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Abstract

The advent of artificial intelligence is changing the task allocation of workers
and machines in firms’ production processes with potentially wide ranging effects
on workers and firms. We develop an agent-based simulation framework to inves-
tigate the consequences of different types of automation for industry output, the
wage distribution, the labor share, and industry dynamics. It is shown how the
competitiveness of markets, in particular barriers to entry, changes the effects that
automation has on various outcome variables, and to which extent heterogeneous
workers with distinct general skill endowments and heterogeneous firms featuring
distinct wage offer rules affect the channels via which automation changes market
outcomes.
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1 Introduction

Advances in artificial intelligence, data science, automation, or robotics have led to the
notion that economies are undergoing a fundamental change with largely uncertain con-
sequences. Radical transformation of the workplaces (Brynjolfsson and McAfee, 2011;
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Ford, 2015) may lead to the displacement of large fractions of the workforce as tasks
will increasingly be done by intelligent machines (Frey and Osborne, 2017). This is one
projection of what to expect. Another perspective emphasizes that also this transforma-
tion will bring prosperity as it was the case with technological advancements in the past.
Among the countervailing forces to the displacement of workers, it has been put forward
that automation might augment tasks carried out by worker, thereby increasing their
productivity, that total productivity increases may lead to higher aggregate demand thus
increasing labor demand, and that it may create new jobs as tasks will emerge that did
not exist in the past (Acemoglu and Restrepo, 2018b, 2019; Autor and Salomons, 2018;
Vivarelli, 2014).

In this paper, we aim to shed more light on the consequences of automation for
economies paying particular attention to the distributional effects of automation. We
do this by building a dynamic industry model with task-based production on the firm
level where firms decide on whether to allocate workers or machines to different tasks.
Firms compete both on the product and the labor market. We are interested in how the
allocation decisions of firms change in the presence of different forms of automation that
may affect the productivity of machines, the productivity of workers, both, or shift the
set of tasks that firms have to do for production. A central feature of our analysis is that
we analyze the consequences of the various forms of automation on the distribution of
wages between and within firms, and on the functional income distribution. An important
aspect of our analysis is that we explore how the effects of automation depends on the
competitiveness of the industry. In particular, we distinguish between industries in which
high barriers to entry prevent the entry of additional competitors and industries without
entry barriers where recurrent entry and exit, triggered by positive respectively negative
firm profits, occurs. We examine to which extent and why the competitiveness of markets
alters the distributional effects of automation. Moreover, we analyze the role of hetero-
geneous as opposed to homogeneous agents. We compare the outcomes of automation
when workers have homogeneous skills to the outcomes we get with high skill and low
skill workers. In addition, we explore a version of our model with two types of firms. One
set of firms has high wage setting power, and another set of firms has low wage setting
power.

Our analysis, paying particular attention to the distributional consequences in the light
of potential market entry and exit of firms, extends existing analyses of the economic
effects of automation. Our investigation borrows from task-based models studying the
consequences of automation for labor markets and the macroeconomy (Acemoglu and
Autor, 2011; Acemoglu and Restrepo, 2018a, 2019). Also the distinction between different
types of automation addressed in our analysis builds on this stream of literature. However,
we consider a dynamic industry framework, where the task allocation decisions are made
on the firm level rather than on a macroeconomic level. This allows us to incorporate
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competition effects and to more closely pay attention to industry dynamics and the role
that heterogeneous workers and firms may play with respect to the economic consequences
of automation.

We rely in our analysis on an agent-based modeling approach, which has become a
widely used approach for studying issues related to innovation and industrial dynamics
from an evolutionary perspective, see, e.g. Nelson and Winter (1982); Dosi et al. (1995);
Landini et al. (2017); Dawid et al. (2019), or the survey in Dawid (2006), as well as in labor
economics (Neugart and Richiardi, 2018), and macroeconomics (Dawid and Delli Gatti,
2018; Dosi and Roventini, 2019). Several recent contributions have studied different impli-
cations of automation using an agent-based approach. Vermeulen et al. (2020) investigate
an agent-based model with multiple sectors and occupations. They investigate the effect
of productivity increases and the creation of new sectors on employment and wages, and
various policies to mitigate the negative consequences of automation on workers. They
find that robotization causes the stagnation of wages, but that the emergence of new sec-
tors pushes up wages. Fierro et al. (2021) also base their analysis on a multi-sector model.
Workers have heterogeneous skills and firms post vacancies requiring different skills due to
an endogenous skill-biased technological change. They show that automation leads to job
polarization, and how a minimum wage policy may increase aggregate productivity. Dosi
et al. (2021) extend the well established K+S agent-based macroeconomic framework to a
multi-sector setting with endogenous occurrence of technological paradigms to study the
employment effects of automation. Bertani et al. (2020, 2021) incorporate digital assets,
which are produced in a separate sector and increase productivity of consumption good
producers into an agent-based macroeconomic model, and show that in such a setting
technological unemployment emerges in the long run. More generally, effects of (rapid)
technological change on the wage distribution have been studied in numerous agent-based
settings, see e.g. Dosi et al. (2017); Dawid et al. (2018); Caiani et al. (2019); Dawid and
Hepp (2021).

In contrast to these agent-based studies, our approach features market entry and
exit of firms, and various forms of automation that we compare. Moreover, using a
task-based approach, we are able to speak to the effects of automation on the wage
distribution disentangling the effects on between firm and within firm wage effects. Within
our framework, these wage effects can be traced to the firms’ decisions on how to allocate
machines and workers on tasks, and the firms’ decision to enter or leave the market as a
consequence of automation that changes profits to be earned.

In this respect, our theoretical analysis relates to empirical studies that explore the
consequences of automation on the firm level. Due to data limitations this is still a small
literature, that, however, has already interesting insights to offer.1 Barth et al. (2020)

1For empirical studies on the aggregate employment effects of automation, see e.g. Acemoglu and
Restrepo (2020a,b); Aghion et al. (2020); Graetz and Michaels (2018).
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shows that robots have positive effects on average wages, and that wages of high skill
workers increase relative to wages of the low skill workers in firms that robotize. Dixon
et al. (2021) find that investment in robots increases total employment within firms,
which, in their sample of Canadian firms, is a composite effect of higher employment of
high skill workers and of low skill workers, and lower employment of middle skill workers.
In contrast, Koch et al. (2021), based on Spanish data, find that employment in firms
adopting robots increases for all skill groups. Moreover, they show that the labor cost
share in firms adopting robots decreases. Domini et al. (2021b) document that the channel
through which automation raises firms’ employment growth rate is through a higher hiring
rate and a lower separation rate. Interestingly, they also show that automation spikes are
not associated with changes in the occupational composition of firms or changes in jobs
that can be characterized as routine or non-routine. In a follow-up paper Domini et al.
(2021a) again use French firm-level data to explore the effect of automation on within
and between firm wage inequality. They find that the largest part of the wage inequality
within each sector is due to within firm inequality and that automation spikes have hardly
any impact on this inequality.

Our task-based theoretical analysis with heterogeneous worker skills offers economic
mechanisms that may help to better understand the empirical effects of automation on the
firm level. In particular, we can demonstrate how automation changes the task allocation
of firms. This is accompanied by changing wages paid to high skill and low skill workers
driven by changes in the productivity of tasks and by changes in the composition of
workers doing specific tasks. Moreover, we can show how high skill workers may crowd
out low skill workers on lower tasks, or in some instances may withdraw from lower tasks
and rather apply for higher tasks as new firms enter the market due to better profit
opportunities caused by automation.

We proceed by introducing our task-based simulation framework in Section 2. In
Section 3, we parameterize our model and introduce the experiments. Section 4 discusses
the results, and Section 5 concludes.

2 The Model

2.1 General Setting and Task-based Production

We consider an industry in which mt firms offer a homogeneous consumption good. De-
noting by Yi,t the output of firm i ∈ {1, ...,mt} at time t, the price of the good at t is
given by the iso-elastic inverse demand curve

pt =
B∑
i Yi,t

. (1)
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Here B is the total consumption budget of all consumers in this industry. Since our
focus is on the supply side effects of different types of automation, we assume that the
consumption budget (in nominal terms) is constant over time. Following an approach
similar to Acemoglu and Autor (2011); Acemoglu and Restrepo (2018a,b, 2019), we also
assume that different tasks have to be carried out in order to produce the consumption
good. More precisely, Xt = {Nt − n + 1, ..., Nt} denotes the set of tasks at time t, and
at each time period each firm has to allocate either a machine or a worker to each task
x ∈ Xt. There is a constant population of J workers who aim to work in this industry
and the function li,t(x) ∈ {0, 1, .., J} denotes whether a machine (li,t(x) = 0) or a worker
(li,t(x) = j ∈ {1, .., J}) carries out task x ∈ Xt at firm i in period t. The output of task x
at firm i is denoted by yi,t(x) and is given by

yi,t(x) = γL(min(x, sli,t(x),t))1[li,t(x)>0] + γM(x)1[li,t(x)=0], (2)

where 1[.] denotes the indicator function and sj,t the specific skill level of worker j at time
t. Hence, the output of task x is given by γL(min(x, sj,t)) if task x is filled with worker j
and by γM(x) if task x is filled with a machine. The functions γL(.), γM(.) are assumed
to be increasing which means that workers and machines generate more output when
allocated to a higher tasks. The fact that for tasks carried out by workers the argument
of γL(.) is the minimum of the task level x and the specific skill of the worker (sj,t),
captures that workers lacking the necessary skills cannot fully fulfill a high level task.
Finally, in accordance with Acemoglu and Autor (2011) we assume that the productivity
of (sufficiently skilled) workers relative to machines is larger for high level compared to low
level tasks. Formally, this means that the ratio γL(x)/γM(x) increases with x.2 Output
of firm i is given by the production function

Yi,t =
Nt∏

x=Nt−n+1

yi,t(x), (3)

which captures the complementarity between the different tasks. Workers increase their
specific skills at the end of each period in which they have been allocated to a task above
their current skills. Hence,

sj,t+1 = max[sj,t, xj,t], (4)

where xj,t denotes the tasks to which worker j was allocated in period t. In a scenario
with two types of workers, characterized by low and high general skills, only workers with
high general skills can be allocated to any task, whereas workers with low general skills
can never carry out a task above a level xmax,and hence firms also cannot allocate low

2In our simulations, we use the functional forms γk(x) = γ̄k + γ̃kx, k = L,M with parameters chosen
in a way that all assumptions are fulfilled.
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skill workers to a task x > xmax.

2.2 Determination of Labor Demand and Labor Market Interac-

tions

Each firm every period develops a plan for the allocation of the different tasks to workers
respectively machines. More precisely, each firm calculates for each task x̃ ∈ Xt the
expected profit π̂x̃,t arising if all tasks below x̃ are filled with machines and starting
with task x̃ all higher tasks are allocated to workers. This calculation is based on naive
expectations about the consumption good and machine prices as well as about wages.
Denoting by pm,t the machine price in period t and by w̄x,t the economy wide average
wage of workers allocated to task x in t, the estimated profit can be written as

π̂x̃,t = pt−1

 x̃−1∏
x=Nt−n+1

γM(x) ·
Nt∏
x=x̃

γL(x)

− (x̃− (Nt − n))pm,t−1 −
Nt∑
x=x̃

w̄x,t−1.

The firm then determines the lowest task it plans to allocate to a worker as x∗i,t =

arg maxNt−n+1≤x̃≤Nt π̂x̃,t. If the firm in its current workforce has workers allocated to
tasks below x∗i,t it dismisses these workers. Afterwards, it posts vacancies for all tasks
x ≥ x∗i,t which are currently not filled with workers. Vacancies are posted stating the level
of the task for the advertised position.

The labor market follows a simple search and matching protocol without on-the-job
search. Once all vacancies have been posted, every unemployed worker j applies to ξ

posted vacancies. If for at least ξ posted vacancies the worker’s specific skills exceed the
skill requirement of the task (i.e. sj,t ≥ x if the posted vacancy is for task x) the worker
applies to ξ randomly chosen vacancies among those. Otherwise, the worker applies to all
posted vacancies for which she has sufficient skills and chooses the additional positions to
apply to randomly among the opening for which she has in-sufficient skills. Workers with
low general skills, however, never apply to openings for tasks above xmax.

Firms enter negotiations with all applicants for its posted vacancies and for each
applicant elicits information about her specific skill level sj,t and her reservation wage
wresj,t . Based on this, the firm develops a plan for making job offers. As a first step, for
each task to be filled the firm calculates the maximal wage it can pay for a worker with
sufficient skills for this task such that the resulting firm profit is still higher compared to
a scenario where this task is filled by a machine. This calculation is carried out under
naive expectations about the machine price and the assumption that apart from this
considered task all tasks below x∗i,t are allocated to machines and all above x∗i,t to workers.
This gives rise to a maximal wage wmaxi,t (x) the firm is willing to pay for task x. Then,
starting from the highest task to be filled, for each open task x the firm determines the set
of yet not allocated applicants who have sufficient specific skills for the considered task
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(sj,t ≥ x) and at the same time a reservation wage below the firm’s maximal willingness
to pay (wresj,t ≤ wmaxi,t (x)). From this set of applicants the firm chooses the worker with
the highest reservation wage and allocates it to task x. The rationale for this first step
in the procedure is that the firm tries to make sure that given the pool of applicants it
can fill as many positions as possible. Since the maximal wage the firm is willing to pay
increases with x, potential frictions arising from a mismatch between wmaxi,t (x) and wresj,t

are minimized if workers with high reservation wages are allocated to high tasks.
After each open task has been treated in this way, the firm determines the set of all

open tasks to which so far no applicant has been allocated. If this set is non-empty then,
starting with the highest among these tasks, for each task x the firm selects among the
currently unassigned applicants the one with the highest specific skills and allocates her
to task x. After a temporary allocation of applicants has been generated in this way, as
a final planning step, the firm checks for each open task whether there are non-allocated
applicants whose specific skills are above the level of the task and whose reservation
wage is lower than that of the currently allocated applicant. If such a case occurs, the
applicant with the higher reservation wage is replaced by that with the lower reservation
wage in the planned allocation. This final step reduces the expected wage bill of the
firm without increasing the frictions. This procedure results in a planned allocation
l̂i,t = {l̂i,t(x)}Nt

x=Nt−n+1. Note that for x < x∗i,t always l̂i,t(x) = 0 holds.
For every task x with l̂i,t(x) > 0 the firm makes a job offer with wage

wi,t(x) = ζiw
res
j,t + (1− ζi)wmaxi,t (x) (5)

to the applicant j = l̂i,t(x) ∈ {1, .., J}. The parameter ζi indicates the fraction of the
jointly generated surplus the firm intends to keep rather than to transfer to the worker.
If a worker receives several job offers she accepts the one with the highest wage offer and
rejects all other offers. If the job offer of firm i for task x has been accepted we have
li,t = l̂i,t(x),otherwise li,t = 0. Once all applicants have accepted/rejected their offers the
labor market closes. All applicants who did not receive job offers remain unemployed
in period t and receive unemployment benefits bue.3 Workers update their reservation
wage for t + 1 as a weighted average between their reservation wage and their wage (or
unemployment) income in t:

wresj,t+1 =


(1− ρ)wresj,t + ρwi,j(x) if li,t(x) = j

(1− ρ)wresj,t + ρbue if j ∈ JUEt ,

3Although in what follows we refer to such workers as unemployed, they could also accept a position
in a different industry. In this case bUEshould be interpreted as the expected income of a worker who is
not able to find a job in the considered industry. Since we assume that all J workers aim to work in this
industry, in any case all such workers apply for open positions in the industry.
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where JUEt = {j : li,t(x) 6= j ∀i = 1, ..,mt,∀x ∈ Xt} is the set of unemployed workers at t.

2.3 Capital and Consumption Goods Markets, Firm Profits

All tasks which firm i has not filled with workers after the closure of the labor market,
either because l̂i,t(x) = 0 or because the firm’s job offer has been rejected, are allocated
to machines. Hence, the demand for machines by firm i in period t is given by qmi,t =∑Nt
x=Nt−n+1 1[li,t(x)=0]. To abstract from issues of inter-temporal investment planning, we

assume that firms rent the required machines every period. There is a competitive rental
market for machines with an upward sloping supply curve such that the rental price is

pmt = η

(
mt∑
i=1

qmi,t

)
+ κ,

where η, κ > 0 are parameters. Since the firm is never rationed on the capital market
either a worker or a machine is allocated to each task. Based on the resulting allocation
li,t the firm’s output Yi,t is determined by (2) and (3) and the price of the consumption
good pt is given by the inverse demand curve (1). The actual profit of firm i in period t
then reads

πi,t = ptYi,t − qmi,tpmt −
∑
x 6∈vmi,t

wi,t(x).

At the end of period t there is a random separation of matches between workers and
firms. More precisely, every worker leaves her current firm and becomes unemployed with
probability α > 0. The worker then applies for new jobs in t+ 1 and the firm enters the
planning for t+ 1 with the corresponding task not filled.

2.4 Firm Exit and Entry

In what follows, we will consider the effects of different types of automation both in sce-
narios where entry barriers to the industry are so high that even in cases of positive profits
of firms in the industry there is no entry. For this scenario we consider parametrizations
where firm profits are always positive and, therefore, there is also no exit, i.e. mt = m0 for
all t. Additionally, we consider scenarios with entry and exit, where we use a reduced form

representation of the entry and exit process. More precisely, denoting by πt =

∑
mt

πi,t

mt

the average profit of all firms in period t, we assume that in periods with positive average
profits, i.e. πt > 0, an additional firm enters the industry at the beginning of period t+ 1

with probability P en = πt

βen+πt
, where βen is a parameter, which is positively related to

the barriers of entry in the industry. In periods with πt < 0 there is no entry, but with
probability P ex = |πt|

βex+|πt| a randomly selected firm among those with πi,t < 0 exits the
industry.
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2.5 Sequence of Events

The following list provides an overview over the different steps and their sequence carried
out in every period:

1. Exit and entry of firms (in the exit/entry scenario)

2. Firms carry out their production planning and determine labor demand

3. Firms dismiss excess workers

4. Firms post vacancies

5. Unemployed workers apply to vacancies

6. Firms generate allocation of applicants to open tasks and make wage offers to se-
lected applicants

7. Applicants accept highest wage offer

8. Firms determine their demand for machines and acquire machines at the market
clearing rental price

9. Firms produce and sell consumption goods

10. Firm profits are determined

11. Workers update their specific skills and reservation wages

12. Random quitting of workers from their employers

3 Parameters and Experimental Set-up

3.1 Parameters

To calibrate our model, we follow a mixed approach where we, when possible, recur
to empirical evidence for specific parameter choices, or choose parameters to replicate
macroeconomic indicators. See Table 1 for an overview of the parameters and initial
values.

We populate our model with 300 workers. The task range encompasses 11 tasks.
We interpret an iteration as one quarter of a year. Choosing a quitting rate of 2.5% then
would lead to an average job tenure of about 10 years (if firms were not to dismiss workers
for economic reasons), which matches what Auer and Cazes (2000) report for a sample
of OECD countries. Studies on earnings losses of displaced workers after reemployment
suggest that these workers earn 10% to 25% less (cf. Bartel and Borjas, 1981; Ruhm,
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Table 1: Parameters and initializations for baseline model
Parameters and variables Value

Parameters
Number of workers J 300
Applications per worker ξ 2
Quitting probability α 0.025
Reservation wage update ρ 0.08
Wage setting ζi 0.5
Lower bound of tasks Nt − n+ 1 10
Upper bound of tasks Nt 20
Labor productivity γl 1.22

γ̃l 0.024
Machine productivity γm 1.44

γ̃m 0.005
Supply curve for machines η 1

κ 3
Entry of firms βent 50
Exit of firms βex 50
Consumption Budget B
Unemployment benefit bUE 5

Initialization
Number of firms m0 25
Reservation wage wresj,0 5
Machine price pm0 0.8

1987; Burda and Mertens, 2001). We use these estimates to set our parameter on the
reservation wage update by calculating how high it would have to be so that a displaced
worker would earn approximately 20% after an unemployment spell of two iterations
when being reemployed. Parameters for labor productivity and machine productivity
and for the supply function of machines are chosen to get a task allocation with workers
and machines that brings us to an empirically plausible labor share of about 60%. The
parameters guiding entry and exit of firms set on a level so that it roughly takes 10 years
to erase market profits through entry of new firms - starting from a number of firms (25)
that implies mark-ups, calculated as the ratio of total profits in the economy to sales, in
the range of 20%.4 Mark-ups of this size have been reported, for example, by Bresnahan
(1989).

Variables that have to be initialized but are determined endogenously by the model
afterwards are the machine price (pm0 = 0.8), the reservation wage (wresj,0 = 5), and the
number of firms (m0 = 25).

4Our parametrization implies that at least for the initial number of firms the supply of workers always
exceeds labor demand such that rationing of firms on the labor market is entirely due to frictions. We
choose this setup to rule out that task reallocation effects of changes in labor respectively machine
productivity are crucially affected by labor shortage.
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Table 2: Experiments

No. Description Change in parameters to
1 Deepening of automation γm = 1.4703
2 Labor augmenting technological advances γl = 1.2516
3 Deepening of automation and γm = 1.4703 and γl = 1.2516

labor augmenting technological advances
4 Shift in tasks Nt = 21 and Nt − n+ 1 = 11

3.2 Experiments

Within our framework, we conduct four different experiments related to different types
of automation, see Table 2 for a summary. These stylized experiments are meant to
capture distinct dimensions of automation in a task-based framework (see also Acemoglu
and Restrepo, 2019). Experiment (1) we call “deepening of automation”. It relates to an
increase in the productivity of machines with which tasks can be operated. Historically old
machines have been replaced with newer vintages that are more productive. In agriculture
plows have been replaced by more modern technology where modern technology makes use
of global positioning systems, or hand-operated milling machines have been replaced by
CNC (computer numerical control) milling machines. We operationalize the experiment
by increasing parameter γm so that the productivity of tasks increases by 2% on average.
Experiment (2) we call “labor augmenting technological advances”. These are technologies
that increase a worker’s output on a task. Examples are augmented reality glasses for the
design of new products, exo-skeletons that support workers in executing manual tasks,
or software that makes teaching to heterogeneous students more effective. These labor
augmenting technological advances correspond to an increase in the productivity of tasks
that are operated with workers. This change in productivity relates to γl . Again the size
is chosen so that the productivity of tasks increases by 2% on average. Experiment (3)
is a combination of both changes in automation conducted in Experiments (1) and (2).
Finally, Experiment (4) analyzes a “shift in tasks”. This allows us to capture technological
advances leading to the creation of new tasks. We have been observing that new tasks
or occupations emerged as artificial intelligence has become more powerful. News tasks
arose related, for example, to the development or maintenance of these systems. In our
experiment, we add one more task, that has a higher productivity than the tasks that
existed so far. To keep the number of tasks constant, the hitherto lowest task, i.e. the
one with the lowest machine or labor productivity disappears.
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4 Results

4.1 Dynamics of the Burn In Phase

Choosing initial values for the variables of our model and parameters, as summarized in
Table 1, without any technological change results in stationary outcomes, as exemplified
in Figure 1. The time series shown for various variables relate to the case where we allow
for entry and exit of firms and initialize the model with 25 firms (which is the number
of firms we keep constant for the case of no exit and entry of firms.) Initially, profits
summarized over all firms in the market are positive, triggering firm entry. As the total
number of firms settles at 39, total profits in the market become zero. The entry of firms
initially drives up real output, which however eventually converges to a stationary level as
the number of firms ceases to grow further. Firms partly produce with labor and partly
with machines. Lower tasks are operated with machines as exemplified with the share
of firms putting workers on Task 15, which becomes zero after a short burn in phase.
Task 16, in contrast, is operated by almost all firms with workers. Hence, our model
endogenously, based on independent decisions by the different firms, generates a rather
sharp distinction between tasks that are carried out by machines and by workers. In the
long run, firms allocate a fraction 45% of tasks to workers and the labor share in the
industry settles at approximately 62%. Throughout our analysis, we use the Theil index
as a measure of wage inequality, as it will allow us to easily decompose the overall wage
inequality into the components of a within firm wage inequality and a between firm wage
inequality. As can be seen in Figure 1, the Theil index also converges to a stationary
level, and most of the wage inequality can be attributed to within firm wage inequality.

4.2 Long-run Effects

The main focus of our analysis is on the longer run effects of automation on various
market outcomes. To analyze these effects, we shock the economy at iteration 250 and
record outcomes briefly before the shock and 100 iterations after the shock. The results
are summarized in box plots, where the coding on the vertical axis relates to the baseline
(0), i.e. outcomes before the shock, and the experiments “deepening of automation” (1),
“labor augmenting technological advances” (2), the combination of the two (3), and “shifts
in tasks” (4). The box plots summarize the outcomes of 50 replications showing the 25th,
50th, and 75th percentile, and the upper and lower adjacent values. Dots refer to outside
values.

In particular, we analyze the consequences arising from the various forms of automa-
tion for the labor share, real wages, employment, and the wage distribution. We compare
the distributional effects when barriers to entry are so high that there is no entry and exit
of firms in the market and when entry barriers are low such that there is entry and exit
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Figure 1: Time series
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of firms in the market. These are two extreme forms of the competitiveness of industries
that may, and as we will see, do matter for how automation affects market outcomes.
Moreover, our model allows us to analyze the effects of automation on market outcomes
along two further dimensions. First, in the model without entry and exit of firms, we
introduce firm heterogeneity with respect to their wage setting behavior, cf. parameter ζi
in our model description. Rather than assuming that all firms have the same wage offer
rule, we split firms randomly into one half that wants to keep a larger fraction of the joined
surplus rather than transferring it to the workers, and another half that transfers a larger
fraction of the joined surplus to the workers via the wage offer. Second, we analyze the
outcome of our experiments for scenarios where workers have different general skills. In
this scenario, as opposed to our baseline where all workers can acquire necessary specific
skills for all tasks, there are high skill workers who can be employed on all tasks of a firm,
and low skill workers who can only be assigned to tasks up to xmax and do not have the
skills to operate higher tasks.

4.2.1 No Market Entry or Exit

Homogeneous Firms We start discussing our results by considering the scenario with
no entry and exit of firms and homogeneous agents. Figure 2 summarizes the main find-
ings. With all four forms of automation real output in the economy increases. However,
the distributional consequences differ substantially. With respect to the baseline of no
automation, we observe that a deepening of automation (Experiment (1)) decreases the
labor share and labor augmenting technological advances (Experiment (2)) increase the
labor share. If both types of automation occur simultaneously (Experiment (3)) the ef-
fects on the labor share more or less compensate each other, whereas a shift in tasks
(Experiment (4)) raises the labor share. The signs of the effects of the four experiments
on the fraction of tasks allocated to workers are equal to the signs of the effects on the
labor share. We can also see that automation has distinct effects on the total profits
in the industry. Compared to the baseline, automation deepening, i.e. higher machine
productivity, increases total profits, whereas labor augmenting technological change, i.e.
higher labor productivity, decreases total profits. When productivity rises for both pro-
duction factors, total profits stay approximately the same, while they decrease with a shift
in tasks. The wage distribution, measured with the Theil index, becomes more equal for
a deepening of automation and becomes more unequal for higher labor productivities.
The effects of automation on the wage distribution are almost exclusively related to a
change in the within firm wage inequality and not to a change in the between firm wage
inequality as the decomposition of the Theil index reveals. Average real wages slightly fall
with automation deepening and increase with respect to the baseline for all other types
of automation.

The observation that real output increases in all four experiments is a straightforward
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Figure 2: Treatment effects on market outcomes without market entry and exit of firms
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consequence of the higher task productivities. Less obvious are the observations that
the positive output effect is much stronger for labor augmenting technological advances
compared to automation deepening (although our experiments are set up in a way that the
average productivity increase on each task is the same in Experiments (1) and (2)), and
that only automation deepening leads to an increase in firm profits, whereas an increase in
labor productivity results in lower profits compared to the baseline. To gain an intuitive
understanding of these observations, it should be noted that the decision whether a task
is (planned to be) allocated to a machine or a worker is essentially based on the ratio
between productivity and costs (i.e. machine price respectively expected wage) for the
two options. For tasks close to the marginal task’, where the allocation switches from
machines to workers, this ratio is approximately identical under both allocations, but both
productivity and costs are lower for a machine compared to a worker allocation. If machine
productivity increases and hence firms re-allocated one (or several) tasks from workers to
machines this reallocation implies a decrease in output (due to the lower productivity of
machines) and in firm costs. In contrast, in the case of an increase of labor productivity the
induced reallocation of tasks to workers induces a further increase of output (in addition
to the increases triggered by the pure effect of a productivity increase) and at the same
time an increase in costs. Hence, total output increase is larger under labor augmenting
technological advances compared to automation deepening. The implications for firm
profits are then driven by the resulting price effect. The stronger increase in output under
labor augmenting technological change induces a stronger decrease in the price of the
consumption good. Since at the same time the costs of the firms increase this induces a
reduction in profits. In contrast, under automation deepening the reallocation of tasks to
machines has a positive impact on the consumption good price and therefore induces an
increase of firm profits.5

The effects on the average real wages in the industry are the result of countervailing
forces. As described above, a higher machine productivity reduces the average real wage.
As firms substitute labor for machine, labor demand declines which exerts downward
pressure on wages (labor demand effect). At the same time average real wages (net
of a demand effect) increase because only those workers operating better paid higher
tasks remain employed (composition effect). As workers are spread over fewer tasks also
wage inequality declines. For a higher labor productivity the composition effect and the
labor demand effect have opposite signs when compared to the experiment with a higher
machine productivity. Labor demand increases pushing up wages. At the same time
workers are spread over a larger set of tasks including less well paid tasks, which reduces
average wages (net of the labor demand effect). As the labor demand effect is far stronger

5It should be noted that under our iso-elastic demand curve with a price-elasticity of 1 a uniform
increase in productivity across all firms without any induced task reallocation would not have any effects
on revenues and profits since the price would decrease with the same factor with which output increases.
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than the composition effect, real wages increase. Moreover, wage inequality increases as
workers operate less well paying tasks that formerly have been done by machines.

Heterogeneous Wage Bargaining So far we have shown the consequences of various
forms of automation when firms are homogeneous with respect to how wages are deter-
mined. We proceed by altering our assumption on wage setting to investigate whether
heterogeneity of firms in this respect changes the obtained results. We randomly divide
the population of firms into two groups. Half of the firms have a wage setting parameter
of ζi = 0.25, whereas the remaining firms have ζi = 0.75. In the former case, firms on
average offer higher wages compared to the latter case, see eq. (5).

Compared to the case with homogeneous firms, we observe that total real output,
employment, and the labor share are hardly affected by heterogeneous wage setting rules
across firms (see Figure 3). Since half of the firms pay lower wages than the rest of the
firms, these firms with lower wage costs make significantly higher profits. Average real
wages are only slightly affected by the heterogeneous population of firms compared to
a homogeneous population. As to be expected, the share of wage inequality (measured
again by the Theil index) attributable to the between firm wage inequality increases
substantially. How automation affects size of wage inequality and the share of within
firm wage inequality in relation to total inequality is, however, unaffected by introducing
heterogeneous firms.

Heterogeneous general skills of workers Next, we consider the effect of heterogene-
ity on the worker side. More precisely, we assume that workers have heterogeneous general
skills (and firms are homogeneous again). As explained in Section 2.1, workers with high
general skills can carry out and acquire the necessary specific skills for all task, whereas
workers with low skills can only carry out tasks up to level xmax. In our experiment, the
share of high skill workers is 30% and we set xmax = 18, where the highest possible task
is Nt = 20 in Experiments (1) - (3) and Nt = 21 for t ≥ 250 in Experiment (4).

The effects of automation with heterogeneous general skills on output, tasks assigned
to workers, labor share, total profits, average real wages, and wage inequality are almost
unchanged (figures are not shown) when compared to the case of homogeneous skills.
However, the two skill groups are differently affected by automation. This becomes evident
as we look into wages and employment by skill group (Figure 4). As to be expected the
wages of the high skill workers relative to the low skill workers are always higher and so
are relative employment rates. Different types of automation, however, affect these ratios
differently.

Automation deepening, i.e. an increase in machine productivity decreases the wage
ratio of the high skill workers relative to the low skill workers, while increasing the relative
employment rate. This is because the reallocation of tasks to machines triggered by
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Figure 3: Treatment effects on market outcomes without entry and exit of firms and with
heterogeneous wage bargaining
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Notes: Panels show the long run effects of the four automation experiments, cf. Table 2,
compared to a baseline before the automation shock. Box plots summarize the
simulation results of 50 replications. There is no market entry or exit, firms are
heterogeneous with respect to their wage offer rule, and workers are homogeneous.
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Figure 4: Treatment effects on market outcomes without market entry and exit of firms
and heterogeneous general skills of workers
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automation deepening mainly affects relatively low tasks. While employment decreases
for both skill groups, the employment effect is stronger for the low skill workers for whom
fewer tasks exist to apply for. Workers with high general skills are also less employed,
but the effect on their employment level is substantially smaller since only a fraction of
high skill workers is allocated to low level tasks. Due to a composition effect, the average
wage of the employed low skill workers increases relative to that of the high skill workers,
where, like in the baseline, all wages decrease in real terms.

Higher labor productivity due to labor augmenting technological advances triggers
exactly the opposite effects, since here tasks are reallocated from machines to workers.
Both types of workers gain from higher labor productivity which translates into higher
wages. For the low skill workers, however, as more tasks are done by workers, average
wages do not increase by so much. This composition effect is almost absent for the high
skill workers as they are still running the higher tasks. Hence the ratio of average wages
of high skill and low skill workers increases. For a better understanding of the effect on
the relative employment rate, we can disentangle the high skill workers’ employment into
employment on high tasks and low tasks (not shown in figures). What we observe is that
high skill workers’ employment on high tasks stays fairly constant. High skill workers’ and
low skill workers’ employment on lower tasks increases with higher labor productivity. So
both groups gain in terms of employment, but low skill workers gain more so that the
relative employment rate decreases.

For automation relating to higher labor and machine productivity, i.e. Experiment
(3), the two effects almost cancel out. For a shift in tasks, the mechanisms described in
relation to the experiment on a higher labor productivity are prevailing. There are more
tasks at the upper part of the task range which are done by high skill workers. Some of
these high skill workers were assigned to lower tasks before. Thus employment of the high
skill workers hardly changes, and employment of the low skill workers increases as their
is less competition from high skill workers for the lower tasks.

4.2.2 Market Entry and Exit

Homogeneous workers We turn to a discussion of our results for the scenario with
entry and exit of firms and homogeneous agents now. These results are summarized in
Figure 5. Compared to an industry with high barriers to entry for new firms, see the
results in Figure 2, we observe that in the baseline (without technology shocks) the labor
share is higher, fewer tasks are allocated to workers, total output is higher, real wages are
higher, and wage inequality is reduced.

Without entry barriers the positive firm profits, which arise under the initial (and
fixed) number of firms (this is the same number of firms present in the runs underlying
Figure 2) triggers entry by additional firms. This increases the production capacity and
total output in the industry compared to the scenario without entry and exit. The new
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Figure 5: Treatment effects on market outcomes with entry and exit of firms
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compared to a baseline before the automation shock. Box plots summarize the
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firms demand labor and thereby push up total employment and at the same time the
consumption good price decreases due to higher total output. Together this drives up
real wages. Since labor becomes relatively more expensive the average number of tasks in
a firm carried out by workers goes down. The wage effect dominates leading to a higher
labor share in the scenario with exit and entry. As expected, firms’ profits go down to
zero (not shown in Figure 5 ). Since firms operate with fewer workers on their task range,
wage inequality declines because of the resulting composition effect.

Considering the effects of our four automation experiments, we observe that interest-
ingly the pattern of changes of total output and average real wages across experiments is
different compared to the no entry and exit case. Under automation deepening average
real wages are higher compared to the baseline now, whereas the opposite effect occurs
without entry and exit. Furthermore, again in contrast to the case without exit and entry,
total real output is higher with an increase in machine productivity compared to the total
real output after an increase in labor productivity.

Both of these observations are driven by the different changes in the number of firms
induced under automation deepening compared to labor augmenting technological change.
Whereas the former leads to the entry of additional firms, the latter results in a smaller
long-run number of firms compared to the baseline without a technology shock. The
mechanism underlying this difference is essentially the same that induces an increase (de-
crease) of profits due to high capital (labor) productivity in the case without exit and
entry. The fact that there is a larger long-run number of firms in the industry with au-
tomation deepening than with labor augmenting technological change is the dominant
factor in explaining why total output in the industry now is larger in the scenario with a
capital productivity increase compared to a labor productivity increase. The higher out-
put results in a lower price of the consumption good and this price decrease is sufficiently
strong to induce higher real wages under automation deepening compared to the baseline
although nominal wages (not shown here) are actually lower. The change in nominal
wages is the result of the interplay of two effects: a composition effect that increases
wages because fewer (and mainly high level) tasks are done by workers and a demand
effect. This second effect is negative, the effect of substitution of labor with capital on
the firm level outweighs the additional labor demand due to firm entry. Under labor
augmenting technological change both the composition effect and the demand effect have
opposite signs compared to automation deepening. Again the demand effect dominates
such that already nominal wages are larger compared to the baseline. The fact that the
consumption good price is lower, due to higher output, compared to the baseline, induces
that the positive effect of an increase in labor productivity on real wages is even stronger.

As mentioned above, the level of wage inequality in this scenario with entry and exit
is substantially lower compared to the case with high barriers to entry. This is mainly
driven by a composition effect since in the scenario with entry and exit firms on average
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fill a smaller set of tasks with workers. The fact that the reduction in inequality is mainly
due to a reduction in within firm inequality becomes apparent from the observation that
the fraction of the Theil index stemming from within firm inequality is lower in Figure 5
compared to Figure 2. Considering the effect of the different types of automation on wage
inequality and its distribution on within and between firm components, the qualitative
findings obtained without exit and entry, however, carry over also to the scenario with no
entry barriers.

Heterogeneous General Skills of Workers Finally, we turn to the case of a com-
petitive economy where firm can enter and exit the market, and workers’ general skills
are heterogeneous.6 Again, we compare the effects of the automation shocks with those
observed in the no entry and exit scenario with heterogeneous skills analyzed earlier in
Section 4.2.1.

As we have already observed for the case with free entry and homogeneous general
skills, also in the case with heterogeneous skills total real output and the labor share
increase as firms enter the market. Wage inequality is lower for all types of automation.
Furthermore, allowing for entry and exit of firms changes the effects that automation
deepening or labor augmenting technological change have on the average real wages and
total output. The qualitative pattern, however, is the same as for the case of homogeneous
general skills of workers, and so are the underlying mechanisms. To save space we do not
illustrate these observations with separate figures.

What qualitatively differs is the effect of a higher labor or machine productivity on
employment of the high skill workers. Figure 6 summarizes these findings. Without
entry and exit of firms, high skill employment decreases with more productive machines.
With entry of firms, high skill employment is slightly increasing with more productive
machines. The underlying mechanisms explaining the observation is related to the entry
of new firms. These new firms employ additional high skill workers on their high tasks.
This overcompensates the fewer employment opportunities of the high skill workers on
lower tasks, which is associated with a higher machine productivity. In fact, we can check
(not shown in the figures) that the employment rate of the high skill workers and the low
skill workers on lower tasks falls. While employment of the high skill workers increases
with higher labor productivity in the scenario without entry and exit, it hardly changes
in the scenario with an endogenous number of firms. Here firms exit the market after
an increase in labor productivity, which worsens the employment opportunities of the
workers. This counteracts the positive effect on employment chances that comes with the
firms’ decision to run more tasks with workers (who have become more productive).

6We do not present experiments with heterogeneous firms in the scenario with entry and exit, since in
our setting due to the profit differences between the types of firms in the long run only one type of firm
prevails.
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Figure 6: Treatment effects on market outcomes with market entry and exit and hetero-
geneous general skills for workers
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Notes: Panels show the long run effects of the four automation experiments, cf. Table 2,
compared to a baseline before the automation shock. Box plots summarize the
simulation results of 50 replications. There is market entry and exit, firms are
homogeneous, and workers differ with respect to general skills.

24



5 Conclusion

In this paper, we study the effects of different types of automation on output, the wage
distribution and the labor share in a dynamic industry model with a task-based production
technology on the firm level. We explicitly model the (adaptive) process through which
firms operating in an uncertain environment with labor market frictions allocate tasks to
workers respectively machines and also consider the implications of high respectively low
barriers to entry for the effect of automation. Furthermore, we capture complementarity
between task levels and required worker skills.

Our analysis yields several key insights. First, we demonstrate that in spite of the
considered frictions and myopic decision rules of the firms a large degree of coordination
evolves in the industry with workers being allocated to tasks above a threshold, which is
almost uniform across firms. Second, in the presence of high barriers to entry into the
industry, labor augmenting technological change, i.e. an increase in labor productivity,
has stronger output expanding effects compared to a comparable increase in machine
productivity, which we refer to as automation deepening. In the absence of entry barriers
this relationship is reversed. Third, whether automation deepening results in a decrease
or an increase of real wages depends on the size of entry barriers. Finally, we show
that the different types of automation have qualitatively different effects on wage level
and inequality based on the interplay of composition effects and labor demand effects.
These qualitative findings on the industry level are shown to be robust with respect
to heterogeneities of firms and workers, where the impact of automation is, however,
substantially different for workers with different general skills.

More generally, our analysis highlights in an evolutionary setting, in which firms and
workers adaptively react to technological change, how the qualitative effects of different
types of automation depend on industry characteristics, like barriers to entry and agent
heterogeneity. Our analysis has empirically testable implications, in particular with re-
spect to the importance of composition effects as drivers of changes in wage inequality.
Our results suggest that the evolution of within firm wage inequality plays an important
role in determining distributional effects of automation. From a policy perspective these
insights have important implications for the type of automation a policy maker who is
concerned about distributional effects should foster. Also, they show that an active indus-
trial policy aiming to reduce barriers to entry helps to avoid negative (real) wage effects
of automation.

Whereas in this paper we have focused on the implications of a single exogenous
technology shock, the developed framework also is suitable for expanding our analysis to
repeated automation steps and also for considering firm actions,.like training measures,
which potentially accompany technological change and automation. Furthermore, due to
our focus on task allocation decisions of firms, in this paper, we have abstracted from
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strategic quantity decisions of firms, assuming that the scale of the production process
of each firm is fixed. Incorporating strategic quantity decisions by firms into our frame-
work could shed additional light on the implications of automation on industry dynamics.
Considering these additional aspects is beyond the scope of the current paper, but opens
many avenues for future work.
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