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1. Introduction
Does the diffusion of automation technologies (ATs) erode governments’ tax basis? Taxes
on labor contribute to a major share of public revenues. When ATs diffuse and replace
labor at a large scale, the tax basis might be significantly undermined. This line of
reasoning is put forward to argue that a tax on automation is needed to ensure the sus-
tainability of public finances (Acemoglu et al., 2020; Kovacev, 2020; Rebelo et al., 2019;
Süssmuth et al., 2020). However, the impact of automation is complex, including many
second-order effects. In addition, governments receive taxes from multiple sources other
than labor which might also be affected by ATs (cf. Atkinson, 2019). Until now, there is
limited empirical evidence on the nexus between automation and public revenues. This
study aims to fill this gap. We explore empirical interactions between automation, pro-
duction, and their link to taxation, to help understand the complex relationship between
taxes and automation.
Guided by a stylized model, we decompose tax revenues by source and link them to

three effects of automation on economic activity called replacement, reinstatement and
real income effects. First, the replacement effect refers to all effects on factor demand and
remuneration when human labor is replaced by sophisticated machinery able to execute
tasks currently performed by humans (Acemoglu and Restrepo, 2020; Arntz et al., 2016;
Brynjolfsson and McAfee, 2014; Frey and Osborne, 2017; Gregory et al., 2018; Korinek
and Stiglitz, 2017; Nedelkoska and Quintini, 2018). Second, the reinstatement effect
covers the creation of new tasks and occupations, and the reallocation of labor within
and across industries (Acemoglu and Restrepo, 2019; Bessen, 2019; Bessen et al., 2020;
Blanas et al., 2019; Dauth et al., 2018). Third, the real income effect reflects changes in:
(a) real income when reduced production costs affect prices; and (b) factor revenues, i.e.
from capital and labor (Acemoglu and Restrepo, 2019; Aghion et al., 2017; Graetz and
Michaels, 2018; Korinek and Stiglitz, 2017).
The model serves as a conceptual framework to guide us through the interpretation of

the empirical findings when addressing the following three research questions:
1. What is the relationship between AT diffusion and aggregate tax revenues at the

country level?
2. What is the relationship between AT diffusion and the composition of taxes by source,

i.e. labor, capital and goods?
3. How can these interactions be traced back to the three effects through which automa-

tion affects economic production?
The complexity of tax systems and the multiple phases of technological change make

it challenging to directly link the microeconomic impact of automation to macroeco-
nomic consequences and aggregate taxation. With this in mind, we rely on aggregate
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tax data from the OECD (2020) that allow for cross-country comparisons and to dissect
tax accounts to taxes on labor, capital and goods for nineteen European countries during
1995-2016. However, the effects of automation are expected to occur at the disaggregate
level, i.e. firm and industry, when changes in production technology induce changes in
factor demand, employees’ incomes, and the level and composition of output. To under-
stand these effects, we use macro- and industry-level production data from EUKLEMS
(2019) for the same set of countries and periods considered in the tax data. To map
technological and economic change at the micro-level to aggregate taxation, we base our
analysis on country- and country-industry-level regressions. We start at the country-level
by exploring interactions between automation and taxation along with the links between
the structure of production and different tax sources. Next, we analyze the prevalence of
the replacement, reinstatement, and real-income effect and argue how these effects help
to explain the findings from above.
We find that the impact of automation depends on the technology type and the phase of

diffusion. During the early phase (1995-2007), robots had a negative impact on aggregate
tax revenues accompanied with decreasing factor income from capital and labor, and a
shift from capital taxes to taxes on goods. After 2008, the effect of robots on factor
markets and taxation disappears. Information and Communication Technologies (ICT)
show different effects. Until 2007, we do not observe any effect on total revenues but an
increasing demand for labor in automating industries. Country level employment effects
are negative, but wages, capital prices, aggregate labor income, and output increased.
We observe a change in the structure of taxation from capital to labor. After 2008, ICT
diffusion shows a positive association with income and the employment share of the service
sector. However, we do not find any effect on total tax revenues.
We conduct a battery of robustness checks to guard against various empirical concerns,

such as: the late phase of AT diffusion coinciding with the 2008 global financial crisis;
country-specific confounding factors, e.g. related to globalization and the tax system; and
the potential endogeneity of the AT diffusion.
Our results suggest that AT diffusion goes through different phases with different ef-

fects on taxes. Labor offsetting effects during an early phase may be compensated by the
creation of new jobs in later periods accompanied with structural change in the indus-
trial composition. However, given our observations, concerns about the sustainability of
fiscal revenues appear short-sighted when only looking at the early phases of automation.
Our framework provides structural arguments that enable a better understanding of the
economic impacts of automation and macro-level effects on taxation. To the best of our
knowledge, this is the first empirical study providing insights on the impact of automation
on public finances.
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The rest of the paper is structured as follows. In Section 2.1, we provide an overview
of the background on automation and taxation. In Section 3, we introduce a conceptual
model. In Section 4, we describe our empirical strategy and the data. Section 5 summa-
rizes the results, while Section 6 provides a series of robustness checks. Section 7 discusses
how the empirical results help to answer the research question and Section 8 concludes.

2. Background on taxation
This section provides a description of tax systems in Europe, and an overview of the
empirical and theoretical background on the link between taxation and automation.

2.1. Taxation in Europe

Taxes are “compulsory, unrequited payments to general government” (OECD, 2019). On
average, among the nineteen European countries covered by our study, the total tax
revenue accounted for 37.3% of GDP in 2016 ranging from 23.4% in Ireland to 45.7% in
Denmark.1 Over time, the average tax-to-GDP-ratio weakly fluctuated around 36.4% in
1995 and 37% in 2016, with the lowest ratio during the financial crises (e.g. 34.7% in
2009).
Taxes can be classified by the tax base. For example, taxes are imposed on income from

labor, profits and capital gains, property, and trade of goods and services. Compulsory
Social Security Contributions (SSC) can equally be considered as tax revenues (OECD,
2019, A.2). Here, we focus on three broad groups, namely taxes imposed on: (1) labor
(T l) including SSC; (2) capital (T k) including taxes on profits and property; and (3) goods
and services (T y). These groups differ by their linkage to the economic structure reflected
in the labor share, capital share, and aggregate consumption.
The three groups (T = T l +T k +T y) cover more than 99.9% of total tax revenue in our

sample of nineteen European countries in 2016. On average, taxes on labor accounted for
11.8% of GDP and 31.6% of total taxation, taxes on capital for 13.3% of GDP and 35.1%
of total taxation, and taxes on goods for 12% of GDP and 32.5% of total taxation.
Countries differ by the structure of taxation, i.e. the relative tax contribution of differ-

ent sources. The cross-country heterogeneity in the levels, structure and organization of
taxation is driven by a multitude of economic, structural, institutional, and social factors

1When excluding residual taxes (with OECD-code 6000), as done in our analysis, total taxes account
for 37% of GDP. Our analysis includes nineteen European countries: Austria (AT); Belgium (BE);
Czech Republic (CZ); Germany (DE); Denmark (DK); Spain (ES); Finland (FI); France (FR); Greece
(GR); Ireland (IE); Italy (IT); Lithuania (LT); Latvia (LV); the Netherlands (NL); Portugal (PT);
Sweden(SE); Slovenia (SI); Slovakia (SK); and the United Kingdom (UK). The information presented
here is based on the Global Revenue Statistics Database provided by the OECD (2020).
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which have emerged historically across nations (Castro and Camarillo, 2014; Hettich and
Winer, 2005; Kiser and Karceski, 2017). Among others, empirical measures of such deter-
minants include per-capita GDP, industrial structure and economic specialization, civil
liberties and governmental efficiency, public and financial policies, trade, exchange rates,
foreign direct investment, public expenditures and education (Castañeda Rodríguez, 2018;
Castro and Camarillo, 2014). We control for such relevant dimensions in our analysis.

2.2. Taxation and automation

For policy makers, two questions related to the nexus of automation and taxation are
important: (1) How do existing tax systems influence AT adoption decisions and the
emergent path of economic development?; and (2) Does automation affect tax revenues
such that policy makers should care about their financial capacity? The majority of the
existing literature on automation and taxation addresses the first question by taking as
given that tax revenues suffice to finance essential public services. To the best of our
knowledge, we are the first to study the second question.
Existing studies on the nexus of automation and taxation mostly take an optimal tax-

ation perspective. Acemoglu et al. (2020) argue that the US tax system is biased in favor
of capital, which leads to a sub-optimal reduction of the labor share for “marginally auto-
mated jobs”. Applying the optimal taxation framework by Diamond and Mirrlees (1971)
to a task-based model calibrated on US tax rates, the authors show how a tax reform
could raise the labor share. Similarly, Süssmuth et al. (2020) analyze the impact of US
taxation on the functional distribution of income and find that distributional changes (in
favor of the capital share) can be partly attributed to labor and capital tax reforms during
1974-2008. They argue that changes in relative taxes also affect the use of robots.
Other authors propose a robot tax to cope with the negative effects of automation on

employment and income equality. In a theoretical study based on the current tax system
in the US, Rebelo et al. (2019) show how a robot tax can be used to reduce inequality, but
at the cost of efficiency losses. Gasteiger and Prettner (2017) provide a theoretical analysis
of a robot tax in overlapping generations model and show how it could raise per capita
capital stock with positive long-run growth effects. Kovacev (2020) argues theoretically
that the robot-induced replacement of labor could lead to decreasing income taxes and
higher transfer payments. A robot tax is analyzed as an instrument to offset the negative
effect on public finances. From a law-and-economics perspective, he shows how a robot
tax could be implemented while keeping the disincentives for innovation minimal.
Theoretical studies on robot taxes argue that these taxes can be used to reduce inequal-

ity and to secure public revenues. However, it remains controversial whether automation
really undermines governments’ capacity to raise taxes. Atkinson (2019) argues that

4



empirical evidence of a jobless future is poor since many studies ignore important second-
order effects. Moreover, even if firms adopt robots they still pay taxes on profits, sales
and wages of workers doing non-automated jobs.
Up to date, empirical evidence on the relationship between automation and tax revenues

is lacking and we aim to fill this gap. While studies on optimal taxation focus on the
impact of tax systems on the structure of production, we take the opposite perspective
and look at the impact of economic change on taxation. In contrast to optimal taxation
studies, we do not look at relative tax rates, but study aggregate tax revenues. While
changes in relative tax rates on labor and capital might have affected the diffusion of ATs
in the US, as argued by Acemoglu et al. (2020), we do not find evidence that changes
in the tax system have been a driver of excessive automation in Europe. Specifically,
using data on implicit tax rates on labor and capital, we find that these rates remained
roughly constant in most European countries during the past decade.2 Moreover, our
results suggest different diffusion patterns for robots and ICT (see Figure 1) indicating
that the effects we study are unrelated to relative tax rates.

3. A conceptual framework
This section provide a stylized model to decompose tax revenues by source and link them
to the three interdependent effects of automation on economic activity: replacement and
reinstatement of labor and changes in real income.

3.1. Tax revenues

Taxes can be grouped into three parts that are differently linked to production. Total tax
revenue in country c is given by:

Tc = tlc · wcLc︸ ︷︷ ︸
Taxes on labor

T l
c

+ tkc · rcKc︸ ︷︷ ︸
Taxes on capital

T k
c

+ tyc · pcQc︸ ︷︷ ︸
Taxes on goods

T y
c

(1)

2See Appendix Figure B.1. The data on implicit tax rates on labor and capital in Europe, provided
by the European Commission, are not directly comparable to the approach used by Acemoglu et al.
(2020) who calculate effective tax rates on labor and different types of automation technologies at the
micro-level in the US. Note that it is not straightforward to apply their methodology in a European
cross-country setting with very heterogeneous and complex tax systems. The European Commission
computes implicit tax rates on labor and capital as a ratio of actual tax income by source to the
potential tax basis (European Commission, 2020). Nonetheless, the stable patterns on relative tax
(rates) observed in the data for the EU are in stark contrast to the clear-cut divergence in favor of
capital observed by Acemoglu et al. (2020) for the US.
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where Lc = ∑
i∈Ic

Li,c is aggregate labor given by the sum of labor employed in industries
i ∈ Ic in country c, Kc = ∑

i∈Ic
Ki,c is the fixed production capital stock including ATs

(industrial robots and ICT), and pcQc = ∑
i∈Ic

pi,cQi,c is aggregate demand. Wages,
capital prices and goods prices are given by wc, rc and pc, respectively. The tax rates tlc,
tkc and tyc are imposed on labor income, capital income and final demand, respectively.

3.2. Production technology

Automation changes firms’ production technology. This can have an impact on industry-
level factor demand, i.e. labor and capital, and productivity when firm-specific production
processes and industrial organization change. In a generic form, the production function
of industry i is:

Yi,c = fi,c(Ki,c, Li,c, Ai,c) (2)

with Ki,c and Li,c as the respective capital and labor whose demand depends on wages wi,c

and capital prices ri,c, respectively. The capital stock Ki,c comprises of different types of
capital, i.e. Ki,c = Kn

i,c+Ka
i,c whereKn

i,c is non-automation capital andKa
i,c = ICTi,c+Ri,c

is automation capital with Ri,c as industrial robots and ICTi,c as ICTs.3 Both, robots and
ICT, are measures of automation, but capture different concepts. Industrial robots are
pure ATs designed to automate manual tasks performed by human workers. ICT capital
is more general and can be used for various cognitive tasks complementing or substituting
human labor. We assume that all types of capital are rented at the same price ri,c.
Production technologies differ across industries and countries leading to different in-

put shares. Production functions are empirically not observable. However, we observe
industry-level factor inputs, factor costs and output, which allow us to draw inference
about the relationships between inputs, outputs and the price responsiveness of factor
demand. By the definition of a production function, we assume ∂fi,c

∂Li,c
≥ 0, ∂fi,c

∂Ki,c
≥ 0,

∂fi,c

∂Ai,c
≥ 0, i.e. the quantity of output is non-decreasing in the quantity of inputs and

in the level of productivity. Moreover, ceteris paribus, we expect factor demand to be
negatively related to factor prices, i.e. ∂Li,c

∂wi,c
≤ 0 and ∂Ki,c

∂ri,c
≤ 0.

3.3. Final demand

Final demand is given by the aggregation across firms:

pcQc =
∑
i∈Ic

ps
i,cqi,c(pi,c, Yc) (3)

3ICTi,c and Ri,c are not necessarily disjoint.
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where pi,c = (1 + ty) ∗ ps
i,c is i’s consumer price including consumption taxes ty, ps

i,c is i’s
supply price, and qi,c(pi,c, Yc) is industry level demand which is a function of the price and
income Yc in region c with ∂qi,c

∂pi,c
≤ 0 and ∂qi,c

∂Yc
≥ 0. Assuming market closure, income is

composed of labor income wcLc, capital income rcKc minus tax payments, such that:

Yc = (1− tlc) · wcLc + (1− tk) · rcKc. (4)

In this stylized representation, we abstain from trade, inter-regional transfers, savings,
and household and firm heterogeneity.

3.4. Effects of automation

Automation indirectly affects tax revenues through changes in production technology that
translate into changes in factor use, market shares, and final demand.
Formally, the aggregate effect on tax revenue is given by the differential

dTc = tlc·
(
∂wc

∂Ka
c

Lc + wc
∂Lc

∂Ka
c

)
+ tkc ·

(
∂rc

∂Ka
c

Kc + rc
∂Kc

∂Ka
c

)

+ tY ·
(
∂Pc

∂Ka
c

Qc + Pc
∂Qc

∂Ka
c

)
(5)

where Ka
c = Rc + ICTc, with Rc = ∑

i∈Ic
Ri,c and ICTc = ∑

i∈Ic
ICTi,c.

We study the effect of automation on production and taxation along three effects:
replacement, reinstatement, and real-income. Even if the distinction between these effects
is not clear-cut, we simplify the analysis and assume the replacement and reinstatement
effect to be mainly reflected in a changing factor demand, while the real income effect to
be reflected in final demand and prices. We next discuss these effects in detail.

3.4.1. Replacement

The replacement effect is the substitution of human labor by machines when technological
progress enables machines to perform tasks previously performed by humans (Acemoglu
and Restrepo, 2018a). The number of jobs susceptible to automation differs across occu-
pations and industries (Arntz et al., 2016; Frey and Osborne, 2017; Hawksworth et al.,
2018; Nedelkoska and Quintini, 2018; Webb, 2020). Labor replacement may lead to lower
employment and wages which may be offset by an increase in demand for non-routine
tasks and new jobs in expanding sectors (Acemoglu and Restrepo, 2018a,b, 2019, 2020).
Empirical results on the labor replacement effects remain ambiguous (Aghion et al.,

2019; Blanas et al., 2019; Dauth et al., 2018; Graetz and Michaels, 2018; Gregory et al.,
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2018). Overall, it is consensual in the literature that employees performing automatable
tasks are susceptible to replacement by machinery, but it remains controversial whether
and to what extent the occupation-specific replacement affects aggregate factor incomes.
In automating industries, characterized by Ka

i,c > 0, employees are potentially replaced
by machinery with ∂Li,c

∂Ka
i,c

< 0 for i ∈ {j|Ka
j,c > 0}. The effect on wages in industry i

can go either way: ∂wi,c

∂Ka
i,c

≶ 0: On the one hand, the replacement effect exerts downward
pressure on wages paid for jobs that can be automated. On the other, automation may
complement non-automatable labor which increases productivity with a positive effect on
wages and leads to a polarization of wage income. The net impact of the replacement
effect on the labor income in industry i depends on the extent to which potential wage
increases for non-automatable jobs offset the replacement of automatable jobs, whereby
we expect a negative sign if the replacement dominates reinstatement in industry i giving
∂(wi,cLi,c)

∂Ka
i,c

< 0.
Ceteris paribus, in the absence of the reinstatement and real-income effect, the replace-

ment effect has a negative impact on total and labor taxes in particular, provided that
the net effect on the wage bill is negative and taxes are sufficiently non-progressive. If
labor taxes are progressive, taxes on labor and wage polarization are positively related.

3.4.2. Reinstatement

Historically, job replacement by automation was often compensated by the emergence of
new occupations and the reinstatement of labor (Acemoglu and Restrepo, 2019; Aghion
et al., 2017; Autor, 2015; Bessen, 2019). Reinstatement effects occur at different levels
of analysis. Within automating industries, automation may induce occupational changes
driven by two effects: (1) efficiency gains may release resources available for other pro-
cesses, and (2) automation may require complementary labor inputs to operate the ma-
chinery. This effect can be reinforced if automation stimulates capital accumulation which
may also have a positive effect on labor demand.
The reinstatement effect can also occur as a spillover at the aggregate level when pro-

ductivity growth reduces prices or increases in incomes lead to market growth and/or
changing market shares and sizes of other industries. This can induce the reinstatement
of labor in other industries and a cross-industrial reallocation of labor. The employment
and income effects may differ across industries, skill, and occupational groups, and the
process of reinstatement may be slowed down by labor market frictions and skill mis-
matches (Acemoglu and Restrepo, 2020; Arntz et al., 2016; Bessen et al., 2020; Dauth
et al., 2018; Gregory et al., 2018).
The reinstatement effect potentially offsets sector-specific negative employment effects

at the aggregate level. Ceteris paribus, the reinstatement effect positively affects labor
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demand in automating industries and at the country level, i.e. ∂Li,c

∂Ka
i,c
> 0, i ∈ {j|Ka

j,c >

0} and ∂Lc

∂Ka
c
> 0. Dependent on wage heterogeneity within and across industries, the

reinstatement effect can have ambiguous effects on industry and country level average
wages. However, it has a positive effect on aggregate labor income, i.e. ∂wcLc

∂Ka
c
> 0.

3.4.3. Real income

The real income effect is an indirect, composite effect resulting from the replacement and
reinstatement of labor, and the impact of automation on capital accumulation, produc-
tivity and prices. Automation may boost productivity growth. This can lead to lower
output prices and leverage economic growth through increasing final demand (Acemoglu
and Restrepo, 2018a; Graetz and Michaels, 2018; Gregory et al., 2018). Final demand is
contingent on real income, i.e. nominal income over prices (Bessen, 2019). Both may be
affected by automation. Whether productivity-induced cost reductions are transmitted
to consumers as lower prices is contingent on market competition which might be under-
mined by an unequal distribution of the benefits of AT diffusion (Andrews et al., 2015,
2016; Autor et al., 2020; Barkai, 2020; Bormans and Theodorakopoulos, 2020).
The direction of the total effect of automation on aggregate nominal income depends

on the relative contribution of the different mechanisms, ∂(wcLc+rcKc)
∂Ka

c
≶ 0.

The second part of the real income effect is a productivity induced change in the
aggregate price level. Productivity has a negative effect on unit production costs. ATs
increase productivity, i.e. ∂Ai,c

∂Ka
i,c
≥ 0 assuming rational AT adoption decisions, which leads

to price reductions when lower unit production costs are passed through to consumers,
i.e. ∂pi,c

∂Ai,c
≤ 0 and ∂pi,c

∂Ka
i,c
≤ 0. In turn, this increases real disposable income, i.e. ∂Y r

c

∂Ka
i,c
≥ 0

where Y r
c = (1− tl)wc

pc
Lc + (1− tk) rc

pc
Kc and ∂pc

∂pi,c
≥ 0 and ∂pi,c

∂Ka
i,c
≤ 0.

Dependent on the income elasticity of demand, an increase in real income may induce an
increase in consumption which reinforces the reinstatement effect with positive feedback
on labor and capital income.

4. Empirical approach and data
In this section, we provide an overview of the steps followed to empirically examine the
effects of interest, and in turn discuss the relevant variables and data sets used.

4.1. Overview

Real-world tax systems are complex. Tax revenues are raised through different channels
with many non-linearities arising from diverse threshold levels and exemptions. Uniform
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and linear macroeconomic tax rates tlc, tkc and tyc as suggested by our theoretical frame-
work do not exist. While, data on taxation is only available at the country level, tax
burdens are heterogeneous across households, firms, and industries. However, many of
the effects of automation occur at the industry or firm level. Therefore, to analyze the
effect of automation on taxation, we use an indirect approach. Empirically, we observe
tax revenues (i.e. T , T l, T k, T y) at the country level, measures for key economic variables
(i.e. w, L, r, K, p, Q) at the country and country-industry level, and indicators for the
economic structure across periods t.
Our procedure consists of the following steps. First, we establish prerequisites that

motivate the subsequent steps. This includes testing for associations between taxes and
automation and examining the empirical link between different types of taxes and eco-
nomic variables. Second, explore the prevalence of each of the three effects: replacement,
reinstatement, and real income; summarized in Table 1. Finally, we argue how the three
effects help to explain the impact of automation on taxation and in turn help us answer
the three research questions introduced in Section 1.

Table 1: Overview of three key effects of automation on economic production
Effect Description Indicators

Replacement Substitution of labor. Decreasing labor demand
and wages. Unclear side effects on net capital
accumulation, prices and depreciation.

∂Li,c

∂Ka
i,c
, ∂wi,c

∂Ka
i,c
, ∂ri,c

∂Ka
i,c
, ∂Ki,c

∂Ka
i,c

where Ka
i,c = Ri,c +ICTi,c

and i ∈ {j|Ka
j,c > 0}.

Reinstatement Productivity gains from automation reinstate la-
bor demand in other/newly emerging economic
activities. Increasing labor demand and wages.

∂Lc

∂Ka
c
, ∂wc

∂Ka
c
, ∂rc

∂Ka
c
, ∂Kc

∂Ka
c
,

∂Servicesc

∂Ka
c

.

Real income Productivity gains reduce unit production costs
and prices of final goods, and increase aggre-
gate demand. Distortions in market structure
and competition, and an unequal distribution of
income gains may undermine this effect.

∂Ac

∂Ka
c
, ∂pc

∂Ka
c
, ∂Qc

∂Ka
c
, ∂HHIc

∂Ka
c

.

4.2. Data

We combine different data sets at different aggregation levels with varying coverage in
terms of countries, industries and time. After merging the data, we end up with two
samples covering nineteen European countries for the period 1995-2016.4 The first sample
is a country-level panel for the whole economy, i.e. from agriculture to public sectors. The
second sample is an industry-level panel covering only automation-intensive industries, i.e.
industries where information on the use of robots exists by the International Federation
of Robotics (IFR) (IFR, 2020). The automation-intensive industries include: agriculture;

4List of countries: AT; BE; CZ; DE; DK; ES; FI; FR; GR; IE; IT; LT; LV; NL; PT; SE; SI; SK; UK.
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mining and quarrying; ten manufacturing industries; electricity, gas and water supply;
construction; and education, research and development (see Appendix Table B.1.)

Figure 1: Time series of key variables (averaged across countries)
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in the country-level sample. T l

c,t, T k
c,t and T y

c,t refer to taxes on labor, capital and goods, respectively. R and ICT capture
the robot and ICT intensity as the ratio of the number of operational robots and ICT capital, respectively, over the number
of hours worked in the economy. wL, rK and pQ is labor compensation, capital compensation and the value of gross output,
respectively. For the two right panels, the country-level values of each variable considered are indexed relative to their base
year values. For the bottom-left panel, R and ICT are z-score normalized by subtracting the sample mean and dividing
by the standard deviation of the sample. The sample includes nineteen European countries: AT; BE; CZ; DE; DK; ES;
FI; FR; GR; IE; IT; LT; LV; NL; PT; SE; SI; SK; and UK, for the period 1995-2016, but is unbalanced since data are not
reported for LT, LV and UK in 1995, and DK, PT, SI and SK in 1995-1999. For more details over the country-level sample
and construction of variables, see Online Appendix Section A.1.

4.2.1. Tax revenue

Taxes are part of our country-level data compiled from the OECD Global Revenue Statis-
tics Database (OECD, 2020). We retrieve information on taxes by type, i.e. labor (T l

c,t),
capital (T k

c,t), and goods (T y
c,t), measured in national currency and as percentage of GDP

or total taxation. Time series plots are shown in the top panels of Figure 1. A kink during
the 2008 financial crisis is visible in both relative tax contributions from different sources
and total tax revenues. The financial crisis was associated with a significant decline in
capital tax revenues leading to a relatively larger relative tax burden on labor and goods.
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4.2.2. Economic variables

Empirical proxies for factor income and consumption at the country level are aggregates
of NACE Rev. 2 (ISIC Rev. 4) industry-level data from the EUKLEMS database (Adarov
et al., 2019; EUKLEMS, 2019; Stehrer et al., 2019). The bottom right panel in Figure
1 illustrates the evolution of the macroeconomic accounts wLt, rKt, pQt averaged across
all countries and normalized to the base year 1995. We see that aggregate revenues from
labor increased slower compared to the other accounts.5

4.2.3. Measuring automation technologies

We rely on two measures of automation based on: (1) the number of operational industrial
robots from IFR (2020); and (2) the capital stock of ICT from EUKLEMS (2019). To
capture the extent to which robots were incorporated in production technologies, we
closely follow Graetz and Michaels (2018) to construct the robot density measure as the
number of operational robots over the number of hours worked by human labor. Similarly,
as a second automation indicator, we use the ICT-intensity measured as net ICT capital
stock per hour worked. These measures are computed both at the country-year and
industry-year dimension.
We consider these two measures to account for two distinct AT types distinguished

by the type of task they execute. Specifically, robots are designed to perform manual
tasks, while ICTs have a stronger link to cognitive tasks. While robots are pure ATs that
execute a well defined task previously performed by humans, it is less clear whether this
also applies to ICTs. ICTs can be flexibly applied in many different tasks and, to some
extent, these tasks do not necessarily have a clear analogue in the range of tasks executed
by humans.
In our analysis, we use both measures simultaneously and as an interaction term.

Robot-ICT interaction, otherwise stated as the depth of automation, captures comple-
mentarities between the two ATs, i.e. the extent to which both manual and cognitive
tasks are performed by machinery. Concerns about multicollinearity are ruled out since
the correlation between measures is low (i.e. correlation coefficient of 0.22). The bottom
left panel in Figure 1 presents a time series plot of the z-score normalized measure of
robot- and ICT-intensity and suggests that post-2008 the rate of robot diffusion outpaced
that for ICTs which exerts a stable rise since 1995.

5Along with other related sources, we construct a host of indicators used to ensure the robustness of
our analysis. For details over the construction and use of variables, see Online Appendix A.
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5. Results

5.1. Taxation, automation and the economy

Before analyzing the channels through which automation affects the economy, we describe
empirically the nexus between taxation, macroeconomic aggregates and automation.
We begin by regressing country level tax revenues on AT diffusion measures and key

indicators that describe the structure of economic production, i.e.

Tc,t = βRRc,t + βICT ICTc,t + βRICTRc,t ∗ ICTc,t + βLwLc,t + βKrKc,t + βzZc,t + εc,t (6)

where Tc,t ∈ {Tc,t, T
l
c,t, T

k
c,t, T

y
c,t} reflects taxes in (1) levels, i.e. logs of billions of national

currency, (2) percentage share of GDP and (3) percentage share of total taxation. We
control for country and time FE and a set of macroeconomic variables Zc,t to account for
country-specific economic characteristics, global shocks, and various potential confounding
factors that could be driving taxes and are correlated with the AT diffusion measures,
respectively.6 To allow the error term to be correlated both across countries and over
time, we cluster standard errors at the country and time dimension.
Results are presented in Table 2 for various time periods (Panels A-C).7 In the first

block of columns, we see the association of automation with taxes measured in logarithmic
national currency units. The second block shows the relationship with taxes measured
in percentage GDP. The last block shows the impact on the structure of taxation, i.e.
on taxes as a share of total taxation. Labor and capital income (wLc,t and rKc,t) are
measured in levels in the first block and as a percentage share in total output pQc,t in the
latter two blocks to proxy for the labor and capital share.
For the full period (Panel A), we observe a negative relationship between robots and

total tax revenues and taxes on labor in absolute terms. Until 2007 (Panel B), robot
diffusion was associated with a decline in capital taxation while increasing the share of
taxes on goods. After 2008 (Panel C), we do not find any significant association between
robots and taxes. For ICT, we observe a negative relationship with total tax revenues.
Here, the decline in taxes comes hand in hand with reductions in capital taxes while we
observe an increasing share of taxes on goods. The depth of automation, captured by

6These include: GDP growth; gross output share of service industries; Herfindahl-Hirschman Index
based on the gross output shares of macro-sectors; government consolidated gross debt as % of GDP;
government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross
fixed capital formation as % of GDP; and period average exchange rate. All regressions for Taxes
in ln of national currency also include the ln of gross output value (pQ). For more details over the
construction and use of these variables, see Online Appendix A.

7For space considerations, we only present the variables of interest in the main text, but provide and
discuss results about the remaining determinants in the Online Appendix Section C.
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the interaction term, exhibits a positive relationship with total tax revenues and taxes on
capital. This is also reflected in the structure of taxation where we observe a shift from
taxes on labor to capital.

Table 2: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016 (N = 395)
Rc,t -0.019∗ -0.039∗ 0.013 -0.014 -0.056 -0.323 0.322 -0.055 -0.922 0.801 -0.202

(0.010) (0.019) (0.040) (0.021) (0.421) (0.226) (0.357) (0.127) (0.598) (0.905) (0.515)
ICTc,t -0.061∗∗∗ -0.093 -0.122∗∗∗ -0.047∗ -1.620∗∗∗ 0.022 -1.794∗∗ 0.152 1.291 -2.695∗∗ 1.457∗∗

(0.011) (0.095) (0.038) (0.024) (0.544) (0.353) (0.641) (0.165) (0.903) (1.118) (0.608)
R ∗ ICTc,t 0.022∗∗∗ 0.022 0.048∗∗ 0.031∗∗ 0.429 -0.199 0.589∗∗ 0.040 -0.893∗∗ 1.067∗∗ -0.196

(0.005) (0.034) (0.017) (0.012) (0.290) (0.153) (0.269) (0.077) (0.363) (0.429) (0.291)
wLc,t 0.593∗∗∗ 0.721∗ 0.661∗∗ 0.626∗∗∗ -0.457∗∗∗ 0.051 0.122 -0.630∗∗∗ 0.560∗∗ 0.799∗∗ -1.392∗∗∗

(0.164) (0.345) (0.280) (0.150) (0.156) (0.111) (0.133) (0.094) (0.245) (0.377) (0.253)
rKc,t 0.097 0.260 0.119 0.069 -0.656∗∗∗ -0.022 0.025 -0.659∗∗∗ 0.508∗∗ 0.715∗∗ -1.315∗∗∗

(0.090) (0.256) (0.162) (0.091) (0.135) (0.088) (0.105) (0.073) (0.178) (0.262) (0.216)
pQc,t 0.205 -0.066 0.128 0.238

(0.246) (0.561) (0.378) (0.220)
Panel B: sub-period 1995-2007 (N = 224)
Rc,t -0.040∗ -0.078 -0.108∗∗∗ 0.020 -0.683∗ -0.223 -0.830∗∗ 0.370∗∗ -0.104 -1.984∗∗ 1.315∗∗

(0.021) (0.049) (0.031) (0.032) (0.382) (0.185) (0.377) (0.132) (0.480) (0.730) (0.459)
ICTc,t -0.042 -0.163 -0.110∗ -0.008 -0.856 0.275 -1.269 0.138 0.967 -2.616 0.873

(0.027) (0.123) (0.057) (0.028) (0.701) (0.468) (0.760) (0.187) (1.024) (1.510) (0.997)
R ∗ ICTc,t 0.008 0.036 0.019 0.000 0.083 0.053 -0.025 0.054 0.254 0.170 0.107

(0.017) (0.045) (0.031) (0.016) (0.567) (0.267) (0.415) (0.092) (0.423) (0.681) (0.624)
wLc,t 0.540∗∗ 1.383∗∗ 0.331 0.593∗∗∗ -0.588∗∗ -0.129 0.058 -0.517∗∗∗ 0.187 0.578∗ -0.940∗∗∗

(0.213) (0.495) (0.302) (0.137) (0.223) (0.138) (0.165) (0.088) (0.262) (0.314) (0.287)
rKc,t -0.032 0.288 -0.120 0.162 -0.887∗∗∗ -0.249∗ -0.086 -0.552∗∗∗ 0.033 0.474∗ -0.757∗∗

(0.129) (0.343) (0.158) (0.110) (0.232) (0.138) (0.153) (0.070) (0.258) (0.262) (0.286)
pQc,t 0.485 -0.671 0.726∗ 0.290

(0.304) (0.801) (0.385) (0.213)
Panel C: sub-period 2008-2016 (N = 171)
Rc,t -0.012 0.015 0.016 -0.058 0.210 0.233 0.196 -0.220 0.479 0.439 -0.901

(0.023) (0.025) (0.059) (0.034) (0.758) (0.405) (0.539) (0.238) (0.925) (0.956) (0.776)
ICTc,t 0.019 -0.007 0.017 0.026 0.280 -0.118 0.137 0.261∗∗∗ -1.274 0.519 0.731

(0.036) (0.050) (0.034) (0.056) (0.466) (0.623) (0.318) (0.058) (1.056) (0.753) (0.657)
R ∗ ICTc,t -0.020 -0.000 -0.016 -0.035 -0.149 -0.131 0.098 -0.117 0.399 -0.302 -0.135

(0.024) (0.031) (0.039) (0.033) (0.647) (0.376) (0.605) (0.095) (0.595) (0.736) (0.535)
wLc,t 0.403∗∗∗ 0.339 0.539∗ 0.375∗∗∗ -0.662∗∗∗ 0.039 0.087 -0.788∗∗∗ 0.715∗ 1.091∗ -1.795∗∗∗

(0.075) (0.193) (0.284) (0.094) (0.182) (0.070) (0.232) (0.085) (0.342) (0.572) (0.343)
rKc,t 0.017 0.235 0.146 -0.242∗∗ -0.718∗∗∗ 0.013 0.058 -0.789∗∗∗ 0.722∗∗ 1.013∗∗ -1.728∗∗∗

(0.064) (0.130) (0.151) (0.075) (0.146) (0.032) (0.181) (0.089) (0.253) (0.412) (0.306)
pQc,t 0.204 0.099 0.202 0.248∗

(0.122) (0.351) (0.327) (0.128)
Notes: *p < 0.05, **p < 0.01, ***p < 0.001. All regressions use country-level data for nineteen European countries during
1995-2016 and include: GDP growth, gross output share of service industries; Herfindahl-Hirschman Index based on the
gross output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable as
% of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; and country (c) and year (t) fixed effects. Regressions for Taxes in ln of national currency also include the
ln of gross output value (pQ). Standard errors are clustered both at the country and year level.
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Also, we include labor and capital income (shares) as additional controls. Based on
theory and empirical findings from existing studies, we expect automation to affect tax-
ation through the channels of production, income and distribution. We observe a strong
positive relationship between the wage bill and all taxes measured in national currencies.
Looking at taxes measured in % of GDP and the structure of taxation, we find an in-
creasing labor share to be negatively associated with total taxes and taxes on goods. This
pattern is robust and holds across different time periods. Capital income exhibits similar
associations, but appears to be unrelated to taxes in levels.

5.2. The impact of automation on the economy

5.2.1. Replacement effect

We test for the replacement effect running the following regressions:

Xi,c,t = βRRi,c,t + βICT ICTi,c,t + βRICTRi,c,t ∗ ICTi,c,t + εi,c,t (7)

where Xi,c,t ∈ {wLi,c,t, wi,c,t, Li,c,t, rKi,c,t, ri,c,t, Ki,c,t} refer to the values, prices and quan-
tities of labor and capital, and i refers to an automation-intensive industry (see A.3).
We control for country-industry, country-year and industry-year FE to account for un-
observed heterogeneity across those dimensions and look at changes over time within
country-industries. Standard errors are two-way clustered at the country-industry and
year level.
Table 3 presents results on the replacement effect. In total, we find weak support for the

replacement effect in automation-intensive industries when robots diffuse, i.e. we observe
decreasing employment aligned with increasing wages. The effects offset such that we do
not find a significant effect on the wage bill wLi,c,t. The replacement effect is stronger
when robots and ICT are adopted simultaneously as captured by R ∗ ICTi,c,t, as there
is an additional negative effect on top of the robot-specific one. Nonetheless, the net
effect on total labor is weak. ICT diffusion is weakly positively associated with wLi,c,t

driven by increasing employment Li,c,t. This association is only significant prior to 2007.
After 2008, we do not observe strongly significant effects on labor market outcomes in
automation-intensive industries. Also, we do not find that automation has any significant
association with capital accumulation and valuation.
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Table 3: Replacement effect
ln wLi,c,t ln wi,c,t ln Li,c,t ln rKi,c,t ln ri,c,t ln Ki,c,t

Panel A: full period 1995-2016
Ri,c,t -0.031 0.026∗∗ -0.057∗∗ -0.053 -0.011 0.008

(0.031) (0.010) (0.027) (0.036) (0.007) (0.027)
ICTi,c,t 0.020 0.005 0.015 0.026 -0.001 0.028

(0.012) (0.005) (0.013) (0.026) (0.010) (0.023)
R ∗ ICTi,c,t -0.007 0.005∗∗ -0.012∗∗ 0.003 -0.004 0.006

(0.005) (0.002) (0.005) (0.009) (0.002) (0.007)
N 4898 4898 4898 4843 4803 4803

Panel B: sub-period 1995-2007
Ri,c,t -0.006 0.016∗ -0.022 0.005 -0.002 0.020

(0.028) (0.008) (0.027) (0.050) (0.005) (0.021)
ICTi,c,t 0.026∗∗ 0.005 0.021∗ 0.001 0.001 0.029

(0.010) (0.005) (0.010) (0.027) (0.010) (0.017)
R ∗ ICTi,c,t 0.002 0.001 0.001 -0.003 -0.000 0.008

(0.005) (0.002) (0.005) (0.015) (0.003) (0.008)
N 2827 2827 2827 2790 2777 2777

Panel C: sub-period 2008-2016
Ri,c,t -0.034 0.013 -0.047∗ -0.021 -0.004 -0.021

(0.027) (0.012) (0.023) (0.043) (0.004) (0.020)
ICTi,c,t -0.033 0.016 -0.049 -0.100 -0.006 -0.036

(0.027) (0.010) (0.027) (0.095) (0.005) (0.053)
R ∗ ICTi,c,t -0.012 0.000 -0.012 0.028 -0.003∗ 0.011

(0.010) (0.004) (0.009) (0.020) (0.002) (0.009)
N 2070 2070 2070 2052 2025 2025

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. All regressions use industry-level data for nineteen European countries during
1995-2016 for the set of industries susceptible to automation, and include: country-industry (ci); country-year (ct); and
industry-year (it) fixed effects. All regressions are weighted by the base-sample-year share of each industry’s number of
hours worked to country-wide hours worked. Standard errors are clustered both at the country-industry and year level.

5.2.2. Reinstatement effect

We empirically test the reinstatement effect with the following country level regressions:

Yc,t = βRRc,t + βICT ICTc,t + βRICTRc,t ∗ ICTc,t + βzZc,t + εc,t (8)

where Yc,t ∈ {wc,t, Lc,t, rc,t, Kc,t, Servicesc,t, Gini
w
c,t}. The main effects of interest are

those of automation on labor market outcomes wc,t and Lc,t. Moreover, we examine
qualitative features of the effect by testing whether automation is a driver of capital
accumulation (Kc,t and rc,t) and the cross-industrial reallocation of output from goods to
services captured by the output share of services Servicesc,t. With Giniwc,t we evaluate
potential effects on cross-industrial wage inequality captured by the Gini coefficient. The
regressions include the same country-level controls Zc,t as in equation (6), and country
and year FE. We cluster standard errors at the country and year level. Regression results
are shown in Table 4.
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Table 4: Reinstatement effect
ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 1995-2016 (N=395)
Rc,t -0.128∗∗∗ -0.006 -0.088∗∗∗ -0.056∗∗ -0.941∗∗∗ 0.032∗∗∗

(0.032) (0.016) (0.031) (0.026) (0.269) (0.009)
ICTc,t 0.168∗∗∗ -0.092∗∗ 0.077 -0.006 0.527 0.038∗∗∗

(0.049) (0.040) (0.047) (0.069) (1.008) (0.013)
R ∗ ICTc,t -0.075∗∗∗ 0.035∗∗ -0.032 -0.004 0.212 -0.008

(0.023) (0.016) (0.022) (0.037) (0.464) (0.006)

Panel B: sub-period 1995-2007 (N=224)
Rc,t -0.145∗∗∗ -0.040 -0.084∗∗ -0.065∗∗ -1.539∗∗∗ 0.011

(0.040) (0.023) (0.029) (0.026) (0.497) (0.011)
ICTc,t 0.301∗∗∗ -0.142∗∗∗ 0.141∗∗∗ -0.049∗ -2.427∗∗ 0.018

(0.052) (0.023) (0.040) (0.024) (1.107) (0.017)
R ∗ ICTc,t -0.141∗∗∗ 0.040∗∗∗ -0.065∗∗ 0.017 1.215∗ -0.006

(0.032) (0.011) (0.023) (0.015) (0.607) (0.010)

Panel C: sub-period 2008-2016 (N=171)
Rc,t -0.034 0.018 -0.039 -0.004 -1.635∗∗ 0.009∗

(0.027) (0.019) (0.028) (0.023) (0.562) (0.004)
ICTc,t 0.011 0.008 0.046 0.100∗ 2.054 0.006

(0.018) (0.035) (0.036) (0.047) (1.161) (0.007)
R ∗ ICTc,t -0.032∗∗ 0.002 -0.036 -0.038 -0.467 0.008

(0.013) (0.021) (0.024) (0.034) (0.726) (0.005)
Notes: *p < 0.05, **p < 0.01, ***p < 0.001. All regressions use data for nineteen European countries during 1995-2016
and include: GDP growth, government consolidated gross debt as % of GDP; government interest payable as % of GDP;
net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average exchange rate;
value added TFP–calculated as the residual from an OLS regression of value-added volumes (V A) on a translog production
function including capital volumes (K) and total number of hours worked (L); and country (c) and year (t) fixed effects.
Standard errors are clustered both at the country and year level.

We observe that robots and the depth of automation exhibit a negative association with
wages and capital prices. These effects are most significant prior to 2007. Robots alone
are negatively associated with the demand for capital (and insignificantly with labor).
In contrast, we find a positive association of the automation depth with the demand for
labor and (insignificantly) for capital. As above, the effects are only significant prior to
2007 except from the negative association between automation depth and wages.
For ICT diffusion, we observe different patterns. ICT is significantly positively associ-

ated with factor prices, but negatively with factor demand quantities, for both labor and
capital. After 2008, the relationships between ICT diffusion and factor demand quantities
become positive, but are only weakly significant for capital.
Generally, we observe that the diffusion of automation technologies is negatively associ-

ated with the output share of services.This effect is significant for robots in both periods.
ICT exhibits a significant negative correlation with the service share prior to 2007, but
we do not see any significant effect after 2008. For the whole period, we find that both
automation technologies exhibit a positive correlation with cross-industrial wage inequal-
ity.
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5.2.3. Real income effect

To evaluate the real income effect of automation on: (1) aggregate factor incomes; and (2)
productivity and prices of final goods pc,t, while accounting for aggregate market expansion
reflected in aggregate output Qc,t and sales pQc,t, we run the following regressions:

Yc,t = βRRc,t + βICT ICTc,t + βRICTRc,t ∗ ICTc,t + βzZc,t + εc,t (9)

where Yc,t ∈ {wLc,t, rKc,t, (wLc,t + rKc,t), pQc,t, Qc,t, pc,t, LProdc,t, TFPc,t} with LProdc,t

and TFPc,t as a measure for labor productivity and total factor productivity (TFP),
respectively. In line with equation (1), we control for the same set of country-level controls
Zc,t, include country and year FE, and cluster standard errors at the country and year
level. Results are presented in Table 5.

Table 5: Real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 1995-2016
Rc,t -0.131∗∗∗ -0.133∗∗ -0.139∗∗∗ -0.113∗∗ 0.009 -0.099∗∗∗ -0.006 -0.004

(0.039) (0.047) (0.042) (0.040) (0.029) (0.029) (0.019) (0.014)
ICTc,t 0.068 -0.062 0.015 0.017 0.026 -0.019 0.093∗∗ -0.046

(0.057) (0.058) (0.055) (0.049) (0.032) (0.044) (0.033) (0.030)
R ∗ ICTc,t -0.033 0.005 -0.019 -0.026 -0.016 0.016 -0.049∗∗ 0.027∗∗

(0.036) (0.035) (0.036) (0.035) (0.026) (0.021) (0.022) (0.012)
N 395 395 395 395 309 309 309 309

Panel B: sub-period 1995-2007
Rc,t -0.193∗∗∗ -0.147∗∗∗ -0.180∗∗∗ -0.133∗∗∗ -0.060∗∗∗ -0.114∗∗∗ -0.017 0.009

(0.038) (0.041) (0.037) (0.038) (0.015) (0.023) (0.011) (0.011)
ICTc,t 0.126∗∗∗ -0.034 0.059 0.096∗ 0.015 0.014 0.142∗∗∗ -0.091∗∗∗

(0.040) (0.066) (0.049) (0.054) (0.018) (0.047) (0.031) (0.028)
R ∗ ICTc,t -0.074∗∗ -0.048 -0.060∗ -0.085∗∗ -0.010 -0.015 -0.061∗∗ 0.058∗∗∗

(0.028) (0.038) (0.032) (0.035) (0.015) (0.027) (0.020) (0.015)
N 224 224 224 224 174 174 174 174

Panel C: sub-period 2008-2016
Rc,t -0.008 -0.035 -0.025 -0.006 0.066∗∗ -0.033∗∗ 0.028 -0.003

(0.030) (0.039) (0.024) (0.025) (0.026) (0.014) (0.026) (0.010)
ICTc,t 0.047 0.127∗ 0.083∗ 0.069 0.039 0.029 0.013 0.020∗∗∗

(0.034) (0.061) (0.037) (0.054) (0.029) (0.020) (0.022) (0.002)
R ∗ ICTc,t -0.029 -0.063 -0.048 -0.049 -0.018 -0.026∗ -0.016 -0.002

(0.030) (0.040) (0.029) (0.035) (0.026) (0.013) (0.019) (0.009)
N 171 171 171 171 135 135 135 135

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. All regressions use data for nineteen European countries during 1995-2016
and include: GDP growth, government consolidated gross debt as % of GDP; government interest payable as % of GDP;
net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average exchange rate;
and country (c) and year (t) fixed effects. Labor productivity is measured as the share of gross output volumes (Q) over
the total number of hours worked. TFP is calculated as the residual from an OLS regression of gross output volumes (Q)
on a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). Standard errors are clustered both at the country and year level.
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We find that robot diffusion is significantly negatively associated with incomes from
capital and labor. It is also negatively associated with aggregate sales and prices. Prior
to 2007, we observe robot diffusion to be accompanied with a contraction in output
quantities, which is reversed after 2008. After 2008, the effects of robot diffusion on
factor income and sales are insignificant. The depth of automation exhibits roughly the
same effects on factor markets as for robots, but these are weakly significant. While we
do not see any significant interaction between robots and our productivity measures, we
observe a positive link between the automation depth and TFP, but a negative one for
labor productivity.
For ICT diffusion, we observe a positive relation of ICT with labor income and labor

productivity. This is most significant pre-2007. During this period, we additionally find
a weakly significant link with the value of aggregate output, while after 2008, we find a
positive effect on capital income and total factor income wLc,t +rKc,t. Prior to 2007, ICT
diffusion is negatively associated with TFP while this relationship is reversed post-2008.

6. Robustness checks
In this section we discuss the key parts of further analysis we have undertaken to ensure
the robustness of our findings.8

6.1. Endogeneity

Ideally, we would like to measure the pure impact of technological progress in ATs as an
exogenous driver of AT diffusion to see how it affects the economy and public revenues.
However, we only observe patterns of AT adoption which are likely to endogenously
depend on economic dynamics.
To alleviate such endogeneity concerns, we employ three robustness checks that rely

on lagged data and Instrumental Variables (IV). First, we use lagged (t − 1) instead of
contemporaneous (t) robot- and ICT-intensity as explanatory variables to allow for effects
that may take over one period to materialize. Next, we use an IV approach where deeper
lags, i.e. t−1, t−2 and t−3, instrument for the contemporaneous AT diffusion measures.
The estimates are consistent with the baseline results.
Furthermore, we apply an alternative IV approach inspired by Blanas et al. (2019) fol-

lowing the idea that AT imports from other countries should be driven by technological
advances in ATs, but are entirely exogenous to the economic dynamics in country c. For
this we use robot and ICT product imports by all countries in the world except c as

8For a more detailed presentation and discussion of the results we refer the reader to the relevant section
of the Online Appendix Sections D-E.
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an instrument for robot and ICT diffusion in country c. Again, we obtain qualitatively
consistent point estimates for the coefficients, but the validity tests indicate a weak ex-
planatory power at the first stage. Summing up, the lag-based and both IV approaches
to cope with the endogeneity of AT diffusion measures support our analysis qualitatively,
but given the aggregation-level of the analysis the trade-based IV approach suffers from
weak instruments.9

6.2. Further tests

In a series of further checks we include additional controls, such as trade, corporate
taxation, and distribution. For some variables, we have incomplete time and country
coverage, and thus why we abstain from directly including them in our main analysis.
First, we test the sensitivity of our results against changes in the tax systems. While

comprehensive data covering the whole range of different taxes is not available, we proxy
tax reforms using data on corporate taxation for a smaller period but for all countries in
our sample. We use two different data sources. First, we repeat all baseline country-level
regressions and include as an additional control the corporate tax rate (CRTc,t) sourced
from KPMG. This data are available between 2003-2016, and thus only the results for
the post-2008 period are comparable with the baseline analysis. Next, we repeat all
baseline country-level regressions and include, as an additional control, the effective tax
rate (ERTc,t) sourced from Eurostat. The ETR is only available between 2006-2016 and
again, only results for the post-2008 period are comparable with the baseline analysis.
Another concern regarding the robustness of our results may arise from the impact of

trade. To capture the country-specific impact of trade, we repeat all baseline country-level
regressions and include, as additional controls, the country-level imports (Imports%GDP

c,t )
and exports (Exports%GDP

c,t ) as percentage of GDP. Finally, to explore the nexus between
distribution and taxation, we examine the progressiveness of taxation. To do so, we rely
on the same empirical specification used to understand the determinants of taxation,
but now our regressions include, as an additional control, the Gini coefficient measuring
cross-industry wage inequality (Giniwc,t) sourced from Eurostat.
Overall, the results from these exercises are qualitatively consistent with our main find-

ings, albeit in some cases of lower statistical significance which might be due to differences
in the data coverage.10

9We have also experimented with alternative external IV approaches by constructing Bartik-style in-
struments, but we ran into similar issues in terms of the validity of our instruments. For more details
see Online Appendix Section D.

10For a detailed presentation of the results and data used see Online Appendix Section E.
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7. Discussion

7.1. Answering the research questions

Now, we return to the research questions outlined in Section 1:
1. What is the effect of automation on aggregate tax revenues at the country level in

absolute terms and relative to GDP?
2. What is the relationship between AT diffusion and the composition of taxes by source,

i.e. labor, capital and goods?
3. How can these effects be traced back to the three effects through which automation

affects economic production?
We have shown that it is important to be specific when talking about the impact of au-
tomation on the economy and fiscal revenues as robots and ICT are not only conceptually
but also economically different technology types.
Industrial robots as pure automation technology exhibit a negative relationship with

aggregate tax revenues. This effect is strongest in the period until 2007 when robot
diffusion was accompanied by a negative real income effect, i.e. declining factor revenues
and output at the aggregate level. Our results suggest that robots are labor-replacing in
automation-intensive industries, but not for any impact on labor demand at the country-
level, though we find a negative association between robot diffusion and country-level
wages. At this time, aggregate tax revenues decreased which was driven by lower tax
revenues raised from capital. A shift from capital taxation towards the taxation of goods
occurred.
After 2008, the impact of robots disappears: while industrial robots are still labor-

replacing in automating industries, we cannot find any significant effect on aggregate
factor earnings, but we find prices for final goods to decrease and aggregate demand in
volumes to rise. Aggregate consumption in values is not significantly affected and the
same holds for taxation: none of our taxation measures is significantly impacted during
this period. Looking at the full time period, robot diffusion was accompanied by a shift
from labor taxation towards taxes on goods.
The relationship between ICT diffusion and taxation is different. For the full sample,

we find a negative impact of ICT on aggregate tax revenues, taxes from capital, and a
shift from the taxation of capital to the taxation of goods. These effects are not significant
for any of the sub-periods, but qualitatively consistent during the pre-2007 phase.
Again, the economic effects differ across periods. Prior to 2007, ICT diffusion shows

a positive association with labor demand and labor income in automating industries. At
the country level, ICTs exhibit a positive overall effect on labor income, reflected in wage
increases along with declines in employment. Our analysis shows that rising labor income
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is a key determinant of tax revenues. Hence, we expect a technology that raises labor
income also induces increases in tax revenues. Against our intuition, the impact of ICT
on taxation is negative and disappears during the second period. We observe no effect
on country-level capital income. We also find evidence for a weak increase in aggregate
demand. These effects taken together offer an explanation for the shift from capital taxes
towards an increasing relative importance of taxes on goods. Post-2008, we do not observe
any significant relationship between ICT and labor income, but a weak positive effect on
capital income. During that period, the impact on taxation becomes insignificant.
The effects of ICT on productivity are ambiguous with an increasing labor productivity,

but decreasing TFP in the pre-2007 period. After 2008, the impact on TFP is signifi-
cantly positive. Technology diffusion is an inherently dynamic process with adoption lags,
learning, creative destruction, and sometimes it takes time until the economic benefits of
technological advance unfold. The differential findings across periods highlight that it
may be insufficient to focus on a short time period when studying the impact of ATs on
the economy and fiscal revenues.
Note that the sample size for the post-2008 period is smaller, and thus could explain

the lower significance of the post-2008 findings. In addition, the period after the financial
crisis might exhibit distorting patterns of production and fiscal policies that potentially
undermine the capacity to capture the impact of technological change.

7.2. Challenges of taxation analysis

We need to emphasize a few challenges that we face in our work. First, tax systems are
complex and have been subject to reform policies prior and post to the financial crisis. The
financial crisis in 2008 was a key driver of structural reforms. These policy changes are
difficult to control for, especially in a set of heterogeneous countries with diverse cultures
of taxation that evolved differently over decades. We cope with these peculiarities by
splitting our analysis into different periods of time and conducting a battery of checks to
exclude a range of potential confounding factors.
A second challenge related to the tax data is the notion of endogeneity, where two types

of endogeneity might be relevant. First, we do not know to what extent automation and its
economic impact are affected by particular tax rules. We cope with this problem through
a series of robustness checks using data on corporate tax rates as additional controls and
find that this does not affect our results. Moreover, checking country-level time series
data on implicit taxes on labor and capital, we do not observe any distortionary effects,
which differs from observations for the US (Acemoglu et al., 2020). In our sample, there is
no ex-ante reason that variations in AT diffusion in Europe can be attributed to changes
in relative taxation.
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A second concern about endogeneity arises due to the cyclicality of investment decisions.
In particular, we do not know whether we observe the impact of AT diffusion on the
economy or vice versa. We cope with this through a series of robustness checks using
lagged instead of contemporaneous AT diffusion in the regression and through two types
of IV approaches relying on lagged AT and trade data. We find that our observations are
robust against these alternative specifications.
Finally, it should also be noted that our analysis only briefly touched upon distributional

effects. Conceptually, we have implicitly assumed a linear relationship between country-
level wage and capital income, consumption and taxation. However, households with
different income levels consume and save differently, and employees earning different wages
face different tax rates dependent on the progressiveness of taxation. Our results suggest
that automation may increase cross-industry wage inequality. Inequality is a major issue
in the literature on automation, but an in-depth analysis in this context is left for future
study.

8. Conclusion
In this study, we explore the effects of automation on taxation. We introduce a stylized
theoretical framework that decomposes tax revenues into three broader sources of tax-
ation distinguishing between taxes on labor, capital, and consumption. We link these
sources to production and identify three economic effects of automation. This provides
the theoretical basis to draw a link from micro-level AT adoption to aggregate flows of
tax revenues. In contrast to existing studies on automation and taxation, we do not look
at the impact of taxes on firms’ adoption decisions. Instead, we are the first to study em-
pirically the relationship between automation and tax revenues taking adoption decisions
as given.
Our study suggests that the nexus between taxation and automation is complex and re-

quires a careful monitoring of the economic side effects of technological change. Preceding
studies argued that policy makers should be concerned about the sustainability of public
finances when intelligent machinery replaces labor and undermines the basis of taxation.
Our study is the first to explore the empirical basis of this claim. Overall, our findings
suggest that there is no empirical evidence supporting that tax revenues are negatively
affected by ATs in the long run. Specifically, whether automation erodes taxation depends
on the technology and the stage of diffusion, and concerns about public budgets might be
short sighted when focusing on the short term and ignoring other technology trends.
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A. Data construction
Overall, we combine different data sets at different aggregation levels with varying cov-
erage in terms of countries, industries, and time. After merging the data as described
below, we end up with two samples. The first sample is a country-level panel data set
covering the whole economy, from agriculture to public sectors, for nineteen European
countries during 1995-2016.1

The second sample is an industry-level panel data set covering only automation-intensive
industries. We classify industries as automation-intensive when information on the use
of robots exists, since the data coverage of industries is endogenous, i.e. only significant
customers of industrial robots are reported (IFR, 2020). These data cover the same set of
countries and years as the country-level data excluding Portugal due to missing informa-
tion. The industries classified as automation-intensives include: agriculture; mining and
quarrying; ten manufacturing industries; electricity, gas, and water supply; construction;
and education, research and development.2

A.1. Sources of tax revenue

Taxes are part of our country-level data and compiled on the basis of the Global Revenue
Statistics Database of the OECD (2020). We use the OECD terminology to define the
tax aggregates as follows:

• T l
c,t—taxes on labor are the sum of Social security contributions (2000) and Taxes

on payroll and workforce (3000);
• T k

c,t—taxes on capital are the sum of Taxes on income, profits and capital gains
(1000) and Taxes on property (4000);3

• and T y
c,t—taxes on goods given by Taxes on goods and services (5000),

where the numbers in parentheses indicate the tax code from the OECD tax classification

1The sample is unbalanced since data are missing for: Lithuania, Latvia, and the United Kingdom during
the base year, i.e. 1995; and Denmark, Portugal, Slovenia and Slovakia for the period 1995-1999.

2The sample is unbalanced since certain country-industry-year combinations are missing. Generally, the
industry and year coverage is rather limited for Eastern European countries i.e. Estonia, Lithuania,
Latvia, Slovenia and Slovakia. Details on the coverage are provided in the Appendix Table B.2.

3We include property taxes as part of capital taxes because: (1) they consist largely of taxes on corporate
property; and (2) we interpret property as part of the productive capital that is used to provide eco-
nomic services to final consumers. This interpretation also holds for the majority of private property
taxes. For example, taxes on houses are one of the most significant parts of property taxes. Housing
is a service consumed by households even if private housing is not traded on the market. This inter-
pretation is not applicable to other components of property taxes (e.g. taxes on gifts). However, tax
revenues raised from these residual accounts are negligibly small. The total block of property taxes
accounts on average for less than 2% of GDP. Checks excluding all 4000 -tax codes confirms that this
does not alter the results.
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system (OECD, 2019, A.1).4

To describe the impact on tax revenues, we use taxes measured in national currency.
To put this in relation to production, we look at taxes measured as percentage of GDP.
For an analysis on the structure of taxation, we use tax data measured as percentage of
total taxation.

A.2. Economic variables

Empirical proxies for factor income and consumption at the country level are aggregates
of NACE Rev. 2 (ISIC Rev. 4) industry-level data from the EUKLEMS database (Adarov
et al., 2019; EUKLEMS, 2019; Stehrer et al., 2019). We use:

• LAB for wc,tLc,t = ∑
i∈Ic

wi,c,tLi,c,t;
• CAP for rc,tKc,t = ∑

i∈Ic
ri,c,tKi,c,t;

• and GO for pc,tQc,t = ∑
i∈Ic

pi,c,tQi,c,t,5

where wi,c,t, ri,c,t and pi,c,t, are computed by dividing the respective variables measured in
values to their volumes.6

Automation may lead to industrial restructuring. To measure this, we construct two
structural indicators using industry-level data. First, we compute the service sector mar-
ket share: Servicesc,t =

∑
i∈Is

c
pi,c,tQi,c,t∑

i∈Ic
pi,c,tQi,c,t

, where Is
c is the set of service industries in c.7

Second, we compute as a measure of industrial concentration the Hirschmann-Herfindahl
index on the basis of industry shares in total production, i.e. HHIc,t = ∑

i∈Ic

(
pi,c,tQi,c,t

pc,tQc,t

)2
.

For an indicator of cross-industrial wage inequality, we use industry-level data on wages
to calculate the country-level Gini coefficient as follows: Giniwc,t =

∑Ic
i=1(2i−Ic−1)wi,c,t

Ic

∑Ic
i=1 wi,c,t

, where
Ic are all industries in country c and i is now the rank of industry-level wages in ascending
order. Analogously, we compute GiniLc,t which measures the distribution of employment
across industries. A higher level of Giniwc,t (GiniLc,t) indicates a more unequal distribution
of wage (labor) across industries.
To examine the impact of automation on productivity, we use industry-level data to

4In this analysis, we ignore residual taxes (6000 ) which, on average across OECD countries, account for
approximately 0.2% of GDP and 0.6% of total taxation.

5LAB is computed as the compensation of employees in current prices of national currency in million
times the ratio of total hours worked by persons engaged over total hours worked by employees, which
assumes that in each industry the self-employed receive the same hourly wage as the employees. CAP
is the capital compensation calculated as the value added minus labor compensation. Note that we
use the value of the capital stock as proxy for the rate of return to capital. GO is the gross output in
current prices of national currency in million.

6Specifically, we source from EUKLEMS Lc,t =
∑

i∈Ic
Li,c,t, Kc,t =

∑
i∈Ic

Ki,c,t and Qc,t =
∑

i∈Ic
Qi,c,t

as the number of hours worked in million (H_EMPE), the net capital stock volume of all assets
in million (Kq_GFCF ), and the gross output volume in million (GO_Q). Similarly, we construct
country-level wc,t, rc,t and pc,t by dividing the corresponding country-level aggregates in values by
volumes Lc,t, Kc,t and Qc,t, respectively.

7We define service industries as NACE Rev. 2 (ISIC Rev. 4) 2-digit codes 45-99 or 1-digit codes G-U.
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calculate labor productivity LProdc,t as the share of gross output volumes over the total
number of hours worked. We also estimate total factor productivity TFPc,t as the residual
from an OLS regression of gross output volumes on a translog production function of
volumes of capital, labor (hours worked) and material inputs (cf. Stehrer et al., 2019).
In the tax regressions, we additionally control for determinants of taxation identified in

the literature (e.g. Castañeda Rodríguez, 2018; Castro and Camarillo, 2014). We include
GDP growth and different indicators of public finances sourced from Eurostat (2020),
such as: government consolidated gross debt as % of GDP (Debt%GDP

c,t ); net government
lending/borrowing as % of GDP (Lending%GDP

c,t ); government interest payments on debt
as % of GDP (Interest%GDP

c,t ); and public gross fixed capital formation as % of GDP
(GovInv%GDP

c,t ). We capture the role of trade by including the period average exchange
rate (XRatec,t) from the OECD (2020) data set. Robustness checks including additional
controls, such as corporate tax rates, and import and export rates are provided in E.3.

A.3. Measuring automation

We use two measures for automation calculated on the basis of: (1) the number of oper-
ational industrial robots; and (2) the capital stock of ICT, including computer software
and databases.
The data on industrial robots is from the International Federation of Robotics (IFR)

(IFR, 2020). An industrial robot is defined as “automatically controlled, reprogrammable,
multipurpose manipulator [...] for industrial applications” (IFR, 2020).8 The IFR provides
data on deliveries and stocks of industrial robots at the industry level. Industrial robots
are a measure of automation because they can readily replace humans in the execution
of specific tasks (see Acemoglu and Restrepo, 2020; de Vries et al., 2020; Faber, 2020;
Graetz and Michaels, 2018).
To measure the extent to which robots became part of an industry’s production tech-

nology, we construct the robot density measure as the number of operational robots over
the number of hours worked by human labor in industry i, i.e. Ri,c,t = #Robotsi,c,t

Li,c,t
. For the

country level analysis, we compute Rc,t =
∑

i∈Ic
#Robotsi,c,t∑

i∈Ic
Li,c,t

.9

As a second automation indicator, we use the ICT-intensity measured as net ICT capital
stock per hour worked Li,c,t. The data on ICT capital is taken from EUKLEMS (2019) as
the sum of net capital stock volumes of computing equipment (Kq_IT ), communications
equipment (Kq_CT ), and computer software and databases (Kq_Soft_DB). It includes

8This definition follows the ISO norm 8373 (see https://www.iso.org/obp/ui/#iso:std:iso:8373:
ed-2:v1:en).

9For the construction of the number of operational robots in each industry (#Robotsi,c,t), we closely
follow Graetz and Michaels (2018).
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both tangible (hardware) and intangible (data bases and software) ICTs.
The coverage of industries differs for data on robots and ICT. Data on ICT covers the

whole economy, except for all industries in Portugal and certain industries and/or years in
Eastern European countries. Robot data are also available for more countries than those
in the ICT data set, but reported only for the following industries: agriculture; mining
and quarrying; ten manufacturing industry groups; electricity, gas and water supply;
construction; and education, research and development (see Appendix Table B.2).
We include these two types of automation to potentially account for two different AT

types. Robots and ICTs can be distinguished by the type of task they can execute: robots
are designed to perform manual tasks, while ICT has a stronger link to cognitive tasks.
While robots are pure ATs that execute a clearly defined task previously performed by
humans, it is less clear whether this also applies to ICTs. ICTs can be flexibly applied for
many different tasks and, to some extent, these tasks do not have a clear analogue in the
range of tasks that can be executed by humans.
In our analysis, we introduce both diffusion measures simultaneously and as an inter-

action term. Robot-ICT interaction captures complementarities between the two ATs or
otherwise stated the depth of automation, i.e. the extent to which both manual and cogni-
tive tasks are performed by machinery. Concerns about multicollinearity can be ruled out
since we find a very low correlation between both measures (with a correlation coefficient
of 22% for all countries in the sample and with 34%, 19%, and 63% for Eastern, Northern
and Southern European countries, respectively. The bottom left panel in Figure 1 shows
a time series plot of the z-score normalized data on robot and ICT diffusion. The figure
shows that the pace of robot diffusion increased sharply in the period after 2008.
A major concern is over the potential endogeneity of the diffusion measures. While

we study the impact of AT diffusion on the economy, the causality can run vice-versa,
and thus AT adoption could be contingent on economic dynamics. For instance, a well
documented macroeconomic regularity is that investment cycles are positively correlated
with cyclical boosts and busts in the economy (Anzoategui et al., 2019; Stock and Watson,
1999). In our analyses, while we control for gross capital formation which captures the
cyclicality of general investments, AT-specific investments could still follow a different
trend. To cope with endogeneity of this sort, we apply a series of robustness checks,
including the use of lagged (t − 1) diffusion measures and exploring two types of IV
regressions. For the latter, we experiment with: (1) an internal IV strategy using deeper
lags (up to t − 3) of the AT measures as instruments; and (2) an external IV strategy,
whereby we use data on global trade in robots and ICT products to construct external
instruments for AT adoption (see D).
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B. Additional Tables and Figures

Table B.1: List of NACE Rev.2 (ISIC Rev.4) industry groups in industry level data.
Industry aggregation:
EUKLEMS IFR Description of industries in IFR dataset

01t03 01t03 A-B-Agriculture, forestry, fishing
05t09 05t09 C-Mining and quarrying
10t12 10t12 10-12-Food and beverages
13t15 13t15 13-15-Textiles
16t18 16 16-Wood and furniture
16t18 17t18 17-18-Paper
19t21 19t20 20-21-other chemical products n.e.c.
19t21 21 19-Pharmaceuticals, cosmetics
22t23 22 22-Rubber and plastic products (non-automotive)
22t23 23 23-Glass, ceramics, stone, mineral products (non-auto
24t25 24 24-Basic metals
24t25 25 25-Metal products (non-automotive)
26t27 26t27 26-27-Electrical/electronics
28 28 28-Industrial machinery

29t30 29 29-Automotive
29t30 30 30-Other vehicles
31t33 32 91-All other manufacturing branches
35t39 35t39 E-Electricity, gas, water supply
41t43 41t43 F-Construction
85 85 P-Education/research/development
Rest Rest 90-All other non-manufacturing branches

Notes: EUKLEMS and IFR refer to the aggregation of NACE Rev.2 (ISIC Rev.4) 2-digit industries considered in the
EUKLEMS and IFR data set, respectively. The industry level analysis in this paper is based on the more aggregate
EUKLEMS industry aggregation.
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Table B.2: Time period coverage of each country industry pair in the industry level sample.
Industry groups based on ISIC Rev.4 (NACE Rev.2) 2-digit codes used in the industry-level sample

Country 01t03 05t09 10t12 13t15 16t18 19t21 22t23 24t25 26t27 28 29t30 31t33 35t39 41t43 85
AT 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
BE 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
CZ 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
DE 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
DK 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
EE 2000-2016 2000-2016 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 2000-2016 2000-2016 2000-2016
ES 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
FI 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
FR 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
GR 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
IT 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
LT 1995-2016 1995-2016 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 1995-2016 1995-2016 1995-2016
LV 1995-2016 2000-2016 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 2000-2016 1995-2016 2000-2016
NL 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
SE 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016
SI 2000-2016 2000-2016 N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 2000-2016 2000-2016 2000-2016
SK 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016 2000-2016
UK 2007-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016 1995-2016

Notes: This table presents the year coverage across countries and industries for the industry level sample used in the analysis. Industries refer to groupings of NACE Rev.2 (ISIC
Rev.4) 2-digit industry codes and are discussed in detail in Table B.1.

Table B.3: Descriptive statistics
% of GDP % of total tax Production GDP Services % of GDP Gini

T T l T k T y T l T k T y wL rK pQ growth pQ HHI Debt Interest Lending GovInv w L

Mean 36 12 13 12 32 35 32 530 330 1830 2.3 57 .13 63 2.8 -3 3.5 .16 .51
St.Dev. 5.8 4.2 5.2 1.5 10 10 5.2 578 414 2212 3.5 6.8 .026 34 1.8 3.7 1 .049 .029
Min 23 .29 4.6 6.9 .6 17 23 2.5 1.7 8.7 -15 41 .082 8.5 .4 -32 1.5 .081 .41
Median 35 12 12 11 33 32 31 209 120 715 2.3 57 .13 58 2.6 -2.6 3.6 .15 .51
Max 49 19 33 16 45 69 44 2307 1978 10831 25 71 .19 181 11 6.9 7.7 .4 .6

Notes: This table shows the main descriptives (mean, standard deviation, minimum, median, maximum) of the core variables included in the regression analyses covering all nineteen
European countries during the period 1995-2016. Further information about the data is provided in the main article (see Section 4).
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Figure B.1: Evolution of implicit taxes on labor and capital
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Notes: These figures show the evolution of implicit tax rates on labor and capital in whole Europe and for the subsets of
Eastern Northern and Southern European countries as defined in the text. The data are downloaded from the European
Commissions tax database (European Commission, 2020a). See also European Commission (2020b).
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C. Further determinants of taxation
Here, we briefly outline other determinants of taxation that are included in the regressions
but not discussed in the main text. These regressors are motivated by the literature
on taxation and cover: GDP growth; the market share of services Servicesc,t; public
finance related indicators (debt, interest payments and deficit); measures for industrial
concentration HHIc,t; the exchange rate XRatec,t (i.e. US$ per Euro) as proxy for trade;
and public investments GovInvest%GDP

c,t .
Labor taxes in absolute terms, in relation to GDP and as share in total taxation exhibit

a positive correlation with the service share. This pattern holds for both sub-periods pre-
and post-2008. High indebtedness and higher deficits are positively related to taxes in
absolute terms and measured in percentage GDP. Net lending as percentage GDP is
positively correlated with all taxes except from labor taxes which are negatively related
to deficits.
We find a higher exchange rate XRatec,t to be negatively related to taxes on capital,

goods and in total, measured in absolute terms and as percentage of GDP. We also observe
a higher exchange rate to be positively related to the relative tax contribution of labor at
the cost of taxes on capital.10

10Note that the exchange rate varies across European countries only in the time dimension since the
EU’s Exchange Rate Mechanism aims to keep exchange rate fluctuations between the Euro and
other European currencies flat (see also https://stats.oecd.org/glossary/detail.asp?ID=3055).
Hence, XRatec,t captures the competitiveness of European countries on global markets but can not
be interpreted as an indicator for within-European trade.
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Table C.4: Taxation and the structure of production
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Rc,t -0.019∗ -0.039∗ 0.013 -0.014 -0.056 -0.323 0.322 -0.055 -0.922 0.801 -0.202
(0.010) (0.019) (0.040) (0.021) (0.421) (0.226) (0.357) (0.127) (0.598) (0.905) (0.515)

ICTc,t -0.061∗∗∗ -0.093 -0.122∗∗∗ -0.047∗ -1.620∗∗∗ 0.022 -1.794∗∗ 0.152 1.291 -2.695∗∗ 1.457∗∗
(0.011) (0.095) (0.038) (0.024) (0.544) (0.353) (0.641) (0.165) (0.903) (1.118) (0.608)

R ∗ ICTc,t 0.022∗∗∗ 0.022 0.048∗∗ 0.031∗∗ 0.429 -0.199 0.589∗∗ 0.040 -0.893∗∗ 1.067∗∗ -0.196
(0.005) (0.034) (0.017) (0.012) (0.290) (0.153) (0.269) (0.077) (0.363) (0.429) (0.291)

wLc,t 0.593∗∗∗ 0.721∗ 0.661∗∗ 0.626∗∗∗ -0.457∗∗∗ 0.051 0.122 -0.630∗∗∗ 0.560∗∗ 0.799∗∗ -1.392∗∗∗
(0.164) (0.345) (0.280) (0.150) (0.156) (0.111) (0.133) (0.094) (0.245) (0.377) (0.253)

rKc,t 0.097 0.260 0.119 0.069 -0.656∗∗∗ -0.022 0.025 -0.659∗∗∗ 0.508∗∗ 0.715∗∗ -1.315∗∗∗
(0.090) (0.256) (0.162) (0.091) (0.135) (0.088) (0.105) (0.073) (0.178) (0.262) (0.216)

pQc,t 0.205 -0.066 0.128 0.238
(0.246) (0.561) (0.378) (0.220)

GDPgrowthc,t -0.001 -0.003 0.005 -0.002 0.004 -0.031 0.039 -0.004 -0.109 0.135 -0.004
(0.001) (0.003) (0.003) (0.002) (0.039) (0.026) (0.027) (0.016) (0.076) (0.086) (0.040)

Servicesc,t -0.003 0.011 -0.014 -0.015∗∗ -0.026 0.151∗ -0.129 -0.047 0.513∗∗ -0.371 -0.169
(0.004) (0.013) (0.010) (0.007) (0.091) (0.080) (0.099) (0.042) (0.235) (0.273) (0.111)

HHIc,t -0.886 2.203 -3.399 -2.793∗∗∗ -13.553 24.999∗ -27.689 -10.863 90.046∗∗ -73.312 -16.057
(0.575) (1.771) (2.073) (0.840) (17.702) (13.563) (18.820) (7.968) (42.454) (58.541) (24.486)

Debt%GDP
c,t 0.002∗∗∗ 0.000 0.004∗∗ 0.002∗∗∗ 0.051∗∗∗ -0.005 0.038∗∗∗ 0.018∗∗∗ -0.062∗∗ 0.061 -0.007

(0.000) (0.001) (0.001) (0.001) (0.012) (0.007) (0.013) (0.004) (0.024) (0.036) (0.012)
Interest%GDP

c,t -0.008 0.004 -0.021 -0.012∗ -0.324 -0.050 -0.171 -0.103∗∗ 0.298 -0.266 0.211
(0.007) (0.008) (0.015) (0.006) (0.191) (0.091) (0.155) (0.044) (0.257) (0.391) (0.156)

Lending%GDP
c,t 0.005∗∗∗ -0.002 0.004 0.006∗∗ 0.116∗∗∗ 0.012 0.071∗ 0.033∗∗∗ -0.029 0.047 -0.032

(0.001) (0.004) (0.004) (0.002) (0.028) (0.019) (0.036) (0.011) (0.065) (0.084) (0.040)
GovInv%GDP

c,t 0.007 0.009 0.004 -0.003 -0.001 0.020 0.039 -0.060 0.055 -0.021 -0.182
(0.006) (0.009) (0.015) (0.006) (0.193) (0.106) (0.154) (0.062) (0.274) (0.333) (0.221)

XRatec,t -0.004∗∗∗ -0.004 -0.004 -0.008∗∗∗ -0.089∗∗ -0.002 -0.075∗ -0.012 0.101 -0.090 0.042
(0.001) (0.006) (0.003) (0.002) (0.036) (0.028) (0.038) (0.011) (0.067) (0.081) (0.034)

N 395 395 395 395 395 395 395 395 395 395 395
Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Regression results to examine the link between tax aggregation and economic
production for nineteen European countries during the period 1995-2016. All regressions use country level data and include:
GDP growth (GDP growthc,t); share of gross output produced in service industries (Servicesc,t); Herfindahl-Hirschman
Index based on the gross output shares of macro-sectors (HHIc,t); government consolidated gross debt as % of GDP
(Debt%GDP

c,t ); government interest payable as % of GDP (Interest%GDP
c,t ); net government lending/borrowing as % of GDP

(Lending%GDP
c,t ); gross fixed capital formation as % of GDP (GovInv%GDP

c,t ); period average exchange rate (XRatec,t);
and country (c) and year (t) fixed effects. For the first block (Taxes in ln of national currency), wLc,t, rKc,t and pQc,t are
expressed as the natural logarithm (ln) while for the last two blocks they are expressed as % of GDP. Standard errors are
clustered both at the country and year level.
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Table C.5: Taxation and the structure of production before 2007
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Rc,t -0.040∗ -0.078 -0.108∗∗∗ 0.020 -0.683∗ -0.223 -0.830∗∗ 0.370∗∗ -0.104 -1.984∗∗ 1.315∗∗
(0.021) (0.049) (0.031) (0.032) (0.382) (0.185) (0.377) (0.132) (0.480) (0.730) (0.459)

ICTc,t -0.042 -0.163 -0.110∗ -0.008 -0.856 0.275 -1.269 0.138 0.967 -2.616 0.873
(0.027) (0.123) (0.057) (0.028) (0.701) (0.468) (0.760) (0.187) (1.024) (1.510) (0.997)

R ∗ ICTc,t 0.008 0.036 0.019 0.000 0.083 0.053 -0.025 0.054 0.254 0.170 0.107
(0.017) (0.045) (0.031) (0.016) (0.567) (0.267) (0.415) (0.092) (0.423) (0.681) (0.624)

wLc,t 0.540∗∗ 1.383∗∗ 0.331 0.593∗∗∗ -0.588∗∗ -0.129 0.058 -0.517∗∗∗ 0.187 0.578∗ -0.940∗∗∗
(0.213) (0.495) (0.302) (0.137) (0.223) (0.138) (0.165) (0.088) (0.262) (0.314) (0.287)

rKc,t -0.032 0.288 -0.120 0.162 -0.887∗∗∗ -0.249∗ -0.086 -0.552∗∗∗ 0.033 0.474∗ -0.757∗∗
(0.129) (0.343) (0.158) (0.110) (0.232) (0.138) (0.153) (0.070) (0.258) (0.262) (0.286)

pQc,t 0.485 -0.671 0.726∗ 0.290
(0.304) (0.801) (0.385) (0.213)

GDPgrowthc,t -0.001 -0.007 -0.002 0.004 0.001 -0.063 0.008 0.056∗ -0.155 -0.049 0.180∗
(0.002) (0.004) (0.003) (0.003) (0.049) (0.038) (0.033) (0.027) (0.092) (0.078) (0.089)

Servicesc,t 0.001 -0.024 -0.014 -0.001 -0.088 0.146 -0.231∗ -0.002 0.574∗∗ -0.594∗∗ -0.016
(0.004) (0.028) (0.009) (0.005) (0.142) (0.104) (0.119) (0.028) (0.200) (0.254) (0.140)

HHIc,t -1.002 -1.847 -2.840∗∗∗ -1.663 -46.114 14.996 -44.451∗∗ -16.658∗ 90.039∗∗ -69.920∗∗ -5.931
(0.694) (2.807) (0.842) (0.960) (31.257) (20.870) (14.942) (7.923) (33.816) (23.348) (39.046)

Debt%GDP
c,t 0.001 0.004∗ 0.002 -0.000 0.035∗ 0.015 0.015 0.006 0.008 0.009 -0.029

(0.001) (0.002) (0.001) (0.001) (0.018) (0.011) (0.015) (0.008) (0.025) (0.033) (0.031)
Interest%GDP

c,t -0.004 -0.006 0.002 -0.007∗ 0.154 -0.077 0.199 0.032 -0.152 0.464 0.250
(0.007) (0.012) (0.010) (0.004) (0.179) (0.134) (0.114) (0.066) (0.308) (0.290) (0.279)

Lending%GDP
c,t 0.004 -0.005 0.007 0.000 0.136 0.020 0.099 0.017 -0.026 0.094 -0.081

(0.003) (0.006) (0.006) (0.002) (0.079) (0.033) (0.072) (0.012) (0.081) (0.123) (0.068)
GovInv%GDP

c,t -0.005 -0.019 0.014 -0.018∗ -0.063 0.039 -0.002 -0.100 -0.080 0.245 -0.330
(0.008) (0.011) (0.012) (0.009) (0.201) (0.125) (0.161) (0.069) (0.261) (0.316) (0.300)

XRatec,t -0.005∗∗∗ -0.007 -0.010∗∗ -0.005∗∗ -0.121∗∗ 0.003 -0.117∗∗ -0.008 0.156∗ -0.207∗∗ 0.095∗∗
(0.001) (0.006) (0.003) (0.002) (0.048) (0.033) (0.045) (0.011) (0.080) (0.083) (0.037)

N 224 224 224 224 224 224 224 224 224 224 224
Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Regression results to examine the link between tax aggregation and economic
production for nineteen European countries during the period 1995-2007. All regressions use country level data and include:
GDP growth (GDP growthc,t); share of gross output produced in service industries (Servicesc,t); Herfindahl-Hirschman
Index based on the gross output shares of macro-sectors (HHIc,t); government consolidated gross debt as % of GDP
(Debt%GDP

c,t ); government interest payable as % of GDP (Interest%GDP
c,t ); net government lending/borrowing as % of GDP

(Lending%GDP
c,t ); gross fixed capital formation as % of GDP (GovInv%GDP

c,t ); period average exchange rate (XRatec,t);
and country (c) and year (t) fixed effects. For the first block, wLc,t, rKc,t and pQc,t are expressed as the natural logarithm
(ln) while for the last two blocks they are expressed as % of GDP.
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Table C.6: Taxation and the structure of production after 2008
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Rc,t -0.012 0.015 0.016 -0.058 0.210 0.233 0.196 -0.220 0.479 0.439 -0.901
(0.023) (0.025) (0.059) (0.034) (0.758) (0.405) (0.539) (0.238) (0.925) (0.956) (0.776)

ICTc,t 0.019 -0.007 0.017 0.026 0.280 -0.118 0.137 0.261∗∗∗ -1.274 0.519 0.731
(0.036) (0.050) (0.034) (0.056) (0.466) (0.623) (0.318) (0.058) (1.056) (0.753) (0.657)

R ∗ ICTc,t -0.020 -0.000 -0.016 -0.035 -0.149 -0.131 0.098 -0.117 0.399 -0.302 -0.135
(0.024) (0.031) (0.039) (0.033) (0.647) (0.376) (0.605) (0.095) (0.595) (0.736) (0.535)

wLc,t 0.403∗∗∗ 0.339 0.539∗ 0.375∗∗∗ -0.662∗∗∗ 0.039 0.087 -0.788∗∗∗ 0.715∗ 1.091∗ -1.795∗∗∗
(0.075) (0.193) (0.284) (0.094) (0.182) (0.070) (0.232) (0.085) (0.342) (0.572) (0.343)

rKc,t 0.017 0.235 0.146 -0.242∗∗ -0.718∗∗∗ 0.013 0.058 -0.789∗∗∗ 0.722∗∗ 1.013∗∗ -1.728∗∗∗
(0.064) (0.130) (0.151) (0.075) (0.146) (0.032) (0.181) (0.089) (0.253) (0.412) (0.306)

pQc,t 0.204 0.099 0.202 0.248∗
(0.122) (0.351) (0.327) (0.128)

GDPgrowthc,t 0.000 -0.003 0.000 0.004∗∗ -0.084 -0.048 -0.024 -0.012 -0.077 0.041 0.031
(0.002) (0.003) (0.004) (0.002) (0.059) (0.032) (0.031) (0.007) (0.063) (0.082) (0.049)

Servicesc,t -0.000 0.019∗∗ 0.009 -0.021∗∗ 0.219 0.127∗ 0.112 -0.020 0.200 0.037 -0.252
(0.005) (0.007) (0.013) (0.008) (0.188) (0.066) (0.153) (0.047) (0.234) (0.294) (0.161)

HHIc,t -0.850 1.508 -0.386 -3.682∗∗ 16.968 14.520 -2.496 4.943 16.206 -22.266 3.475
(0.705) (1.067) (2.189) (1.346) (22.773) (13.039) (17.292) (9.459) (36.421) (49.622) (34.892)

Debt%GDP
c,t -0.001 -0.002∗ 0.001 -0.001 0.045∗∗ -0.003 0.022 0.026∗∗∗ -0.042 0.023 0.022

(0.001) (0.001) (0.003) (0.001) (0.014) (0.008) (0.013) (0.007) (0.027) (0.032) (0.015)
Interest%GDP

c,t 0.012 0.020∗ -0.036 0.041∗∗∗ -0.797∗∗ -0.051 -0.409∗∗ -0.336∗∗ 0.644∗∗ -0.561 -0.133
(0.008) (0.010) (0.036) (0.011) (0.274) (0.075) (0.161) (0.130) (0.231) (0.371) (0.325)

Lending%GDP
c,t 0.003∗∗ 0.001 0.008∗∗ 0.001 0.092∗ 0.011 0.074∗∗ 0.007 -0.050 0.130∗∗ -0.088∗

(0.001) (0.001) (0.003) (0.002) (0.042) (0.013) (0.030) (0.012) (0.030) (0.046) (0.041)
GovInv%GDP

c,t 0.004 0.023∗ -0.003 -0.004 0.132 0.111 0.086 -0.064 0.366 -0.074 -0.280
(0.005) (0.012) (0.016) (0.009) (0.193) (0.092) (0.153) (0.045) (0.224) (0.255) (0.258)

XRatec,t 0.008 -0.004 0.014 0.020∗∗ 0.027 -0.042 0.052 0.017 -0.247 0.292 -0.046
(0.007) (0.011) (0.013) (0.008) (0.246) (0.108) (0.227) (0.050) (0.205) (0.302) (0.197)

N 171 171 171 171 171 171 171 171 171 171 171
Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Regression results to examine the link between tax aggregation and economic
production for nineteen European countries during the period 2008-2016. All regressions use country level data and include:
GDP growth (GDP growthc,t); share of gross output produced in service industries (Servicesc,t); Herfindahl-Hirschman
Index based on the gross output shares of macro-sectors (HHIc,t); government consolidated gross debt as % of GDP
(Debt%GDP

c,t ); government interest payable as % of GDP (Interest%GDP
c,t ); net government lending/borrowing as % of GDP

(Lending%GDP
c,t ); gross fixed capital formation as % of GDP (GovInv%GDP

c,t ); period average exchange rate (XRatec,t);
and country (c) and year (t) fixed effects. For the first block, wLc,t, rKc,t and pQc,t are expressed as the natural logarithm
(ln) while for the last two blocks they are expressed as % of GDP.
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D. Coping with endogenous automation
As explained in Section A.3, one major concern to the robustness of our results arises
from potential endogeneity of AT diffusion. Ideally, we would like to measure the pure
impact of technological progress in ATs as exogenous driver of AT diffusion to see how
technological change affects the economy and public revenues. But we can only observe
patterns of AT adoption which can endogenously dependent on economic dynamics.
To cope with these concerns, we use three different types of robustness checks relying

on lagged data and IVs. Here, we present the results of these robustness checks.
In Section D.1, we used robot- and ICT-intensity from t−1 instead of contemporaneous

diffusion measures as explanatory variable. In Section D.2, we used an IV approach. In
particular, deeper lags from t− 1, t− 2 and t− 3 are used as explanatory variables on the
first stage to instrument contemporaneous AT diffusion. Below the tables with the results,
we report statistics to test for under-, weak- and over-identification of the IV approach.
The estimates of the coefficients of this approach are consistent with the results presented
in the main text.
Another IV approach is shown in Section D.3. Here, we used robot and ICT products

imports by all countries in the world except c as in instrument for robot and ICT diffusion
in country c. This approach is inspired by Blanas et al. (2019) and follows the idea
that AT imports to other countries should be driven by technological advances in ATs,
but are entirely exogenous from the economic dynamics in country c. Again, we obtain
qualitatively consistent point estimates for the coefficients, but the validity tests indicate
a weak explanatory power at the first stage.
Summing up, the lag-based and both IV approaches to cope with the endogeneity of AT

diffusion measures support our analysis qualitatively, but the trade-based IV approach
suffers from the weakness of instruments.11

11We have also experimented with alternative external IV approaches to construct Bartik-style instru-
ments, but we ran into similar issues in terms of the validity of our instruments.

12



D.1. Using lagged (t− 1) measures of ATs as controls

Table D.7: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016
Rc,t−1 -0.032∗∗ -0.071∗∗∗ 0.009 -0.023 -0.260 -0.397 0.225 -0.088 -1.005 0.900 -0.097

(0.013) (0.023) (0.042) (0.023) (0.498) (0.244) (0.388) (0.132) (0.678) (0.891) (0.513)
ICTc,t−1 0.001 0.062∗∗∗ -0.008 -0.007∗∗ 0.070 0.170∗∗∗ -0.060 -0.040 0.455∗∗∗ -0.318 -0.124

(0.003) (0.005) (0.009) (0.003) (0.103) (0.035) (0.108) (0.028) (0.138) (0.218) (0.098)
R ∗ ICTc,t−1 -0.006 -0.048∗∗∗ -0.000 0.021∗∗ -0.405 -0.368∗∗∗ -0.191 0.154∗ -0.735∗ 0.109 0.603

(0.010) (0.010) (0.026) (0.008) (0.389) (0.086) (0.413) (0.075) (0.377) (0.681) (0.350)
wLc,t 0.582∗∗∗ 0.495∗ 0.683∗∗ 0.643∗∗∗ -0.488∗∗∗ 0.028 0.130 -0.645∗∗∗ 0.491∗ 0.968∗∗ -1.451∗∗∗

(0.155) (0.244) (0.292) (0.153) (0.165) (0.113) (0.140) (0.091) (0.271) (0.367) (0.262)
rKc,t 0.089 0.161 0.131 0.054 -0.679∗∗∗ -0.041 0.037 -0.675∗∗∗ 0.458∗∗ 0.868∗∗∗ -1.368∗∗∗

(0.083) (0.190) (0.162) (0.095) (0.145) (0.090) (0.112) (0.071) (0.195) (0.232) (0.227)
pQc,t 0.197 0.177 0.086 0.225

(0.229) (0.414) (0.397) (0.219)
N 380 380 380 380 380 380 380 380 380 380 380
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nienteen European countries during the period 2006-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; effective tax rate; and country (c) and year (t) fixed effects. All regressions in Panel A also include the ln of
gross-output value (pQ).

Table D.8: The replacement effect
ln wLi,c,t ln wi,c,t ln Li,c,t ln rKi,c,t ln ri,c,t ln Ki,c,t

Panel A: full period 1995-2016
Ri,c,t−1 -0.031 0.028∗∗ -0.058∗∗ -0.090∗ -0.012∗ 0.008

(0.030) (0.010) (0.027) (0.047) (0.007) (0.028)
ICTi,c,t−1 0.019 0.005 0.014 0.023 -0.000 0.026

(0.012) (0.005) (0.013) (0.027) (0.010) (0.023)
R ∗ ICTi,c,t−1 -0.007 0.005∗ -0.013∗∗ -0.001 -0.004∗ 0.007

(0.006) (0.003) (0.006) (0.012) (0.002) (0.008)
N 4668 4668 4668 4619 4578 4578

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Regression results to test the replacement effect for nineteen European
countries during the period 1995-2016. All regressions use industry level data for the subset of industries susceptible to
automation, defined as industries were the use of industrial robots is prevalent (see Appendix Table A). All regressions
include: country industry (ci); country year (ct); and industry year (it) fixed effects. All regressions are weighted by the
base-sample-year share of each industry’s number of hours worked to country-wide hours worked. Standard errors are
clustered both at the country-industry and year level.
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Table D.9: The reinstatement effect

ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 1995-2016
Rc,t−1 -0.124∗∗∗ -0.012 -0.072∗∗ -0.065∗∗∗ -0.962∗∗∗ 0.033∗∗∗

(0.027) (0.014) (0.032) (0.022) (0.313) (0.009)
ICTc,t−1 0.014∗∗ 0.005 0.004 0.014∗∗ -0.303∗∗ -0.006∗∗

(0.006) (0.004) (0.006) (0.006) (0.123) (0.003)
R ∗ ICTc,t−1 -0.012 -0.007 -0.004 -0.014 0.708∗ 0.013∗

(0.017) (0.009) (0.016) (0.021) (0.361) (0.007)
N 380 380 380 380 380 380

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 2006-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); effective tax rate; and country (c) and year (t) fixed effects.

Table D.10: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 1995-2016
Rc,t−1 -0.141∗∗∗ -0.143∗∗∗ -0.149∗∗∗ -0.123∗∗∗ -0.007 -0.116∗∗∗ -0.018 -0.019

(0.029) (0.037) (0.032) (0.030) (0.021) (0.032) (0.017) (0.018)
ICTc,t−1 0.016∗∗ 0.026∗∗ 0.021∗∗ 0.021∗∗ 0.007 0.002 0.005 -0.000

(0.007) (0.011) (0.008) (0.008) (0.008) (0.004) (0.006) (0.004)
R ∗ ICTc,t−1 -0.014 -0.037 -0.025 -0.033 -0.010 0.010 -0.011 0.009

(0.023) (0.029) (0.025) (0.025) (0.023) (0.012) (0.019) (0.010)
N 380 380 380 380 296 296 296 296
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European

countries during the period 2006-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; effective tax rate; and country (c) and year (t) fixed effects.
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D.2. Using deeper lags (t− 1, t− 2 , t− 3) of AT measures as IV

Table D.11: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016
Rc,t -0.025∗∗∗ -0.041∗∗∗ -0.003 -0.014 0.003 -0.275∗∗ 0.243 0.035 -0.884∗∗∗ 0.460 0.017

(0.008) (0.012) (0.023) (0.010) (0.229) (0.111) (0.227) (0.070) (0.320) (0.505) (0.272)
ICTc,t -0.074∗∗∗ -0.018 -0.181∗∗∗ -0.073∗∗∗ -1.407∗∗ 0.650 -2.318∗∗∗ 0.261 2.691∗∗ -4.695∗∗∗ 1.892∗∗∗

(0.017) (0.062) (0.041) (0.028) (0.701) (0.547) (0.522) (0.198) (1.064) (1.243) (0.619)
R ∗ ICTc,t 0.027∗∗∗ -0.013 0.075∗∗∗ 0.044∗∗∗ 0.310 -0.489∗∗ 0.805∗∗∗ -0.006 -1.535∗∗∗ 1.984∗∗∗ -0.380

(0.008) (0.024) (0.019) (0.012) (0.318) (0.226) (0.255) (0.092) (0.456) (0.556) (0.299)
wLc,t 0.588∗∗∗ 0.715∗∗∗ 0.645∗∗∗ 0.626∗∗∗ -0.465∗∗∗ 0.028 0.142 -0.635∗∗∗ 0.508∗∗∗ 0.875∗∗∗ -1.411∗∗∗

(0.088) (0.246) (0.149) (0.132) (0.105) (0.070) (0.094) (0.048) (0.194) (0.251) (0.142)
rKc,t 0.086 0.286∗ 0.079 0.059 -0.660∗∗∗ -0.034 0.035 -0.660∗∗∗ 0.479∗∗∗ 0.753∗∗∗ -1.322∗∗∗

(0.053) (0.159) (0.102) (0.069) (0.096) (0.064) (0.081) (0.042) (0.182) (0.217) (0.128)
pQc,t 0.214 -0.085 0.162 0.247

(0.136) (0.363) (0.220) (0.184)
Under-F 30.9 30.9 30.9 30.9 30.6 30.6 30.6 30.6 30.6 30.6 30.6
Under-p .0000647 .0000647 .0000647 .0000647 .0000723 .0000723 .0000723 .0000723 .0000723 .0000723 .0000723
Weak-CD F 65.8 65.8 65.8 65.8 64.2 64.2 64.2 64.2 64.2 64.2 64.2
Weak-KP rk F 17.5 17.5 17.5 17.5 17.3 17.3 17.3 17.3 17.3 17.3 17.3
Over-Hansen J 12 2.01 5.8 9.77 4.09 2.24 4.5 7.01 2.29 4.08 5.27
Over-Hansen J p .0611 .919 .446 .135 .665 .896 .61 .319 .891 .666 .509
N 395 395 395 395 395 395 395 395 395 395 395
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 2003-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; corporate tax rate; and country (c) and year (t) fixed effects. All regressions in Panel A also include the ln
of gross-output value (pQ).

Table D.12: The replacement effect
ln wLi,c,t ln wi,c,t ln Li,c,t ln rKi,c,t ln ri,c,t ln Ki,c,t

Panel A: full period 1995-2016
Ri,c,t -0.026∗ 0.029∗∗∗ -0.055∗∗∗ -0.055∗∗ -0.010∗∗∗ 0.015

(0.014) (0.005) (0.013) (0.025) (0.003) (0.012)
ICTi,c,t 0.021∗∗∗ 0.005∗∗ 0.017∗∗∗ 0.028∗∗∗ -0.001 0.027∗∗∗

(0.004) (0.002) (0.004) (0.011) (0.003) (0.007)
R ∗ ICTi,c,t -0.006∗∗∗ 0.005∗∗∗ -0.012∗∗∗ 0.004 -0.004∗∗∗ 0.007∗∗

(0.002) (0.001) (0.002) (0.006) (0.001) (0.003)
Under-F 166 166 166 167 166 166
Under-p 1.43e-32 1.43e-32 1.43e-32 1.24e-32 1.41e-32 1.41e-32
Weak-CD F 2314 2314 2314 2288 2274 2274
Weak-KP rk F 159 159 159 158 159 159
Over-Hansen J 4.62 7.7 3.53 6.99 4.3 7.28
Over-Hansen J p .594 .261 .74 .322 .637 .296
N 4898 4898 4898 4843 4803 4803

Notes: *p < 0.05, **p < 0.01, ***p < 0.001. Regression results to test the replacement effect for nineteen European
countries during the period 1995-2016. All regressions use industry level data for the subset of industries susceptible to
automation, defined as industries were the use of industrial robots is prevalent (see Appendix Table A). All regressions
include: country industry (ci); country year (ct); and industry year (it) fixed effects. All regressions are weighted by the
base-sample-year share of each industry’s number of hours worked to country-wide hours worked. Standard errors are
clustered both at the country-industry and year level.
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Table D.13: The reinstatement effect
ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 1995-2016
Rc,t -0.155∗∗∗ -0.014 -0.096∗∗∗ -0.076∗∗∗ -0.842∗∗∗ 0.030∗∗∗

(0.022) (0.009) (0.015) (0.015) (0.234) (0.004)
ICTc,t 0.234∗∗∗ -0.139∗∗∗ 0.090∗∗ -0.025 -0.771 0.039∗∗∗

(0.078) (0.023) (0.036) (0.038) (0.750) (0.009)
R ∗ ICTc,t -0.105∗∗ 0.056∗∗∗ -0.037∗∗ 0.005 0.802∗∗ -0.008∗

(0.043) (0.012) (0.017) (0.020) (0.401) (0.004)
Under-F 26.4 26.4 26.4 26.4 26.4 26.4
Under-p .00043 .00043 .00043 .00043 .00043 .00043
Weak-CD F 69 69 69 69 69 69
Weak-KP rk F 17.9 17.9 17.9 17.9 17.9 17.9
Over-Hansen J 15.4 15.6 3.98 21.3 23.7 8.37
Over-Hansen J p .0174 .0158 .679 .00163 .000604 .212
N 395 395 395 395 395 395

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 2003-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); corporate tax rate; and country (c) and year (t) fixed effects.

Table D.14: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 1995-2016
Rc,t -0.167∗∗∗ -0.168∗∗∗ -0.175∗∗∗ -0.148∗∗∗ -0.017 -0.111∗∗∗ -0.025∗ -0.001

(0.023) (0.028) (0.024) (0.022) (0.014) (0.016) (0.013) (0.007)
ICTc,t 0.088 -0.115 0.007 0.016 0.031 0.002 0.127∗∗∗ -0.054∗∗

(0.074) (0.070) (0.069) (0.072) (0.032) (0.042) (0.036) (0.025)
R ∗ ICTc,t -0.044 0.028 -0.016 -0.027 -0.022 0.004 -0.068∗∗∗ 0.032∗∗

(0.041) (0.034) (0.037) (0.038) (0.022) (0.023) (0.024) (0.013)
Under-F 15.8 15.8 15.8 15.8 19 19 19 19
Under-p .00337 .00337 .00337 .00337 .0008 .0008 .0008 .0008
Weak-CD F 97.2 97.2 97.2 97.2 72 72 72 72
Weak-KP rk F 9.42 9.42 9.42 9.42 9.21 9.21 9.21 9.21
Over-Hansen J 17.7 15.8 18 18.6 20.7 10.8 16.6 3.52
Over-Hansen J p .000513 .00123 .00044 .000324 .000123 .0127 .000862 .318
N 395 395 395 395 309 309 309 309

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European
countries during the period 2003-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; corporate tax rate; and country (c) and year (t) fixed effects.
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D.3. Using trade data on imports of robot and ICT products to
construct external IVs for the AT measures

Table D.15: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016
Rc,t -0.017∗∗ -0.047∗∗∗ 0.039∗ -0.015 0.157 -0.338∗∗∗ 0.591∗∗∗ -0.096 -1.186∗∗∗ 1.482∗∗∗ -0.499∗

(0.007) (0.013) (0.022) (0.011) (0.234) (0.123) (0.207) (0.068) (0.342) (0.455) (0.274)
ICTc,t -0.072∗∗∗ -0.125∗ -0.113∗∗ -0.071∗∗ -1.756∗∗∗ -0.347 -1.647∗∗∗ 0.239 0.729 -2.477∗ 1.869∗∗

(0.020) (0.075) (0.050) (0.031) (0.670) (0.369) (0.608) (0.212) (0.989) (1.278) (0.722)
R ∗ ICTc,t 0.026∗∗∗ 0.035 0.036 0.047∗∗∗ 0.408 -0.031 0.405 0.034 -0.591 0.817 -0.299

(0.009) (0.028) (0.023) (0.014) (0.319) (0.177) (0.276) (0.098) (0.458) (0.576) (0.348)
wLc,t 0.599∗∗∗ 0.721∗∗∗ 0.711∗∗∗ 0.615∗∗∗ -0.452∗∗∗ 0.065 0.117 -0.634∗∗∗ 0.582∗∗∗ 0.789∗∗∗ -1.407∗∗∗

(0.089) (0.249) (0.157) (0.132) (0.108) (0.074) (0.096) (0.047) (0.199) (0.260) (0.141)
rKc,t 0.096∗ 0.241 0.154 0.056 -0.651∗∗∗ -0.014 0.023 -0.660∗∗∗ 0.518∗∗∗ 0.716∗∗∗ -1.326∗∗∗

(0.053) (0.149) (0.103) (0.070) (0.097) (0.067) (0.082) (0.041) (0.186) (0.225) (0.126)
pQc,t 0.202 -0.058 0.070 0.261

(0.136) (0.353) (0.225) (0.185)
Under-F 125 125 125 125 123 123 123 123 123 123 123
Under-p .0142 .0142 .0142 .0142 .0213 .0213 .0213 .0213 .0213 .0213 .0213
Weak-CD F 3.27 3.27 3.27 3.27 3.05 3.05 3.05 3.05 3.05 3.05 3.05
Weak-KP rk F 2.06 2.06 2.06 2.06 2.21 2.21 2.21 2.21 2.21 2.21 2.21
Over-Hansen J 164 123 165 169 165 167 162 153 154 150 155
Over-Hansen J p 5.55e-06 .0163 4.94e-06 1.77e-06 4.69e-06 2.84e-06 8.50e-06 .0000728 .0000515 .000122 .0000435
N 395 395 395 395 395 395 395 395 395 395 395

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 1995-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects. All regressions in
Panel A also include the ln of gross-output value (pQ).

Table D.16: The reinstatement effect
ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 1995-2016
Rc,t -0.141∗∗∗ 0.007 -0.084∗∗∗ -0.046∗∗∗ -0.690∗∗ 0.038∗∗∗

(0.020) (0.009) (0.016) (0.014) (0.270) (0.006)
ICTc,t 0.167∗∗ -0.104∗∗∗ 0.037 -0.000 -0.107 0.063∗∗∗

(0.085) (0.030) (0.045) (0.053) (1.039) (0.014)
R ∗ ICTc,t -0.079∗ 0.041∗∗∗ -0.012 -0.007 0.617 -0.018∗∗

(0.042) (0.014) (0.021) (0.025) (0.517) (0.007)
Under-F 138 138 138 138 138 138
Under-p .00176 .00176 .00176 .00176 .00176 .00176
Weak-CD F 3.25 3.25 3.25 3.25 3.25 3.25
Weak-KP rk F 2.32 2.32 2.32 2.32 2.32 2.32
Over-Hansen J 160 147 159 171 150 130
Over-Hansen J p .0000152 .000232 .0000192 1.09e-06 .000138 .00535
N 395 395 395 395 395 395

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 1995-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects.
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Table D.17: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 1995-2016
Rc,t -0.131∗∗∗ -0.133∗∗∗ -0.137∗∗∗ -0.114∗∗∗ 0.010 -0.106∗∗∗ -0.013 -0.001

(0.022) (0.023) (0.021) (0.021) (0.015) (0.015) (0.015) (0.007)
ICTc,t 0.051 -0.080 -0.002 0.029 0.041 -0.035 0.115∗∗∗ -0.066∗∗∗

(0.076) (0.081) (0.072) (0.072) (0.036) (0.038) (0.043) (0.021)
R ∗ ICTc,t -0.029 0.025 -0.008 -0.030 -0.026 0.026 -0.065∗∗ 0.038∗∗∗

(0.039) (0.037) (0.036) (0.036) (0.023) (0.021) (0.026) (0.012)
Under-F 139 139 139 139 117 117 117 117
Under-p .00142 .00142 .00142 .00142 .0468 .0468 .0468 .0468
Weak-CD F 3.21 3.21 3.21 3.21 3.65 3.65 3.65 3.65
Weak-KP rk F 2.23 2.23 2.23 2.23 2.89 2.89 2.89 2.89
Over-Hansen J 166 160 169 162 153 137 170 151
Over-Hansen J p 3.49e-06 .0000134 1.90e-06 9.64e-06 .0000695 .00156 1.32e-06 .000112
N 395 395 395 395 309 309 309 309

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European
countries during the period 1995-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects.

18



E. Taxes, trade and income distribution
In this section, we provide the results from a series of robustness checks. First, we
make sure that our results are not driven by changes in the tax system. Unfortunately,
comprehensive data that covers the whole range of different taxes that is consistent across
our sample of countries and covers a reasonable number of years is not available. We are
only able to proxy tax reforms using data on corporate taxation that cover a smaller
period of time but all countries in our sample. We use two different data sources.
In E.1, we repeat all baseline country level regressions and include as an additional

control the corporate tax rate (CRTc,t) sourced from KPMG.12 This data are only available
between 2003-2016 and only the results for the period after 2008 are comparable with the
baseline analysis. Next, in E.2 we repeat all baseline country level regressions and include,
as an additional control, the effective tax rate (ERTc,t) sourced from Eurostat.13 The ETR
variable is only available between 2006-2016 and again, only the results for the period after
2008 are comparable with the baseline analysis.
Another concern may arise from the impact of trade. To capture the country specific

impact of trade, we repeat all baseline country level regressions and include, as addi-
tional controls, the country level imports (Imports%GDP

c,t ) and exports (Exports%GDP
c,t ) as

percentage of GDP sourced from the OECD National Accounts Database.14 Results are
shown in Table E.3.
Furthermore, to explore the nexus between distribution and taxation, we examine the

progressiveness of taxation (Table E.4). To do so, we rely on the same empirical specifi-
cation used to understand the determinants of taxation, but now our regressions include,
as an additional control, the Gini coefficient measuring cross-industry wage inequality
(Giniwc,t) sourced from Eurostat.
Finally, we also test whether the attribution of capital taxes within the broad categories

from OECD might affect our results. In particular we test whether the exclusion of the
OECD tax category 1100 “taxes on income, profits and capital gains of individuals” from
the taxes on capital T k changes the interpretation of our findings (assuming that these
are neither capital nor labor taxes in the strict sense of their origin). The results are
presented in E.5 where we find similar results as in our baseline but the share of taxes as
a percent of total taxes and GDP drops significantly due to this omission.

12The data were sourced from the KPMG website: https://home.kpmg/xx/en/home/services/tax/
tax-tools-and-resources/tax-rates-online.html

13This is the Effective Average Tax Rate (ETR) for large corporations in non-financial sector, computed
at corporate level, for average asset composition and funding sources, using the Devereux/Griffith
methodology. The data are available in Eurostat: https://ec.europa.eu/taxation_customs/
business/economic-analysis-taxation/data-taxation_en

14Find data in OECD: https://stats.oecd.org/viewhtml.aspx?datasetcode=NAAG&lang=en#
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E.1. Controlling for changes in corporate taxation using KPMG
data

Table E.18: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 2003-2016
Rc,t -0.017 -0.035 0.035 -0.040∗ 0.109 -0.313 0.664 -0.242 -0.959 1.846 -0.924

(0.012) (0.024) (0.052) (0.022) (0.603) (0.339) (0.499) (0.144) (1.002) (1.183) (0.665)
ICTc,t -0.039 -0.044 -0.009 -0.055 -0.849 -0.116 -1.039 0.305 -0.291 -1.442 1.492

(0.026) (0.039) (0.056) (0.061) (0.906) (0.581) (0.711) (0.217) (1.427) (1.538) (0.904)
R ∗ ICTc,t 0.012 0.012 -0.001 0.040 0.157 -0.242 0.439 -0.040 -0.514 0.836 -0.252

(0.012) (0.017) (0.032) (0.029) (0.507) (0.316) (0.470) (0.105) (0.841) (1.020) (0.549)
wLc,t 0.504∗∗∗ 0.083 0.999∗∗ 0.467∗∗ -0.541∗∗∗ -0.018 0.232 -0.755∗∗∗ 0.320 1.467∗∗ -1.774∗∗∗

(0.113) (0.201) (0.344) (0.206) (0.174) (0.125) (0.175) (0.059) (0.422) (0.542) (0.225)
rKc,t 0.062 0.059 0.215 -0.137 -0.639∗∗∗ -0.035 0.170 -0.774∗∗∗ 0.439 1.300∗∗∗ -1.743∗∗∗

(0.088) (0.133) (0.199) (0.107) (0.169) (0.090) (0.159) (0.060) (0.303) (0.400) (0.243)
pQc,t 0.205 0.652∗ -0.529 0.440

(0.184) (0.310) (0.472) (0.256)
N 266 266 266 266 266 266 266 266 266 266 266

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 2003-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; corporate tax rate; and country (c) and year (t) fixed effects. All regressions in Panel A also include the ln
of gross-output value (pQ).

Table E.19: The reinstatement effect
ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 2003-2016
Rc,t -0.091∗ 0.014 -0.105∗∗ -0.005 -1.151∗∗∗ 0.037∗∗

(0.043) (0.019) (0.039) (0.023) (0.342) (0.016)
ICTc,t -0.036 0.003 -0.047 0.091 4.974∗∗∗ 0.057∗

(0.072) (0.043) (0.075) (0.069) (0.962) (0.027)
R ∗ ICTc,t -0.007 -0.001 0.006 -0.048 -1.697∗∗∗ -0.021

(0.036) (0.019) (0.039) (0.037) (0.474) (0.013)
N 266 266 266 266 266 266

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 2003-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); corporate tax rate; and country (c) and year (t) fixed effects.
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Table E.20: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 2003-2016
Rc,t -0.050 -0.065∗ -0.062∗ -0.044 0.083∗∗∗ -0.074∗∗ 0.052 -0.001

(0.038) (0.032) (0.030) (0.033) (0.026) (0.029) (0.031) (0.009)
ICTc,t -0.025 0.031 -0.001 -0.020 0.007 -0.043 -0.008 0.006

(0.102) (0.051) (0.080) (0.091) (0.057) (0.051) (0.039) (0.019)
R ∗ ICTc,t -0.009 -0.023 -0.018 -0.012 -0.013 0.018 -0.005 -0.001

(0.048) (0.031) (0.041) (0.046) (0.031) (0.029) (0.025) (0.005)
N 266 266 266 266 210 210 210 210
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European

countries during the period 2003-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; corporate tax rate; and country (c) and year (t) fixed effects.

E.2. Controlling for changes in corporate taxation using
Eurostat data

Table E.21: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 2006-2016
Rc,t -0.006 -0.013 0.032 -0.036 0.247 -0.159 0.540 -0.135 -0.729 1.527 -0.818

(0.009) (0.025) (0.051) (0.023) (0.548) (0.336) (0.483) (0.170) (1.020) (1.138) (0.603)
ICTc,t -0.003 -0.020 0.018 -0.022 -0.322 0.146 -0.635 0.168∗∗ 0.078 -0.991 0.722

(0.025) (0.025) (0.043) (0.064) (0.628) (0.509) (0.740) (0.057) (1.394) (1.523) (0.500)
R ∗ ICTc,t -0.003 -0.002 0.001 0.017 0.098 -0.449 0.559 -0.012 -1.016 1.082 -0.060

(0.014) (0.009) (0.034) (0.039) (0.487) (0.300) (0.604) (0.067) (0.964) (1.140) (0.416)
wLc,t 0.386∗∗∗ 0.131 0.826∗∗ 0.298 -0.546∗∗∗ 0.008 0.265 -0.818∗∗∗ 0.377 1.595∗∗∗ -1.945∗∗∗

(0.095) (0.206) (0.342) (0.194) (0.155) (0.106) (0.157) (0.051) (0.417) (0.477) (0.156)
rKc,t -0.006 0.159 0.103 -0.247∗∗ -0.646∗∗∗ -0.010 0.174 -0.810∗∗∗ 0.496 1.352∗∗∗ -1.830∗∗∗

(0.079) (0.134) (0.132) (0.101) (0.153) (0.062) (0.148) (0.061) (0.303) (0.350) (0.182)
pQc,t 0.265 0.528 -0.237 0.401

(0.157) (0.352) (0.446) (0.274)
N 209 209 209 209 209 209 209 209 209 209 209

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 2006-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; effective tax rate; and country (c) and year (t) fixed effects. All regressions in Panel A also include the ln of
gross-output value (pQ).
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Table E.22: The reinstatement effect

ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 2006-2016
Rc,t -0.046 0.016 -0.051 -0.006 -1.255∗∗ 0.028

(0.027) (0.022) (0.028) (0.025) (0.475) (0.016)
ICTc,t 0.026 0.015 0.024 0.130∗ 3.418∗∗ 0.031

(0.032) (0.042) (0.050) (0.064) (1.121) (0.022)
R ∗ ICTc,t -0.041∗∗ -0.007 -0.035 -0.065 -1.013 -0.005

(0.017) (0.022) (0.027) (0.041) (0.574) (0.010)
N 209 209 209 209 209 209

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 2006-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); effective tax rate; and country (c) and year (t) fixed effects.

Table E.23: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 2006-2016
Rc,t -0.013 -0.062∗ -0.039∗ -0.026 0.074∗∗∗ -0.051∗∗∗ 0.035 0.001

(0.022) (0.029) (0.021) (0.025) (0.019) (0.015) (0.024) (0.007)
ICTc,t 0.069 0.102∗ 0.084∗ 0.069 0.063∗ 0.015 0.020 0.026∗∗∗

(0.048) (0.055) (0.044) (0.061) (0.032) (0.022) (0.024) (0.002)
R ∗ ICTc,t -0.056∗ -0.054 -0.061∗ -0.061 -0.038 -0.022 -0.019 -0.006

(0.030) (0.033) (0.028) (0.036) (0.026) (0.013) (0.018) (0.006)
N 209 209 209 209 165 165 165 165
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European

countries during the period 2006-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; effective tax rate; and country (c) and year (t) fixed effects.
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E.3. Controlling for trade

Table E.24: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016
Rc,t -0.017∗ -0.038∗ 0.024 -0.020 0.000 -0.298 0.372 -0.075 -0.897 0.899 -0.296

(0.010) (0.019) (0.042) (0.017) (0.379) (0.198) (0.341) (0.122) (0.604) (0.897) (0.448)
ICTc,t -0.060∗∗∗ -0.091 -0.113∗∗∗ -0.054∗∗ -1.490∗∗∗ 0.101 -1.690∗∗∗ 0.098 1.362 -2.471∗∗ 1.227∗∗

(0.011) (0.095) (0.038) (0.019) (0.456) (0.354) (0.539) (0.131) (0.947) (0.984) (0.454)
R ∗ ICTc,t 0.020∗∗∗ 0.021 0.040∗∗ 0.035∗∗∗ 0.317 -0.255 0.491∗∗ 0.081 -0.946∗∗ 0.871∗∗ -0.003

(0.005) (0.034) (0.017) (0.010) (0.242) (0.152) (0.213) (0.067) (0.410) (0.364) (0.254)
wLc,t 0.554∗∗∗ 0.736∗∗ 0.677∗∗ 0.546∗∗∗ -0.457∗∗∗ 0.042 0.128 -0.626∗∗∗ 0.553∗∗ 0.801∗∗ -1.387∗∗∗

(0.158) (0.348) (0.304) (0.107) (0.147) (0.106) (0.113) (0.086) (0.229) (0.350) (0.214)
rKc,t 0.064 0.278 0.155 -0.019 -0.646∗∗∗ -0.022 0.036 -0.660∗∗∗ 0.509∗∗∗ 0.732∗∗∗ -1.328∗∗∗

(0.095) (0.265) (0.184) (0.074) (0.126) (0.083) (0.091) (0.068) (0.166) (0.249) (0.191)
pQc,t 0.292 -0.093 0.127 0.384∗∗

(0.248) (0.589) (0.446) (0.156)
N 395 395 395 395 395 395 395 395 395 395 395

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 1995-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects. All regressions in
Panel A also include the ln of gross-output value (pQ).

Table E.25: The reinstatement effect
ln wc,t ln Lc,t ln rc,t ln Kc,t Servicesc,t Giniwc,t

Panel A: full period 1995-2016
Rc,t -0.141∗∗∗ -0.003 -0.082∗∗ -0.067∗∗∗ -0.799∗∗ 0.034∗∗∗

(0.023) (0.017) (0.031) (0.020) (0.278) (0.009)
ICTc,t 0.155∗∗∗ -0.090∗∗ 0.085∗ -0.018 0.648 0.040∗∗∗

(0.049) (0.042) (0.042) (0.057) (0.989) (0.013)
R ∗ ICTc,t -0.060∗∗∗ 0.032∗ -0.040∗ 0.010 0.085 -0.011

(0.015) (0.018) (0.019) (0.025) (0.427) (0.007)
N 395 395 395 395 395 395

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the reinstatement effect for nineteen European
countries during the period 1995-2016. All regressions include: GDP growth, government consolidated gross debt as %
of GDP; government interest payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital
formation as % of GDP; period average exchange rate; value added TFP–calculated as the residual from an OLS regression
of value-added volumes (V A) on a translog production function including capital volumes (K) and total number of hours
worked (L); imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects.
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Table E.26: The real income effect
ln wLc,t ln rKc,t ln (wL+ rK)c,t ln pQc,t ln Qc,t ln pc,t ln LProdc,t ln TFPc,t

Panel A: full period 1995-2016
Rc,t -0.142∗∗∗ -0.153∗∗∗ -0.155∗∗∗ -0.129∗∗∗ -0.006 -0.112∗∗∗ -0.028∗ -0.005

(0.030) (0.036) (0.031) (0.029) (0.020) (0.024) (0.014) (0.013)
ICTc,t 0.057 -0.079 0.000 0.002 0.019 -0.026 0.081∗∗ -0.047

(0.049) (0.048) (0.046) (0.040) (0.028) (0.044) (0.029) (0.030)
R ∗ ICTc,t -0.021 0.023 -0.003 -0.009 -0.005 0.022 -0.037∗∗ 0.026∗∗

(0.027) (0.026) (0.025) (0.024) (0.017) (0.021) (0.014) (0.012)
N 395 395 395 395 309 309 309 309
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗ ∗ ∗ p < 0.001. Regression results to test the real income effect for nineteen European

countries during the period 1995-2016. Labor productivity is measured as the share of gross-output volumes (Q) over the
total number of hours worked. TFP is calculated as the residual from an OLS regression of gross-output volumes (Q) on
a translog production function including capital volumes (K), total number of hours worked (L) and intermediate input
volumes (M). All regressions include: GDP growth, government consolidated gross debt as % of GDP; government interest
payable as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period
average exchange rate; imports as % of GDP; exports as % of GDP; and country (c) and year (t) fixed effects.
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E.4. The progressiveness of taxation

Table E.27: Taxation and the structure of economic production
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Rc,t -0.016 -0.039∗ 0.016 -0.007 -0.001 -0.320 0.319 0.000 -0.996 0.798 -0.140
(0.010) (0.019) (0.041) (0.020) (0.439) (0.237) (0.362) (0.126) (0.634) (0.910) (0.543)

ICTc,t -0.057∗∗∗ -0.092 -0.118∗∗∗ -0.039 -1.559∗∗ 0.026 -1.797∗∗∗ 0.213 1.209 -2.698∗∗ 1.526∗∗
(0.013) (0.098) (0.038) (0.025) (0.553) (0.368) (0.622) (0.174) (0.936) (1.083) (0.671)

R ∗ ICTc,t 0.021∗∗∗ 0.022 0.047∗∗ 0.030∗∗ 0.416 -0.200 0.590∗∗ 0.026 -0.876∗∗ 1.068∗∗ -0.210
(0.006) (0.034) (0.017) (0.012) (0.295) (0.153) (0.268) (0.080) (0.365) (0.422) (0.302)

wLc,t 0.575∗∗∗ 0.718∗ 0.647∗∗ 0.592∗∗∗ -0.454∗∗∗ 0.052 0.122 -0.627∗∗∗ 0.555∗∗ 0.799∗∗ -1.388∗∗∗
(0.167) (0.357) (0.274) (0.151) (0.157) (0.111) (0.135) (0.094) (0.245) (0.380) (0.253)

rKc,t 0.087 0.259 0.111 0.050 -0.652∗∗∗ -0.022 0.025 -0.655∗∗∗ 0.503∗∗ 0.715∗∗ -1.311∗∗∗
(0.089) (0.261) (0.160) (0.089) (0.137) (0.088) (0.107) (0.074) (0.180) (0.265) (0.217)

pQc,t 0.233 -0.062 0.149 0.290
(0.249) (0.577) (0.368) (0.231)

GDPgrowthc,t -0.001 -0.003 0.006 -0.002 0.010 -0.031 0.038 0.002 -0.117 0.135 0.002
(0.001) (0.003) (0.003) (0.002) (0.039) (0.026) (0.029) (0.014) (0.077) (0.087) (0.041)

Servicesc,t -0.003 0.011 -0.014 -0.014∗ -0.026 0.151∗ -0.129 -0.047 0.513∗∗ -0.371 -0.169
(0.004) (0.014) (0.010) (0.007) (0.092) (0.080) (0.099) (0.041) (0.235) (0.273) (0.109)

HHIc,t -0.903 2.201 -3.412 -2.824∗∗∗ -14.113 24.969∗ -27.662 -11.420 90.799∗∗ -73.283 -16.685
(0.582) (1.763) (2.088) (0.843) (17.909) (13.689) (19.071) (7.985) (43.113) (58.868) (24.721)

Debt%GDP
c,t 0.002∗∗∗ 0.000 0.004∗∗ 0.002∗∗∗ 0.052∗∗∗ -0.005 0.038∗∗∗ 0.019∗∗∗ -0.064∗∗ 0.061 -0.006

(0.000) (0.001) (0.001) (0.001) (0.012) (0.008) (0.013) (0.004) (0.025) (0.036) (0.014)
Interest%GDP

c,t -0.009 0.004 -0.021 -0.013∗∗ -0.329 -0.050 -0.171 -0.108∗∗ 0.305 -0.266 0.206
(0.007) (0.008) (0.015) (0.006) (0.191) (0.090) (0.156) (0.046) (0.262) (0.392) (0.160)

Lending%GDP
c,t 0.005∗∗∗ -0.002 0.004 0.005∗∗ 0.114∗∗∗ 0.012 0.071∗ 0.031∗∗∗ -0.027 0.047 -0.034

(0.001) (0.004) (0.004) (0.002) (0.028) (0.019) (0.036) (0.010) (0.067) (0.084) (0.040)
GovInv%GDP

c,t 0.007 0.009 0.003 -0.005 -0.012 0.020 0.039 -0.071 0.070 -0.021 -0.194
(0.005) (0.009) (0.015) (0.006) (0.193) (0.103) (0.159) (0.059) (0.283) (0.339) (0.227)

XRatec,t -0.004∗∗∗ -0.004 -0.004 -0.007∗∗∗ -0.087∗∗ -0.002 -0.075∗ -0.010 0.098 -0.090 0.045
(0.001) (0.006) (0.003) (0.002) (0.035) (0.028) (0.037) (0.011) (0.068) (0.080) (0.034)

Giniwc,t -0.123 -0.018 -0.095 -0.231∗ -1.661 -0.089 0.080 -1.653 2.233 0.087 -1.862
(0.080) (0.146) (0.145) (0.132) (2.991) (1.480) (1.773) (1.370) (3.329) (3.287) (3.623)

N 395 395 395 395 395 395 395 395 395 395 395
Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results to establish the link between tax aggregation and economic
production for nineteen European countries during the period 1995-2016. All regressions use country level data and include:
GDP growth (GDP growthc,t), share of gross output produced in service industries (Servicesc,t); the Herfindahl-Hirschman
Index computed based on the gross-output shares of macro-sectors (HHIc,t); government consolidated gross debt as % of
GDP (Debt%GDP

c,t ); government interest payable as % of GDP (Interest%GDP
c,t ); net government lending/borrowing as

% of GDP (Lending%GDP
c,t ); gross fixed capital formation as % of GDP (GovInv%GDP

c,t ); period average exchange rate
(XRatec,t); Gini index from the industry level distribution of hourly wage (Giniw

c,t); and country (c) and year (t) fixed
effects. For the first block, wLc,t, rKc,t and pQc,t are expressed as the natural logarithm (ln) while for the last two blocks
they are expressed as % of GDP.
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E.5. Excluding OECD group 1100 “taxes on income, profits and
capital gains of individuals” from capital taxes

Table E.28: Taxation and automation
Taxes in ln of nat. currency Taxes as % of GDP Taxes as % of total tax

ln Tc,t ln T l
c,t ln T k

c,t lnT y
c,t Tc,t T l

c,t T k
c,t T y

c,t T l
c,t T k

c,t T y
c,t

Panel A: full period 1995-2016
Rc,t -0.031∗∗ -0.039∗ 0.002 -0.014 -0.406 -0.323 -0.028 -0.055 -0.922 -0.043 -0.202

(0.013) (0.019) (0.046) (0.021) (0.332) (0.226) (0.166) (0.127) (0.598) (0.393) (0.515)
ICTc,t -0.047∗∗∗ -0.093 -0.150 -0.047∗ -0.487 0.022 -0.661∗ 0.152 1.291 -1.164 1.457∗∗

(0.015) (0.095) (0.088) (0.024) (0.378) (0.353) (0.347) (0.165) (0.903) (0.919) (0.608)
R ∗ ICTc,t 0.014∗ 0.022 0.049 0.031∗∗ 0.059 -0.199 0.219 0.040 -0.893∗∗ 0.346 -0.196

(0.008) (0.034) (0.050) (0.012) (0.175) (0.153) (0.195) (0.077) (0.363) (0.533) (0.291)
wLc,t 0.573∗∗∗ 0.721∗ 0.580 0.626∗∗∗ -0.582∗∗∗ 0.051 -0.003 -0.630∗∗∗ 0.560∗∗ 0.146 -1.392∗∗∗

(0.185) (0.345) (0.348) (0.150) (0.146) (0.111) (0.085) (0.094) (0.245) (0.265) (0.253)
rKc,t 0.091 0.260 0.234 0.069 -0.694∗∗∗ -0.022 -0.014 -0.659∗∗∗ 0.508∗∗ 0.182 -1.315∗∗∗

(0.095) (0.256) (0.242) (0.091) (0.124) (0.088) (0.075) (0.073) (0.178) (0.211) (0.216)
pQc,t 0.251 -0.066 0.212 0.238

(0.278) (0.561) (0.614) (0.220)
N 395 395 395 395 395 395 395 395 395 395 395
Panel B: sub-period 1995-2007
Rc,t -0.023 -0.078 -0.123∗ 0.020 -0.156 -0.223 -0.303 0.370∗∗ -0.104 -0.798 1.315∗∗

(0.025) (0.049) (0.061) (0.032) (0.315) (0.185) (0.207) (0.132) (0.480) (0.521) (0.459)
ICTc,t -0.027 -0.163 -0.176 -0.008 -0.109 0.275 -0.522 0.138 0.967 -1.136 0.873

(0.030) (0.123) (0.120) (0.028) (0.611) (0.468) (0.453) (0.187) (1.024) (1.109) (0.997)
R ∗ ICTc,t 0.006 0.036 0.024 0.000 0.083 0.053 -0.024 0.054 0.254 -0.161 0.107

(0.017) (0.045) (0.063) (0.016) (0.405) (0.267) (0.249) (0.092) (0.423) (0.584) (0.624)
wLc,t 0.537∗∗ 1.383∗∗ 0.132 0.593∗∗∗ -0.645∗∗ -0.129 0.002 -0.517∗∗∗ 0.187 0.129 -0.940∗∗∗

(0.234) (0.495) (0.403) (0.137) (0.234) (0.138) (0.123) (0.088) (0.262) (0.341) (0.287)
rKc,t -0.027 0.288 -0.292 0.162 -0.850∗∗∗ -0.249∗ -0.049 -0.552∗∗∗ 0.033 0.084 -0.757∗∗

(0.149) (0.343) (0.315) (0.110) (0.233) (0.138) (0.122) (0.070) (0.258) (0.322) (0.286)
pQc,t 0.509 -0.671 1.081∗ 0.290

(0.354) (0.801) (0.529) (0.213)
N 224 224 224 224 224 224 224 224 224 224 224
Panel C: sub-period 2008-2016
Rc,t -0.021 0.015 0.030 -0.058 0.023 0.233 0.010 -0.220 0.479 -0.015 -0.901

(0.015) (0.025) (0.076) (0.034) (0.522) (0.405) (0.245) (0.238) (0.925) (0.496) (0.776)
ICTc,t 0.010 -0.007 0.018 0.026 0.233 -0.118 0.090 0.261∗∗∗ -1.274 0.238 0.731

(0.049) (0.050) (0.062) (0.056) (0.696) (0.623) (0.208) (0.058) (1.056) (0.632) (0.657)
R ∗ ICTc,t -0.027 -0.000 -0.056 -0.035 -0.442 -0.131 -0.195 -0.117 0.399 -0.642 -0.135

(0.029) (0.031) (0.068) (0.033) (0.559) (0.376) (0.260) (0.095) (0.595) (0.568) (0.535)
wLc,t 0.387∗∗∗ 0.339 0.997∗ 0.375∗∗∗ -0.654∗∗∗ 0.039 0.095 -0.788∗∗∗ 0.715∗ 0.627∗ -1.795∗∗∗

(0.053) (0.193) (0.463) (0.094) (0.096) (0.070) (0.120) (0.085) (0.342) (0.335) (0.343)
rKc,t -0.038 0.235 0.400 -0.242∗∗ -0.715∗∗∗ 0.013 0.061 -0.789∗∗∗ 0.722∗∗ 0.539∗ -1.728∗∗∗

(0.049) (0.130) (0.280) (0.075) (0.062) (0.032) (0.088) (0.089) (0.253) (0.242) (0.306)
pQc,t 0.293∗∗ 0.099 -0.093 0.248∗

(0.098) (0.351) (0.462) (0.128)
N 171 171 171 171 171 171 171 171 171 171 171

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Regression results of aggregate flows of tax revenues on different automation
measures for nineteen European countries during the period 1995-2016. All regressions use country level data and include:
GDP growth, gross output share of the service sector in total economy; Herfindahl-Hirschman Index computed based on
the gross-output shares of macro-sectors; government consolidated gross debt as % of GDP; government interest payable
as % of GDP; net government lending/borrowing as % of GDP; gross fixed capital formation as % of GDP; period average
exchange rate; and country (c) and year (t) fixed effects. All regressions in Panel A also include the ln of gross-output value
(pQ). Taxes on capital T k exclude the OECD tax category 1100 “taxes on income, profits and capital gains of individuals”.
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