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Claudius Gräbner-Radkowitsch

• Automation is an extremely complex phenomenon 

• Guiding narrative of this talk: such phenomena call for a pluralist approach 

• Does not necessarily manifest itself in every study: you cannot always be 
pluralist 

• Your studies can be part of an over-arching pluralist research program 

• Requires breaks and re-embedding of what you are doing into your broader 
research program → need for a pluralist meta-framework 

• This talk: provide some inspirations where different parts of a pluralist research 
program on automation might come from 

• Invite you to take yourself the freedom of being ‘too simple but productive’… 

• Encourage you to keep the idealism of a truly pluralist approach

Automation and inequalities
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The multi-level character 
of automation
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• A pluralist approach is characterised by considering  

• …different ontological levels without pre-priorization micro or macro 

• …the relevance of both bottom-up and top-down effects 

• Provide short examples for each level when studying automation:

The multi-level character of automation
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Micro 
Firms engage in automation tasks 

in very heterogeneous ways

Meso 
Employment sectors are affected 

very differently by automation

Macro 
Automation fundamentally alters 

prospects for development models
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• The authors highlight the relevance of various heterogeneities: 

• Robot-adopting firms are usually larger and more productive than non-
adopting firms by time of adoption 

• Conditioned on productivity, more skill-intensive firms are more likely to adopt 

• Export-oriented firms are ceteris paribus more likely to adopt robots

6

The multi-level character of automation 
Micro: firms engage in automation differently

• Who adopts robots?  

• What are the implications of robot 
adoption on the firm level? 
• Difficult to study: requires firm level data
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ROBOTS AND FIRMS"

Michael Koch, Ilya Manuylov and Marcel Smolka

We study the microeconomic implications of robot adoption using a rich panel data set of Spanish manu-
facturing firms over a 27-year period (1990–2016). We provide causal evidence on two central questions:
(1) Which firm characteristics prompt firms to adopt robots? (2) What is the impact of robots on adopting
firms relative to non-adopting firms? To address these questions, we look at our data through the lens of
recent attempts in the literature to formalise the implications of robot technology. As for the first question, we
establish robust evidence for positive selection, i.e., ex ante better performing firms (measured through output
and labour productivity) are more likely to adopt robots. On the other hand, conditional on size, ex ante more
skill-intensive firms are less likely to do so. As for the second question, we find that robot adoption generates
substantial output gains in the vicinity of 20–25% within four years, reduces the labour cost share by 5–7%
points, and leads to net job creation at a rate of 10%. These results are robust to controlling for non-random
selection into robot adoption through a difference-in-differences approach combined with a propensity score
reweighting estimator. To further validate these results, we also offer structural estimates of total factor pro-
ductivity (TFP) where robot technology enters the (endogenous) productivity process of firms. The results
demonstrate a positive causal effect of robots on productivity as well as a complementarity between robots
and exporting in boosting productivity.

The rise of robot technology has sparked an intense debate about the economic effects of robot
adoption.1 A key concern in this debate is that robots ‘steal’ jobs from humans. A recent study
by Acemoglu and Restrepo (2020) fuels this concern, finding large negative effects of robots on
employment and wages across US commuting zones. Other important economic variables like
productivity growth, output prices, or even educational attainment are also affected by the rise of
robot technology, as evidenced by Graetz and Michaels (2018) and Dauth et al. (2018). However,
a considerable challenge in the entire literature so far is the lack of micro-level information
on actual robot use. The few existing studies all resort to macro-level information by industry
to construct measures of local or regional robot exposure. While this approach is useful in
estimating the aggregate economic effects of robots, it makes the crucial assumption that all
firms in a given industry have the same ability and willingness to adopt robots. It does not take
seriously the possibility that some firms are considerably more likely to adopt robots (and thus

" Corresponding author: Michael Koch, Department of Economics and Business Economics, Aarhus University,
Fuglesangs Allé 4, Building 2632, 8210 Aarhus V, Denmark. Email: mkoch@econ.au.dk

This paper was received on 8 April 2019 and accepted on 26 January 2021. The Editor was Nezih Guner.

The authors were granted an exemption to publish their data because access to the data is restricted. However, the
authors provided a simulated or synthetic data set that allowed the Journal to run their codes. The synthetic/simulated
data and codes are available on the Journal website. They were checked for their ability to generate all tables and figures
in the paper, however, the synthetic/simulated data are not designed to reproduce the same results.

We would like to thank the editor, Nezih Guner, and three anonymous referees for their helpful comments and
suggestions. We also thank Frederic Warzynski and members of the FIND research centre for helpful comments and
discussions. We are grateful to participants at research seminars at universities in Bayreuth, Bremen, Dresden, Kiel and
Würzburg. Financial support by the Carlsberg Foundation is gratefully acknowledged.

1 Industrial robots differ from other technologies or capital equipment in that robots are automatically controlled
and capable of doing different tasks (see UNCTAD, 2017, ch. III, p. 38). In a broad sense, industrial robots are
defined as ‘automatically controlled, reprogrammable, multipurpose manipulators, programmable in three or more axes,
which can be either fixed in place or mobile for use in industrial automation applications’ (ISO 8373, for details see
https://www.iso.org/obp/ui/#iso:std:iso:8373:ed-2:v1:en (accessed 20 November 2020)).
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• Due to study design the authors find that robot adoption… 

• …causes firms to be more productive (>20% within 4 years) 

• …helps firms to reduce their labor costs (>5% within 4 years; no effect on 
wages) 

• …facilitates employment of new (low and high-skill) workers (>10% within 4 
years)
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Fig. 1. Evolution of Firm-level Employment and Labour Cost Share (1990–2016).
Notes: Panels (a) and (b) depict, respectively, the evolution of average firm employment (measured by the
number of workers) and the average firm labour cost share (defined as labour costs divided by the total
production value), separately for robot adopters and non-adopters. The sample is balanced on firms from
1990 to 2016. Robot adopters are defined as firms that entered the sample in 1990 and had adopted robots
by 1998. Non-adopters are firms that never use robots over the whole sample period.
Source: Authors’ computations based on ESEE data.

positively or negatively selected); nor does it speak to the potentially important adjustments
taking place within those firms, for example in terms of employment, wages and productivity.
A microeconomic (firm-level) analysis is thus needed, in order to develop a more fine-grained
and more far-reaching understanding of the economic implications of robot adoption (Raj and
Seamans, 2018).

In this paper, we offer such an analysis. Our paper is the first attempt in the literature to
investigate ex ante differences in robot adoption across firms, and estimate the microeconomic
effects of robot adoption within firms.2 To do so, we draw on a unique panel data set of Spanish
manufacturing firms from the Encuesta Sobre Estrategias Empresariales (ESEE) over a 27-year
period (1990–2016). A key novelty of our paper relative to existing studies is that our data set
includes explicit information on robot use in the production process of individual firms. Using
this information in our analysis, we are able to sort out selection and treatment effects of robot
adoption, by exploiting the longitudinal nature of our data set and using state-of-the-art reduced
form as well as structural econometrics. This allows us to provide the first causal evidence on
the following central questions: (i) Which firm characteristics raise the probability of firms to
adopt robots? (ii) What is the (partial equilibrium) impact of robots on adopting firms relative to
non-adopting firms?

Figure 1 constructed from the ESEE data set provides a first indication that the adoption of
robots is heterogeneous across firms. Panel (a) demonstrates that those firms that adopted robots
between 1990 and 1998 (‘robot adopters’) increased the number of jobs by more than 50%
between 1998 and 2016, while those firms that did not adopt robots (‘non-adopters’) reduced the
number of jobs by more than 20% over the same period.3 At the same time, panel (b) indicates

2 There is now an emerging literature using firm-level data to study the implications of modern technologies (automation
or robots). We refer to this literature in greater detail below.

3 To construct the figure, we balance the sample across the entire sample period from 1990 to 2016 and thus abstract
from entry into, and exit from, the sample. Moreover, we only keep those firms in the sample that did not use robots in

C! 2021 Royal Economic Society.
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• At the same time, jobs at competing non-
adopters are destroyed → ‘efficient’ relocation 

• In the end, for Spain the authors find a net creation 
of about 10%
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The multi-level character of automation 
Micro: firms engage in automation differently

What’s not at centre stage: 
• Heterogeneity (race, gender, sector, …)  
• Dynamic costs of relocation 
• (Institutional) mechanisms driving results 
• Macroeconomic determinants and 

implications/dependencies

This is a state-of-the art mainstream paper, with relatively little 
theory and focus on ‘identification’.

What the approach highlights: 
• Neat identification of a most likely causal 

effect from quantitative data 
• Focus on overall efficiency/productivity 

gains/losses 
• Heterogeneity across firms
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• Most firm-level studies focus on the effect from an employer perspective 

• But whose job is more likely to be threatened by automation?

10

• Direct data: the statistical technician faces a higher risk of being replaced by 
software than the childcare worker 

• But also: indirect network effects: 
• Automation creates new jobs that require skills statistical technicians typically possess 

and might ‘push’ other people into the care sector

The multi-level character of automation 
Meso: sectors are affected by automation differently
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• Difficult to capture both direct and indirect effects with conventional 
economic tools 

• Moreover, automation comes with numerous structural transitions → 
persistent disequilibrium dynamics 

• Network analysis and agent-based models well suited to account for them 

• The study of skill similarity and labor flows also has a long tradition in 
evolutionary economic geography and complexity economics

11

The multi-level character of automation 
Meso: sectors are affected by automation differently

• Example: del Rio-Chanona et al. 
(2021) use data from the USA to 
construct an occupational mobility 
network
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• General idea: quantify ease to move between jobs 

• Foundational idea: relatedness of required capabilities 

• Empirical operationalisation: network based on data on job transitions: 

                       Ai,j = {r, if i = j
(1 − r) Pi,j, if i ≠ j

12

•  and  are indices for occupations 

• : probability to change job within the 
same sector 

•  : empirical probability to move out 
from occupation  to occupation 

i j

r

Pi,j
i j

different degree of automatability than their neighbouring
occupations and will therefore be strongly affected by indirect
(reallocation) effects.

2.2. A network model of the labour market
Our model is designed to understand the dynamics of unem-
ployment at the occupation level. The flow of workers on the
network (i.e. workers changing occupations) is described by
a set of discrete-time stochastic processes for employment,
unemployment and vacancies in each occupation i. The
agents in our model are workers who can be employed or
unemployed. All workers have only one occupation per time
step, but they can switch occupations. In this model, we
assume that workers are perfectly geographically mobile,
and we neglect wage pressure. The set of possible occupations
is fixed, andwe define aworker’s occupation as the occupation
in which she was last employed. At any given time t, the
number of workers employed in occupation i is ei,t, the
number of unemployed workers is ui,t and the number of job
vacancies is vi,t. The number of workers that are separated

(i.e. fired) is !i,t, and the number of newly opened vacancies
is "i,t. The labour flow fij,t+1 is the number of workers hired in
occupation j who were previously unemployed in occupation
i. By using these notations, we can write

i,t!1 " ei,t # vi,t!1|!{z!}
separated workers

!
X

j
f ji,t!1

|!!!!!{z!!!!!}
hired workers

(2:2)

ui,t!1 " ui,t ! vi,t!1|!{z!}
separated workers

#
X

j
fij,t!1

|!!!!!{z!!!!!}
transitioning workers

(2:3)

and

vi,t!1 " vi,t ! ni,t!1|!{z!}
opened vacancies

#
X

j
f ji,t!1

|!!!!!{z!!!!!}
hired workers

: (2:4)

These equations express conservation laws stating that the
change in each variable is equal to the difference between
inflow and outflow. Equation (2.2) states that the change in
employment is equal to the number of workers hired minus
the number of workers separated. Similarly, equation (2.3)
states that the change in unemployment is equal to the
number of separated workers minus the number of hired
workers. Finally, equation (2.4) states that the change in the
number of vacancies is equal to the number of vacancies created
minus the number of workers hired to fill existing vacancies.
Figure 2 is a flow chart that makes the transitions explicit
from a worker’s perspective and an employer’s perspective.

Our model builds on Mortensen and Pissarides’ studies
[28,29], who proposed the use of a matching function between
workers and vacancies. In our model, the labour flow fij,t+1
corresponds to a new matching function, which has the
advantage of being granular (i.e. it is occupation-specific)
and motivated by the stochastic process illustrated in figure 2.

We denote occupation-specific stochastic variables by low-
ercase letters and aggregate quantities by uppercase letters
(e.g. total unemployment is Ut "

P
i ui,t) and use bold font for

vectors (i.e. the i-th element of ut is ui,t). We denote realized
values of stochastic variables by a hat above e.g. êi,t is a realiz-
ation of the stochastic variable ei,t. The time steps are chosen,
so that their duration is long enough for workers to transition
between occupations, but too short for workers to change
their employment status more than once. That is, a worker is
not allowed to switch her status from employed to unemployed
and then back to employed in a single time step. Likewise, a
vacancy cannot be opened and filled within the same time step.

We assume that the number of separated workers !i,t+1

and the number of opened vacancies at t + 1 "i,t+1 follow
binomial processes of the form,

vi,t!1 ! Bin(̂ei,t, pu,i,t) (2:5)

and

ni,t!1 ! Bin(̂ei,t, pv,i,t), (2:6)

where Bin(m, p) denotes a binomial distribution with m trials
and success probability p. The success probabilities p̂u,i,t and
p̂v,i,t depend on d̂i,t # dyi,t, which is related to the imbalance of
supply and demand for labour and play a key role in the
dynamics. We will first complete an overview of the search
and matching process and return in a moment to specify
#u,i,t and #v,i,t.

(a)

(b)
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Figure 1. Estimates of automatability in the occupational mobility network. (a) A
histogram of the probability of computerization for different occupations as esti-
mated by Frey and Osborne [8], suggesting a bimodal distribution. (b) The
occupational mobility network, where nodes represent occupations and links rep-
resent possible worker transitions between occupations. Red nodes have high
automatability, and blue nodes have low automatability. The size of the nodes
indicates the logarithm of the number of employees in each occupation.
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• The network then determines the probability that a worker from sector  
applies for a job in sector   

• Simulation in an ABM and analytical approximation using dynamical systems 
theory → disequilibrium framework without rationality assumptions 

• The model is able to replicate several labor market regularities, e.g.:

i
j

13

The multi-level character of automation 
Meso: an ABM on an occupational mobility network

adjacency matrix and the expected values of the state
variables as follows:

!f ij,t!1 "
!ui,t!v2j,tAij(1# e#!s j,t!1=!v j,t )

!s j,t!1
P

k !vk,tAik
, (3:4)

where

!s j,t!1 "
X

i

!ui,t!v j,tAijP
k !vk,tAik

(3:5)

is the expected number of applications submitted to vacancies
of occupation j. In section S2.1 of the electronic supplementary
material, we discuss the relative error of this approximation
and provide mathematical arguments that suggest that
this error is inversely proportional to the number of agents.
We run simulations to show that the error is negligible in
the limit of a large number of agents (see section S2.2 of the
electronic supplementary material). Therefore, we can use
equations (3.1)–(3.3) to study large systems, in this case, the
US labour market, in a tractable manner. We also use
equations (3.2) and (3.4) to compute long-term unemployment
(see section S1.4 in the electronic supplementary material).

Given a set of time series for the target labour demand dyi,t
and a set of initial conditions, equations (3.1)–(3.3) determine
the expected employment, unemployment, and vacancies as
a function of time. Our results are based on the US occu-
pational mobility network, so we think of our model as
reflecting the US with free geographical mobility. In section
S2.2 of the electronic supplementary material, we show that
our deterministic approximation is valid for a labour pool
of at least 1.4 million workers, so our model could potentially
be applied at the regional level.

3.1.1. Steady state
Before proceeding to analyse the US labour market under a
changing demand for labour, we note that for all the cases
we have studied, when the target labour demand is constant
dyi , there exists a computable steady-state value for the expected
number of employed and unemployed workers and vacancies
in each occupation. Except for the simple case of a complete
network, with Aij = 1/n, we cannot derive a closed-form sol-
ution for occupational unemployment. Nonetheless, we have
solved equations numerically to find a solution. In section

S2.3 of the electronic supplementary material, we argue that
the steady-state values depend on the network structure and
the target labour demand. Thus, the network structure, and
the distribution of labour demand across occupations, can sub-
stantially influence the steady-state unemployment at both the
occupational and the aggregate levels.

3.2. The Beveridge curve
The Beveridge curve is one of the best known macroeconomic
stylized facts [20,21]. It states the relationship between
vacancies and unemployment: when more vacancies open,
unemployment goes down. The intuition is that when there
are many vacancies, unemployed workers get a job faster,
so the unemployment rate is low. Similarly, when there are
few vacancies, unemployed workers are less likely to find
jobs, so the unemployment rate is high. In figure 3a, we
plot the Beveridge curve for the USA between January 2001
and September 2018.

The Beveridge curve has three important features: (i) the
curve can shift away or towards the origin [31]. For example,
after the 2009 financial crisis, the Beveridge curve shifted
away from the origin, with unemployment increasing for all
vacancy rates. (ii) During recessions, unemployment and
vacancy rates move downwards along the curve, and during
recovery periods, the unemployment and vacancy rates
move upward along the curve. The recession from December
2007 to June 2009 and the recovery period from 2009 onwards
are a good example of this feature (figure 3a). (iii) Historically,
the Beveridge curve has (almost) always shifted outwards
after recessions [21], i.e. the curve cycles anticlockwise. In
other words, there are memory effects, and for the same
vacancy rate, the unemployment rate has been larger during
recoveries than during recessions. As we show later, our
model reproduces these three features.

To estimate the impact of automation shocks, we need to
calibrate the model with specific values for all the parameters.
Given the importance of the Beveridge curve in the literature,
we chose the parameters that maximize the ability of our
model to reproduce it. Todo so,we impose a simulatedbusiness
cycle, i.e.we assume that the aggregate target labourdemandDt

oscillates according to a sinewave. We then calibrate the ampli-
tude of the sine wave and the parameters !u, !v and " to match
the empirical Beveridge curve during the most recent US
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Figure 3. The Beveridge curve. In each panel, we plot the unemployment and vacancy rate. (a) The historical Beveridge curve for the United States, 2001–2018. Different
periods are highlighted with different colours. (b) Movement of the Beveridge curve due to changes in labour market frictions. In particular, we plot the difference between a
complete network, with no skill mismatch frictions versus the empirical occupational mobility network. Each dot corresponds to the steady-state unemployment and vacancy
rate for for different pairs of values of !u and !v. The highlighted points correspond to the unemployment and vacancy rate of the model using the calibrated parameters. (c)
The Beveridge curve generated by our model. The parameters of the model are calibrated to match the empirical Beveridge curve between December 2007 and December
2018. The dashed lines correspond to the deterministic approximation of equations (3.1)–(3.3), and solid green lines to the full stochastic model simulation of equations
(2.2)–(2.4). The transparent grey line shows the empirical Beveridge curve between December 2007 and September 2018.

royalsocietypublishing.org/journal/rsif
J.R.Soc.Interface

18:20200898

6

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

02
 S

ep
te

m
be

r 2
02

2 

• It can then be used to study the expected effect of automation

adjacency matrix and the expected values of the state
variables as follows:

!f ij,t!1 "
!ui,t!v2j,tAij(1# e#!s j,t!1=!v j,t )

!s j,t!1
P

k !vk,tAik
, (3:4)

where

!s j,t!1 "
X

i

!ui,t!v j,tAijP
k !vk,tAik

(3:5)

is the expected number of applications submitted to vacancies
of occupation j. In section S2.1 of the electronic supplementary
material, we discuss the relative error of this approximation
and provide mathematical arguments that suggest that
this error is inversely proportional to the number of agents.
We run simulations to show that the error is negligible in
the limit of a large number of agents (see section S2.2 of the
electronic supplementary material). Therefore, we can use
equations (3.1)–(3.3) to study large systems, in this case, the
US labour market, in a tractable manner. We also use
equations (3.2) and (3.4) to compute long-term unemployment
(see section S1.4 in the electronic supplementary material).

Given a set of time series for the target labour demand dyi,t
and a set of initial conditions, equations (3.1)–(3.3) determine
the expected employment, unemployment, and vacancies as
a function of time. Our results are based on the US occu-
pational mobility network, so we think of our model as
reflecting the US with free geographical mobility. In section
S2.2 of the electronic supplementary material, we show that
our deterministic approximation is valid for a labour pool
of at least 1.4 million workers, so our model could potentially
be applied at the regional level.

3.1.1. Steady state
Before proceeding to analyse the US labour market under a
changing demand for labour, we note that for all the cases
we have studied, when the target labour demand is constant
dyi , there exists a computable steady-state value for the expected
number of employed and unemployed workers and vacancies
in each occupation. Except for the simple case of a complete
network, with Aij = 1/n, we cannot derive a closed-form sol-
ution for occupational unemployment. Nonetheless, we have
solved equations numerically to find a solution. In section

S2.3 of the electronic supplementary material, we argue that
the steady-state values depend on the network structure and
the target labour demand. Thus, the network structure, and
the distribution of labour demand across occupations, can sub-
stantially influence the steady-state unemployment at both the
occupational and the aggregate levels.

3.2. The Beveridge curve
The Beveridge curve is one of the best known macroeconomic
stylized facts [20,21]. It states the relationship between
vacancies and unemployment: when more vacancies open,
unemployment goes down. The intuition is that when there
are many vacancies, unemployed workers get a job faster,
so the unemployment rate is low. Similarly, when there are
few vacancies, unemployed workers are less likely to find
jobs, so the unemployment rate is high. In figure 3a, we
plot the Beveridge curve for the USA between January 2001
and September 2018.

The Beveridge curve has three important features: (i) the
curve can shift away or towards the origin [31]. For example,
after the 2009 financial crisis, the Beveridge curve shifted
away from the origin, with unemployment increasing for all
vacancy rates. (ii) During recessions, unemployment and
vacancy rates move downwards along the curve, and during
recovery periods, the unemployment and vacancy rates
move upward along the curve. The recession from December
2007 to June 2009 and the recovery period from 2009 onwards
are a good example of this feature (figure 3a). (iii) Historically,
the Beveridge curve has (almost) always shifted outwards
after recessions [21], i.e. the curve cycles anticlockwise. In
other words, there are memory effects, and for the same
vacancy rate, the unemployment rate has been larger during
recoveries than during recessions. As we show later, our
model reproduces these three features.

To estimate the impact of automation shocks, we need to
calibrate the model with specific values for all the parameters.
Given the importance of the Beveridge curve in the literature,
we chose the parameters that maximize the ability of our
model to reproduce it. Todo so,we impose a simulatedbusiness
cycle, i.e.we assume that the aggregate target labourdemandDt

oscillates according to a sinewave. We then calibrate the ampli-
tude of the sine wave and the parameters !u, !v and " to match
the empirical Beveridge curve during the most recent US
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Figure 3. The Beveridge curve. In each panel, we plot the unemployment and vacancy rate. (a) The historical Beveridge curve for the United States, 2001–2018. Different
periods are highlighted with different colours. (b) Movement of the Beveridge curve due to changes in labour market frictions. In particular, we plot the difference between a
complete network, with no skill mismatch frictions versus the empirical occupational mobility network. Each dot corresponds to the steady-state unemployment and vacancy
rate for for different pairs of values of !u and !v. The highlighted points correspond to the unemployment and vacancy rate of the model using the calibrated parameters. (c)
The Beveridge curve generated by our model. The parameters of the model are calibrated to match the empirical Beveridge curve between December 2007 and December
2018. The dashed lines correspond to the deterministic approximation of equations (3.1)–(3.3), and solid green lines to the full stochastic model simulation of equations
(2.2)–(2.4). The transparent grey line shows the empirical Beveridge curve between December 2007 and September 2018.
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Also shows relevance of 

the complex network



Claudius Gräbner-Radkowitsch

• Data on risk and extent of automation was taken from Frey & Osbourne 
(2017), who conducted expert interviews and trained a model 

• Shocks as a reduction of the job demand over 30 years 

• Even if there is no absolute reduction of jobs, relocation increases 
unemployment due to relocation effects:

14

The multi-level character of automation 
Meso: the effect of automation in a network-based ABM

When we apply the Frey and Osborne shock, the aggregate
unemployment rate for the empirical network rises to 6.7%
at its peak and then decays. In contrast, for the complete net-
work, the aggregate unemployment rises to only 4.7% before
it decays. Thus, the total change in unemployment with
the empirical network is more than a factor of two larger,
demonstrating the importance of the network structure.

The long-term unemployment rate, for the occupational
mobility network, is about 2.1% for the empirical network,
substantially smaller than the (short-term) unemployment
rate. When we apply the Frey and Osborne shock, the aggre-
gate long-term unemployment rate rises to roughly 2.6% at its
peak and then decays. The relative change from the initial
value to the peak value is about 27% for both the unemploy-
ment and long-term unemployment. The behaviour for the
complete network is quite different: first, the initial level of
long-term unemployment for the complete network is only
1.0%, more than a factor of two smaller than for the empirical
network. Second, when we apply the shock, long-term
unemployment for the complete network remains nearly flat.

Another interesting result is that the steady-state value of
the aggregate unemployment shifts after the shock. The aggre-
gate unemployment rate changes from 5.28% to 5.10%, for a
net change of roughly !0.17%. While this is small, bear in

mind that we have kept both the total aggregate target
demand and all the model parameters constant. This is
consistent with our result that the steady state explicitly
depends on the network structure and the target demand in
each occupation (see electronic supplementary material, eqs.
(S60–S64) for details). The fact that we see this shift when we
change the target demand demonstrates the key role that the
network structure plays in determining the steady-state and
transient behaviour. Note that there is no noticeable shift in
the steady state for the complete network.

We conjecture that the Frey andOsborne shock causes such
persistent effects since automation levels of neighbouring
occupations tend to be similar. This has two effects: it means
that there are some regions of the network where workers
easily find new jobs, and others where workers get trapped
because there are no good alternatives, causing a substantial
boost to long-term unemployment. The steady-state shift
occurs because the post-automation distribution of the target
labour demand across occupations is more concentrated on
fewer occupations that are more densely connected between
each other, reducing worker–vacancy matching frictions.
We test our conjecture by creating a surrogate Frey and
Osborne shock that randomizes the distribution of automation
levels of occupations across the network and find supporting
results (see electronic supplementary material, section S5.1).
Finally, we explore what happens when we relax the assump-
tion that the aggregate target labour demand remains
constant. Unsurprisingly, we find that when the aggregate
demand decreases, the automation shock displaces more
workers for all occupations (see section S4.5 in the electronic
supplementary material).

3.3.4. Occupation-level outcomes
We now show how automation affects the occupation-specific
unemployment rates, where the network plays a crucial role.
We measure the average unemployment rate and average long-
term unemployment rate during the shock as follows:

!ui,average(T) !
P

t[T !ui,tP
t[T (!ui,t " !ei,t)

and

!u(#t)
i,average(T) !

P
t[T !u

(#t)
i,tP

t[T (!ui,t " !ei,t)
,

where T is the set of time steps that correspond to the auto-
mation shock. (We discuss an alternative way of defining the
average unemployment rate in the electronic supplementary
material, section S4.6 and show that our results are robust.)
For simplicity, from here onward, we refer to the average
unemployment rate and the average long-term unemploy-
ment rate during the automation period simply as the
unemployment rate and the long-term unemployment rate.

In figure 5, we compare the percentage changes in unem-
ployment and long-term unemployment with each
occupation’s automation level. To highlight the role of the net-
work, we do this for both the occupational mobility network
and the complete network. For the complete network, occu-
pations with the same automation level have the same
percentage change in their unemployment rates. In contrast,
for the occupational mobility network, the automation level is
not aperfect predictorof the occupation-level outcome.Network
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Figure 4. Aggregate labour market outcomes under the Frey and Osborne
shock. The grey area denotes the 30 years during which the automation
shock takes place. (a) The evolution of the target labour demand for two
example occupations. The occupation coloured in blue has a low automation
level and the occupation coloured in red has a high level. Because of its het-
erogeneity across occupations, the Frey and Osborne shock implies a large
change in the target labour demand of most occupations. (b) The unemploy-
ment rate as a function of time. Dashed lines are our approximations of the
expected value (solved numerically) and the solid lines are 10 simulations
with 1.5 M agents. (c) The long-term unemployment rate as a function of
time. As before, dashed lines correspond to the deterministic approximation
of equations (3.1)–(3.3) and solid lines to the full stochastic model simulation
of equations (2.2)–(2.4).

royalsocietypublishing.org/journal/rsif
J.R.Soc.Interface

18:20200898

8

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

02
 S

ep
te

m
be

r 2
02

2 

When we apply the Frey and Osborne shock, the aggregate
unemployment rate for the empirical network rises to 6.7%
at its peak and then decays. In contrast, for the complete net-
work, the aggregate unemployment rises to only 4.7% before
it decays. Thus, the total change in unemployment with
the empirical network is more than a factor of two larger,
demonstrating the importance of the network structure.

The long-term unemployment rate, for the occupational
mobility network, is about 2.1% for the empirical network,
substantially smaller than the (short-term) unemployment
rate. When we apply the Frey and Osborne shock, the aggre-
gate long-term unemployment rate rises to roughly 2.6% at its
peak and then decays. The relative change from the initial
value to the peak value is about 27% for both the unemploy-
ment and long-term unemployment. The behaviour for the
complete network is quite different: first, the initial level of
long-term unemployment for the complete network is only
1.0%, more than a factor of two smaller than for the empirical
network. Second, when we apply the shock, long-term
unemployment for the complete network remains nearly flat.

Another interesting result is that the steady-state value of
the aggregate unemployment shifts after the shock. The aggre-
gate unemployment rate changes from 5.28% to 5.10%, for a
net change of roughly !0.17%. While this is small, bear in

mind that we have kept both the total aggregate target
demand and all the model parameters constant. This is
consistent with our result that the steady state explicitly
depends on the network structure and the target demand in
each occupation (see electronic supplementary material, eqs.
(S60–S64) for details). The fact that we see this shift when we
change the target demand demonstrates the key role that the
network structure plays in determining the steady-state and
transient behaviour. Note that there is no noticeable shift in
the steady state for the complete network.

We conjecture that the Frey andOsborne shock causes such
persistent effects since automation levels of neighbouring
occupations tend to be similar. This has two effects: it means
that there are some regions of the network where workers
easily find new jobs, and others where workers get trapped
because there are no good alternatives, causing a substantial
boost to long-term unemployment. The steady-state shift
occurs because the post-automation distribution of the target
labour demand across occupations is more concentrated on
fewer occupations that are more densely connected between
each other, reducing worker–vacancy matching frictions.
We test our conjecture by creating a surrogate Frey and
Osborne shock that randomizes the distribution of automation
levels of occupations across the network and find supporting
results (see electronic supplementary material, section S5.1).
Finally, we explore what happens when we relax the assump-
tion that the aggregate target labour demand remains
constant. Unsurprisingly, we find that when the aggregate
demand decreases, the automation shock displaces more
workers for all occupations (see section S4.5 in the electronic
supplementary material).

3.3.4. Occupation-level outcomes
We now show how automation affects the occupation-specific
unemployment rates, where the network plays a crucial role.
We measure the average unemployment rate and average long-
term unemployment rate during the shock as follows:

!ui,average(T) !
P

t[T !ui,tP
t[T (!ui,t " !ei,t)

and

!u(#t)
i,average(T) !

P
t[T !u

(#t)
i,tP

t[T (!ui,t " !ei,t)
,

where T is the set of time steps that correspond to the auto-
mation shock. (We discuss an alternative way of defining the
average unemployment rate in the electronic supplementary
material, section S4.6 and show that our results are robust.)
For simplicity, from here onward, we refer to the average
unemployment rate and the average long-term unemploy-
ment rate during the automation period simply as the
unemployment rate and the long-term unemployment rate.

In figure 5, we compare the percentage changes in unem-
ployment and long-term unemployment with each
occupation’s automation level. To highlight the role of the net-
work, we do this for both the occupational mobility network
and the complete network. For the complete network, occu-
pations with the same automation level have the same
percentage change in their unemployment rates. In contrast,
for the occupational mobility network, the automation level is
not aperfect predictorof the occupation-level outcome.Network
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Figure 4. Aggregate labour market outcomes under the Frey and Osborne
shock. The grey area denotes the 30 years during which the automation
shock takes place. (a) The evolution of the target labour demand for two
example occupations. The occupation coloured in blue has a low automation
level and the occupation coloured in red has a high level. Because of its het-
erogeneity across occupations, the Frey and Osborne shock implies a large
change in the target labour demand of most occupations. (b) The unemploy-
ment rate as a function of time. Dashed lines are our approximations of the
expected value (solved numerically) and the solid lines are 10 simulations
with 1.5 M agents. (c) The long-term unemployment rate as a function of
time. As before, dashed lines correspond to the deterministic approximation
of equations (3.1)–(3.3) and solid lines to the full stochastic model simulation
of equations (2.2)–(2.4).
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Claudius Gräbner-Radkowitsch

• Taking into account network and out-of-equilibrium effects highlights non-
trivial heterogeneities and dependencies that remain invisible otherwise 
• Acemoglu & Restrepo (2019) / Graetz & Michaelis (2018) stressing productivity-

employment trade-off 
• Dauth et al. (2021) mainly remain on the ‘skilled’/‘unskilled’ labor distinction, but at 

least highlight role of institutions

15

The multi-level character of automation 
Meso: the effect of automation in a network-based ABM

effects specific to each occupation also affect unemployment
(this is also true for Brynjolfsson et al. [34] shock).

It is useful to highlight some specific cases to make the
size of the network effects more clear. Both dispatchers and
pharmacy aides have a high probability of computerization
roughly of 0.72. Still the automation shock causes a 21%
increase in the dispatchers’ long-term unemployment, while
the pharmacy aides’ long-term unemployment decreases by
roughly 17%. Some occupations experience the opposite
change that one would expect. Statistical technicians and
pharmacy aides are likely to be automated (with a probability
of computerization above 0.6), while childcare workers and
electricians are not (with a probability of computerization
below 0.2). However, statistical technicians and pharmacy
aides decrease their long-term unemployment, while childcare
workers and electricians increase theirs. This is due to the fact
that it is relatively easy for statistical technicians and phar-
macy aides to transfer to jobs in other occupations with
increasing demand. In contrast, it is easier for other workers
with occupations susceptible to automation to transfer to
childcare workers or electricians, thereby increasing workers’
supply relative to the demand. This illustrates the importance
of network effects.

We also study if the network effects are beneficial or
detrimental, that is, whether the occupation-specific unem-
ployment rates decrease or increase when we consider the

occupational mobility network instead of the complete net-
work. We measure the network effects by taking the
difference between the percentage change in unemployment
rates in the two cases (i.e. the difference between the green
and the black dots in figure 5). If the difference is positive,
the network effects are detrimental—the occupation faces a
larger increase in (long-term) unemployment. In figure 6, we
compare the network effects with the median wage of occu-
pations. We find that occupations with low median wage are
more likely to face detrimental network effects, while almost
all high wage occupations have better outcomes with the
empirical network than with the complete network.

3.3.5. Network structure
We further explore how the network structure affects the
impact of automation on employment in the electronic sup-
plementary material, section S5. First, we run the model on
randomized occupational mobility networks (rewiring edges
or reshufflingweights). Second, wemodel a retraining strategy
by adding edges between occupations that share work activi-
ties and where one occupation substantially increases its
long-term unemployment and the other decreases it. Our
results show that adding these edges can help dampen the
adverse effects of automation (see figure S26 in the electronic
supplementary material).
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Figure 5. Impact of the Frey and Osborne shock on unemployment and long-term unemployment at the occupation level. The green dots are for the occupational
mobility network, and the red dots are for the complete network. The size of the green dots is proportional to the employment of the occupation they represent. (a)
The percentage change in the unemployment rate versus the automation level for each occupation, and (b) the same thing for the long-term unemployment rate.
The scatter in the results demonstrates that, due to network effects, the automation level only partially explains occupational unemployment.
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• Effect of automation on 
occupations depends not 
only on the occupation…  
• …but also on occupations 

that are similar



Claudius Gräbner-Radkowitsch 16

The multi-level character of automation 
Meso: the effect of automation in a network-based ABM

effects specific to each occupation also affect unemployment
(this is also true for Brynjolfsson et al. [34] shock).

It is useful to highlight some specific cases to make the
size of the network effects more clear. Both dispatchers and
pharmacy aides have a high probability of computerization
roughly of 0.72. Still the automation shock causes a 21%
increase in the dispatchers’ long-term unemployment, while
the pharmacy aides’ long-term unemployment decreases by
roughly 17%. Some occupations experience the opposite
change that one would expect. Statistical technicians and
pharmacy aides are likely to be automated (with a probability
of computerization above 0.6), while childcare workers and
electricians are not (with a probability of computerization
below 0.2). However, statistical technicians and pharmacy
aides decrease their long-term unemployment, while childcare
workers and electricians increase theirs. This is due to the fact
that it is relatively easy for statistical technicians and phar-
macy aides to transfer to jobs in other occupations with
increasing demand. In contrast, it is easier for other workers
with occupations susceptible to automation to transfer to
childcare workers or electricians, thereby increasing workers’
supply relative to the demand. This illustrates the importance
of network effects.

We also study if the network effects are beneficial or
detrimental, that is, whether the occupation-specific unem-
ployment rates decrease or increase when we consider the

occupational mobility network instead of the complete net-
work. We measure the network effects by taking the
difference between the percentage change in unemployment
rates in the two cases (i.e. the difference between the green
and the black dots in figure 5). If the difference is positive,
the network effects are detrimental—the occupation faces a
larger increase in (long-term) unemployment. In figure 6, we
compare the network effects with the median wage of occu-
pations. We find that occupations with low median wage are
more likely to face detrimental network effects, while almost
all high wage occupations have better outcomes with the
empirical network than with the complete network.

3.3.5. Network structure
We further explore how the network structure affects the
impact of automation on employment in the electronic sup-
plementary material, section S5. First, we run the model on
randomized occupational mobility networks (rewiring edges
or reshufflingweights). Second, wemodel a retraining strategy
by adding edges between occupations that share work activi-
ties and where one occupation substantially increases its
long-term unemployment and the other decreases it. Our
results show that adding these edges can help dampen the
adverse effects of automation (see figure S26 in the electronic
supplementary material).
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Figure 5. Impact of the Frey and Osborne shock on unemployment and long-term unemployment at the occupation level. The green dots are for the occupational
mobility network, and the red dots are for the complete network. The size of the green dots is proportional to the employment of the occupation they represent. (a)
The percentage change in the unemployment rate versus the automation level for each occupation, and (b) the same thing for the long-term unemployment rate.
The scatter in the results demonstrates that, due to network effects, the automation level only partially explains occupational unemployment.
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• Effect of automation on 
occupations depends not 
only on the occupation…  
• …but also on occupations 

that are similar

This is a data-driven complexity economics study

What’s not at centre stage: 
• Theory-laddenness of observation 
• Political economy aspects sidelined 
• No clear economic motivation imposed on 

actors

What the approach highlights: 
• Interdependence of economic actors 
• Transition effects and out-of-equilibrium 

dynamics  
• Exploitation of ‘unconventional’ data



Claudius Gräbner-Radkowitsch

• A pluralist approach is characterised by considering  

• …different ontological levels without pre-priorization micro or macro 

• …the relevance of both bottom-up and top-down effects 

• Provide short examples for each level when studying automation:

The multi-level character of automation

17

Micro 
Firms engage in automation tasks 

in very heterogeneous ways

Meso 
Employment sectors are affected 

very differently by automation

Macro 
Automation fundamentally alters 

prospects for development models



Claudius Gräbner-Radkowitsch

• Most studies on the macroeconomic effects of automation are on countries 
in the Global North 

• Automation effects depend on institutions → socio-historic specificity 

• Cali & Presidente (2022) study the effect of robot adoption in Indonesia 

• No signs of a productivity-employment trade-off: low rate of automation, low 
productivity and diminishing returns to adoption 

• Automation as an opportunity of leapfrogging? 

• But: automation also a ‘threat’ to manufacturing-led catching-up

18

The multi-level character of automation 
Macro: the effect of automation on catch-up development

Cheap labor less important for 
success on international 

markets
Automation as a way to 

shorten global VAC
More immediate avenues for 
automation in rich countries
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• Developing countries are less threatened by 
automation 

• But also: less promises of reaping productivity 
benefits 

• Here automation not different but more 
extreme than technological change in general

19

The multi-level character of automation 
Macro: the effect of automation on catch-up development

countries should focus on ensuring that they can master every 
new technology and exploit every new opportunity that 

comes their way.”“
Ricardo Hausmann
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The multi-level character of automation 
Macro: Economic Complexity and automation

• Economic complexity is a concept 
akin to the approach of evolutionary 
economic geographers 

• Quantify the relatedness of economic 
activities 

• Research shows that countries with 
central capabilities tend to be more 
successful  

• They are more likely to reap the 
benefits from automation → possibility 
for further polarisation at the global 
level 

• Without technological transfers and 
subsidies risk of divergence



Claudius Gräbner-Radkowitsch

• In the EU, the paradigm of economic complexity is very successful in 
identifying root causes of socio-economic polarisation (Gräbner et al. 2022) 

• But also: policy options addressing these inequalities 

• For more information see my 2019 EAEPE workshop and for an illustration a 
2022 handbook chapter

21

The Economic Complexity Approach to Economic Development

What’s not at centre stage: 
• Political economy aspects often sidelined 
• A rather new approach: only few work on 

ecological dimension

What the approach highlights: 
• Structural dependencies in the world 

economy 
• The links between micro and Marco when it 

comes to capability accumulation 
• The danger of lock-ins and divergence

The multi-level character of automation 
Macro: Economic Complexity and automation

https://claudius-graebner.com/teaching/lecture-material/politicaleconcomplexity2019.html
https://www.jku.at/fileadmin/gruppen/108/ICAE_Working_Papers/wp134.pdf
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Implications and 
conclusions

22
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Mainstream 
economics Complexity 

economics

Evolutionary 
economics

• Heterogeneity on the firm 
level


• Potentials for efficiency 
transformation


• Interesting approaches to 
identify causal effects

• Relatedness of knowledge

• Relevance of path 

dependencies

• Unequal starting points in 

different countries, danger 
of polarisation

• Direct and indirect 
interdependencies 
across sectors


• Heterogeneous effects 
on employees


• Relevance of out-of-
equilibrium and 
adjustment dynamics

And many more…

• Relevance of culture and non-market institutions

• Gender- or race-dimension of automation

• Ecological implications of automation

• …

Automation
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Applied work 
Concrete theories, 

models

Methodology 
Views on how to create knowledge 

in practice

Epistemology 
Views on how knowledge about the subject of 

investigation can be - in principal - created.

Ontology 
What is the subject of investigation? What are its essential 

properties?

• Its usually a great idea to think about the broader frame of your research 

• Eases the burden of necessary simplifications in the single analysis 

• At times its good to think how your smaller steps can amount to a real leap 
of understanding 

• To this end, building an overall meta-theoretical framework is necessary

A pluralist view on automation

24

• Different paradigms come with 
different meta-theoretical 
assumptions 

• In your work, you must ensure 
consistency of what you use



Claudius Gräbner-Radkowitsch

• The concept of systemism can be a very 
useful guidance in this respect 

• Provides a blueprint and a philosophical 
framework 

• Helps you explicate the elements of your 
approach and link it to alternatives

A pluralist view on automation

25

Macro level  
(e.g., nations)

Meso level  
(e.g., firms)

Micro level  
(e.g., individuals)

Bottom-up 
effects

Bottom-up 
effects

Top-down 
effects

Top-down 
effects

• Application example: polarisation in the European Union 

• This handbook chapter summarises ~8 papers on the subject 

• Relates macroeconomic polarisation, sectoral specialisation and firm-level 
learning within one consistent systemist framework

https://www.jku.at/fileadmin/gruppen/108/ICAE_Working_Papers/wp134.pdf
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• …provided some inspirations for where different parts of a pluralist research 
program on automation might come from 

• Convinced you that it is okay to take the freedom of being ‘too simple but 
productive’… 

• Encouraged you to keep the idealism of a truly pluralist and comprehensive 
approach to a fundamental challenge of our times

This talk hopefully….
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Thanks for your attention
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Systemism as a framework for pluralist research 

Gräbner, C., & Kapeller, J. (2017). The Micro-Macro Link in Heterodox Economics. In T.-H. Jo, L. Chester, & C. D’Ippolliti (Eds.), The Handbook of 
Heterodox Economics (pp. 145–159). Routledge. [Working Paper] 

EU and technological progress 

Gräbner-Radkowitsch, C. (2022). Elements of an evolutionary approach to comparative economic studies: complexity, systemism, and path dependent 
development. In B. Dallago & S. Casagrande (Eds.), Routledge Handbook of Comparative Economic Systems (forthcoming). Routledge. [Working 
Paper] 

Micro effects of automation 

Koch, M., Manuylov, I., & Smolka, M. (2021). Robots and Firms. The Economic Journal, 131(638), 2553–2584. https://doi.org/10.1093/ej/ueab009  

Meso effects of automation 

Rio-Chanona, R. M. del, Mealy, P., Beguerisse-Díaz, M., Lafond, F., & Farmer, J. D. (2021). Occupational mobility and automation: a data-driven 
network model. Journal of the Royal Society Interface, 18(174), 20200898. https://doi.org/10.1098/rsif.2020.0898  

Macro effects of automation 

Hallward-Driemeier, M., & Nayyar, G. (2018). Trouble in the Making?: The Future of Manufacturing-Led Development. The World Bank. https://doi.org/
10.1596/978-1-4648-1174-6  

Hidalgo, C. A. (2021). Economic complexity theory and applications. Nature Reviews Physics, 3(2), 92–113. https://doi.org/10.1038/
s42254-020-00275-1  

For an introduction to the political economy of economic complexity see my presentation at the 2019 EAEPE Pre-Conference: 

https://claudius-graebner.com/teaching/lecture-material/politicaleconcomplexity2019.html

Main references and further readings
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https://www.jku.at/fileadmin/gruppen/108/ICAE_Working_Papers/wp37.pdf
https://www.jku.at/fileadmin/gruppen/108/ICAE_Working_Papers/wp134.pdf
https://www.jku.at/fileadmin/gruppen/108/ICAE_Working_Papers/wp134.pdf
https://doi.org/10.1093/ej/ueab009
https://doi.org/10.1098/rsif.2020.0898
https://doi.org/10.1596/978-1-4648-1174-6
https://doi.org/10.1596/978-1-4648-1174-6
https://doi.org/10.1038/s42254-020-00275-1
https://doi.org/10.1038/s42254-020-00275-1
https://claudius-graebner.com/teaching/lecture-material/politicaleconcomplexity2019.html
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Mainstream 
economics

Complexity 
economics

Evolutionary 
economics

• Heterogeneity on the firm 
level


• Potentials for efficiency 
transformation


• Interesting approaches to 
identify causal effects

• Relatedness of knowledge

• Relevance of path 

dependencies

• Unequal starting points in 

different countries, danger 
of polarisation

• Direct and indirect 
interdependencies 
across sectors


• Heterogeneous effects 
on employees


• Relevance of out-of-
equilibrium and 
adjustment dynamics

And many more…

• Relevance of culture and non-market institutions

• Gender- or race-dimension of automation

• Ecological implications of automation

• …

Automation

Thanks for your attention


