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Abstract

In this paper we study the impact of investment in automation-related goods on

firm- and worker-level outcomes in Portuguese manufacturing over the period 2004-

2021. For this purpose, we combine linked employer-employee data and firm balance

sheet data with automation-related imports from trade transaction data. We estimate

the effects on adopters’ outcomes within a difference-in differences design exploiting

import lumpiness in product categories linked to automation and AI technologies.

We contribute to this emerging literature in three ways: First, we confirm several

of the firm-and industry-level. Second, we investigate heterogeneous effects across

different type of workers by looking at the impact on employment shares. Third,

we study heterogeneous effects across different type of firms considering firm size

and firm age. We find a positive average effect on the adopters’ employment, value-

added and the labor share, whereas mean hourly wages decline two years after the

automation event. Investigating differences in the treatment effect across different

group of workers, we find that the employment share of low-educated workers, blue-

collar workers and routine-intensive workers increases. Crucially, the employment

effect is heterogeneous across firms: a positive scale effect is predominant among

small firms, whereas a negative displacement effect is predominant larger firms. In

addition, we detect positive employment effects among young firms, but not for old

firms. Finally, we find that the positive effects for low-educated, routine-manual and

blue-collar workers are driven by the employment increases in small firms. In contrast,

in larger firms automation favors high-educated workers at cost of middle-educated

workers. Our results emphasize that heterogeneity and the socioeconomic context

matter.

1 Introduction

Does automation steal our jobs? Automation is defined as a technology that can perform

a task without human intervention (Nof, 2009) and therefore may replace workers in some

or all of their tasks. Recent advances in robots and Artificial Intelligence (AI) and their
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rapid diffusion raised again concerns about the potential adverse effects of automation on

employment and inequality (Ford, 2015; Eurobarometer, 2017; Pew, 2017; Arntz et al.,

2022). Such concerns have been further fueled by a number of speculative studies pre-

dicting striking job losses in occupations that are susceptible to automation (Arntz et al.,

2017; Frey and Osborne, 2017; Nedelkoska and Quintini, 2018). It comes unsurprising that

the question about how automation affect the organisation of work, tasks and industries

receives enormous attention both among researchers and the general public.

From a theoretical point of view, the effects of the adoption of automation technology

on employment are ambiguous as both job creating and destroying mechanisms may be at

work. In the task-based model (Acemoglu and Restrepo, 2019, 2022; Restrepo, 2023), au-

tomation displaces increasingly workers performing routine-intensive tasks. These are in

particular clerical or production jobs with routine tasks that are easier to codify and auto-

mate (Autor et al., 2003). However, this initial displacement effect may be counteracted by

cost-saving gains and by the creation of new tasks leading firms to expand their production

scale and increase their demand of labor. These compensation effects are likely to work

in favor of workers performing non-automated tasks. Moreover, when adopters increase

their productivity and gain market shares this occurs at costs of non-adopting competitors

that experience productivity and employment losses (business stealing effects).1 Finally,

as firms exhibit heterogeneous adoption patterns of new emergent technologies (Dosi and

Nelson, 2010), and the diffusion of those technologies takes time, the sectoral and the

economy-wide effects of labor-saving technologies are the consequences, at each point in

time, of the interaction between adopting and non-adopting firms.

A rapidly emerging empirical literature investigating the impact of recent waves of

automation technology offers mixed evidence. Most studies are based on country and

industry-level data, which come across positive, negative and zero employment effects for

more exposed industries and regions (Graetz and Michaels, 2018; Acemoglu and Restrepo,

2020; Gentili et al., 2020; Dauth et al., 2021; Dottori, 2021). A growing literature that

has turned to firm-level data tends to find that following an automation event firms in-

crease their employment (Acemoglu et al., 2020; Dixon et al., 2021; Domini et al., 2021;

Koch et al., 2021), whereas non-adopting competitors experience employment losses (Ace-

moglu et al., 2020, 2023; Koch et al., 2021). However, some studies find as well negative

employment effects (Bessen et al., 2020, 2023; Bonfiglioli et al., 2020). Finally, studies

considering heterogeneous effects across different groups of workers remain inconclusive

as they provide several conflicting results: For French data, Acemoglu et al. (2020) find

declines in the share of production workers, Aghion et al. (2021) find positive employment

effects for unskilled production workers, whereas Domini et al. (2021) find no significant

changes in the composition of the workforce considering among others production workers

1Note that a further compensation force is the Schumpeterian mechanism of new product introduction,
as shown in Dosi et al. (2021). However, given the structure of the Portuguese economy this effect is
in our case neglectable. For a more thorough discussion of the theoretical literature and other potential
mechanisms see Staccioli and Virgillito (2021); Aghion (2021); Corrocher et al. (2023)

2



and routine-intensive workers. Using both Dutch data, Acemoglu et al. (2023) find neg-

ative employment and wage effects for routine production workers and for low educated

workers, while Bessen et al. (2023)’s results indicate adverse effects for middle-educated

workers. To take stock, we are far from a consensus about the impact of automation at

the industry, firm and worker-level.

Against this backdrop, we provide novel empirical evidence for Portugal. Importantly,

we emphasize the role of heterogeneity that is crucial to understand and unveil the vari-

ous job-creating and destroying effects that are at work. More specifically, we study the

effects of adoption of automation-technology at the firm-level. For this purpose, we con-

struct a panel for manufacturing firms spanning the period 2004-2021 combining linked

employer-employee data with firm balance sheet data and trade transaction data. To

proxy investments in automation technology we rely on the frequently used import-based

approach (e.g, Acemoglu et al., 2020; Dixon et al., 2021; Domini et al., 2021) exploit-

ing granular product-level information of traded goods. We identify automation events

leveraging the lumpy nature of investments in automation technology. Our identification

strategy is based on the variation in timing of adopting firms as well as on the comparison

between adopting and non-adopting firms employing a staggered difference-in-difference

model. To account for the by now well-documented problems related to the presence of

heterogeneous effects (de Chaisemartin and D’Haultfœuille, 2020; Goodman-Bacon, 2021),

we rely on the estimation method recently provided by Callaway and Sant’Anna (2021)

that is more robust in such empirical settings. This approach allows us to examine the

before-and-after effects of an automation spike in Portuguese manufacturing firms.

We contribute to this emerging literature in three ways: First, we confirm several

of the firm-and industry-level findings for Portugal. We find that firms increase their

employment following an automaton event. Moreover, we find positive effects for value-

added and the labor share, whereas mean hourly wages decline. Second, the richness of

our data allows us to investigate heterogeneous effects across different type of workers.2

More precisely, we explore the evolution of employment shares around automation events

with respect to the educational level, the task-intensity, macro-occupation groups and by

the type of the contract. Our results suggest, in strong contrast to the task-based model,

that automation increase the employment share of low-educated workers, routine-manual

workers and blue-collar workers. In addition, we find that automation favors permanent

contracts.

Finally, we explore the effect of automation technology through the lens of hetero-

geneity across firms. Specifically, we consider smaller vs. larger firms and young vs.

older firms. Our main contribution is that we detect that the employment effect at the

firm-level differs: Smaller firms increase in employment following an automation event,

whereas larger adopters experience declines. While we find positive employment effects

2Note that most previous studies lack the access to detailed information of the occupational group (e.g.
Koch et al., 2021; Bessen et al., 2023)
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across young firms, but not for older firms. Importantly, we find that the positive effects

for low-educated, routine-manual and blue-collar workers are driven by the employment

increases in small firms. In contrast, in larger firms automation favors high-educated

workers at cost of middle-educated workers. However, for large firms we cannot find any

changes in the composition of the workforce w.r.t. to task groups and macro-occupation

groups. Finally, we find that both in small and large firms fixed-term contracts decline.

Our results show that the average employment effect of adopting firms hides hetero-

geneous dynamics in particular between smaller and larger firms. Importantly, this drives

how automation affects different groups of workers. To take stock, our results do not

reconcile with the clear predictions of the task-based framework. Instead, they empha-

size the importance of the socioeconomic context. Crucially, our results have important

implication for labor policy and so-called national Industry 4.0 strategies. For example,

as the Industry 4.0 strategy of Portugal targets in particular small- and medium-sized

enterprises, while other strategies favor large firms.

This paper continues as follows. In Section 2 we present our data and descriptive

statistics on the characteristics of automation investments and differences between adopt-

ing and non-adopting firms. In section 3 we discuss our empirical model as well as our

results from the event study. Section 4 concludes.

2 Data and Descriptive Statistics

The empirical analysis in this paper combines and examines several administrative data

sources provided by the Portuguese National Statistics Institute (INE). We combine linked

employer-employee data with firm balance sheet data and automation-related imports from

trade transaction data using the unique firm identifier. Our final panel covers a broader

definition of the manufacturing sector of continental Portugal spanning the period 2004-

2021. In this section we provide a brief description of each data source, their integration

into a unique firm-level panel and the main variables of interest, while we give further

details about its treatment in the Appendix A.

2.1 Data sources

Linked employer-employee data. The Quadros de Pessoal (QP), administered by

the Ministry of Employment of Portugal, draws on a compulsory annual census of all

private firms in Portugal that employ at least one dependent worker and is conducted since

1985.3 Currently, the full sample includes about 350,000 firms and 3 million employees in

each year. Each firm is required by law to report information on it’ characteristics, for

each of its plants, and for each of its workers at the end of the census reference month

3Note that in the census public administration and non-market services are excluded. QP has been
widely used by, amongst others, Blanchard and Portugal (2001), Cabral and Mata (2003) and Card et al.
(2015, 2018).
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October of each year. Entering the database each firm and each worker are assigned a

unique, time-invariant identifying number making it possible to track firms and workers

over time.4 Variables available in the data set include among other the firm’s location,

industry, date of creation, employment, sales, ownership and legal basis. At the worker-

level, the data covers information on worker’s demographic characteristic (date of birth,

gender, education and so forth) and job characteristics (occupation group, wage, hours

worked, type of contract, and so forth).

Balance Sheet data. The next set of data to be used is the Sistema de Contas

Integrado da Empresa (SCIE) available since 2004. It is a yearly census of firms collected

by INE with the main objective to characterize the economic and financial performance

of companies.5 The data covers all firms (companies, individual entrepreneurs, and self-

employed) pertaining to the non-financial business sector that carry out an activity pro-

ducing goods or services during the year.6 The large number of variables include among

other firm’s industry classification (5-digit CAE Rev.3), births and deaths of companies

as well as accounting statements, e.g. value added, sales and the wage bill.7

Trade transaction-level data. The third data source is the Comércio Internacional,

which records individual trade transactions (imports and exports) on a monthly basis for

firms that are located in Portugal. The information are collected separately for EU part-

ner countries and non-EU partners. Information on extra-EU transactions are collected

by customs declarations, which cover the universe of external trade transactions (“Extra-

stat”). Since 1993, following the creation of the Single European Market, information on

intra-EU transactions has come from the Intrastat system. It is a survey that must be

answered by firms whose value of intra-EU trade transactions exceeds a legally binding

threshold that has changed over time. For example in 2015 the Portuguese thresholds were

set at 250,000 Euro and 350,000 Euro for exports and imports, respectively. Throughout

the sample period, the thresholds were set to ensure that the survey overall includes at

least 97 percent of intra-EU exports and 93 percent of intra-EU imports each year.8 For

each transaction the database reports among other trade value (in euros), trading partner

4The purpose of this survey is to verify if firms are complying with labor law. Since employers are the
one reporting the data, variables such as wages and worker qualifications are less prone to measurement
error. The unique worker identifier is based on the worker’s social security number. In addition, the
Ministry of Employment implements several checks to certify the quality of the data. Overall this implies
a high degree of coverage and reliability.

5The information gathered in this dataset is the result of a process of integrating information on
companies, initially from the Annual Business Survey (IEH) and later from administrative information
from the protocol signed with the Tax and Customs Authority

6Accordingly, financial and insurance companies are excluded, as are entities that are not market-
oriented, namely central and local public administration units and various associative activities.

7All the data is subjected to comparisons between year n and year n-1, paying special attention to
possible deaths and births of companies, as well as changes in activity, region, levels of staff employed,
turnover and legal form. Whenever necessary, companies are contacted to provide additional clarifications,
which may or may not lead to occasional corrections, in order to guarantee the statistical quality of the
information to be made available.

8Note that this data is the country’s official information source on imports and exports used for official
trade statistics.
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country and an 8-digit Combined Nomenclature (CN) product code, an extension of the

6-digit international Harmonized System (HS) trade classification. We use CI to identify

importing firms and their imports of automation-related goods based on the 6-digit HS

code.

2.2 Sample Selection

We combine firm-level workforce information from QP with firm’s accounting information

from SCIE and trade information from CI using the unique, time-invariant firm identifier.

We keep only firm observations that appear both in the QP and SCIE data sources.

The integration of our three sources restrict the analysis to the period 2004-2021. We

assign each firm a permanent 2-digit sector based on the most frequent occurrence, since

firms industry code may vary across years. We consider in our analysis firms based in

continental Portugal and active in manufacturing. Yet we consider a broader definition

including manufacturing, mining, energy, water and waste and transportation and storage

identified as those who reported main activity codes belonging to division 10-33, 5-9,

35-39, 49-53 of the CAE Rev.3, respectively. We exclude individual entrepreneurs and

self-employment enterprises. Considering workers, we restrict the analysis to dependent

workers aged between 18 and 65 years old (working-age population). Observations with

unreasonable values (e.g. non-positive turnover or gross value added, non-complete basic

remuneration, etc.) were discarded. Since our measure of the adoption of automation

technology is based on imported product categories, we focus in most of our exercises only

on firms that import. In the following we distinguish between the full sample of firms

and the importer sample, which includes firms that import at least once over the observed

period 2004-2021. All monetary values are being deflated using the Consumer Price Index

from INE.

2.3 Automation imports

Data on the adoption of automation technologies at the firm level is rare.9 Alternatively,

we rely on firm-level information on the value of yearly imports of automation technology

from the Comércio Internacional (CI) dataset to construct our proxy for the adoption of

automation technology. This import-based approach to proxy the adoption of automation

technology has been frequently used in the literature (e.g., Acemoglu et al., 2020, 2023;

Dixon et al., 2021; Domini et al., 2021, 2022; Humlum, 2019).

More specifically, we identify at the firm-level import goods that embed automation-

and AI-related technologies based on their 6-digit Harmonized System (HS) product

code. Automation-related imports are identified following the taxonomy presented by

Acemoglu and Restrepo (2021) partitioning all HS codes referring to capital goods (di-

9Currently, such data is available among very few countries, e.g. Germany (Deng et al., 2021), Spain
(Koch et al., 2021) and a cross-sectional dataset for the United States (Acemoglu et al., 2022).

6



visions, 82,94,85,87,90) into several categories of automated and non-automated goods.

This includes industrial robots, automatically controlled machines, numerically-controlled

machines, automatic welding machines and other. We follow the extensions by Domini

et al. (2021, 2022) including 3-D printers (Abeliansky et al., 2020) and imports that relate

to AI, namely automatic data processing machines and electronic calculating machines.

For a more detailed description see table 2.

Since innovative activity and the exports of capital goods are highly concentrated in

a handful of industrialized countries, the diffusion of technological advances takes usually

place via trade (Eaton and Kortum, 2001). Andreoni et al. (2023) demonstrate that

European countries, with the exception of Germany, have a neglectable role in the export

of automation- and AI related capital goods in the global trade network. Therefore,

our import-based measure should be a reliable indicator of investments in automation in

Portugal. Nevertheless, it has some potential limitations that shall be discussed. First,

firms might be wrongly labeled as non-adopters, because firms might purchase automation

technologies domestically rather than abroad. However, given the production structure

of the Portuguese economy, this is not very likely. Juchniewicz and  Lada (2020) show

that the Portuguese high-tech sector is significantly delayed and not very competitive in

comparison to other European countries. Based on patent data Cséfalvay and Gkotsis

(2022) do not find any domestic suppliers of industrial robots in Portugal. However, to

reduce the probability to incorrectly label firms as non-adopters, we restrict our empirical

analysis to importing firms. Additionally, we further decrease the likelihood when we

repeat our baseline estimation including only adopters, i.e. firms that buy automation-

related goods from abroad at least once, and considering only the adoption of industrial

robots. Second, firms might resort to an intermediary to purchase goods abroad (Blum

et al., 2010; Bernard et al., 2010; Ahn et al., 2011), but they are much less likely to do so

for more complex goods (Bernard et al., 2015), involving higher relation specificity such

as the ones we are focusing on here. Third, firms might be wrongly classified as adopting

firms because they may resell them in the domestic or international markets. However, our

analysis does not include retailers and intermediaries. Furthermore, manufacturing firms

are known to engage in the (re)export of goods that they do not produce, so-called Carry

Along Trade (CAT) (Bernard et al., 2019). Therefore, we run some robustness checks in

which we exclude re-exporting firms.

2.4 Automation spikes

Figure 1 displays a steady increase both in the cumulative value of imports and in the

share of firms importing automation technology over the period 2004-2021. Although only

a small fraction of firms imports automation technology (13% in 2021), they account for

a large share of employment that increases over time (from around 45% in 2004 to 53%

in 2021). Among firms that import at least once over the observed period, the share of

7



Figure (1) Evolution of Automation imports in Portugal (2004-2020)

Notes: Figure 1 displays the cumulative value of automation-related imports, the share of firms that
already imported automation technology, the employment share of firms that import automation at some
point over the period 2004-2021. Red graphs are based on the full sample of firms and black graphs
considering solely importers.

adopters is substantially higher (around 41% in 2021) representing an employment share

of 71%. Consequently, automating firms represent a highly significant part of modern Por-

tuguese manufacturing despite the small share of adopters. Looking at the distribution

of automation-related imports, figure 2a and figure 2b indicate a high degree of hetero-

geneity across and within industries (2-digit).10 The right panel shows that the total

stock of automation imports concentrates in few industries, e.g. Transport equipment and

metal products account alone for almost 50% of all imports. The left panel illustrates that

adoption rates differ strongly between industries. Moreover, overall within industries au-

tomation remains rare as most firms do not import automation technologies. Importantly,

figure 2 depicts that robots represent only a small share of automation processes. This

emphasizes the need to consider broader measures of automation technology rather than

focusing solely on robots.

As already shown in Bessen et al. (2020, 2023) and Domini et al. (2021, 2022), automation-

and AI-related imports display the typical spiky behaviour of an investment variable (As-

phjell et al., 2014; Letterie et al., 2004; Grazzi et al., 2016). This means that, such imports

are rare (i) across and (ii) between firms as well that (iii) a spike represents a very high

share of total investment within firms. We demonstrate that this holds as well for Por-

10Note that there are positive imports of automation technologies across all industries.
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Figure (2) Diffusion of Automation-related Imports across Industry

(a) Share of firms (b) Cumalated Imports

Notes: Panel 2a shows the share of firms that imported once automation technologies by industry. Panel
2b shows the cumulative value of automation-related imports by industry. Both figures are based on the
full sample of firms displaying the year 2021.

tuguese firms in manufacturing: First, only around 13% of Portuguese manufacturing

firms import automation- and AI-related goods. Second, figure 3a demonstrates that such

imports are rare within firms. Among firms who import automation technology, around

35% does it only once, and the frequency decreases smoothly with higher values, except for

a small group of firms who import automated goods in all years. Finally, figure 3b shows

that a the firm’s largest episode represents on average more than 75% of total automation

imports, whereas the median represents more than 80% of total automation investment.

The shares of lower ranks then rapidly decrease in value.

These statistical properties of automation-related imports, allow us to detect distinct

automation events. In line with the previous literature (Domini et al., 2021, 2022; Bisio

et al., 2023), we define the largest event for each firm as an automation/AI spike, because

of the very skewed nature of this variable within firms. Figure 8 illustrates the evolution of

automation imports around our definition of an automation events. Showing a clear one-

period increase in automation imports in the year of adoption, the graph gives confidence

in our definition.

2.5 Descriptive Statistics

Table 4 provides information on the characteristics between adopting and non-adopting

firms. The comparison shows that adopting firms are distinctly different from non-

adopting firms: they are on average larger, more productive, pay higher, whereas the

9



Figure (3) Spikeness of automation imports

(a) Number of years with automation imports (b) Investment shares by rank

Notes: Panel 3a shows the shares of the number of years in which firms import automation technology
among firms that import automation-related goods at least once. Panel 3b ranks the mean and median
of firms’ shares of each year’s imports (out of all years) from the largest to smallest.

labor share is substantially lower. Nevertheless, note that 70% of the adopting firms are

small-sized. Moreover, adopters are more likely to export, to be in multinational own-

ership and to be older. Moreover, these differences are less pronounced if we make the

comparison with non-adopting importers, even though they remain substantial. Crucially,

figure 4 illustrates that differences between adopting and non-adopting firms are already

ex ante present. Over time adopting firms appear to experience larger growth rates in

terms of employment and gross value added. For average hourly wages the graph is less

clear, even though it appears to be that the distributions become more similar over time.

Moreover, the labor share is growing for both adopting and non-adopting firms over the

observed period.

Considering differences in the workforce composition table 5 shows that in adopting

firms the share of routine-intensive, low-educated and blue-collar workers tends to be less.

Interestingly, 9c depicts that the evolution of the employment shares for these groups of

workers between adopting and non-adopting firms is practically identical suggesting that

these differences might not be driven by automation. Looking on the type of contract,

5 depicts that there appear to be no significant differences between adopting and non-

adopting firms. However, figure 9d illustrates that even though both adopters and non-

adopters make more and more use of fixed-term contracts over time, there is an increasingly

growing edge between them. This is surprising since one might expect that the adoption

of automation technology would pronounce such differences. Looking on the employment

10



shares by the type of contract, we see that both firms make increasingly use of fixed-term

contracts over the observed period, whereas non-adopters use these increasingly more than

adopters. Interestingly, even though automating firms pay higher wages, almost across all

groups of workers, wage trends are in favor of workers in non-automating firms.

Figure (4) Before–After Comparison of the Distribution for Key Variables

(a) Number of employees (log) (b) Labor Share

(c) Avg. Hourly Wage (log) (d) GVA (log)

Notes: Figure 4 shows the the distribution of four key outcome variables between adopters (red) and

non-adopters (black). The solid lines show the empirical probability density function of the first year a

firm is in the panel and the dashed line of the last year. The figures are based on the importer sample.
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3 The effect of automation events

As discussed in Section 2.4, automation investments have the statistical property to occur

in spikes. We exploit this characteristic by investigating the evolution of employment

and other firm-level variables around automation spikes by employing a diff-in-diff model.

Recent research has shown several problems with the commonly used TWFE estimator

in cases of staggered treatment timing and presence of heterogeneity of the treatment

effect over time (Meer and West, 2016; Goodman-Bacon, 2021; Athey and Imbens, 2022).

Intuitively, the TWFE has been shown to be a weighted average of all possible two-by-

two diff-in-diff estimates that are produced by comparing outcomes of a group of units

whose treatment status changes between two time periods to a groups of units whose

treatment status does not change. This includes comparisons with units that are never

treated and not yet treated (“good comparisons’) but as well with units that already

have been treated (“bad comparisons”). Since the timing of adoption of automation

technology is heterogeneous across industries and firms and the effect of automation is

likely heterogeneous, we apply the estimator proposed by Callaway and Sant’Anna (2021)

that is more robust in such empirical settings. The methodology is based on a two-step

procedure that first involves the estimation of so-called group-time average treatment

effects and then aggregates these into parameters of interest such as an overall ATT or

into an event study.

More precisely, we estimate

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

where ATT(g, t) gives the average treatment effect at time t for the cohort that adopts in

year g.11 Yi,t is the dependent variable of interest at time t for firm i, Gi is an indicator

variable with value in the year of adoption of firm i and Gcomp gives the most general set

of comparisons for an adopter at time g, i.e. all firms that never adopt or have not yet

adopted at time t, formally Gcomp = {g′|g′ > t}.12 Then, we compute the event-study

parameter via a weighted average of the treatment effect l periods after the adoption across

different adopting cohorts,

ˆATTl =
∑
g

wgATT(g, g + l) (2)

where the weights wg are chosen to account for the relative frequency of each cohort

into the adopter’s population. We cluster standard errors at the firm-level and provide

11For example, ATT(2015, 2017 would be the average treatment effect in 2015 for firms that adopt
automation technology in 2017.

12Note that the methods does not impose any restrictions on treatment effect heterogeneity and involves
only “good comparisons”.
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95% bootstrap confidence intervals.

We rely on two main assumptions to identify the average treatment effect on the

treated (ATT) of the adoption of automation technology: (1) parallel trends and (2) no

anticipation.

Parallel Trends. The parallel trends assumption requires that the average outcome

among the treatment and control group would have followed parallel trends in the ab-

sence of treatment. This is an unobservable counterfactual, but can assess its validity by

evaluating trends prior to adoption. To increase confidence, we impose parallel trends

only conditional on covariates relying on the doubly-robust (DR) estimation procedures

(Sant’Anna and Zhao, 2020; Callaway and Sant’Anna, 2021).13 The appealing advantage

of DR estimators is that they remain consistent as long as either the outcome regression

is correctly specified or the model for the propensity score, but not necessarily both. We

consider three different control groups: i) importers that never adopt, ii) all importers, i.e.

those who never adopt and that have not yet adopted and iii) not-yet adopters only. As we

move from the former to the latter the confidence that we are comparing firms on similar

trends increases. However, in the latter case the sample size decreases substantially such

that our estimates are less efficient. Finally, we will run a battery of robustness checks

and sensitivity analysis.

No anticipation. No anticipation requires that firms do not anticipate the automa-

tion event, i.e. adoption in time t does not has an effect on the observed variable prior

the adoption. This assumption cannot be verified. However, we run a series of robust-

ness checks to detect potential anticipation behaviours by changing the horizons of the

estimations of pre-spike and post-spike variables.

3.1 Results

In this section we investigate the effect of the adoption of automation on employment and

other firm-level outcomes, on the composition of workers and heterogeneous employment

effects across different groups of firms. Results are shown in figure 5. For employment,

we find a clear increasing trend following an automation spike: four years after the spike,

firms are, on average, around 10% larger in terms of employment. The results confirm the

positive relationship between automation and the average employment at the firm-level

(Acemoglu et al., 2020; Dixon et al., 2021; Domini et al., 2021). Similarly, we find a growth

in productivity after an automation spike. Looking at the evolution of the labor share

around the automation event, our results suggest that the labor share increases. This is

in contrast to the literature that usually finds a negative effect (Acemoglu et al., 2020).

However, this may be explained by the results that employment increases more strongly

than gross value added. Finally, we find some evidence that mean hourly wages decrease

13In our benchmark exercise we control for the baseline values of the log of labor productivity, firm age
and export status.
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following an automation event. However, when we consider adopters only as our control

group, this effect vanishes.

Figure (5) Event Study: Effect of Automation on Firm-level Outcomes

(a) Number of employees (b) Gross value added

(c) Labor Share (d) Mean hourly wage

Notes: All automating firms that exist in all years τ={-4, ..., 4}. Whiskers reflect 95% confidence

intervals.

Next, we investigate heterogeneity across different groups of workers by looking on

employment shares in figure 6). First, we consider differences across different educational

levels. We find a positive effect on the share of low-educated workers, whereas we observe

a decline in the share of middle-educated workers. In contrast, we do not find an effect

14



on high-educated workers. Looking at task-groups, we find a clear increase in the share of

routine-manual tasks and decline in non-routine cognitive tasks. However, the standard

errors are very large and only weakly significant. Similarly, we find a positive effect on

blue-collar workers. Finally, we find that automation favors permanent contracts. Our

results are difficult to interpret and need further explorations.

Figure (6) Event Study: Effect of Automation on Employment Shares

(a) Employment shares by educational level (b) Employment shares by task group

(c) Employment shares by macro-occupational
groups

(d) Employment shares by type of contract

Notes: All automating firms that exist in all years τ={-4, ..., 4}. Whiskers reflect 95% confidence

intervals.
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3.2 Heterogeneity across different group of firms

The previous analysis has focused on average effects across firms and finds that following

an automation event firms increase their employment. In this section, we investigate the

effect of automation technology through the lens of heterogeneity. More precisely, based

on the firm’s initial value, i.e. the first year in the dataset, we divide firms into two

categories: we consider (i) smaller (1-49) and larger companies (>49 employees) as well as

(ii) young (1-10) and old (> 10 years) firms. Results are presented in figure 7 and table

1. Our results show that the average treatment effect on the treated hides substantial

heterogeneity across different group of firms. Looking on the firm size, we show that

only small firms grow in employment following an automation event, whereas large firms

experience a decline. As small firms represent 70% of adopting firms, the average across

all potential group-time differences in differences results in a positive effect. However,

the employment share of large firms is substantially larger. Hence, this probably results

in a total negative employment effect across adopting firms, as more workers loose their

jobs through the net job-destroying effect in large firms, than workers are being newly

employed through the job-creating effects in small firms.

Crucially, table 1 shows that these heterogeneity in the effect of automation has impor-

tant implication for workers. We find that in small firms automation favors low-educated

workers, routine-manual and blue-collar workers. In contrast, in large firms the employ-

ment share increases for high educated workers at the costs of middle educated workers.

However, we cannot find any changes in the composition of the workforce considering task

groups and macro-occupation groups.

Considering the initial firm age, we find positive employment effects only among

young firms, whereas we zero effects for old firms. Automation in young firms favors

low-educated, routine-manual and blue-collar workers, which is similar to the results in

small firms. Finally, in old firms we cannot find any effect on the employment share w.r.t.

education, task-group and macro-occupational group.
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Figure (7) Event Study: Heterogeneous effects across different group of firms

(a) by firm size (b) by firm age

Notes: All automating firms that exist in all years τ={-4, ..., 4}. Whiskers reflect 95% confidence

intervals.

Table (1) Event Study: Heterogeneous Effects across Firms and Workers, 2004-2021

Smaller Firms Larger Firms Young Firms Old Firms

Employment share Coefficient Std. error Coefficient Std. error Coefficient Std. error Coefficient Std. error

by education

Low Education 0.0231∗∗∗ (0.0038) -0.003 (0.0054) 0.0235∗∗∗ (0.0057) -0.0029 (0.0038)

Middle Education -0.0137∗∗∗ (0.0032) -0.0051∗ (0.0036) -0.0146∗∗∗ (0.0048) 0.001 (0.0031)

High Education -0.0093∗∗ (0.0028) 0.0082∗∗ (0.0041) -0.009∗∗ (0.0042) 0.0021 (0.0027)

by task group

Routine-manual 0.0194∗∗∗ (0.0048) -0.0058 (0.0073) 0.0254∗∗∗ (0.0062) -0.0023 (0.0051)

Routine cognitive -0.0015 (0.0016) 0.0008 (0.0022) -0.0034 (0.0023) 0.0014 (0.0015)

Non-routine manual -0.0036∗ (0.0018) -0.0009 (0.0021) -0.0044 (0.0023) -0.0024 (0.0018)

Non-routine cognitive -0.015∗∗∗ (0.0046) 0.0053 (0.0065) -0.0179∗∗∗ (0.0064) 0.002 (0.0046)

by macro-occupation

Manager -0.0028 (0.002) 0.0024 (0.0016) -0.0027 (0.003) 0.0007 (0.0019)

STEM -0.0068∗∗ (0.0029) -0.0018 (0.0031) -0.0052 (0.0041) -0.0021 (0.0027)

Other Professionals -0.0053∗∗ (0.0025) 0.0054 (0.0034) -0.0065 (0.0036) -0.0005 (0.0022)

Blue-collar 0.0189∗∗∗ (0.005) -0.0091 (0.0075) 0.0258∗∗∗ (0.007) -0.0017 (0.0051)

Other non-professionals -0.0045 (0.0044) 0.0029 (0.0064) -0.0116∗ (0.0059) 0.0027 (0.0044)

by contract

Permanent Contract 0.0528∗∗∗ (0.0057) 0.0214∗∗∗ (0.0069) 0.0526∗∗∗ (0.0076) 0.0267∗∗∗ (0.0052)

Fixed-term Contract -0.0485∗∗∗ (0.0049) -0.0220∗∗∗ (0.0068)) -0.0503∗∗∗ (0.0074) -0.0273∗∗∗ (0.005)

Notes: All automating firms that exist in all years τ={-4, ..., 4}.
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4 Conclusion

Despite the rapidly diffusion of automation technologies in most industrialized countries

and a rapidly emerging empirical literature, there is still much controversy about the

effects of automation on employment. Most previous work finds positive employment

effects following the adoption of automation technology. However, evidence is concen-

trated among few countries and the understanding whether different groups of workers

are affected differently remains limited.

In this paper we study the effect of the adoption of automation on Portuguese firms in

manufacturing. We use Portuguese linked employer-employee data in combination with

balance sheet data and automation-related imports from customs data. We exploit the

lumpiness of investment in automation by employing a staggered diff-in-diff model. Our

preliminary results show that firms increase their employment and productivity following

an automation event. We find evidence that this coincides with an increase in the employ-

ment share of low educated workers at the cost of middle educated workers. Moreover,

there is weak evidence that automation may favor blue-collar workers and routine-manual

workers or at least that they are not affected. This does not reconcile with the clear pre-

dictions of the task-based model. Moreover, we find that the positive employment effects

favor permanent contracts.

Our main contribution is that we explore heterogeneous effects across different group of

firms. We find that only smaller firms increase their employment following an automation

event, whereas larger firms experience employment losses. This has important implications

for the aggregate level, since larger firms represent a larger share of employment this may

suggest that overall more workers loose their jobs in large firms than get a job in small

firms. Moreover, we find that automation favors low-educated workers, routine-manual

and blue-collar workers in small firms, whereas in large the employment share increases

for high educated workers at the costs of middle educated workers. To take stock, our

results do not reconcile with the clear predictions of the task-based framework. Instead,

they emphasize the importance of the socioeconomic context. Crucially, our results have

important implication for labor policy and so-called national Industry 4.0 strategies. For

example, as the Industry 4.0 strategy of Portugal targets in particular small- and medium-

sized enterprises, while other strategies favor large firms.
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A Additional information

A.1 Data Procedures and Variable Construction

We start with the matched employer-employee data set (QP), which includes 5,570,419

firm and 50,960,574 worker observations for the period 2004-2021. We first merge firm

and worker data for each year and we then apply for each year the following cleaning

procedure: (i) we drop a minority of worker observations with an invalid social security

number, i.e., if the worker id has less than 6 digits or more than 10 digits. (ii) For workers

with multiple jobs within the same year, we keep his or her highest paying job with the

highest hours worked (since most likely, this is his or her primary job)14. We keep (iii)

dependent workers (iv) between 18 and 65 (working-age population). We drop worker-year

pairs (v) without complete basic remuneration, (vi) whenever the sum of weekly normal

and overtime hours is below 25 and above 80 and (vii) their regular earnings are less than

80 percent of the minimum wage. (viii) Based on the resulting sample, we trim worker-year

pairs whose monthly total wage is outside the top 0.5 percentile. Gross monthly earnings

from dependent work are obtained by the sum of the five types of pay available in the

data (base wages, tenure-related payments, overtime pay, subsidies). We construct hourly

total wages by dividing individuals’ total monthly remuneration by total monthly hours

worked. The data is then appended to construct our linked employer-employee panel data.

After this procedure we have 4,187,954 firm-year observations and 35,889,005 worker-year

observations. Finally, as the Portuguese classification of occupations (corresponding to

the European ISCO classification) has been revised in 2010, we establish a data-driven

one-to-one mapping. To do this, we use the following criterion: if the majority of workers

in occupation A in 2010 (CPP/2010) have occupation B in 2009 (CNP/1994), then we

map occupation A into occupation B.

We then turn to the balance sheet data (SCIE) and recover information on firm’s 5-digit

industry classification (CAE Rev.3, based on NACE-Rev. 2 Statistical classification of

economic activities in the European Community), gross value added at market prices, total

sales, wage bill, investment in tangible assets, investment in computer programs (software)

and expenses for worker training. We discard observations that have unreasonable values,

i.e. non-positive turnover or gross value added.

The customs data records individual trade transactions on a monthly basis. We col-

lapse these transactions to the firm, product, year level and retrieve information on total

yearly imports and exports of automation-and AI-related capital goods as described in

section 2 and table 2. We then compute total imports and exports aggregating the data

at the firm-year level.

Finally, we merge the the matched employer-employee data QP with the balance sheet

data SCIE using the unique, time-invariant identifier based on the firm’s social security

14Note that others (e.g. Caliendo et al., 2020) drop workers with multiple jobs in the same year.
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number. We keep only firm observations that appear in both data sources. Then we add

firm-year trade information from the CI dataset. We assign each firm a permanent 2-digit

sector based on the most frequent occurrence, since firms industry code may vary across

years, e.g. due to misreporting. We restrict the sample to firms located in mainland Por-

tugal (omitting those in the Azores and Madeira islands) and active in the manufacturing

sector. Yet we use a broader definition including manufacturing, mining, energy, water

and waste and transportation and storage, identified as those who reported main activity

codes belonging to division 10-33, 5-9, 35-39 and 49-53 of the CAE Rev. 3, respectively.

The size of our final sample is now 634,983 firm-year observations and 10,646,981 worker-

year observations. Since our measure of the adoption of automation technology is based on

imported product categories, we consider for most of our exercises only firms that import

at least once over the period 2004-2021 (importer sample). This reduces the sample to

192,035 firm-year observations. All monetary values in the paper are quoted in year 2012

Euros, deflated using the Consumer Price Index from INE.

Worker Heterogeneity. To investigate heterogeneous effects across different groups

of workers we consider employment shares and average hourly wages for the following

categories: First, we classify occupation codes into broad task groups, i.e. non-routine

cognitive, routine cognitive, routine manual and non-routine manual, following the work

by Cortes et al. (2021). Second, We define five macro-occupation groups: managers ,

STEM professionals, other professionals, blue-collar workers and other non-professionals.

Third, we distinguish workers by their educational level defined as low, middle and high-

educated workers. Finally, we distinguish workers on whether their contract is permanent

or fixed. For the description of the codification of the occupation codes see table ??.

Firm Heterogeneity. To investigate heterogeneity across firms we consider four key

variables that we define as follows: we distinguish firms by (i) their firm size considering

small-sized firms (1-49 employees), middle-sized firms (50-249 employees) and large-sized

firms (≥ 250 employees), (ii) by their firm age, i.e. young firms (leq 10 years) and old

firms (¿ 10 years), by their export status, i.e. do they export or not, and by whether the

ownership is domestic (foreign capital share ¡ 10%) or multinational (foreign capital share

geq 10%.

A.1.1 Identification of automation- and AI-related goods

Table 2 presents the product codes that we use to identify automation- and AI-related

imports following the previous work by Acemoglu and Restrepo (2018) and Domini et al.

(2021, 2022).
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Table (2) HS product codes referring to automation- and AI-related capital goods

Label HS codes (6-digits)

Automation

1. Industrial robots 847950

2. Dedicated Machinery 847989

3. Automatic machine tools

(inc. numerically controlled machines)

845600- 846699, 846820-846899, 851511-851519

4. Automatic welding machines 851521, 851531, 851580, 851590

5. Weaving and knitting machines 844600-844699 and 844700-844799

6. Other textile dedicated machinery 844400-844590

7. Automatic conveyors 842831-842839

8. Automatic regulating instruments 903200-903299

9. 3D-printers 847780

Artificial Intelligence (AI)

10. Automatic data processing machines 847141-847150, 847321, 847330

11. Electronic calculating machines 847010-847029

A.2 Occupational groups

Table (3) Classifications of Occupational codes

Broad Task Group (Cortes et al., 2021) Occupational classification coding, CNP94 (3-digits)

Non-routine cognitive 112-131, 211-247,311-315,321-515

Routine cognitive 521-523

Routine manual 711-745,811-834,916-933

Non-routine manual 516,911-915

Macro-Occupation Groups Occupational classification coding, CNP94 (2-digits)

Managers 11-13

STEM professionals 21,31

Other professionals 22-24,32-34

Blue-collar workers 71-83

Other non-professionals 41-42,51-52,61-62,91-93

Notes: i) We map detailed occupation codes to broad task groups following previous work by Cortes

et al. (2021). ii) We classify occupation codes into five macro groups similar to Barth et al. (2020).
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A.3 Appendix Tables and Figures

Table (4) Summary statistics firm characteristics, 2004-2021

Panel A: Automating Firms N Mean St. Dev. Pc25 Median Pc75

Gross value added (in 1000 €) 77,133 445,002.9 2,864,856.0 35,536.8 93,131.5 252,255.8

Labor Productivity 77,133 4,315.5 82,093.3 1,255.0 1,773.0 2,608.3

Number of workers 77,133 70.4 240.8 10 25 61

Hours worked 77,133 12,232.1 40,872.1 1,730 4,325 10,602

Number of Establishments 77,133 1.7 13.5 1 1 1

Labor Share 73,539 0.5 0.2 0.4 0.5 0.6

Mean hourly wage 77,133 6.7 2.8 4.9 6.1 7.7

Wage bill (in 1000 €) 77,133 166,845.1 818,424.8 18,587.5 47,458.3 122,897.4

Export Status 77,133 0.7 0.5 0 1 1

Small-sized Firms (in %) 77,133 0.7 0.5 0 1 1

Middle-sized Firms (in %) 77,133 0.2 0.4 0 0 0

Large-sized Firms (in %) 77,133 0.1 0.2 0 0 0

Firm Age 77,115 23.5 17.4 11 20 31

Young Firms (in %) 77,115 0.2 0.4 0 0 0

Multinational (in %) 77,133 0.1 0.3 0 0 0

Panel B: Non-Automating Importers (1) (2) (3) (4) (5) (6)

Gross value added (in 1000 €) 114,902 80,188.0 336,636.3 12,495.3 29,208.5 68,615.6

Labor Productivity 114,902 2,529.7 20,284.8 922.7 1,365.8 2,078.0

Number of workers 114,902 21.0 50.4 4 10 23

Hours worked 114,902 3,653.8 9,103.1 692 1,730 3,971.8

Number of Establishments 114,902 1.2 1.6 1 1 1

Labor Share 106,069 0.6 0.2 0.4 0.6 0.7

Mean hourly wage 114,902 5.6 2.6 4.0 4.9 6.4

Wage bill (in 1000 €) 114,902 37,514.9 121,661.1 7,281.3 16,539.9 37,838.0

Export Status 114,902 0.4 0.5 0 0 1

Small-sized Firms (in %) 114,902 0.9 0.3 1 1 1

Middle-sized Firms (in %) 114,902 0.1 0.3 0 0 0

Large-sized Firms (in %) 114,902 0.004 0.1 0 0 0

Firm Age 114,853 19.2 15.1 8 16 26

Young Firms (in %) 114,853 0.3 0.5 0 0 1

Multinational (in %) 114,902 0.04 0.2 0 0 0

Panel C: All Non-Automating Firms (1) (2) (3) (4) (5) (6)

Gross value added (in 1000 €) 557,850 30,520.6 176,569.3 4,021.2 9,343.3 22,505.9

Labor Productivity 557,850 1,800.7 17,398.7 706.1 1,086.3 1,699.8

Number of workers 557,850 9.3 27.0 2 4 9

Hours worked 557,850 1,622.0 4,837.6 346 692 1,557

Number of Establishments 557,850 1.1 1.1 1 1 1

Labor Share 494,692 0.6 0.2 0.5 0.6 0.7

Mean hourly wage 557,850 4.9 2.2 3.5 4.3 5.5

Wage bill (in 1000 €) 557,850 15,622.5 66,141.1 2,644.3 5,834.5 13,550.6

Export Status 557,850 0.1 0.3 0 0 0

Small-sized Firms (in %) 557,850 1.0 0.2 1 1 1

Middle-sized Firms (in %) 557,850 0.02 0.2 0 0 0

Large-sized Firms (in %) 557,850 0.001 0.03 0 0 0

Firm Age 557,563 15.6 13.7 5 12 21

Young Firms (in %) 557,563 0.4 0.5 0 0 1

Multinational (in %) 557,850 0.01 0.1 0 0 0

Notes: Panel A reports summary statistics for automating firms. Panel B reports summary statistics for non-

adopters that import at least once over the observed period. Panel C reports summary statistics for all non-

adopting firms (including importers).
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Table (5) Summary statistics workforce composition, 2004-2021

Panel A: Automating Firms N Mean St. Dev. Pc25 Median Pc75

by task group (in %)

Routine manual 77,133 0.607 0.278 0.493 0.668 0.800

Routine cognitive 77,133 0.021 0.073 0.000 0.000 0.000

Non-routine manual 77,133 0.029 0.094 0.000 0.000 0.018

Non-routine cognitive 77,133 0.341 0.260 0.167 0.277 0.444

by macro-occupation groups (in %)

Managers 77,133 0.044 0.097 0.000 0.011 0.052

STEM professionals 77,133 0.098 0.161 0.000 0.038 0.124

Other Professionals 77,133 0.067 0.120 0.000 0.030 0.083

Blue-collar 77,133 0.540 0.292 0.333 0.600 0.760

Other non-professionals 77,133 0.251 0.239 0.083 0.178 0.348

by educational group (in %)

Low-educated 77,133 0.628 0.256 0.500 0.667 0.818

Middle-educated 77,133 0.240 0.193 0.105 0.203 0.333

High-educated 77,133 0.131 0.162 0.004 0.091 0.173

by type of contract (in %)

Permanent 77,133 0.768 0.249 0.667 0.840 0.971

Fixed 77,133 0.207 0.233 0.009 0.135 0.308

Panel B: Non-Automating Importers (1) (2) (3) (4) (5) (6)

by task group (in %)

Routine manual 114,902 0.622 0.335 0.429 0.723 0.889

Routine cognitive 114,902 0.025 0.098 0.000 0.000 0.000

Non-routine manual 114,902 0.036 0.118 0.000 0.000 0.000

Non-routine cognitive 114,902 0.312 0.311 0.077 0.212 0.455

by macro-occupation group (in %)

Managers 114,902 0.052 0.133 0.000 0.000 0.045

STEM professionals 114,902 0.046 0.133 0.000 0.000 0.020

Other Professionals 114,902 0.065 0.152 0.000 0.000 0.062

Blue-collar 114,902 0.566 0.348 0.273 0.667 0.857

Other non-professionals 114,902 0.271 0.293 0.000 0.167 0.414

by educational group (in %)

Low-educated 114,902 0.703 0.290 0.556 0.783 0.933

Middle-educated 114,902 0.206 0.235 0.000 0.143 0.300

High-educated 114,902 0.091 0.172 0.000 0.000 0.111

by type of contract (in %)

Permanent 114,902 0.769 0.286 0.636 0.877 1.000

Fixed 114,902 0.201 0.267 0.000 0.090 0.333

Panel C: All Non-Automating Firms (1) (2) (3) (4) (5) (6)

By task group (in %)

Routine manual 557,850 0.693 0.357 0.500 0.833 1.000

Routine cognitive 557,850 0.018 0.097 0.000 0.000 0.000

Non-routine manual 557,850 0.035 0.137 0.000 0.000 0.000

Non-routine cognitive 557,850 0.248 0.328 0.000 0.111 0.375

by macro-occupation groups (in %)

Managers 557,850 0.068 0.194 0.000 0.000 0.000

STEM professionals 557,850 0.023 0.107 0.000 0.000 0.000

Other Professionals 557,850 0.036 0.135 0.000 0.000 0.000

Blue-collar 557,850 0.657 0.371 0.400 0.786 1.000

Other non-professionals 557,850 0.215 0.310 0.000 0.000 0.333

by educational group (in %)

Low-educated 557,850 0.794 0.295 0.667 0.955 1.000

Middle-educated 557,850 0.160 0.258 0.000 0.000 0.250

High-educated 557,850 0.046 0.143 0.000 0.000 0.000

by type of contract (in %)

Permanent 557,850 0.769 0.331 0.612 1.000 1.000

Fixed 557,850 0.197 0.308 0.000 0.000 0.333

Notes: Panel A reports summary statistics for automating firms. Panel B reports summary statis-

tics for non-adopters that import at least once over the observed period. Panel C reports summary

statistics for all non-adopting firms (including importers). For further information on the classifi-

cations see table 3.
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Figure (8) Imports around automation event

Notes: Figure 8 shows the evolution of automation import shares (of the sum of total automation
imports) around automation events. Note that automation events are defined as the largest event for
each firm.
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Figure (9) Evolution of employment shares between different groups of workers

(a) Employment Shares (b) Employment Shares

(c) Employment Shares (d) Employment Shares

Notes: In figure 9 we compare differences between automating and non-automating firms plotting trends
of employment shares, total hours worked and mean hourly. In panel we 9c-10c we consider differences by
educational group, in panel 9a-10a by task group, in panel 10b-10c by occupational group and in panel
9d-?? by permanent vs. fixed-term contract.
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Figure (10) Evolution of wages between different groups of workers

(a) Mean Hourly Wage (b) Mean Hourly Wage

(c) Mean Hourly Wage (d) Mean Hourly Wage

Notes: In figure 9 we compare differences between automating and non-automating firms plotting trends
of employment shares, total hours worked and mean hourly. In panel we 9c-10c we consider differences by
educational group, in panel 9a-10a by task group, in panel 10b-10c by occupational group and in panel
9d-?? by permanent vs. fixed-term contract.
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