions and Policy Implications 

Manufacturing processes are being increasingly automated throughout the world.  In recent years, 

automation has accelerated across many developing economies, from initially low levels of use, 

which has led to convergence in robot diffusion across countries. Despite this marked trend, there 

is limited empirical evidence on the effects of these technologies beyond developed economies.   

In developing economies much of the attention has been around the possible adverse effects of 

robots, such as reshoring of production back to advanced economies, unemployment due to labor-

saving and the future of manufacturing-led growth models (De Backer and DeStefano, 2021).  This 

paper considers one of the potential positive implications: quality upgrading.  Automation can 

reduce production errors by allowing repetitive tasks to be performed to a consistent level of 

accuracy.  Many of these robots operate with limited human interaction, and so one potential 

upside of any labor-saving technological change is reducing human error in production. 

We examine how robot diffusion affects export quality – distinguishing upgrading effects between 

developed and developing economies, and between initially high- and poor-quality products.  To 

do so we rely on cross-country and cross-industry data which cover 59 countries and 16 

manufacturing sectors over a span of 16 years.  Our instrumental variable, robot diffusion in (pre-

existing) foreign export customers, strongly predicts robot adoption in the home country-industry.   

We find that robots lead to export quality upgrading, however the gains are not spread evenly.  The 

majority of the quality upgrading is achieved by developing countries, more so than developed 

economies. Looking within exporters, we find that robots lead to the upgrading particularly of 

initially low-quality products – and this is true in both developed and developing countries.  Since 

developing countries tend to export lower quality goods, we find stronger effects overall for 

developing economies.  These results suggest that developing countries may have greater potential 

for quality catch-up through automating their production. 

There are several important implications for policy.  First, technology always creates winners and 

losers.  While automation poses risks, it also presents new opportunities for developing countries.  

Joining Global Value Chains and trading with advanced economies can offer developing 

economies the potential to specialize in what they are currently best at, benefit from knowledge 

spillovers and create productive employment.  However, stringent quality standards can be a major 

barrier to developing countries participating and thus leveraging these benefits.  Automation may 



37 
 

allow the better firms in developing countries to overcome some of these obstacles, raise their 

productivity and grow into new markets, stimulating economic development.  Policies which 

facilitate more efficient factor markets, such as lowering labor market rigidities, will likely allow 

such firms to access the resources needed to grow, and may help to offset any negative effects of 

declining firms and sectors. 

Second, trade policy has been facing persistent protectionism pressures in recent years, partly 

because of concerns about manufacturing job losses due to import competition.  Furthermore, 

much of the narrative about automation has focused on potential downside of job losses.  Our 

instrumental variable analysis confirms the well-established findings from the FDI literature – that 

openness can help technologies diffuse through supply chains and across borders.  Therefore, our 

findings warn that increased protectionism may stymie the potential for international technology 

diffusion and constrain the ability of firms in developing countries to upgrade production 

processes, move into higher-value added activities and produce the high-quality products 

increasingly demanded by consumers globally. Thus, it cautions against countries thinking of trade 

policies in isolation, given that technology and trade outcomes appear to be intertwined. 

Finally, there is no one-size fits all recipe for policy.  Firms and countries adopt somewhat different 

production technologies depending upon their factor endowments and incentives to do so.  We see 

that automation can lead to considerable improvements in export quality, partly explaining the 

aggregate trends in quality convergence between developing and developed countries. From a 

policy perspective, encouraging the diffusion of these technologies seems important for further 

gains.  However, given the heterogeneous types of robots used across different applications and 

economies, encouraging only the most advanced technologies is unlikely to be appropriate, 

especially for developing economies.   
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Appendix 

Table A1: Descriptive Statistics 

 # observations mean std. dev. 
Quality  897,260  0.12 2.63 
Unit prices  897,260  3.64 2.32 
Robots  897,260  3.51 2.91 

Robots in export partners (Instrumental Variable)  897,260  3.99 1.76 
Pallet handling robots  865,185  1.03 1.43 
Handling & inspection robots  896,931  0.85 1.40 
Mechanical cutting robots  865,185  1.03 1.43 
Laser cutting robots  865,185  0.41 0.92 
Spot welding robots  874,684  2.12 2.31 
Laser welding robots  874,684  0.84 1.26 
Employment  897,260  12.18 1.69 
Labor Productivity  897,260  10.50 1.09 
Product complexity  897,260  -0.74 0.41 
Quality gap  897,260  2.58 3.85 
New product dummy  897,260  0.14 0.34 
Developed country dummy  897,260  0.55 0.50 

 
Note: All non-dummy variables are expressed in logs. Quality refers log quality estimated via Khandelwal et al (2013), 
unit prices reflect real USD c.i.f. prices (deflated to 2015 using US-CPI).  The instrument reflects robot diffusion in 
(initial) foreign export partners, in other world regions, defined using 2000 export flows. Employment and labor 
productivity are at the country-industry-year level, where labor productivity reflects real value-added per worker 
(constant 2015 prices USD).  Product complexity follows Levchenko (2007) and is the negative of the Herfindahl 
index, reflecting use of intermediate inputs and calculated using US 1997 IO table. Herfindahl index is  divided by 
1000 for legibility of estimated coefficients.  Quality gap reflects the initial distance from the “quality frontier.  The 
quality frontier is defined within a given product as the top 10% highest exporters quality.  The quality gap is defined 
as the difference between export quality and the frontier export quality in the first year. New products are defined as 
HS 10-digit products first exported by a given country since 2000 and not previously exported during the 10 years of 
pre-sample data, 1990-1999. Developed country dummy reflects high income countries defined by the World Bank 
(2000).   



45 
 

Table A2: Descriptive Statistics – Developed and Developing Country Sample 

 Developed Developing 

 #  mean std. dev. # mean std. dev. 
Quality  496,663  0.34 2.64  400,597  -0.16 2.59 

Unit prices  496,663  3.94 2.38  400,597  3.26 2.19 

Robots  496,663  4.50 2.74  400,597  2.28 2.63 
Robots in export partners 
(Instrumental Variable) 

 496,663  3.89 1.72  400,597  4.11 1.80 

Pallet handling robots  496,627  1.28 1.59  400,304  0.32 0.88 

Handling & inspection robots  495,699  1.49 1.58  369,486  0.40 0.89 

Mechanical cutting robots  495,699  0.61 1.10  369,486  0.13 0.49 

Laser cutting robots  495,699  1.49 1.58  369,486  0.40 0.89 

Spot welding robots  480,009  1.08 1.32  394,675  0.55 1.12 

Laser welding robots  480,009  2.74 2.38  394,675  1.37 1.98 

Employment  496,663  11.59 1.35  400,597  12.90 1.78 

Labor Productivity  496,663  11.19 0.55  400,597  9.64 0.98 

Product complexity  496,663  -0.73 0.41  400,597  -0.76 0.39 

Quality gap  496,663  2.37 3.86  400,597  2.84 3.83 

New product dummy  496,663  0.07 0.26  400,597  0.22 0.41 
Note: All non-dummy variables are expressed in logs.  Quality refers log quality estimated via Khandelwal et al 
(2013), unit prices reflect real USD c.i.f. prices (deflated to 2015 using US-CPI).  The instrument reflects robot 
diffusion in (initial) foreign export partners, in other world regions, defined using 2000 export flows. Employment 
and labor productivity are at the country-industry-year level, where labor productivity reflects real value-added per 
worker (constant 2015 prices USD).  Product complexity follows Levchenko (2007) and is the negative of the 
Herfindahl index, reflecting use of intermediate inputs and calculated using US 1997 IO table. Herfindahl index is  
divided by 1000 for legibility of estimated coefficients.  Quality gap reflects the initial distance from the “quality 
frontier.  The quality frontier is defined within a given product as the top 10% highest exporters quality.  The quality 
gap is defined as the difference between export quality and the frontier export quality in the first year. New products 
are defined as HS 10-digit products first exported by a given country since 2000 and not previously exported during 
the 10 years of pre-sample data, 1990-1999. Country income status is defined by the World Bank (2000).   
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Table A3: First stage results: Baseline Instrumental Variable and Alternative Candidates 

    (1) (2) (3) (4) (5) (6) 
 All Countries Developing Developed All Countries 

Endogenous variable: Robots 
Instrumental Variable:       

 Robots in export partners 0.681*** 0.622*** 0.856*** 0.493*** 0.750*** 0.726*** 
 (0.063) (0.063) (0.144) (0.252) (0.168) (0.107) 

Alternative Candidates: 
      

 Robots in developed 
economy export partners 
  

 
0.057 -0.308 0.271 

 
-0.057 

 

 
(0.152) (0.249) (0.184) 

 
(0.184) 

 Robots in import partners 
  

    
-0.079 -0.223* 

 
    

-0.109 (0.131) 
 Robots in developed 

economy import partners 
  

     
0.205 

 

     
(0.133) 

         
Kleibergen-Paap F statistic 115.8 66.6 27.2 44.7 60.3 33.8 
Observations 897,260 897,260 400,597 496,663 897,260 897,260 

Note: The baseline instrumental variable, used in all other estimation in this paper, is reflected by model 1 in this 
table (which is also the first stage of model 3 and 7 in Table 2).  The instrument reflects robot diffusion in (initial) 
foreign export partners, in other world regions, defined using 2000 export flows.  Alternative candidates reflect a 
similar calculation but focusing on high-income (developed) foreign export or import partners, with income status 
defined in 2000.  Robots stock is in logs.  First stages and associated F-statistics shown from a regression of log 
quality as an outcome variable.  Controls include (log) employment and (log) real value added per worker at the 
country-industry-year level. The regressions also include exporter*10-digit product, exporter*-year and year fixed 
effects.   Robust standard errors clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, ** 
p<0.05, * p<0.1.  
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Table A4: Instrument Validity - Strict Exogeneity Test 

  (1) (2) (3) (4) (5) (6) (7) 
Endogenous variable: Robots at time t 
               
Instrumental Variable 
at t 

0.681*** 0.678*** 0.719*** 0.570*** 0.584*** 0.611*** 0.531*** 
(0.063) (0.080) (0.078) (0.089) (0.081) (0.088) (0.082) 

Instrumental Variable 
at t+1  

 
0.006 -0.029 

  
 0.051  

(0.073) (0.048) 
  

 (0.066) 

Instrumental Variable 
at t+2 

  
0.001 

  
 0.021   

(0.062) 
  

 (0.073) 

Instrumental Variable 
at t-1 

   
0.111 0.065 0.050 0.116***    

(0.069) (0.046) (0.043) (0.043) 

Instrumental Variable 
at t-2 

    
0.035 0.033 0.013     

(0.061) (0.044) (0.049) 
Instrumental Variable 
at t-3 

     -0.003 -0.001 
     (0.054) (0.056) 

        
Kleibergen-Paap F 
statistic 115.8 58.8 39.2 64.8 49.7 39.4 31.5 

Observations 897,260 838,373 780,825 839,877 782,950 724,854 608,466 
Note: The baseline instrumental variable, used in all other estimation in this paper, is reflected by model 1 (which is 
also the first stage of model 3 and 7 in Table 2).  The instrument reflects robot diffusion in (initial) foreign export 
partners, in other world regions, defined using 2000 export flows.  Alternative models include leads and lags of this 
instrumental variable.  First stages and associated F-statistics shown from a regression of log quality as an outcome 
variable.  Robots stock is in logs.  Controls include (log) employment and (log) real value added per worker at the 
country-industry-year level. The regressions also include exporter*10-digit product and exporter*year fixed effects.   
Robust standard errors clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, ** p<0.05, 
* p<0.1.  
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Table A5: Baseline Regression First Stage 

  (1) (2) (3) 

Endogenous Variable: Robots 
Robots 

* Developing 
Robots 

* Developed 
       

Robots in export partners 0.681***   
(0.063)   

Robots in export partners * Developing  0.612*** -0.001 
 (0.078) (0.017) 

Robots in export partners * Developed  -0.043*** 0.777*** 
 (0.014) (0.086) 

     
Kleibergen-Paap F statistic 115.8 32.6 32.6 
# Observations 897,260 897,260 897,260 

Note: This table reflects the first-stage of the IV estimations within Table 2.  Model 1 above is the first-stage of models 
3 and 7 in Table 2.  Models 2 and 3 above are the first stages for the two endogenous variables in Models 4 and 8 of 
Table 2.  Robots reflects log robot stock.   The instrument reflects robot diffusion in (initial) foreign export partners, 
in other world regions, defined using 2000 export flows. Country income status is defined by the World Bank (2000).  
Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The 
regressions also include exporter*10-digit product and exporter*year fixed effects.   Robust standard errors clustered 
at the exporter-industry level are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
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Table A6: Effects of Robotics on Export Quality – Differential Effects Over Time 

  (1) (2) 

Outcome: Quality 
  OLS 

     
Robots * 2000-5 -0.032  

(0.022)  
Robots * 2006-10 0.029*  

(0.017)  
Robots * 2011-15 0.061***  

(0.020)  
   
Robots – Developing * 2000-5  -0.032 

 (0.022) 
Robots – Developing * 2006-10  0.028 

 (0.017) 
Robots – Developing * 2011-15  0.060*** 

 (0.020) 
   
Robots – Developed * 2000-5  0.024** 

 (0.010) 
Robots – Developed * 2006-10  0.006 

 (0.011) 
Robots – Developed * 2011-15  0.004 

 (0.012) 
    

Kleibergen-Paap F statistic   
# Observations 897,260 897,260 

Note: Robots reflects log robot stock. Robots are interacted with time dummies, 2000-2005, 2006-2010 and 2011-
2015, taking the value 1 for the respective periods and zero otherwise. OLS estimation is presented, since our 
instruments are weak when estimating the effects of robots across the three separate time periods and country income 
groups.  Quality refers log quality, estimated via Khandelwal et al (2013). Country income status is defined by the 
World Bank (2000).  Controls include (log) employment and (log) real value added per worker at the country-industry-
year level. The regressions also include exporter*10-digit product and exporter*year fixed effects.   First-stage is 
omitted for brevity.  Robust standard errors clustered at the exporter-industry level are reported in parentheses.  *** 
p<0.01, ** p<0.05, * p<0.1.  
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Table A7: Robotics and Initial Quality Gap: Alternative Quality Frontier Definitions 
  Products with at least 10 exporting countries each year 

VARIABLES 

Quality gap – baseline (top 10% 
exporters) 

Quality gap - frontier defined as top 20% 
exporters 

Quality gap - frontier defined as top 5 
exporters 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Robots 0.010 

 
0.143*** 

 
0.008 

 
0.136*** 

 
-0.017 

 
0.100***   

 (0.011)  (0.031)  (0.012)  (0.032)  (0.012)  (0.031)  
Robots  
* Quality Gap 

0.070***  0.115***  0.088***  0.144***  0.079***  0.130***  
(0.006)  (0.008)  (0.006)  (0.010)  (0.006)  (0.009)  

             

Robots – Developing   0.008  0.174***   0.008  0.171***   -0.019  0.134** 
  (0.017)  (0.062)   (0.018)  (0.065)   (0.018)  (0.063) 

Robots – Developed   0.014  0.129***   0.013  0.124***   -0.009  0.081*** 
  (0.013)  (0.031)   (0.014)  (0.031)   (0.013)  (0.030) 

             
Robots – Developing 
* Quality Gap 

  0.077***  0.107***   0.093***  0.129***   0.086***  0.119*** 
  (0.007)  (0.009)   (0.008)  (0.010)   (0.008)  (0.010) 

Robots – Developed 
* Quality Gap 

  0.057***  0.126***   0.078***  0.166***   0.067***  0.146*** 
  (0.006)  (0.015)   (0.008)  (0.019)   (0.007)  (0.018) 

                
Kleibergen-Paap F 
statistic   58.5 16.1   58.0 16.1   58.5 16.1 
Observations 658,392 658,392 658,392 658,392 658,392 658,392 658,392 658,392 658,392 658,392 658,392 658,392 

Note: All regressions exclude products with fewer than 10 exporting countries. Quality gap reflects the initial distance from the “quality frontier.  The quality 
frontier is defined within a given product, in models 1-4 as the top 10% highest exporters quality (as in the baseline). In models 5-8 the frontier is defined as the 
top 20% highest exporter quality, and in models 9-12 as the top 5 exporting countries’ quality.   The quality gap is defined as the difference between export quality 
and the frontier export quality in the first year. Robots reflects log robot stock.  The instrument reflects robot diffusion in (initial) foreign export partners, in other 
world regions, defined using 2000 export flows. Quality refers log quality, estimated via Khandelwal et al (2013). Country income status is defined by the World 
Bank (2000).  Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The regressions also include 
exporter*10-digit product and exporter*year fixed effects.  The first stage has been omitted for brevity. Robust standard errors clustered at the exporter-industry 
level are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1. 
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Table A8: Handling Robots and Export Quality – IV Estimates 

  (1) (2) 
Robot Measure: Handling Robots 
Outcome: Quality 
      
Pallet handling robot 0.374*** 

 

  (0.129) 
 

Handling & inspection robot -0.195** 
 

  (0.089) 
 

  
  

Pallet handling robot - Developing 
 

0.870***  
(0.253) 

Pallet handling robot - Developed 
 

-0.086  
(0.102) 

Handling & inspection - Developing 
 

-0.437**  
(0.171) 

Handling & inspection - Developed 
 

0.112  
(0.092) 

      
Kleibergen-Paap F statistic 19.5 5.0 
Observations 864,039 864,039 

 

Table A9: Cutting Robots and Export Quality – IV Estimates 

  (1) (2) 
Robot Measure: Cutting Robots 
Outcome: Quality 
      
Mechanical cutting robot 0.143** 

 

  (0.068) 
 

Laser cutting robot 0.086 
 

  (0.060) 
 

  
  

Mechanical cutting robot - Developing 
 

0.382***  
(0.125) 

Mechanical cutting robot - Developed 
 

0.003  
(0.047) 

Laser cutting robot - Developing 
 

-0.019  
(0.107) 

Laser cutting robot - Developed 
 

0.124**  
(0.062) 

      
Kleibergen-Paap F statistic 23.5 7.3 
Observations 864,039 864,039 

 

Note: Robots reflects log robot stock.  We approximate robot applications at the country-industry-level by interacting the (country-level) share of a given robot 
application with the (country-industry-level) of robot stock.  The instrument reflects robot diffusion in (initial) foreign export partners, in other world regions, 
defined using 2000 export flows. Quality refers log quality, estimated via Khandelwal et al (2013). Country income status is defined by the World Bank (2000).  
Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The regressions also include exporter*10-digit product 
and exporter*year fixed effects.  OLS results are presented in Table 7 and 8. Robust standard errors clustered at the exporter-industry level are reported in 
parentheses.   *** p<0.01, ** p<0.05, * p<0.1.  
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Table A10: Welding Robots and Export Quality – OLS and IV Estimates 

  (1) (2) (3) (4) 
 OLS IV 
Robot Measure: Welding Robots 
Outcome: Quality 
        
Spot welding robot 0.029 

 
0.137***  

  (0.022) 
 

(0.050)  
Laser welding robot 0.073 

 
0.048  

  (0.055) 
 

(0.051)  
  

  
  

Spot welding robot - Developing 
 

0.042  0.316**  
(0.042)  (0.126) 

Spot welding robot - Developed 
 

0.004  0.001  
(0.018)  (0.035) 

Laser welding - Developing 
 

0.145  0.033  
(0.107)  (0.178) 

Laser welding - Developed 
 

0.020  0.063  
(0.026)  (0.042) 

        
Kleibergen-Paap F statistic   33.3 4.9 
Observations 864,039 864,039 864,039 864,039 

Note: Robots reflects log robot stock.  We approximate robot applications at the country-industry-level by interacting the (country-level) share of a given robot 
application with the (country-industry-level) of robot stock.  The instrument reflects robot diffusion in (initial) foreign export partners, in other world regions, 
defined using 2000 export flows. Quality refers log quality, estimated via Khandelwal et al (2013). Country income status is defined by the World Bank (2000).  
Controls include (log) employment and (log) real value added per worker at the country-industry-year level. The regressions also include exporter*10-digit product 
and exporter*year fixed effects.   Robust standard errors clustered at the exporter-industry level are reported in parentheses.   *** p<0.01, ** p<0.05, * p<0.1.  
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Table A11: Robustness - Effects of Robots on Export Quality 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
 Exclude China Exclude Auto Sector Exclude Crisis Years (08-09) 

Outcome: Log Quality Log Quality Log Quality 
  OLS IV OLS IV OLS IV 

                      
Robots 0.024**  0.084***  0.030**  0.119***  0.030**  0.132***  

 (0.011)  (0.027)  (0.012)  (0.039)  (0.012)  (0.043)  
Robots - Developing  0.039**  0.188***  0.051**  0.262***  0.053**  0.282*** 

  (0.020)  (0.060)  (0.022)  (0.088)  (0.022)  (0.093) 
Robots - Developed   0.009  0.038  0.008  0.042*  0.006  0.049* 

  (0.010)  (0.025)  (0.010)  (0.025)  (0.010)  (0.028) 
             
             

Kleibergen-Paap F 
statistic   102.5 23.3   116.1 32.7   107.0 31.5 
Observations 827,789 827,789 827,789 827,789 896,982 896,982 896,982 896,982 786,485 786,485 786,485 786,485 

Note: Presents robustness of baseline estimates in Table 2.  Models 1-4 exclude China, 5-8 exclude the manufacturing of motor vehicles, trailers and semi-trailers 
sector (ISIC rev.4 division 29) and 9-12 exclude the financial crisis years (2008-2009). Robots reflects log robot stock.   The instrument reflects robot diffusion in 
(initial) foreign export partners, in other world regions, defined using 2000 export flows. Quality refers log quality, estimated via Khandelwal et al (2013). Country 
income status is defined by the World Bank (2000).  Controls include (log) employment and (log) real value added per worker at the country-industry-year level. 
The first stage has been omitted for brevity The regressions also include exporter*10-digit product and exporter*year fixed effects.  Robust standard errors 
clustered at the exporter-industry level are reported in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  
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