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Abstract

We examine the effects of adopting automation technologies on the export perfor-

mance of French manufacturing firms during the 2002–2019 period. Adoption is identi-

fied through imports of automation-related capital goods, and its effects are estimated

by means of a staggered difference-in-differences method. Our results indicate that

automation significantly improves export outcomes, such as export value, the export-

to-sales ratio and particularly the number of destination countries. However, its effect

on the number of exported products is limited. These results are primarily driven by

single-product firms, which expand their product portfolios, often toward more com-

plex products, and increase their presence in high-income countries. Multi-product

firms, instead, tend to streamline their product offerings while targeting low-income

markets. These findings underscore the distinct mechanisms of learning effects and

resource reallocation that shape automation strategies and drive export success.

Keywords: Automation; exports; firm heterogeneity; single-product firms; multi-

product firms
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1 Introduction

The advent of automation technologies is reshaping the global economic landscape, prompt-

ing intense scholarly debate about their implications for labor markets and firm performance

(Frey and Osborne, 2017). Many firm-level studies have documented positive employment

and wage effects for automation adopters (Bisio et al., 2025; Domini et al., 2021, 2022; Koch

et al., 2021), even though aggregate analyses reveal neutral or negative employment outcomes

at sectoral and national levels (Acemoglu and Restrepo, 2020; Graetz and Michaels, 2018).

This apparent paradox arises as market shares reallocate from non-adopters to adopters,

with employment gains among the latter failing to fully compensate for losses among the

former (Acemoglu et al., 2020; Bisio et al., 2025).

What drives the increased competitiveness of adopting firms? Among possible mecha-

nisms, export performance is a particularly important candidate. Recent studies have shed

light on how automation technologies affect trade and the broader configuration of global

production, by enabling firms to create customized products suited to diverse market prefer-

ences, enhancing product quality by minimizing production errors, and optimizing technical

processes (DeStefano and Timmis, 2024; Lin et al., 2022). They also potentially facilitate

reshoring, making it more cost-effective to bring production back from low-wage countries

using automated processes (Faber, 2020; Krenz et al., 2021). In line with these mechanisms,

some firm-level studies have documented positive effects of automation technology adoption

on export performance. For example, industrial robots and advanced digital tools have been

linked to higher export sales, partly through productivity and quality improvements (Al-

guacil et al., 2022; Artuc et al., 2022; Cao et al., 2025; Dachs and Wolfmayr, 2025). Yet,

previous research has been limited in three important dimensions. First, studies have pre-

dominantly focused on specific technologies like industrial robots (Alguacil et al., 2022; Cao

et al., 2025; Lin et al., 2022) or 3D printers (Freund et al., 2022), overlooking the broad array

of automation technologies that firms may adopt, sometimes simultaneously. Second, the

literature has largely examined aggregate export performance metrics (such as total export

value), with limited attention to how automation reshapes firms’ export responses regarding

product scope and market diversification. We know little about whether automating firms

expand the range of products they sell abroad or enter new foreign markets, as opposed

to simply exporting more of the same varieties. Third, existing work has not adequately

addressed how automation’s effects vary systematically across different types of firms, par-

ticularly between single-product and multi-product exporters. These gaps leave us with an

incomplete understanding of how exactly the adoption of automation technologies translates

into competitive advantage in international markets.
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This paper addresses these gaps by analyzing French firm-level data from the period

2002–2019 to investigate how automation technology adoption, identified through the im-

ports of automation-related capital goods, affects export performance. Using a staggered

difference-in-differences design, we show that automation significantly improves export per-

formance, with effects beginning to materialize approximately three years after adoption and

becoming statistically significant within three to six years. Notably, we find no significant

average effect on the number of products exported. These results are robust: a battery

of sensitivity checks (e.g., using alternative definitions of an “automation spike’, restrict-

ing to different subsamples) confirms that our findings are not driven by specific modeling

assumptions.

Beyond these average effects, we uncover systematic heterogeneity in the way firms lever-

age automation, revealing two distinct post-adoption responses. Single-product firms (SPFs)

– those that initially specialize in a single product – appear to use automation to expand

their operations. After automating, SPFs significantly increase their product scope and enter

new destination markets. In contrast, multi-product firms (MPFs) – those with diversified

product lines – tend to use automation to consolidate operations: after automation, they

reduce the number of products they export and do not increase total exports on average,

but do export to more countries. We identify two key mechanisms driving these divergent

responses. First, automation enables different market entry patterns: SPFs concentrate

their expansion to high-income countries where quality demands are high, while MPFs pri-

oritize lower-income markets where cost competitiveness is paramount. Second, automation

fundamentally alters product complexity: SPFs upgrade the complexity of their products,

while MPFs reduce it. We interpret these patterns as evidence of automation-driven prod-

uct innovation and diversification in SPFs: automation frees up resources or provides new

capabilities that allow SPFs to introduce new products and meet the quality standards of ad-

vanced markets. In contrast, MPFs leverage automation primarily for process optimization

and cost efficiency, allowing them to be more competitive on price and scale in cost-sensitive

markets. In essence, SPFs use automation to turn into MPFs (by diversifying offerings),

whereas MPFs use automation to behave like focused specialists (by concentrating on their

core competencies and pushing into new markets).

Our heterogeneity analysis reveals additional important patterns. Firm size matters:

we find that the positive export effects of automation are concentrated among small and

medium-sized firms (SMEs), whereas very small firms and the largest firms see more limited

gains. This result is consistent with the idea that SMEs often have more to gain from process

improvements and can be more agile in launching new products, whereas micro-firms may

lack complementary resources (Hirvonen et al., 2022). We also delve into technology-specific
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effects. For our sample, adopting 3D printers yields export gains, likely by facilitating

product customization and rapid prototyping for niche markets, as suggested by Freund

et al. (2022). Instead, adopting industrial robots alone shows no significant export boost

– possibly because robots primarily enhance efficiency in existing production rather than

enabling new products or markets (Antonioli et al., 2024).

By emphasizing the heterogeneity of firm responses, our study contributes to the liter-

ature on the link between automation and international trade in several ways. First, we

broaden the scope beyond industrial robots to a wider range of automation technologies,

providing evidence that automation in general – not just one specific technology – can en-

hance export performance. Second, we show that the gains from automation materialize

along specific margins (destinations and product portfolios) differently across firm types.

In doing so, we connect to the literature on multi-product firms and resource reallocation

(Bernard et al., 2011a; Eckel and Neary, 2010), demonstrating how automation can induce

firms to re-optimize their product mix – either expanding it or contracting it – depending

on their scale and capabilities.

The rest of the paper is organized as follows. Section 2 reviews relevant literature and

outlines our framework. Section 3 describes our data and our automation measure. Sec-

tion 4 discusses our empirical strategy. Section 5 reports our main results and heterogeneity

analyses. Section 6 tests the mechanisms at work. Section 7 provides robustness checks.

Section 8 concludes our paper.

2 Related literature

Our framework integrates insights from different strands of economic literature, namely

research examining the firm-level impacts of automation, literature addressing the resource

allocation trade-offs between process and product innovation activities, and literature on the

factors influencing product portfolio composition, including changes in product complexity

and the diversification of export destinations. Together, insights from these literatures will

support the choices made regarding our study of the changes in the margins of trade after

an automation event, for different types of firms.

2.1 The firm-level impacts of automation

A wide empirical literature in recent years has analyzed the firm-level impacts of adopting

the most recent wave of automation technologies, such as robots and 3D printing. The vast

majority has focused on the effects of automation on employment, due to the widespread con-
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cerns that automation may be detrimental to labor.For example, Koch and Manuylov (2023)

attribute most of the recent labor share decline in Spanish manufacturing to labor-displacing

technological change (notably robot adoption). Similarly, Brynjolfsson et al. (2025) find that

US manufacturing establishments adopting robots have lower labor shares and a higher share

of production workers. Yet many firm-level analyses show increases in employment follow-

ing automation. For instance, Domini et al. (2021) find that imports of automation-related

capital goods by French manufacturing firms have increased net employment through higher

hiring and lower separation rates, with minimal shifts in workforce composition. Similarly,

Koch et al. (2021) report a 10% job creation rate within four years of robot adoption in

Spanish firms, while non-adopters face job losses and higher exit probabilities. In a develop-

ing economy context, Cal̀ı and Presidente (2025) document a 31% employment increase per

additional robot per thousand workers in Indonesian manufacturing firms, driven by pro-

ductivity gains in low-automation plants. That said, not all firms benefit uniformly: Bisio

et al. (2025) highlight that in Italy the employment impact of importing automation depends

on firm size, with small firms (< 20 employees) seeing about a 5% job boost, but medium

and large firms experiencing job declines (around –4%), resulting in a net negative effect

overall (-3%). In summary, although some outcomes are context-dependent, the firm-level

evidence reveals common patterns such as productivity-driven job gains (often alongside a

shift toward more high-skilled or technical roles), a declining labor share, and competitive

disadvantages for non-adopting firms.

Automation’s impact on international trade, though less studied than that on employ-

ment, has recently gained attention in the economic literature. At the macro level, automa-

tion, particularly industrial robots, reshapes global trade by altering production structures

and comparative advantages across countries. Artuc et al. (2023) report that a 10% in-

crease in robot density in high-income countries boosts exports to less developed countries

by 12%, driven by cost reductions in intermediate goods production and increased demand

for imported inputs. DeStefano and Timmis (2024) emphasize that robot adoption improves

export product quality, particularly in developing countries, by enhancing precision and

reducing defects, thus strengthening competitiveness in quality-sensitive markets. Beyond

robotics, emerging technologies like 3D printing can also affect trade flows. Freund et al.

(2022) document an illustrative case: the rapid diffusion of 3D printing in the hearing aids

industry led to an export surge of about 80% as this technology reduces production costs

while enabling better customization capabilities that help overcome consumer resistance.1

1Abeliansky et al. (2020) present a different perspective on the long-term implications of 3D-printing for
international trade. Their theoretical and empirical analysis suggests that while 3D-printing might initially
complement traditional trade flows, its widespread adoption could eventually lead to their replacement.
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In short, macro-level evidence indicates that automation has begun to realign global trade,

generally bolstering the export competitiveness of early-adopting countries and enabling new

patterns of international specialization.

At the firm level, automation is expected to enhance export performance through produc-

tivity gains, economies of scale, innovation, and quality improvements. These mechanisms

are indeed consistent with the framework by Melitz (2003), highlighting the ability of produc-

tive firms to overcome market entry costs. Previous research has already analyzed the general

relationship between technological adoption and export performance (for an overview, see

Dosi et al., 2015). Recently, the literature has started analyzing the effects of automation

technologies, in particular robots, on exports. Alguacil et al. (2022) find that robot adop-

tion in Spanish manufacturing firms increases the probability to export by 9.4 percentage

points and doubles export sales, driven by productivity, innovation, and greater imports of

intermediate inputs. The event study by Artuc et al. (2022) estimates an increase in revenue

from exports of around 20% in a sample of adopting firms from developing countries, com-

plemented by expansions in products and destinations. Cao et al. (2025) demonstrate that

robot adoption in Chinese firms significantly boosts export value and intensity, with stronger

effects in foreign-owned, private, labor-intensive, and innovation-driven firms.2 Finally, the

study by Dachs and Wolfmayr (2025) stands out in going beyond the narrow focus on robots.

Using data from the European Manufacturing Survey, they show how several types of digital

production technologies affect exports through two channels, namely a productivity channel,

where technologies like robots enhance operational efficiency and reduce production costs,

and a services channel, whereby digital technologies enable firms to provide data-driven ser-

vices like predictive maintenance, strengthening international market presence by fostering

closer customer relationships.3

This review reveals several important gaps in understanding how automation enhances

firm performance in export markets. First, most studies focus on a single technology, typi-

cally industrial robots, overlooking the cumulative effects of adopting multiple automation

technologies that are increasingly used in combination (Bisio et al., 2025). Second, existing

research examines aggregate export performance without analyzing how automation affects

firms’ export composition, such as whether firms broaden their product range or target new

2Lin et al. (2022), also focusing on Chinese firms, show positive effects of robots adoption on export
quality upgrades.

3Interestingly, Dachs and Wolfmayr (2025) find heterogeneity in how different technologies relate to
exports. For instance, while robots showed a positive link with exports through productivity, additive
manufacturing and connected sensors were positively related only to services which then influenced exports.
Logistics technologies showed a positive relation with export activity through both channels. This suggests
that the specific impact on firm performance and exports can vary depending on the particular automation
technology being adopted and the firm’s strategic use of that technology.
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markets, versus scaling up existing trade relationships. Third, firm heterogeneity in automa-

tion’s export effects remains largely unexplored: do small, single-product firms capitalize on

automation differently than large, multi-product firms; and do they face different trade-offs

when allocating resources to automation, such as choosing between using new technologies

for product innovation versus process efficiency? Our study addresses these gaps by examin-

ing a broad spectrum of automation technologies and analyzing how automation affects the

extensive margins of trade (products and destinations) while distinguishing responses across

different types of firms.4

2.2 Firm heterogeneity, innovation, and trade performance

To motivate why we believe firm heterogeneity is key, when studying automation’s impact

on firm export performance, we draw from the literature studying the resource allocation

trade-offs related to process versus product innovation by SMEs. Firm size significantly in-

fluences innovation strategies, with larger firms allocating more R&D to process innovation

while smaller firms focus on product innovation (Cohen and Klepper, 1996). This pattern

reflects scale advantages: larger firms can spread process improvements across greater out-

put volumes, while smaller firms pursue product innovation for growth opportunities less

dependent on current scale. Recent work by Antonioli et al. (2024) introduces a more di-

rect trade-off between product and process innovation in the context of modern automation.

Their study of Spanish manufacturing firms shows that robot adoption actually reduces

firms’ product innovation activities for up to eight years, with the effect strongest among

larger, established firms. This substitution indicates that investments in automation may

divert scarce resources away from product development, thereby accelerating firms’ shift to-

ward process-oriented strategies as industries evolve and mature. However, Hirvonen et al.

(2022) present seemingly contrasting evidence from Finnish manufacturing firms, finding

that the adoption of advanced technologies led to complementarity between product and

process innovation rather than substitution. This inconsistency can be explained by the

fact that the latter study’s sample focuses primarily on small and medium-sized enterprises

4It should also be mentioned that, as our empirical approach identifies automation technology adop-
tion through spikes in imports of automation-related capital goods, our work also connects to the broader
literature on how imported inputs enhance firm-level export performance (Amiti and Konings, 2007; Bas
and Strauss-Kahn, 2014; Castellani and Fassio, 2019; Feng et al., 2016; Topalova and Khandelwal, 2011).
This literature demonstrates that access to foreign inputs – whether advanced machinery or high-quality
intermediate materials – significantly boosts firm productivity and export opportunities by reducing produc-
tion costs, introducing new varieties or technologies, and enabling firms to improve or diversify their export
products. Our analysis builds also on these insights by examining a specific type of input-driven technology
transfer: firms importing advanced automation equipment and how this translates into enhanced export
performance across different margins of trade.
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producing specialized products in small batches.

But what exactly drives this competition between product and process innovation? We

argue that the observed substitution between automation and product innovation may reflect

the relatively low scope economies (Lin, 2004) that characterize many automation invest-

ments, which often require product-specific adaptations and learning. More fundamentally,

it is crucial to consider firms’ existing product scope: while automation may create substi-

tution effects in larger firms with established product portfolios, smaller firms with limited

product scope may find that new technologies enable simultaneous expansion along both

product and process dimensions. This interpretation aligns with the multi-product firm

literature showing that firms optimize their product mix based on scale and capabilities

(Bernard et al., 2011b; Dhingra, 2013), either by expanding their product range when new

opportunities arise or by contracting it to focus on core competencies when facing compet-

itive pressures. The flexible manufacturing model of Eckel and Neary (2010) demonstrates

that firms become “leaner and meaner” under globalization pressures, pruning their product

lines to concentrate on core competencies while simultaneously improving productivity. This

response to competitive pressure parallels how established firms may respond to automation

by focusing resources on process improvements rather than expanding product lines.

Beyond the trade literature, we draw on concepts from the economic complexity litera-

ture. Originally developed for country-level analysis, this framework derives the production

capabilities of countries (and their growth potential) from country-product export patterns

(Hidalgo and Hausmann, 2009; Tacchella et al., 2012). This approach has been success-

fully applied at the firm level to understand how organizational capabilities shape product

portfolios (Coad et al., 2021; Maggioni et al., 2016). We believe that product complexity

serves as a crucial metric for understanding automation’s effects on product portfolios be-

cause automation may fundamentally alter production (latent) capabilities, enabling firms to

produce more sophisticated goods, for the following reasons. Complex products typically re-

quire diverse technological inputs, including automation technologies, to enhance production

flexibility (Maggioni et al., 2016). Moreover, complex goods tend to be less substitutable and

serve high-income, shock-resistant consumer segments, resulting in lower price and income

elasticities that foster more stable demand patterns (Maggioni et al., 2016).

How does automation fit into this picture? The impact of automation technology adop-

tion on a firm’s exports – whether it prioritizes process efficiency or product innovation –

depends on an interplay of internal learning dynamics and managerial strategy, making firm

heterogeneity key. For instance, multi-product firms can use automation to streamline pro-

cesses and focus on core competencies, reducing product scope, while single-product firms

may harness automation to expand product R&D and diversify their product portfolio. This
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duality underscores that automation’s benefits are not inherently limited to cost-cutting; it

has the potential to support experimentation with new product designs or prototypes. This

however depends on how firms strategically align automation with market repositioning or

innovation goals, an insight so far overlooked in the literature. In the rest of the paper,

we address these gaps by examining how automation drives export performance through

detailed product- and market-specific channels, accounting for firm heterogeneity.

3 Data and descriptives

3.1 Sources

For our analysis, we match data from several French administrative datasets. The main

source is the transaction-level customs data compiled by the French customs office (Direction

Générale des Douanes et des Droits Indirects, DGDDI), from which we compute our main

left- and right-hand side variables, as explained later in this section. This contains detailed

yearly information on each import or export transaction involving a French firm, notably

value, quantity, country of origin or destination, and product code. The latter is available

at the 8-digit level of the European Union’s Combined Nomenclature, which for the first 6

digits corresponds to the international Harmonized System (HS) classification.5

We extract additional information from other databases provided by the French national

statistical office (Institut National de la Statistique et des Études Économiques, INSEE).

First, we use DADS Postes, an employer-employee dataset based on the mandatory forms

that all establishments have to submit to the social security authorities regarding their

employees, to retrieve employment-related variables as well as a firm’s 2-digit industry, ac-

cording the NAF rev.2 classification (corresponding to the European NACE rev.2).6 Second,

we use FICUS (until 2008) and FARE (from 2009 onwards), two datasets based on the fiscal

statements that French firms must submit to the tax authorities, to retrieve balance-sheet

and revenue-account variables, in particular value added and total sales.

5Further details about this dataset can be found in Bergounhon et al. (2018).
6Actually, the industry code (Activité Principale Exercée, APE) is expressed in terms of the NAF rev.1

classification until 2007. We establish a mapping between 4-digit NAF rev.1 and NAF rev.2 codes, as
explained in Domini et al. (2021, fn. 7). It is also worth noting that a firm’s APE may vary across years.
We solve this (rare) issue, by assigning each firm a permanent 2-digit code based on the most frequent value
across years. In case of ties, we assign the most recent value.
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3.2 Variables and sample

3.2.1 Measure of automation

Our measure of firm-level automation technology adoption is based on customs data, in

particular imports of capital goods embeddeding automation technologies. Using imports of

certain products to capture firm-level adoption of robots and other automation technologies

is a an approach widely used in empirical studies (Acemoglu et al., 2020; Bisio et al., 2025;

Bonfiglioli et al., 2024; Dixon et al., 2021; Domini et al., 2021, 2022), due to the lack of

systematic administrative data on technology adoption.7 We follow the procedure in Domini

et al. (2021), identifying 6-digit HS product codes for automation technologies based on

Acemoglu and Restrepo (2022)’s taxonomy, supplemented with a code for 3D printers from

Abeliansky et al. (2020).8 This approach encompasses a wide range of automation technolo-

gies, including industrial robots, dedicated machinery, automatic machine tools, automatic

welding machines, automatic textile machines (e.g., for weaving and knitting), automatic

conveyors, regulating instruments, and 3D printers. Imports of these capital goods exhibit

the spiky behaviour typical of investment variables, characterized by infrequent but large

investment events that are rare across and within firms and account for a significant share

of total firm investment, as shown by the descriptive statistics in subsection 3.3.

As highlighted by Domini et al. (2021, 2022), this approach may sugger from both false

negatives and false positives. The former may arise when firms acquire automation tech-

nologies domestically or import them through intermediaries, leading to an underestimate

of adoption rates. False positives may occur when firms import automation goods for re-

sale rather than for integration into their production processes, leading to an overestimation

of adoption. However, several factors suggest these concerns are mitigated in the French

context. Regarding false negatives, Domini et al. (2021) note that France’s comparative

disadvantage in producing automation technologies makes imports the primary adoption

channel, with intermediaries being less likely for complex goods (Bernard et al., 2015). Re-

garding false positives from potential reselling, our robustness checks indicate that excluding

potential resellers does not alter our findings (see section 7).

7Another option is represented by survey data, which some national statistical offices have recently
started collecting (see Bessen et al. see 2020, 2023, for the Netherlands, Zolas et al. 2021, for the US, and
Humlum and Vestergaard 2025, for Denmark. In France, a similar survey focuses on software (Aghion et al.,
2025).

8See Appendix A Table A1 for HS codes.
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3.2.2 Measures of export performance

Using data from the customs database, we construct a set of variables capturing different

dimensions of a firm’s export activity. These variables include total export value, the number

of destination countries, the number of exported products at the 6-digit Harmonized System

(HS) level, and export intensity, defined as the share of exports over total sales.9 Given the

highly skewed distribution of the variables, we take the natural logarithm of total exports,

number of destination countries, and number of exported products.10

3.2.3 Other variables

In addition to the main independent and dependent variables just introduced, we will now

define additional variables that will be employed at different points of our analysis.

Covariates

We will employ the following covariates in our analysis: log number of employees, log total

sales, log labor productivity, commuting zone (a categorical variable indicating a firm’s local

labor market), and 2-digit industry.

Heterogeneity: size groups and single- vs multi-product firms

In section 5, we will show the heterogeneity of our results across firms. We define firm size

groups based on the average number of employees prior to the automation event (for adopting

firms) or the average number of employees over the entire period (for never-adopting firms).

Following Eurostat standard size classification, very small firms are those with an average of

1-9 employees, small firms have an average of 10-49 employees, medium firms are those with

an average of 50-249 employees, and large firms are those with an average of 250 employees

or more.

Moreover, we classify firms as single-product or multi-product exporters, which repre-

sents our key heterogeneity dimension. Single-product firms (SPFs) are those that export

one product in the majority of the years, while multi-product firms (MPFs) are those that

export more than one product in most years. Again, these definitions are based only on

9We deflate total exports, as well as automation imports, using yearly value-added deflators for 2-digit
NAF industries provided by the INSEE.

10We apply the natural logarithm only to strictly positive values of our variables. This means we exclude
firms with zero exports in a given year. This approach avoids the arbitrary unit dependence and ambiguity
in interpreting average treatment effects for log-like transformations like log(1 + Y ), which can distort the
weighting of extensive and intensive margins. Therefore, our regression results capture only firms that export
in a specific year, ensuring that the log-transformed variables reflect meaningful percentage changes for active
exporters while maintaining unit invariance and interpretability (Chen and Roth, 2024).

10



years before the automation event for automating firms, or on all years for non-automating

ones.11

Mechanisms: product complexity

In section 6, we will investigate the effects of automation on the complexity of exported

products using the Product Complexity metric developed by Tacchella et al. (2012). Their

Fitness-Complexity approach constructs a bipartite network of countries and products to

infer Product Complexity, a measure of product sophistication, and the Country Fitness,

representing the complexity of a country’s export mix. In practice, this iterative method

identifies complex products as those exported by few, high-fitness countries, and high-fitness

countries as those exporting complex products.12 We focus on top complexity, i.e., the com-

plexity of a firm’s most complex exported product, which can be viewed as a proxy for a

firm’s capabilities.

Robustness checks: export growth in destination countries

In one of the robustness checks (section 7), we use growth in export destinations as an

additional covariate to address concerns about endogeneity introduced by demand condi-

tions in destination markets, potentially driving both technology adoption and exports. We

construct a measure of firm-level trade-weighted GDP growth as follows:

Trade Weighted GDP Growthj,t =
∑

i

wi,jGDP Growthi,t

where wi,j is the trade weight of country i for firm j, representing the share of firm j’s

exports to country i in its total exports during the period of our sample (2002-2019) and

GDP Growthi,t is the percentage change in real GDP for destination country i in year t.

Robustness checks: managers

In another robustness check, we account for the potential confounding effect of firms’ man-

agerial capabilities. The availability of occupation codes in the DADS dataset allows us

identifying the presence of workers with managerial positions. We define managerial work-

ers as those categorized as Chief Executive Officers (CEOs) and Chief Technical Officers

11This definition implies that some SPFs might produce more than one product in some (pre-adoption)
year. We also tried an alternative definition: SPFs are those that exported only one product prior to the
automation event, while MPFs are all the others. Under this definition, we cannot estimate the ATT for
SPFs only due to the small number of observations, which is why we focus on the former definition.

12This method builds on Hidalgo and Hausmann (2009)’s Method of Reflections. While widely adopted,
their linear algorithm is less suitable to capture the nestedness of trade networks compared to the non-linear
one by Tacchella et al. (2012).
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(CTOs), corresponding to codes 37 (Cadres administratifs et commerciaux d’entreprise) and

38 (Ingénieurs et cadres techniques d’entreprise) of the PCS occupations classification (Pro-

fessions et Categories Socio-Professionnelles). We then calculate managerial intensity as the

proportion of these managerial workers relative to the firm’s total workforce.

3.2.4 Sample

As we use import data to construct our measure of automation technology adoption, we

restrict the scope of our analysis to importing firms, which are likely to source their inputs

also on international markets. These are defined as firms that import for at least one year

over the period 2002-2019. They represent around 12%-15% of French firms, but account for

more than half of total employment (see Domini et al. 2022, Table 1). Furthermore, we focus

our analysis on manufacturing firms, which are most involved in international trade; and we

stop in 2019, to exclude pandemic-induced dynamics. The resulting sample has 692,099 total

observations from 66,569 unique firms.

3.3 Descriptive statistics

3.3.1 Characterizing adoption

Imports of automation-related capital goods exhibit “spiky” and lumpy characteristics, typ-

ical of investment variables (Grazzi et al., 2016; Letterie et al., 2004). At a given point in

time, less than 7% of importing firms import such goods (Figure 1). Among firms importing

automation goods at least once, more than 10% import them only once, with the largest

single-year event accounting for approximately 70% of their total imports of automating

products (Figure 2). This lumpiness reflects the irreversible and indivisible nature of au-

tomation investments and is central to our analysis. We define a firm’s largest yearly import

of automation-related capital goods as an “automation spike”. In the robustness checks,

we consider alternative spike definitions: one that introduces a relative size thresholds for

a spike, as in Bessen et al. (2023); one that considers the first year of automation imports;

and one looking at late spikes that are not preceded by other episodes, to more convincingly

capture the adoption of previously unused technologies (see section 7).

Figure 1 also offers insights into how adoption varies by industry, and how these patterns

have evolved over time. Metals and electronics sectors have the highest shares of automation

adopters, with significant increases from 2002 to 2019.
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Figure 1: Share of automation importers out of all importing firms by sector, 2002 vs. 2019.
Source: Our elaborations on DGDDI data. Notes: The sectors displayed correspond to the following aggregations of 2-digit manufacturing industries,
further grouped into: 10–12 (Food: food products, beverages, tobacco), 13–15 (Textiles: textiles, apparel, leather), 16–18 (Paper: wood, paper,
printing), 19–22 (Chemicals: chemicals, petroleum, plastics), 23–25 (Metals: metals, non-metallic minerals), 26–28 (Electronics: electronics,
machinery), 29 (Automotive: motor vehicles, trailers, semi-trailers), 30–33 (Transport: transport equipment, furniture, other manufacturing).

3.3.2 Comparing automating- vs non-automating firms in export outcomes

How do adopters, i.e. importers of automation, differ from non-adopters? The empirical lit-

erature on automation has documented systematic selection into automation, with adopters

typically being larger, more productive, and paying higher wages than their non-automating

counterparts (see, among the others, Acemoglu et al., 2023; Bonfiglioli et al., 2024; Domini

et al., 2021; Koch et al., 2021). Table 1 compares the distribution of export outcomes between

automating and non-automating firms, presenting means and key percentiles (25th, 50th, and

75th) for both groups, along with t-test results for differences in means (last column). Firms

adopting automation exhibit superior export performance across all dimensions: they have a

higher total export values, export a greater variety of products to more countries, and they

have a stronger export orientation. All differences between the two groups are statistically

significant at the 1% level. We will account for these structural differences between adopters

and non-adopters in our empirical analysis, as explained in the following section.
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Figure 2: Distribution of automation import events, 2002-2019.
Source: Our elaborations on DGDDI data. Notes: The variables on the x-axis are the share of firms which have x number of years with non-zero
automation-related imports (dark blue); and the shares of the yearly automation-related imports over a firm’s total imports from largest to smallest,
with rank 1 corresponding to the largest (light blue).

Table 1: Comparing Automating and Non-automating Firms: Distribution and t-test

Non-automating firms Automating firms

Variable Mean P25 P50 P75 Mean P25 P50 P75 t-test

Exports (log) 11.32 9.44 11.33 13.23 13.46 11.51 13.77 15.51 ***
Nb of countries (log) 0.96 0 0.69 1.61 1.55 0.69 1.61 2.40 ***
Nb of products (log) 1.04 0 0.92 1.61 1.60 0.69 1.61 2.30 ***
Share exports/sales 0.14 0.01 0.05 0.19 0.22 0.02 0.12 0.36 ***

Nb of Observations 408,385 283,714
Nb of Unique Firms 44,183 22,386

Source: Our elaborations on DGDDI data, FICUS and FARE. Notes: The table reports descriptive statistics for non-automating and automating
firms among our sample of importing firms. P25, P50 (Median), and P75 refer to the 25th, 50th, and 75th percentiles, respectively. The t-test
column reports the significance of a t-test for the difference in means between the two groups. *** p < 0.01, ** p < 0.05, * p < 0.1.

4 Empirical strategy

To investigate the effects of automation on export outcomes, we employ a staggered difference-

in-differences (DiD) approach, following standard practice in similar studies (Bessen et al.,

2023; Bisio et al., 2025; Domini et al., 2021, 2022). A burgeoning recent econometric litera-

ture has demonstrated that, in the presence of variation in treatment timing, the classic Two-

Way Fixed Effects (TWFE) estimator is biased, as it makes “forbidden comparisons” with

already-treated units serving as controls (Borusyak et al., 2024; Goodman-Bacon, 2021). This

literature has proposed several solutions (Borusyak et al., 2024; Callaway and Sant’Anna,

2021; De Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021; Sun and Abraham,
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2021), out of which we select the estimator by Callaway and Sant’Anna (2021) (CS), as it

allows using never treated observations as a control group under a conditional parallel trends

assumption, as explained below.

The CS framework estimates group-time average treatment effects on the treated for each

cohort g and time t ≥ g, defined as:

ATT (g, t) = E[Yi,t(g)− Yi,t(∞)|Gi = g] (1)

where Yi,t(g) is the potential outcome of interest (e.g., log export value) for firm i at time t

if it adopts automation technologies in year g, and Yi,t(∞) is the potential outcome if firm

i never adopts. Gi = g indicates that firm i belongs to the cohort adopting automation

technologies in year g, with Gi = ∞ for firms that never adopt.

To summarize the dynamic effects of automation across cohorts and time, we aggregate

the ATT (g, t)’s into two forms: an event study and an aggregate ATT. The event study

aggregates the ATT (g, t)’s by event time e = t− g, capturing effects in each period relative

to the adoption year, e = 0:

ATTes(e) =
∑

g

wω,g,eATT (g, g + e) (2)

Instead, the aggregate ATT averages all post-treatment ATT (g, t)’s:

ATTaggte =
∑

g,t:t≥e

wω,g,tATT (g, t) (3)

where: wω,g,t is non-negative weights (summing to 1) for group g and time t, ω-weighted.

The identification of ATT (g, t) relies on three assumptions: (i) limited anticipation; (ii)

conditional parallel trends; and (iii) strong overlap. Limited anticipation corresponds to the

standard DiD assumption of no anticipation, meaning firms do not adjust export performance

in anticipation of treatment. Hence, in our case, pre-adoption outcomes (t < g) are the

same whether a firm adopts at g or never adopts. The CS framework allows relaxing this

assumption by introducing a limited anticipation period δ, which we explore in the robustness

checks (see section 7 for details). The crucial conditional parallel trends assumption requires

that, conditional on a vector of covariates X, the average counterfactual change in export

performance from t− 1 to t under no treatment is the same for firms in cohort g (adopting

at g) and never-treated firms (Gi = ∞) for t ≥ g:

E[Yt(0)− Yt−1(0)|X,G = g] = E[Yt(0)− Yt−1(0)|X,G = ∞] (4)
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One can gain insights about the credibility of this assumption (though not formally prove

it) based on the presence of pre-trends in the event study.Finally, strong overlap requires

that for each cohort g, the probability of adopting automation in year g, given covariates

Xi, is bounded away from 0 and 1, ensuring treated and never-treated firms exist across

covariate values.

In our analysis, we use never-treated firms as our control group. Given the differences

between adopters and non-adopters highlighted in the previous section, we condition on

the following covariates: log number of employees, log total sales, log labor productivity,

commuting zone, and 2-digit industry to account for sector-specific trends. To estimate

ATT (g, t), we use the doubly robust (DR) estimator by Callaway and Sant’Anna (2021).13

Standard errors are clustered at the firm level to account for within-firm correlation over

time, using a sampling-based inference approach (Abadie et al., 2023).

A final word of caution is in order: while the empirical approach just described addresses

selection between automation adopters and non-adopters, results may still not be inter-

pretable as strictly causal due to potential presence of unobserved firm-level shocks, and to

the essentially strategic nature of investment in automation technologies.

5 Results

5.1 Baseline results

The baseline results from our staggered DiD exercise are plotted in Figure 3. Overall, the

plots show an absence of significant pre-trends, which lends support to the credibility of our

conditional parallel trends assumption. Immediately after the automation spike (year 0 and

following), coefficients remain close to zero, and the error bars still cross the zero line. For

all outcomes except the number of products, coefficients begin to increase around 3 years

after the event, becoming significant at 5% level after 3 to 6 years (earlier for the number of

countries, later for total exports). This suggests that automation technology adoption has

significant but delayed effects on our outcome variables. The aggregate ATT, calculated over

the 10-year post-adoption period, is 9.9% for exports, 4.3% for the number of countries, and

1.1 percentage points for export intensity, all significant at the 1% level.

13The DR estimator combines regression adjustment (RA) and inverse probability weighting (IPW),
ensuring consistency if either the outcome model or propensity score model is correctly specified. For
details, see section 4 of Callaway and Sant’Anna (2021).
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ATTaggte = 0.099 (0.026)***, N = 306,789 ATTaggte = 0.011 (0.003)***, N = 301,974

ATTaggte = 0.043 (0.010)***, N = 308,345 ATTaggte = 0.002 (0.012), N = 308,345

Figure 3: Baseline results.
Notes: This figure presents CS estimates of ATTes and ATTattge’s. The control group is never treated observations. Standard errors are clustered

at the firm level. In event-study plots, the vertical lines represent 95% confidence intervals. For the ATTaggte, standard errors are reported in

parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01. The ATTaggte are calculated from 5 years before until 10

years after the automation spike.

The resulting picture is one in which growth in export value occurs alongside an expansion

into new markets, while no new products are added. When looking at the average value of

exports per product and per country, both show the same pattern as for export growth.14

Growth therefore occurs along both the extensive and the intensive margin when considering

14These results are available upon request.
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destinations, but uniquely along the intensive margin when considering products. This

suggests that automation on average allows scaling existing product lines and reaching new

geographic markets, rather than introducing new products.

5.2 Heterogeneity analysis: Technology, firm size, and product

scope

Building on the baseline evidence just presented, we explore three dimensions of heterogene-

ity that might drive differences in how automation affects export performance: technology

type, firm size, and – most critically – whether a firm produces a single product or multiple

ones. In the interest of space, in what follows we do not show event study plots, but present

only tables containing the overall ATTaggte.

5.2.1 Technology type

As explained in the section 3, our automation measure encompasses a broad range of au-

tomation technologies. While this has the advantage of widening the scope beyond specific

technologies, the spread of which may be circumscribed (for instance, robots are mostly em-

ployed in the automotive sector), one drawback is that our baseline results may conceal effect

heterogeneity depending on which specific technology is employed. To investigate whether

this is the case, we focus on two disruptive technologies that are expected to transform trade

and global value chains: 3D printing and robots. The former is anticipated to revolutionize

production in industries requiring customization and precision, such as specialized machinery

parts (Abeliansky et al., 2020; Freund et al., 2022), while the second is focused on efficiency

and enhanced precision. Results for these two technologies are reported in Table 2.15

3D printers (Panel A) show effects that are almost perfectly congruent with those from the

baseline regressions: increases in total exports, number of countries, and export intensity

(share exports over sales), but not in the number of products. This suggests that 3D printing

enhances export performance, likely by facilitating faster prototyping, customization, or

cost-effective production tailored for export markets. In contrast, for robots (Panel B),

the automation event shows no significant positive effects across any export outcomes. This

result is surprising given findings in the previous literature (Alguacil et al., 2022; Artuc et al.,

2022, 2023; Cao et al., 2025; DeStefano and Timmis, 2024). One possible explanation is that

robotics may primarily enhance production efficiency and cost reduction within domestic

markets rather than directly driving trade expansion. Antonioli et al. (2024) suggest that

15Results for other technologies are also reported in the Appendix, Table A4.
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large firms adopting robots focus on capacity expansion and process optimization, which

may not translate into export growth unless paired with market-specific strategies.

Table 2: Heterogeneity - Technology types

Dependent Variable: Exports (log) Nb. countries (log) Nb. products (log) Share exports/sales

Panel A. Only 3-D printers

ATTaggte 0.249*** 0.085*** 0.003 0.029***
(0.067) (0.026) (0.040) (0.008)

Nb of obs 165,640 166,649 166,649 163,474

Panel B. Only robots

ATTaggte -0.010 -0.032 -0.030 -0.005
(0.094) (0.038) (0.045) (0.012)

Nb of obs 155,879 156,884 156,884 153,836

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

5.2.2 Firm size

A crucial dimension of heterogeneity for the effect of automation across firms is firm size

(Antonioli et al., 2024; Bisio et al., 2025). Table 3, Panel A displays the results across

four sub-samples based on firm size. The results clearly show that our findings are driven by

small and medium firms (i.e. between 10 and 250 employees), while very small firms show no

significant effects, and large firms show limited significance only for the number of products

exported.

This aligns with Hirvonen et al. (2022), which highlights that Finnish SMEs adopting

advanced manufacturing technologies improve process efficiencies, freeing resources for prod-

uct innovation, which explains the expansion in markets and products. Similarly, Cohen and

Klepper (1996) and Acs and Audretsch (1990) note that SMEs, being growth-oriented, pri-

oritize product R&D to create new offerings that drive export growth, a strategy easier to

implement than process improvements. The positive effects on the number of countries and

products indicate that automation enables SMEs to enter new markets and diversify their

export portfolios, likely by reducing production costs and improving product quality. This

interpretation is supported by Castellani and Fassio (2019), showing that SMEs leverage

imported inputs for product R&D.

5.2.3 Single- vs multi-product firms

We believe the most crucial dimension of heterogeneity lies in whether firms produce a single

product or multiple products, as argued in section 2, as it could confirm differences in export
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expansion strategies. The baseline pattern of market expansion without product growth

could hide offsetting effects across firm types, one group expanding its product portfolio and

the other one reducing it. We now examine whether being a single-product firm (SPF) or

multi-product firm (MPF) affects the relationship between automation and the margins of

export performance.16

Panel B of Table 3 shows results for the sub-samples of SPFs and MPFs, revealing

remarkable heterogeneity. For SPFs, automation generates positive effects that are larger

in magnitude than the baseline estimates. Most importantly, SPFs show a large increase

(36.8%) in the number of products exported. Therefore, they do not just expand their

market reach (number of countries), but also broaden their product scope.17 In contrast,

MPFs present a picture that clearly deviates from the baseline. While they increase their

number of destination countries and export intensity (exports/sales) after an automation

spike, they reduce the number of exported products and show no significant increase in

overall exports. This pattern may reflect a strategic focus on fewer products, which can

be rationalised through a model in which firms reduce their product scope to focus on core

varieties and enhance export competitiveness in global markets (Eckel and Neary, 2010).

SPFs thus appear to use automation to expand markets and product diversification,

similar to how SMEs firms prioritize product innovation to drive export growth as explained

above. In contrast, MPFs use automation for capacity expansion and cost efficiency, similar

to how large firms leverage automation (Antonioli et al., 2024). These firms reduce product

scope to streamline portfolios under global competition, becoming “leaner and meaner”

through process efficiencies (Bernard et al., 2011a; Eckel and Neary, 2010; Liu and Rosell,

2013; Mayer et al., 2014; Nocke and Yeaple, 2014; Qiu and Yu, 2020). In essence, SPFs

use automation to expand their scope and markets simultaneously, while MPFs use it to

consolidate and strengthen their competitive position.

16While firm size and firm types (single- vs multi-product firms) are related, correlation is not perfect.
Appendix Table A2 presents a cross-tabulation for the period 2002-2019, confirming that SPFs vs MPFs
provides a distinct dimension for analysis. Furthermore, descriptive statistics comparing single- and multi-
product firms are available in Appendix Table A3.

17There are increases also along intensive margins, i.e. average exports per product and per country.
These results are not displayed for conciseness but are available upon request.
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Table 3: Heterogeneity - Firm characteristics

Dependent Variable: Exports (log) Nb. countries (log) Nb. products (log) Share exports/sales

Panel A. Firm size: very small, small, medium and large firms

Only very small firms
ATTaggte 0.102 0.028 0.018 0.009

(0.072) (0.027) (0.030) (0.008)
Nb of obs 75,123 75,861 75,861 73,920

Only small firms
ATTaggte 0.107*** 0.046*** 0.024 0.012***

(0.039) (0.016) (0.016) (0.004)
Nb of obs 138,020 138,712 138,712 136,123

Only medium firms
ATTaggte 0.048 0.050** 0.021** 0.007

(0.046) (0.020) (0.022) (0.005)
Nb of obs 70,720 71,830 71,830 69,499

Only large firms
ATTaggte 0.093 0.019 0.066* 0.001

(0.093) (0.034) (0.039) (0.010)
Nb of obs 21,712 21,723 21,723 21,250

Panel B. Firm type: single- or multi- product firms

Only single-product firms
ATTaggte 0.761*** 0.208*** 0.368*** 0.034***

(0.076) (0.020) (0.021) (0.005)
Nb of obs 74,860 76,074 76,074 74,264

Only multi-product firms
ATTaggte 0.007 0.032*** -0.040*** 0.011***

(0.026) (0.011) (0.013) (0.003)
Nb of obs 221,636 221,909 221,909 217,558

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

6 Mechanisms

Having established that the distinction between single-product firms (SPFs) and multi-

product firms (MPFs) represents a crucial dimension of heterogeneity in automation effects,

we now examine the underlying mechanisms that drive these divergent responses. In particu-

lar, we focus on two key channels: (i) export destination markets – whether firms target high

vs. low-income countries and (ii) product complexity – whether firms upgrade or streamline

their product offerings.

6.1 Export destination channel

Our baseline and heterogeneity findings consistently show that automation helps firms ex-

panding their markets. But which markets do automating firms enter? We test whether the
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export performance of automating firms differs between high-income and low-income desti-

nation countries, as defined according to the World Bank classification.18 This distinction

is crucial for understanding firms’ strategies: high-income markets typically demand higher

quality products and offer learning opportunities, whereas low-income markets prioritize cost

competitiveness (Brambilla and Porto, 2016; Fajgelbaum et al., 2011).

Results in Table 4, Panel A show that when considering our full sample, results are practi-

cally identical for exports to high-income and low-income countries. However, when splitting

the sample into SPFs and MPFs (Panels B and C of Table 4, respectively), clear differences

emerge. Note that, since SPFs focus mostly on the high-income EU market, Panel B does

not include results for their export performance in low-income countries.19 After automa-

tion, SPFs expand their exports to high-income countries across all dimensions: volume,

number of destinations, and number of products. This pattern likely reflects increased trade

with other EU (high-income) neighbors such as Germany and Belgium. In addition, SPFs

– which are often also young (Grazzi and Moschella, 2018; Kim and Jo, 2024) – may prefer

entering large markets with characteristics similar to their domestic environment (Hallak,

2010; Schmeiser, 2012).

Table 4: Mechanism - Export destinations

Dependent variable: Exports (log) Nb countries (log) Nb products (log)

High income Low income High income Low income High income Low income

Panel A. All firms

ATTaggte 0.099*** 0.086** 0.059*** 0.027* 0.006 0.010
(0.029) (0.037) (0.012) (0.015) (0.013) (0.018)

Nb of obs 282,482 184,500 282,487 184,508 278,796 157,878

Panel B. Only single-product firms

ATTaggte 0.745*** 0.246*** 0.396***
(0.081) (0.025) (0.026)

Nb of obs 61,023 61,027 60,006

Panel C. Only multi-product firms

ATTaggte 0.043 0.070* 0.069*** 0.031** -0.012 0.006
(0.027) (0.037) (0.012) (0.015) (0.014) (0.019)

Nb of obs 213,301 155,158 213,302 155,165 209,794 131,832

Notes: This table presents CS estimates of ATTattge’s, separating the amount of exports of each firm per income group of export destinations.
High income countries are countries with high or upper-middle income according to the World Bank classification, while low income countries
belong to the lower-middle or low income categories. The control group consists of never-treated observations. In the group of only single-product
firms, there are no sufficient firms exporting to low income countries to report the regression results. Standard errors, clustered at the firm level,
are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

MPFs, shown in Panel C, expand their number of low and high-income destination mar-

18We treat upper-middle- and lower-middle-income countries as high- and low-income countries, respec-
tively.

19Our analysis of single-product firms exporting to low-income countries is limited by a small sample
size. We have only 33,684 firm-year observations for this group, compared to 79,944 for firms exporting
to high-income countries. After accounting for missing data, the number of observations is insufficient to
reliably estimate the Callaway and Sant’Anna (2021) regression model for the low-income country group.
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kets, but their export growth is limited to low-income markets, with no change in other

export performance dimensions. This finding aligns with Artuc et al. (2023), who report

that increased robot density in high-income countries enhances exports to less developed

countries. This pattern possibly reflects their ability to compete more effectively on cost

in price-sensitive markets, as the lack of product scope growth suggests MPFs prioritize

consolidating existing offerings and reducing costs through automation.

6.2 Product complexity channel

Another question that can allow us rationalising our results is: does automation fundamen-

tally change the nature of what different types of firms produce? To address this, we examine

how automation affects the complexity of exported products. As discussed in section 2, prod-

uct complexity serves as a crucial metric for understanding automation’s effects because it

captures firms’ latent productive capabilities and captures the technology intensity required

in production (Maggioni et al., 2016).20

Table 5: Mechanism - Complexity

Dependent variable: Top complexity

Panel A. All firms

ATTaggte -0.091**
(0.039)

Nb of obs 303,332

Panel B. Only single-product firms

ATTaggte 0.275***
(0.036)

Nb of obs 73,384

Panel C. Only multi-product firms

ATTaggte -0.099**
(0.042)

Nb of obs 219,816

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

Table 5 presents the effect of automation on the complexity of its frontier product, i.e. the

maximum complexity in a firm’s product portfolio. On average, firms reduce the complexity

of their most complex product. However, examining results by firm type reveals distinct pat-

terns that align with their export destination changes discussed above. For single-product

firms (Panel B), automation increases the complexity of their most complex product, com-

plementing their strategy of targeting high-income markets where quality and complexity

are valued (as discussed in the results in Table 4). In contrast, multi-product firms (Panel

20See how we compute our complexity measure in section 3.
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C) experience a decrease in the complexity of their most complex product. This pattern

is consistent with their overall reduction in product scope while expanding to low-income

markets, suggesting they may be streamlining their portfolio toward less complex but more

broadly marketable products (see also Tables 3 and 4 above).

In summary, these findings reveal a clear pattern when coupled with the destination

country analysis. Multi-product firms reduce the complexity of their most complex products,

which aligns with their increased focus on exporting to low-income destinations. In contrast,

single-product firms, despite having more limited resources, increase the complexity of their

top products while targeting high-income markets.

7 Robustness checks

In this section, we perform a comprehensive set of robustness checks to confirm the reliability

of our main findings and ensure that they are not influenced by specific methodological

choices or potential confounding factors. To begin with, we assess the sensitivity of our results

to alternative definitions of automation spikes, namely (1) retaining only spikes exceeding

a relative size threshold; (2) considering the first year of automation as a spike; and (3)

considering only spikes that take place later in our period, to increase the likelihood they

reflect “true” adoption of a new technology, rather than capital deepening. Next, we restrict

our sample to exclude specific types of firms that may influence our results. For instance,

we exclude potential re-exporters from our sample, to mitigate concerns that the imported

automation technologies are not actually employed in the production process; and we focus

on stable exporters to ensure our findings are not driven by sporadic exporters with volatile

exports. Finally, we perform additional technical checks, testing some of the assumptions we

make in our estimation approach, by allowing for anticipation effects, and adding covariates

to control for potential confounders. These results collectively strengthen the credibility of

our findings by addressing alternative explanations and ensuring the stability of our empirical

setup.

7.1 Alternative definitions of the automation spike

Relative size threshold

In our exercise, a spike is a firm’s largest yearly import of automation technologies, irrespec-

tive of its size. To isolate episodes that represent a sizable divergence from the import norm,

we introduce a relative size threshold to define a spike, inspired by Bessen et al. (2023).

They define an automation spike in year t as occurring when automation costs are at least
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three times the average firm-level cost share. We adapt this definition to our context, by

defining spikes as episodes in which a firm’s yearly imports of automation products are at

least three times as large as the average import value of such products in other years (at

constant prices). Results employing this alternative spike definition, shown in Table 6, Panel

A (Bessen definition), are fully consistent with our baseline findings.

Spike as first year of automation imports

Another concern related to our simple spike definition is that we do not systematically select

the first time a firm imports automated products. In this regard, it should be noticed that

the spike coincides with the first year of automation imports for 79% of firms in our baseline

sample. In regression where spikes are the first year of automation imports the results are in

tune with our main findings, with the exception that the positive coefficient for the number

of products also becomes significant.21

Late adopters

A final concern with our spike definition is that it may not truly capture the adoption of

new technologies, but instead reflect capital deepening in technologies that were already

employed. We can address this concern, thanks to the long time coverage of our data. We

now define spikes only based on imports in the 2010-2019 period, and we retain only those

that were not preceded by a relatively large episode of imports of automation-related capital

goods in 2002-2009. This approach ensures that we are likely to capture new technology

adoption, for the most recent automation technologies. Table 6, Panel A (Late adopters),

shows results that are in tune with the baseline.

7.2 Sample restrictions

Removing re-exporters

Our analysis assumes that the automation-related capital goods imported by firms are actu-

ally used in their production processes. However, some firms that import automation-related

products may resell them. While we are unable to track sales to the domestic French mar-

ket, our data allows us to identify firms that (may potentially) re-export automation-related

capital goods.22 We then exclude from our sample firms which import and export the same

automated goods, even if in different years. The results, shown in Table 6, Panel B (Remov-

21Results are available upon request.
22Carry-Along Trade (CAT), defined as exports by manufacturing firms of products not produced by

themselves, is an extensive phenomenon in international trade. Using data on production networks and
exports for the Belgian manufacturing sector, (Bernard et al., 2019) estimate that three quarters of the
exported products and 30% of the export value stem from goods not produced by the firms themselves.
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Table 6: Robustness Checks

Dependent Variable: Exports (log) Nb. countries (log) nb Nb. products (log) Share exports/sales

Panel A. Alternative definition for automation event

Bessen definition

ATTaggte 0.099*** 0.043*** 0.002 0.011***
(0.028) (0.010) (0.011) (0.003)

Nb of obs 306,789 308,345 308,345 301,974

Late adopters (2010-2019)

ATTaggte 0.077*** 0.034*** -0.006 0.008***
(0.027) (0.011) (0.013) (0.003)

Nb of obs 301,098 302,615 302,615 296,391

Panel B. Alternative samples

Removing re-exporters

ATTaggte 0.095*** 0.044*** 0.0339** 0.010***
(0.036) (0.013) (0.014) (0.003)

Nb of obs 228,173 229,606 229,606 225,357

Continuous exporters

ATTaggte 0.133*** 0.053*** 0.028* 0.015***
(0.035) (0.013) (0.016) (0.004)

Nb of obs 241,336 242,621 242,621 237,680

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

ing re-exporters), confirm our main findings, with the addition of a significant effect on the

number of products.

Continuous exporters

Our results might also be influenced by sporadic or irregular export behavior. To address this

concern, we limit the sample to continuous exporters, identified as firms in our treatment

group that export continuously 3 years before the event, and firms in the control group

as firms that export continuously during at least 3 years. The results using this restricted

sample, shown in Table 6, Panel B (Continuous exporters), remain largely consistent with our

baseline, again with the addition of a significant positive effect on the number of products.

7.3 Technical robustness checks

Anticipation effects

Adjustments by firms before adopting automation, such as changes in investment planning,

production or export market strategies, may question the validity of the no anticipation

assumption, on which our CS estimates rely. The Callaway and Sant’Anna (2021) estimator
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allows accounting for potential anticipation, where Equation 4 can be assumed to hold for

any t ≥ g − δ, instead of t ≥ g, where δ is a chosen anticipation parameter. Results for

δ = 1 are reported in Table 7, Panel A. The direction and significance levels of the results

align closely with our baseline findings, although the magnitudes are slightly lower, except

for total exports.

Different covariates: controlling for export growth

In our main results, a potential confounder could be demand conditions in destination mar-

kets, which may simultaneously drive firm’s automation choices and their export perfor-

mance. To address this, we add demand growth in destination markets, computed as ex-

plained in section 3, to the set of covariates in out CS estimation. Results are reported in

Table 7, Panel B. The findings are consistent with our baseline results, with no significant

changes in the sign or significance level of the estimated effects.

Table 7: Additional Robustness Checks

Dependent Variable: Exports (log) Nb. countries (log) Nb. products (log) Share
exports/sales

Panel A. Anticipation effects

ATTaggte 0.110*** 0.039*** 0.001 0.008**
(0.030) (0.011) (0.014) (0.004)

Nb of obs 296,128 297,654 297,654 291,551

Panel B. Different covariates

Control for export growth

ATTaggte 0.108*** 0.055*** 0.011 0.013***
(0.025) (0.011) (0.013) (0.003)

Nb of obs 253,373 253,375 253,375 248,975

Control for managers

ATTaggte 0.104*** 0.051*** 0.018 0.011***
(0.029) (0.010) (0.012) (0.011)

Nb of obs 304,480 306,024 306,024 299,727

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01.

Different covariates: controlling for managers

Recent literature emphasizes the role of managers in determining how firms react to a shock

(Qiu and Yu, 2020) or expand their markets (Mion et al., 2025). Controlling for the role of

managers is necessary to account for the influence of managerial decisions and capabilities

on a firm’s export performance, which might otherwise be attributed to automation. Results

obtained by including in the set of covariates a measure of managerial intensity, calculated as
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explained in section 3, are presented in Table 7, Panel B. They are consistent with previous

analyses.

8 Conclusion

This study investigates how a broad array of automation technologies enhance firm com-

petitiveness in international markets. By leveraging French firm-level data from 2002–2019

and employing a staggered difference-in-differences design, we show that the adoption of au-

tomation technologies, identified through spikes in the imports of automation-related capital

goods, significantly boosts export performance. We document the heterogeneity of these

effects, highlighting in particular one dimension that turns out to be particularly impor-

tant, namely whether a firm produces (before automation) a single product or multiple ones.

Single-product firms harness automation to expand their product scope and increase the

complexity of their exports, and to expand their exports towards high-income countries.

Multi-product firms, instead, optimize processes, streamlining portfolios for geographic di-

versification in low-income markets.

Our findings offer a comprehensive framework for understanding how automation re-

shapes global competitiveness across firm types, sizes, and technologies. To the best of our

knowledge, we are the first to highlight the importance of these different firm strategies,

in the literature on the effects of automation, in particular on its effects on exports. We

are also the first to show the heterogeneous effects of automation on exports for a large

developed country, using administrative panel data covering the entire population of manu-

facturing firms. While contributing to the automation literature in these ways, our results

also speak to research on imports and export performance (Bas and Strauss-Kahn, 2014);

as well as to the resource allocation literature (Eckel and Neary, 2010). By reconciling

seemingly contradictory findings in prior work, we show that scope economies in automation

determine whether firms experience substitution or complementarity between product and

process innovation activities. Our results suggest that innovation policies should account for

this heterogeneity to effectively support balanced technological development across different

types of firms.

Despite these contributions, some limitations need to be acknowledged. While our stag-

gered DiD approach aim to address selection between automation adopters and non-adopters,

we remain cautious in interpreting results as strictly causal due to potential presence of unob-

served firm-level shocks, and to the essentially strategic nature of investment in automation

technologies. Furthermore, our measure of automation is focusing on hardware or tangi-

ble assets. The exclusion of software is particularly important in the age of generative AI,
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which, as a general-purpose technology, may unfold its effect on international trade as well.

This represents a promising avenue for future research. The same holds for the question of

whether the pandemic, which we deliberately excluded from our observation period, altered

the intensity of automation and its effectiveness.

29



References

Abadie, A., S. Athey, G. W. Imbens, and J. M. Wooldridge (2023): “When should

you adjust standard errors for clustering?” The Quarterly Journal of Economics, 138,

1–35.

Abeliansky, A. L., I. Mart́ınez-Zarzoso, and K. Prettner (2020): “3D printing,

international trade, and FDI,” Economic Modelling, 85, 288–306.

Acemoglu, D., G. Anderson, D. Beede, C. Buffington, E. Childress, E. Din-

lersoz, L. Foster, N. Goldschlag, J. Haltiwanger, Z. Kroff, et al. (2023):

“Advanced Technology Adoption: Selection or Causal Effects?” AEA Papers and Pro-

ceedings, 113, 210–14.

Acemoglu, D., C. Lelarge, and P. Restrepo (2020): “Competing with Robots:

Firm-Level Evidence from France,” AEA Papers and Proceedings, 110, 383–88.

Acemoglu, D. and P. Restrepo (2020): “Robots and Jobs: Evidence from US Labor

Markets,” Journal of Political Economy, 128, 2188–2244.

——— (2022): “Demographics and automation,” The Review of Economic Studies, 89, 1–44.

Acs, Z. J. and D. B. Audretsch (1990): Innovation and small firms, MIT press.

Aghion, P., S. Bunel, X. Jaravel, T. Mikaelsen, A. Roulet, and J. Søgaard

(2025): “How different uses of AI shape labor demand: evidence from France,” AEA

Papers and Proceedings, 115, 62–67.

Alguacil, M., A. L. Turco, and I. Mart́ınez-Zarzoso (2022): “Robot adoption and

export performance: Firm-level evidence from Spain,” Economic Modelling, 114, 105912.

Amiti, M. and J. Konings (2007): “Trade liberalization, intermediate inputs, and pro-

ductivity: Evidence from Indonesia,” American Economic Review, 97, 1611–1638.

Antonioli, D., A. Marzucchi, F. Rentocchini, and S. Vannuccini (2024): “Robot

adoption and product innovation,” Research Policy, 53, 105002.

Artuc, E., P. Bastos, A. Copestake, and B. Rijkers (2022): “Robots and trade:

Implications for developing countries,” in Robots and AI, Routledge, 232–274.

Artuc, E., P. Bastos, and B. Rijkers (2023): “Robots, tasks, and trade,” Journal of

International Economics, 145, 103828.

30



Bas, M. and V. Strauss-Kahn (2014): “Does importing more inputs raise exports?

Firm-level evidence from France,” Review of World Economics, 150, 241–275.

Bergounhon, F., C. Lenoir, and I. Mejean (2018): “A guideline to French firm-level

trade data,” Unpublished manuscript.

Bernard, A. B., E. J. Blanchard, I. Van Beveren, and H. Vandenbussche (2019):

“Carry-along trade,” The Review of Economic Studies, 86, 526–563.

Bernard, A. B., M. Grazzi, and C. Tomasi (2015): “Intermediaries in international

trade: Products and destinations,” Review of Economics and Statistics, 97, 916–920.

Bernard, A. B., S. J. Redding, and P. K. Schott (2011a): “Multiproduct firms and

trade liberalization,” The Quarterly Journal of Economics, 126, 1271–1318.

——— (2011b): “Multiproduct firms and trade liberalization,” The Quarterly Journal of

Economics, 126, 1271–1318.

Bessen, J., M. Goos, A. Salomons, and W. van den Berge (2020): “Firm-level

automation: Evidence from the netherlands,” AEA Papers and Proceedings, 110, 389–93.

Bessen, J., M. Goos, A. Salomons, and W. Van den Berge (2023): “What happens

to workers at firms that automate?” The Review of Economics and Statistics, 1–45.

Bisio, L., A. Cuzzola, M. Grazzi, and D. Moschella (2025): “The dynamics of au-

tomation adoption: Firm-level heterogeneity and aggregate employment effects,” European

Economic Review, 173, 104943.

Bonfiglioli, A., R. Crino, H. Fadinger, and G. Gancia (2024): “Robot imports

and firm-level outcomes,” The Economic Journal, 134, 3428–3444.

Borusyak, K., X. Jaravel, and J. Spiess (2024): “Revisiting Event-Study Designs:

Robust and Efficient Estimation,” The Review of Economic Studies, 91, 3253–3285.

Brambilla, I. and G. G. Porto (2016): “High-income export destinations, quality and

wages,” Journal of International Economics, 98, 21–35.

Brynjolfsson, E., C. Buffington, N. Goldschlag, J. F. Li, J. Miranda, and

R. Seamans (2025): “Robot Hubs and the Use of Robotics in US Manufacturing Estab-

lishments,” AEA Papers and Proceedings, 115, 24–28.

Cal̀ı, M. and G. Presidente (2025): “Robots for economic development,” Labour Eco-

nomics, 96, 102731.

31



Callaway, B. and P. H. Sant’Anna (2021): “Difference-in-differences with multiple

time periods,” Journal of Econometrics, 225, 200–230.

Cao, Y., S. Chen, and H. Tang (2025): “Robot adoption and firm export: Evidence

from China,” Technological Forecasting and Social Change, 210, 123878.

Castellani, D. and C. Fassio (2019): “From new imported inputs to new exported

products. Firm-level evidence from Sweden,” Research Policy, 48, 322–338.

Chen, J. and J. Roth (2024): “Logs with zeros? Some problems and solutions,” The

Quarterly Journal of Economics, 139, 891–936.

Coad, A., N. Mathew, and E. Pugliese (2021): “Positioning firms along the capabil-

ities ladder,” Working Paper Series 2021-031, Maastricht Economic and social Research

institute on Innovation and Technology (UNU-MERIT).

Cohen, W. M. and S. Klepper (1996): “Firm size and the nature of innovation within

industries: the case of process and product R&D,” The Review of Economics and Statistics,

232–243.

Dachs, B. and A. Wolfmayr (2025): “Digital production technologies and exports,”

Industry and Innovation, 1–21.

De Chaisemartin, C. and X. d’Haultfoeuille (2020): “Two-way fixed effects estima-

tors with heterogeneous treatment effects,” American Economic Review, 110, 2964–2996.

DeStefano, T. and J. Timmis (2024): “Robots and export quality,” Journal of Develop-

ment Economics, 168, 103248.

Dhingra, S. (2013): “Trading away wide brands for cheap brands,” American Economic

Review, 103, 2554–2584.

Dixon, J., B. Hong, and L. Wu (2021): “The robot revolution: Managerial and employ-

ment consequences for firms,” Management Science, 67, 5586–5605.

Domini, G., M. Grazzi, D. Moschella, and T. Treibich (2021): “Threats and

opportunities in the digital era: automation spikes and employment dynamics,” Research

Policy, 50, 104137.

——— (2022): “For whom the bell tolls: the firm-level effects of automation on wage and

gender inequality,” Research Policy, 51, 104533.

32



Dosi, G., M. Grazzi, and D. Moschella (2015): “Technology and costs in international

competitiveness: From countries and sectors to firms,” Research policy, 44, 1795–1814.

Eckel, C. and J. P. Neary (2010): “Multi-product firms and flexible manufacturing in

the global economy,” The Review of Economic Studies, 77, 188–217.

Faber, M. (2020): “Robots and reshoring: Evidence from Mexican labor markets,” Journal

of International Economics, 127, 103384.

Fajgelbaum, P., G. M. Grossman, and E. Helpman (2011): “Income distribution,

product quality, and international trade,” Journal of Political Economy, 119, 721–765.

Feng, L., Z. Li, and D. L. Swenson (2016): “The connection between imported in-

termediate inputs and exports: Evidence from Chinese firms,” Journal of International

Economics, 101, 86–101.

Freund, C., A. Mulabdic, and M. Ruta (2022): “Is 3D printing a threat to global

trade? The trade effects you didn’t hear about,” Journal of International Economics, 138,

103646.

Frey, C. B. and M. A. Osborne (2017): “The future of employment: How susceptible

are jobs to computerisation?” Technological Forecasting and Social Change, 114, 254–280.

Goodman-Bacon, A. (2021): “Difference-in-differences with variation in treatment tim-

ing,” Journal of Econometrics, 225, 254–277.

Graetz, G. and G. Michaels (2018): “Robots at work,” Review of Economics and

Statistics, 100, 753–768.

Grazzi, M., N. Jacoby, and T. Treibich (2016): “Dynamics of investment and firm per-

formance: Comparative evidence from manufacturing industries,” Empirical Economics,

51, 125–179.

Grazzi, M. and D. Moschella (2018): “Small, young, and exporters: New evidence on

the determinants of firm growth,” Journal of Evolutionary Economics, 28, 125–152.

Hallak, J. C. (2010): “A product-quality view of the Linder hypothesis,” The Review of

Economics and Statistics, 92, 453–466.

Hidalgo, C. A. and R. Hausmann (2009): “The building blocks of economic complexity,”

Proceedings of the National Academy of Sciences, 106, 10570–10575.

33



Hirvonen, J., A. Stenhammar, and J. Tuhkuri (2022): “New evidence on the effect

of technology on employment and skill demand,” Preprint on webpage at https://www.

aeaweb.org/conference/2023/program/paper/NfZ9A2sZ.

Humlum, A. and E. Vestergaard (2025): “Large language models, small labor market

effects,” NBER Working Paper w33777, National Bureau of Economic Research.

Kim, S. and K. Jo (2024): “Product Switching and Young Firm Dynamics,” Preprint

on webpage at https://seulakim-econ.github.io/paper/Product_Switching_and_

Young_Firm_Dynamics_KIM_JO.pdf.

Koch, M. and I. Manuylov (2023): “Measuring the technological bias of robot adoption

and its implications for the aggregate labor share,” Research Policy, 52, 104848.

Koch, M., I. Manuylov, and M. Smolka (2021): “Robots and firms,” The Economic

Journal, 131, 2553–2584.

Krenz, A., K. Prettner, and H. Strulik (2021): “Robots, reshoring, and the lot of

low-skilled workers,” European Economic Review, 136, 103744.

Letterie, W. A., G. A. Pfann, and J. M. Polder (2004): “Factor adjustment spikes

and interrelation: an empirical investigation,” Economics Letters, 85, 145–150.

Lin, C., S. Xiao, and Z. Yin (2022): “How do industrial robots applications affect the

quality upgrade of Chinese export trade?” Telecommunications Policy, 46, 102425.

Lin, P. (2004): “Process and product R&D by a multiproduct monopolist,” Oxford Eco-

nomic Papers, 56, 735–743.

Liu, R. and C. Rosell (2013): “Import competition, multi-product firms, and basic

innovation,” Journal of International Economics, 91, 220–234.

Maggioni, D., A. L. Turco, and M. Gallegati (2016): “Does product complexity

matter for firms’ output volatility?” Journal of Development Economics, 121, 94–109.

Mayer, T., M. J. Melitz, and G. I. Ottaviano (2014): “Market size, competition,

and the product mix of exporters,” American Economic Review, 104, 495–536.

Melitz, M. J. (2003): “The impact of trade on intra-industry reallocations and aggregate

industry productivity,” Econometrica, 71, 1695–1725.

34

https://www.aeaweb.org/conference/2023/program/paper/NfZ9A2sZ
https://www.aeaweb.org/conference/2023/program/paper/NfZ9A2sZ
https://seulakim-econ.github.io/paper/Product_Switching_and_Young_Firm_Dynamics_KIM_JO.pdf
https://seulakim-econ.github.io/paper/Product_Switching_and_Young_Firm_Dynamics_KIM_JO.pdf


Mion, G., L. D. Opromolla, and A. Sforza (2025): “The value of managers’ export

experience: Lessons from the Angolan civil war,” Review of Economics and Statistics, 107,

580–587.

Nocke, V. and S. Yeaple (2014): “Globalization and multiproduct firms,” International

Economic Review, 55, 993–1018.

Qiu, L. D. and M. Yu (2020): “Export scope, managerial efficiency, and trade liberaliza-

tion: Evidence from Chinese firms,” Journal of Economic Behavior & Organization, 177,

71–90.

Schmeiser, K. N. (2012): “Learning to export: Export growth and the destination decision

of firms,” Journal of International Economics, 87, 89–97.

Sun, L. and S. Abraham (2021): “Estimating dynamic treatment effects in event studies

with heterogeneous treatment effects,” Journal of Econometrics, 225, 175–199.

Tacchella, A., M. Cristelli, G. Caldarelli, A. Gabrielli, and L. Pietronero

(2012): “A new metrics for countries’ fitness and products’ complexity,” Scientific Reports,

2, 723.

Topalova, P. and A. Khandelwal (2011): “Trade liberalization and firm productivity:

The case of India,” Review of Economics and Statistics, 93, 995–1009.

Zolas, N., Z. Kroff, E. Brynjolfsson, K. McElheran, D. N. Beede, C. Buffin-

gton, N. Goldschlag, L. Foster, and E. Dinlersoz (2021): “Advanced technolo-

gies adoption and use by US firms: Evidence from the annual business survey,” NBER

Working Paper w28290, National Bureau of Economic Research.

35



A Appendix A

Table A1: HS 2012 codes for automation capital goods

Label HS codes

Industrial robots 847950
Dedicated machinery 847989
Automatic machine tools (including
numerically controlled machines)

845600-846699, 846820-846899, 851511-851519

Automatic welding machines 851521, 851531, 851580, 851590
Weaving and knitting machines 844600-844699, 844700-844799
Other textile dedicated machinery 844400-844590
Automatic conveyors 842831-842839
Automatic regulating instruments 903200-903299
3-D printers 847780

Notes: This list is based on Acemoglu and Restrepo (2022), to which we added 3D printers.

Table A2: Distribution of firms by size and type.

Size group Adopters SPFs MPFs Nb. firms

Very small (0-9) 5,069 23,893 7,367 32,259
Small (10-49) 7,740 11,684 9,810 22,222
Medium (50-249) 5,137 1,695 5,569 7,470
Large (250+) 1,712 128 1,747 1,890

Notes: This table presents the distribution of firms by firms’ characteristics (size and types of firms), for the period 2002-2019. Minor discrepancies
between SPFs + MPFs and total firm counts are due to missing data.

Table A3: Descriptive statistics by firm type and adoption status

Single-product firms Multi-product firms

Adopters Non-adopters Adopters Non-adopters

Variable Mean Std.
Dev.

Mean Std.
Dev.

Mean Std.
Dev.

Mean Std.
Dev.

Log exports 10.54 2.60 9.66 2.25 14.11 2.59 12.32 2.26
Log number of countries 0.49 0.66 0.34 0.54 1.80 0.99 1.35 0.91
Log number of products 0.56 0.74 0.36 0.56 1.84 1.04 1.46 0.92
Share of exports over sales 0.07 0.15 0.06 0.13 0.25 0.25 0.19 0.22

Observations (N) 89,225 277,490 163,919 121,906

Notes: This table presents descriptive statistics for firms based on their product scope (single vs. multi-product) and their adoption status. The
descriptive stats base on the whole sample. For each variable, the mean and standard deviation are reported.
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Table A4: Heterogeneity - Technology types

Dependent Variable: Exports (log) Nb. countries (log) Nb. products (log) Share
exports/sales

Only automatic conveyors
ATTaggte -0.052 0.007 -0.134** -0.002

(0.074) (0.026) (0.063) (0.010)
Nb of obs 175,967 177,009 177,009 173,440

Only textile machinery
ATTaggte -0.066 -0.021 -0.062 -0.013

(0.087) (0.034) (0.073) (0.011)
Nb of obs 153,534 154,549 154,549 151,580

Only weaving machines
ATTaggte 0.030 0.043 -0.021 -0.011

(0.095) (0.046) (0.050) (0.013)
Nb of obs 150,473 151,489 151,489 148,628

Only automatic machine tools
ATTaggte 0.117*** 0.055*** 0.015 0.013***

(0.032) (0.013) (0.014) (0.003)
Nb of obs 263,751 265,144 265,144 259,539

Only dedicated machinery
ATTaggte -0.016 0.011 -0.070*** -0.002

(0.061) (0.017) (0.024) (0.005)
Nb of obs 212,025 213,150 213,150 208,555

Only automatic welding machines
ATTaggte 0.147** 0.044* -0.013 0.002

(0.060) (0.024) (0.030) (0.007)
Nb of obs 183,120 184,171 184,171 180,302

Only regulating instruments
ATTaggte 0.081 0.040** -0.057** 0.011*

(0.061) (0.019) (0.026) (0.006)
Nb of obs 210,619 211,718 211,718 207,145

Notes: This table presents CS estimates of ATTattge’s. The control group consists of never-treated observations. Standard errors, clustered at
the firm level, are reported in parentheses, with significance levels denoted as *p < 0.1, **p < 0.05, ***p < 0.01. Treated groups consist of firms
adopting only one technology type: automated conveyors, textile dedicated machinery, weaving and knitting machines, automated machine tools,
dedicated machinery, automated welding machines, and automated regulating instruments.
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