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Abstract: While the e�ects of innovation on employment have been a controversial issue in economic litera-
ture for several years, this economic puzzle is particularly relevant nowadays. We are witnessing tremendous
technological developmentswhich threaten todisrupt the labourmarket, due to their potential for significantly
automating human labour. As such, this paper presents a qualitative study of the dynamics underlying the rela-
tionship between innovation and employment, using an agent-based model developed in Python. The model
represents an economy populated by firms able to perform either Product Innovation (leading to the discovery
of new tasks, which require human labour) or Process Innovation (leading to the automation of tasks previously
performed by humans). The analysis led to three major conclusions, valid in this context. The first takeaway is
that the Employment Rate in a given economy is dependent on the automation potential of the tasks in that
economy and dependent on the type of innovation performed by firms in that economy (with Product Innova-
tion having a positive e�ect on employment and Process Innovation having a negative e�ect). Second, in any
given economy, if firms’ propensity for product and process innovation, as well as the automation potential of
their tasks are stable over time, the Employment Rate in that economy will tend towards stability over time.
The third conclusion is that higher levels of Process Innovation and lower levels of Product Innovation, lead to
a more intense decline of wage shares and to a wider gap between employee productivity growth and wage
growth.
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Introduction

1.1 The e�ects of innovation on employment are still a controversial issue in economic thought (Vivarelli 2014).
Indeed, while some authors defend the fact that advances in technology will ultimately have a positive impact
on the general level of employment of a given economy, the problem of “technological unemployment” is still
a concern for many economists (Vivarelli 2014).

1.2 This issue has a distinct relevance nowadays, as we are seeing tremendous technological developments, par-
ticularly in the field of Artificial Intelligence (AI), which threaten to render obsolete the involvement of humans
in numerous tasks (Ford 2015). As a result, automation and its remarkable potential for the disruption, not only
of the manufacturing sector (a trend known as “Industry 4.0”), but also of the services sector, has become an
issue of major priority for business leaders around the globe (Manyika et al. 2017). Nonetheless, automation
is not simply a concern for the corporate sphere, but rather a phenomenon with potentially massive economic
and social implications. Indeed, as pointed out by DeCanio in a recent study which examines the potential ef-
fects of the spread of Artificial Intelligence technologies on wages, it has been estimated that 40%-50% of the
workforce is vulnerable to being replaced by AI in the next couple of decades (DeCanio 2016). However, De-
Canio begins his analysis by recognizing it is currently widely accepted that technological change can increase
employment in some occupations or sectors, while decreasing it in others (DeCanio 2016), which means there
remain questions to be answered regarding the overall e�ect of innovation on employment.
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1.3 Given the complexity of these issues, and the inability of both theoretical and empirical approaches to provide
a clear answer to the questions at hand, an agent-based approach presents itself as a promising alternative
for attempting to answer this puzzle. Agent-based models have been commonly used within the evolutionary
economics perspective, which provides much more realistic settings than neoclassical economics by allowing
the consideration of learning agents acting in a context of disequilibrium and bounded-rationality (Silva 2009).
Furthermore, the possibilities inherent to agent-based systems are particularly useful for understanding inno-
vation processes, and these models have already been successfully used in explaining empirical stylized facts
regarding innovation (Dawid 2006).

1.4 Bearing this in mind, this paper presents an agent-based model developed in Python, using the Mesa frame-
work, with the purpose of allowing a qualitative study of the controversial relationship between innovation
and employment. It is not the ambition of this model to accurately mimic past quantitative empirical data or
predict future levels of employment.

1.5 This paper is structured as follows. A�er this overview, Section 2 presents a brief survey of themain theoretical
and empirical approaches on the e�ects of innovation on employment. On Section 3, a literature review is
presented regarding agent-based modelling, both from the perspective of economic applications and from a
methodological perspective. Following, Section4presents themain featuresof themodeldeveloped. Section5
contains the results of the simulations performed on the model, as well as a series of analysis of those results.
Finally, Section 6 presents the Concluding Remarks of this paper, includingmentions to limitations of this work
and potential future research paths.

Main Perspectives on the Innovation and Employment Nexus

2.1 It is important to start by distinguishing between process innovation, which may allow for the production of
the same amount of output with a lower amount of labour, and product innovation, which allows for the intro-
duction of new products into the market. As it is straightforward to conclude, process innovation has a direct
labour-saving e�ect, thus having a direct negative influence on employment. The e�ects of product innovation
will be addressed later in this literature review.

2.2 Besides the direct labour-saving e�ect of process innovation, economic theory has proposed an indirect way
through which innovation may have a negative e�ect on employment: the creative destruction e�ect. Intro-
duced by Schumpeter (1934), the concept of creative destruction was first used as a mechanism in a dynamic
model of growth for studying unemployment by Aghion & Howitt (1994). Since then, the creative destruction
e�ect has become one of themost widely usedmechanisms in economic literature for understanding the rela-
tionship between innovation, growth and unemployment (Neto & Silva 2013).

2.3 In a recent survey, Vivarelli presents a comprehensive and systematic review of the economic literature on the
relationship between innovation and employment, both from a theoretical and empirical perspective Vivarelli
(2014). The author begins his analysis by enumerating a series of mechanisms, identified by economists, which
can counterbalance the initial labour-saving e�ect of innovation, consisting ofwhat Karl Marx named the “com-
pensation theory”. Having enumerated the compensation mechanisms proposed by the economic theory, Vi-
varelli further identifies the criticisms and limitations identified for these mechanisms, concluding that they
do not provide a conclusive answer regarding the impact of innovation on employment. Regarding empirical
studies on the relationship between innovation andemployment, Vivarelli further concludes that this approach
does not allow for a definite conclusion on thismatter either, since empirical studies have their own limitations
and they do not seem to yield consensual results (Vivarelli 2014).

2.4 More recently, Stare & Damijan (2015) focused on the consequences, for employment and skills, of the inno-
vation spillovers from vertically linked sectors. This study allows for the conclusions that spillovers of product
innovations have a significant positive e�ect on employment and skill upgrading for the firms benefiting from
those spillovers, whereas spillovers of process innovation in vertically linked sectors have a negative e�ect on
employment growth and skill composition for firms subject to those spillovers.

2.5 Within theempirical literatureon this issue, the topicof AI hasdeservedgrowingattention lately. Indeed, in a re-
cent study, DeCanio investigates the e�ects of the spread of AI onwages, concluding that for a level of elasticity
of substitution between human and robotic labour greater than the 1.7-2.1 range, the spread of AI technologies
will lead to a decrease in aggregate wages (DeCanio 2016).
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Main Perspectives on Agent Based Modelling

3.1 As Axelrod & Tesfatsion put it, agent-based modelling (ABM) is a method for studying systems composed of
interacting agents and exhibiting emergent properties, that is, exhibiting properties arising from the interac-
tions of the agents that cannot be deduced from the properties of the agents themselves (Axelrod & Tesfatsion
2006). Furthermore, multi-agent models are particularly appealing for their ability to study the interactions of
heterogeneous agents, characterized by learning and bounded rationality (Safarzyńska & van den Bergh 2010).

3.2 ABMof economic phenomena, also knownas Agent-basedComputational Economics (ACE), has received grow-
ingattention in recent yearsdue, toagreat extent, to the inadequacydemonstratedby theprevailing theoretical
frameworks for economic analysis, during and a�er the global financial crisis of 2007-2008. In this context, ACE
has been proposed as a relevant and promising alternative framework for economic analysis (Bouchaud 2008;
Fagiolo &Roventini 2017; Farmer& Foley 2009). Furthermore, ACEmodels have been extensively used as a “lab-
oratory” for policy design, in addition to being widely successful in explaining micro and macro stylized facts
(Fagiolo & Roventini 2017).

3.3 Regarding Agent-Based Models (ABMs) considering either innovation or labour market dynamics separately,
these are quite common in Agent-based Computational Economics (ACE). However, when it comes to com-
bining both dynamics (innovation and labour market), the literature is surprisingly scarce. Nonetheless, two
studies combining both sides of the equation stand out. In their paper, Fagiolo et al. (2004) present an ABM of
output and labour-market dynamics inwhich labour productivities change due to technical progress. However,
the model portrays technical change in a simplistic way, without considering the firms’ decisions regarding in-
novation (Dawid 2006). In amore recent study, Silva et al. (2012) take a similar approach to Fagiolo et al. (2004),
but considering two types of workers, routine and non-routine, as well as firms with heterogeneous institu-
tional settings. Despite being more realistic and complex than Fagiolo’s approach, this model still represents
technological change in a rather simple way.

3.4 Finally, and despite recent methodological advances, agent-basedmodelling is still subject to methodological
concerns, in particular the definition of an adequate and generally accepted protocol for describing an ABM in
a transparent manner (Tesfatsion 2016). It should be noted that some attempts have already been performed
in this direction, such as: the “Overview, Design Concepts, Details” (ODD) Protocol for the description of ABMs
(Grimm et al. 2010, 2013; Grimm & Railsback 2012); or the TRACE (TRAnsparent and Comprehensive Ecological
modelling documentation) Protocol for documenting the steps to design, evaluate, and validate ABMs (Grimm
et al. 2014); or even the Open Agent-Based Modelling Consortium, which attempted to create a community
framework for agent-basedmodelling (Janssen et al. 2008).

3.5 Having presented, in this section, a literary review on ABM of economic phenomena and ABMmethodological
practices, the following section contains a description of the developedmodel.

The Model

4.1 In this chapter, the developed ABM is presented. Regarding the implementation methodology, it is important
to mention that the present ABM was developed in Python, using the Mesa framework (Masad & Kazil 2015).
Mesa is an open-source Python package developed with the goal of becoming a Python-based alternative to
popular ABM frameworks such as NetLogo, Repast, or MASON. In the following pages, we present the purpose
of the model, its entities, its underlying principles and its mechanisms. For the model’s detailed programming
code, please refer to Appendix B.

Purpose

4.2 The purpose of this model is to allow a qualitative study of the dynamics underlying the relationship between
innovation and employment. It is not the ambition of this model to provide a set of quantitative outputs which
accurately mimic past quantitative empirical data, nor to allow for a prediction of the future levels of employ-
ment in our societies. Rather, this model aims for three main goals.

4.3 First, themodel intends to allow for a Gedankenexperiment (a thought experiment which is, generally, impossi-
ble to perform in the real world) on this issue, by providing the reader with a set of questions, hypothesis, and
conclusions regarding the issue under analysis. Second, the model intends to present a representation of the
reality in what concerns the relationship between innovation and employment, which is simultaneously: new
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in the economic literature, detailed enough to be more accurate than existing representations, and abstract
enough to allow for valid general conclusions. Finally, the last goal of this ABM is to lay the groundwork for the
development of more complex models revolving around its central concepts and dynamics.

Entities, state variables and scales

4.4 Themodel is composed by three main entities: tasks, firms (agents), and the economy (environment).

Tasks

4.5 The basic unit of the model is a task. In order to develop a certain amount of their product, firms need to com-
plete a certain set of complementary tasks. Tasks are characterized by whether or not they are “automatable”,
their “added value”, and the “activity” category they belong to.

4.6 Tasks than can be performed only by human labour are considered non-automatable, whereas tasks that can
potentially be performed by either human labour or robotic labour are considered automatable. However, it
should be noted that a firm can only perform a task using robotic labour if the firm has learnt how to automate
that task.

4.7 The added value of a task reflects the contribution of that task to the overall value of an output unit. More
specifically, the value of one unit of output, produced by a given firm, equals the average of the added value of
the tasks performed by that same firm.

4.8 Tasks can belong to di�erent activity categories. Some activities have a higher automation potential than oth-
ers, that is, they include a higher proportion of automatable tasks than others. Regarding added value, there
is no di�erentiation between activities, that is, the mechanism that generates the tasks in the model uses the
same probability distribution, for the added value of tasks, across the di�erent activity categories.

Firms (agents)

4.9 The agents in the model are firms. These agents produce output by performing tasks using human labour and
robotic labour as inputs. In their attempt to maximize profits, firms will carry out technological change, in the
form of process and product innovation. In this context, process innovationmeans automating a certain task in
order to replace wage costs with capital costs (assumed to be lower), whereas product innovation means dis-
covering a new task which allows the company to produce higher-value output, but which must be performed
byhumans (at least until it becomesautomated). At each timestep, firmsare facedwith thedecisionofperform-
ing either product or process innovation. The decision process which leads firms to choose between product
or process innovation is described in gradually more detail in the following sections.

4.10 Table 1 summarizes the main attributes of a firm.
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Production Budgeting

• Known tasks: each firmhas its own set of tasks
which it knows how to perform

• Current tasks: a firm must decide on the 10
tasks it will perform at each time step

• Employees: thenumberof human labourunits
the firm employs at a given time step

• Robots: the number of robotic labour units the
firm owns at a given time step

• Output quantity: the amount of output units
the firm has produced at a given time step

• Unitary value of output: the value of each out-
put unit the firm has produced at a given time
step

• Revenues: the product of a firm’s Output
quantity and its Unitary value of output

• Salary costs: the product of a firm’s number of
Employees and the Salary in the economy

• Robot costs: the costs a firm bears for owning
robots (opportunity costof the investmentand
depreciation costs)

• R&D stock: determines the likelihood that a
firm’s innovation attempts will be successful

• R&D expenses: the fraction of a firm’s earnings
that it will invest in R&D

• Operating net income: a firm’s revenuesminus
its operating costs

Table 1: Main attributes of a firm, classified as production or budgeting attributes

Economy (environment)

4.11 In this model, the environment in which the agents (firms) interact is an economy containing attributes which,
on the one hand influence their decisions, and on the other hand are a�ected by their decisions.

4.12 Table 2 summarizes the main attributes of an economy.

Innovation Labor market

• R&D Intensity: determines the % of earnings
that each firm will invest in R&D (equal for ev-
ery firm, constant over time)

• Threshold Unitary Value of Output: a certain
percentile of the observations of Unitary Value
of Output for all firms in the economy, at a
given time step. Firms will perform Product
Innovation if their Unitary Value of Output is
lower than the Threshold, and will perform
Process Innovation if it is equal or higher.

• Product Innovation Propensity: the percentile
rank used to compute the Threshold (ranging
from 0 to 100). Therefore, in a simplistic man-
ner, in an economy with a Product Innovation
Propensity of X, at any given time step, X%
of the firms will be performing Product Inno-
vation, while the remaining ones will perform
Process Innovation.

• Active population: the fraction of the popula-
tion that is either employedor actively seeking
employment

• Employedpopulation: the total numberof em-
ployees in every firm in the model at a given
time step

• Employment Rate: the fraction of the Active
population which is Employed at a given time
step

• Human share of input: the fraction of the to-
tal tasksperformed, at agiven timestep,which
are performed by humans

• Salary: since the model assumes that every
employee has the same characteristics, it also
assumes that they all receive the same salary

• Wage Share: the fraction of the total Output
in the economy that has been distributed as
Salaries, at a given time step

Table 2: Main attributes of an economy, classified as innovation or labour market attributes
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Process overview and schedule

4.13 During a time step in a simulation, the following procedures take place:

1. Firms’ actions: each of the firms in the model is activated in a random order and it performs its own
schedule of procedures at the micro-level.

2. Market dynamics: this procedure takes place at the macro-level and consists of a set of computations
regarding the goods and services market and the labour market in the simulated economy.

3. Reporting of output data: at this stage, the model stores data regarding the status of the economy and
of its agents, namely innovation and labour market statistics.

4. Replacement of bankrupt firms: before the period ends, the model replaces bankrupt firms with new
firms incorporating characteristics which match the average of the characteristics of the surviving firms.

4.14 When a firm is activated, it performs the following actions:

1. Choose the tasks to perform: out of all the tasks a firm knows how to perform, it needs to choosewhich
tasks to perform at a given time step.

2. Hire employees and acquire robots: having decided on which tasks to perform at a given time step, a
firmmust obtain the production inputs required to perform those tasks.

3. Produceoutput: theexecutionof a firm’s chosen tasksby theobtained inputs results in a certainquantity
of output with a certain unitary value.

4. Budget: towards the end of its schedule, the firmmust compute its revenues, costs, earnings, R&D bud-
get, and its next period’s production expectations.

5. Innovate: before its action ends, a firm must decide whether it wants to attempt product or process
innovation, and observe the resulting outcome.

Basic principles

4.15 Themodel is governed by a series of underlying principles and simplifying assumptions regarding:

Product innovation

4.16 Motivation for product innovation – by performing product innovation, firms increase their Unitary Output
Value. As such, there are two motivations behind product innovation. The first is the fact that, by increasing
its Unitary Output Value, for the same quantity of output, a firm increases its revenues and, therefore, its prof-
its. The second is the firms’ belief that, by improving thequality of their product, theywill increase their chances
of winning market-share moving forward.

4.17 Decision criteria for product innovation – a firmwill choose product over process innovation if its Unitary Value
of Output is lower than the economy’s Threshold. The rationale behind this decision is as follows: a firm con-
siders its position in themarket to be threatened if the quality of its o�ering, compared to its competitors, falls
below a certain threshold, and so its strategic focus becomes improving its products or services, rather than
optimizing its processes.

4.18 Newly discovered tasks are manual at first – In the model, whenever a firm successfully performs product in-
novation and, as a result, a new task is added to its set of known tasks, that task is always initially manual. If
the task in question is automatable, a firm can later learn how to perform it using robots (by means of process
innovation), but, initially, it must always be performed by a human.

4.19 Product innovation isonly incremental – themodel considers thatproduct innovation ismerely the introduction
of tasks in the productive process which allow for the creation of higher-value products. That is, the model
doesn’t consider the possibility of disruptive product innovations that introduce entirely new products.
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Process innovation

4.20 Motivation for process innovation – The firms in themodel performprocess innovationwith the goal of decreas-
ing their costs. In fact, by being able to replace humans with robots in the performance of a given task, a firm is
able to replace salary costs with the costs of owning and operating the robots, which are assumed to be lower.

4.21 Decision criteria for process innovation – a firmwill choose process over product innovation if its Unitary Value
of Output is equal to or higher than the economy’s Threshold. The rationale behind this decision is as follows:
a firm considers its position in themarket to be secure if the quality of its o�ering, compared to its competitors,
is above a certain threshold, and so its strategic focus becomes optimizing its processes, rather than improving
its products or services.

4.22 Automation potential – The automation potential of tasks belonging to each activity category was defined ac-
cording to a McKinsey Global Institute report regarding the automation potential for activities in the US econ-
omy (Manyika et al. 2017). It should be noted that the definition of “automation potential” used in the report
considers only the potential for automation resulting from the adaptation of currently demonstrated technolo-
gies. As such, while, in the real world, the automation potential of tasks may increase over time, in the model
it was deemed stable, in order to keep the model simple and grounded in empiric research.

4.23 Cloud robotics – a firm’s knowledge regarding the automation of tasks is automatically and immediately shared
with all the robot units it owns. This mechanism attempts to simulate the concept of cloud robotics, according
towhich robots are able to share the same knowledge and computational power by accessing a central storage
and processing unit (Ford 2015).

Production

4.24 Full complementarity of the selected tasks – as previously mentioned, at each time step, each firmmust select
the 10 tasks it will perform. All of these 10 tasks need to be performed once in order to produce 1 unit of output,
that is, they are complementary.

4.25 Full substitutability of the known tasks – Even though the 10 selected tasks are considered to be fully comple-
mentary once selected, a firm’s known tasks are considered to be fully substitutable during the selection pro-
cess. That is, firms are allowed to select whichever 10 tasks they want from their set of Known Tasks, without
replacement, and without any combination restriction.

4.26 Preference for value over profitability – the criteria used by firms to select the 10 tasks to be performed is their
added-value, that is, their ability to add value to the firm’s output. The reasoning behind these criteria is rooted
in the firms’ belief that, by providing their customers with a highly valuable product, they will be able to win, or
not lose, market-share moving forward.

4.27 Unitary task-productivity of labour units – each unit of labour in themodel, be it human or robotic, can perform
only one task at each time step, and it can perform that task only once during that time step.

4.28 Preference for robots over humans in automated tasks – it is assumed that, whenever a task becomes auto-
mated, firms will always prefer to perform that task by using robots instead of humans. This assumption is
rooted in two other assumptions of themodel. The first is that it is possible for a robot to perform that taskwith
the exact same quality standards as a human or with even higher quality standards. The second assumption is
that it is always more costly to perform it using human labour than robotic labour.

Output market

4.29 One-period full market clearing – it is assumed in thismodel that every unit being produced is consumed in the
same time step, that is, aggregate production necessarily creates an equal quantity of aggregate demand in the
same period.

4.30 Intrinsic product value – the value of products in the model is assumed to be intrinsic to the products them-
selves, being a direct result of the tasks which were performed in order to produce it. As such, the value of
the products is not considered to be subjective and does not reflect each consumer’s preferences. In a similar
fashion, the price of a product is assumed to exactly match its value, meaning that there’s no consideration for
inflation and prices are not considered to be, in any degree, a monetary phenomenon.

4.31 Constant and equal quantity market shares – firms’ market shares, measured in Output Quantities are consid-
ered to be equal for every firm at every time step. Nevertheless, it should be noted that firms are considered
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unable to perceive this model feature and, as previously mentioned, hold the belief that it is possible for them
to win or lose customers. In fact, this belief ultimately determines firms’ innovation decisions, in such a way
that it can be seen as an automatic stabilizer of quantity market-shares:
• Firms believe they are subject to competition via product di�erentiation, thus motivating them to per-
form product innovation if they are lagging behind themarket, which in turnmakes the intrinsic value of
goods converge in the long run

• Firms believe they are subject to competition via price, thusmotivating them to perform process innova-
tion to reduce costs, which, under the assumption of homogeneous pricing strategies, makes the price of
goods converge in the long run

4.32 As such, the fact that market shares remain stable can be interpreted as a consequence of convergent prices
and intrinsic values in the long run, which can in turn be seen as the result of decisions firms take while being
unaware of this simplifying assumption.

Employees / Labourmarket

4.33 Active population – In this model, it is assumed that all the population is active. Additionally, the Active Pop-
ulation matches, at every time step, the total number of tasks that need to be performed in order to produce
the Total Output Units in the economy, regardless of those tasks being performed by humans or robots. There-
fore, the Active Population always grows at the same rate as the Total Output Units, which is a rate defined
exogenously.

4.34 Homogeneity of human skills – workers are assumed to have the exact same skills, that is, they are assumed to
be able to perform every task with the same quality standards.

4.35 No barriers to hiring or firing – firms in the model are able to hire and fire employees with total freedom, that
is, at every time step, they can hire or fire as many employees as they which, without incurring any costs, and
with immediate e�ect.

4.36 Inelastic labour demand – the demand for labour in themodel does not depend on the Salary in the economy.
In fact, the only factors a�ecting firms’ demand for labour units are their technology, that is, howmany of their
current tasks are manual or automated, and their planned production.

4.37 Linear labour supply – the supply of labour in the model is assumed to be linear, with 0 workers willing to be
employed at a salary of 0, and all of the active populationwilling to be employed at a salary ratewhichmatches
the Average Expected Employee Productivity. As a consequence, the Salary in the economy will always match
the product of the Employment Rate and the Average Expected Employee Productivity. An alternative way to
interpret this relationship is by considering that the Employment Rate determines the bargaining power of em-
ployees, which in turn determines the portion of the Average Expected Employee Productivity that employees
are able to capture in the form of salaries.

Sub-models

Agent actions

4.38 As previously mentioned, at each time step, firms must perform the following procedures:
1. Choose the tasks to perform;

2. Hire employees and acquire robots;

3. Produce output;

4. Budget;

5. Innovate.

4.39 Choose the tasks to perform
Out of all the tasks a firm knows how to perform, it needs to choose 10 tasks to perform at a given time step.
As mentioned before, the firm attempts to maximize the unitary value of its output at every step, so the tasks
selectedmust be the ones with the highest added-value. In order to achieve this result, each firm follows these
steps:
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1. Sort the set of known tasks by added-value;

2. Select the top 10 tasks as current tasks.

4.40 Hire employees and acquire robots
Having decided on which tasks to perform at a given time step, a firm must obtain the production inputs re-
quired to perform those tasks, by following these steps:

1. From the set of current tasks, identify the tasks that the firm has learned how to automate and the tasks
that are manual;

2. Count the number of automated andmanual tasks, that is, the number of tasks that will be performed by
robots and the number of tasks that will be performed by humans;

3. Compute the number of employees and robots required by firm i during the time step j:

Employeesi,j = Round(Expected Outputi,j ∗ Number of current manual tasksi,j) (1)

Robotsi,j = Round(Expected Outputi,j ∗ Number of current automated tasksi,j) (2)

4. Hire the required production inputs (asmentioned before, the salary is defined at themacro-level, and it
is assumed that the firm is able to obtain all the employees and robots it requires immediately).

4.41 Produce output
Theexecutionof a firm’s chosen tasksby theobtained inputs results in a certainquantityof outputwitha certain
unitary value. In order to compute these values, a firmmust perform the following computations:

1. The quantity of output units produced by a firm i at the time step j is given by:

Quantity of Outputi,j = min(Obtainable Output fromManual Tasksi,j ,Obtainable Output from Automated Tasksi,j)
(3)

2. This expression derives from the fact that all tasks are complementary: since manual and automated
tasks are all complementary with each other (and not only within each group of tasks), the obtainable
output from the firmas awhole is theminimumofwhat could be obtained if we considered each group of
tasks separately. Moreover, the output that could be obtained considering each group of tasks separately
equals the number of times the company can perform the whole set of tasks in that group, as detailed
below.

3. The Obtainable Output from Manual Tasks, i.e. the number of times the company can perform all the
manual task, is computed through the integer division of the number of employees by the number of
current manual tasks. If there are no manual tasks in the current tasks set, then the obtainable output
frommanual tasks is considered to be infinite, since it does not constitute a production bottleneck (that
is, the Quantity of Output is not at all limited by the need to performmanual tasks).

4. Similarly, the Obtainable Output from Automated Tasks, i.e. the number of times the company can per-
form all the automated task, is computed through the integer division of the number of robots by the
number of current automated tasks. If there are no automated tasks in the current tasks set, then the
obtainable output from automated tasks is considered to be infinite, since it does not constitute a pro-
duction bottleneck (that is, the Quantity of Output is not at all limited by the need to perform automated
tasks).

5. The value of an output unit of firm i at the time step j is given by:

Unitary Value of Outputi,j = Average
(
Current Task Seti,j[Added-value]

)
(4)

4.42 Budget
Towards the end of its schedule in step j, a firm i computes its revenues, costs, earnings, R&D budget, and its
production expectations for step j + 1:

Revenuesi,j = Quantity of Outputi,j ∗ Unitary Value of Outputi,j (5)
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Salary Costsi,j = Employeesi,j ∗ Salary in the Economyj (6)

Robot Costsi,j = Robotsi,j ∗ (Interest Rate+ Depreciation Rate) (7)

RD Expensesi,j =

{
0,if

(
Revenuesi,j − Salary Costsi,j − Robot Costsi,j

)
≤ 0(

Revenuesi,j − Salary Costsi,j − Robot Costsi,j
)
∗ RD Intensity,otherwise

(8)

RD Stocki,j = RD Stocki,j−1 + RD Expensesi,j (9)

Operating Net Incomei,j = Revenuesi,j − Salary Costsi,j − Robot Costsi,j − RD Expensesi,j (10)

Expected Outputi,j+1 = Output Quantityi,j ∗ (1 + Expected Growth) (11)

Expected Employeesi,j+1 = Round
(
Number of current manual tasksi,j ∗ Expected Outputi,j+1

)
(12)

Expected Employee Productivityi,j+1 =
Unitary Value of Outputi,j − Number of current automated tasksi,j ∗ (Interest Rate + Depreciation Rate)

Number of current manual tasksi,j
(13)

4.43 Regarding these computations, the following comments should bemade:

1. Whenever a firm’s operating net income has been negative for three consecutive time steps, the firm is
considered to have gone bankrupt, andmust therefore leave themarket at the end of the third time step.

2. In themodel, the robot unitary value is defined as 1 and the depreciation rate is defined as 20%,meaning
that each robot is assumed to have a useful life of 5 years.

3. It shouldbenoted that theexpectednumberof employees forperiod j+1 takes intoaccount theexpected
output for j + 1, but the number of manual tasks in period j. In fact, at this point, the firm has no clarity
on which tasks will or not be automated or even selected in the next period. As such, the actual number
of employees at the next period could be di�erent from the expected.

4. Similarly to theprevious comment, theExpectedEmployeeProductivity,whichwill definea firm’s reserve
salary, only takes into account data regarding the period j. This results from the fact that, once again, the
firm has no visibility on which tasks will be performed during the next period. It should also be noted
that this concept of productivity doesn’t exactly match the standard definition. However, computing the
productivity in this way serves the intended purpose, considering that, even though the selected tasks
are fully complementary, the production inputs can be hired and acquired with total freedom.

4.44 Innovate
Before its action ends, a firm must decide whether it wants to attempt product or process innovation, and ob-
serve the resulting outcome. As such, firms perform the following steps:

1. A firm i decides whether to attempt product innovation or process innovation in period j in the following
way:

a. If none of a firm’s Current Tasks in period j is automatable – that is, the 10 tasks it has decided to
perform in period j (its 10 known tasks with the highest added-value) have either already been au-
tomated or are impossible to automate – then the firm decides to attempt Product Innovation.

b. If a firm’s Unitary Value of Output i, j is inferior to the Threshold Unitary Value of Output in the econ-
omy at time step j, then the firm decides to attempt Product Innovation. As previously stated, hav-
ing a Unitary Value of Output lower than the Threshold, a firm considers its position in the market
to be threatened, and so its strategic focus becomes improving its products or services, rather than
optimizing its processes.

c. If none of these conditions are met, then the firm attempts Process Innovation. As previously stated,
having a Unitary Value of Output at the same level or above the Threshold, a firm considers its posi-
tion in the market to be secure, and so its strategic focus becomes optimizing its processes, rather
than improving its products or services.

2. A firm i checks whether it’s innovation attempt in period j was successful in the following way:

a.

Success factori,j = Poisson

(
RD Stocki,j

Average RD Stockj

)
, (14)

that is, a one element sample of a Poissondistributionwith theparameter= RD Stocki,j
Average RD Stockj

, inwhich
Average RD Stockj is the Average R&D Stock in the economy at time step j.
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b. If Success factori,j > 1, then the firm’s innovation attempt is successful.

3. If a firm’s innovation attempt has been successful:

a. If the firm has succeeded in process innovation, the firm’s automatable task with the highest added-
value becomes automated. This way, that particular task can be performed by this firm, in the fol-
lowing time steps, using a robot.

b. If the firm has succeeded in Product Innovation, one of the existing tasks in the economy, which was
previously unknown to this firm, and which added-value is higher than the firm’s Unitary Output
Value, is randomly selected to be added to the firm’s set of known tasks. This way, the firm will be
able to perform the new task in the following time steps, and, as a consequence, its Unitary Output
Value will be higher than in the current time step.

4.45 With regards to a successful product innovation, it should be noted that, in the event that there are no existing
tasks in the economy which are unknown to the firm and which added-value is higher than the firm’s Unitary
Output Value, themodel triggers thegenerationof anewsetof taskswithhigher added-values, andoneof those
tasks is then randomly selected. This new set of tasks is said to belong to the “next generation”. The details of
the task generation mechanism are explained below, in the subsection dedicated to this procedure.

Environment-level procedures

4.46 Themodel contains some procedures which run at the macro-level, namely:
1. Market dynamics;

2. Reporting of output data;

3. Replacement of bankrupt firms;

4. Generation of new tasks.

4.47 Market dynamics
This procedure takes place at the macro-level and consists of a set of computations regarding the goods and
services market and the labour market in the simulated economy.

1. At the level of the goods and services market, there aren’t many procedures, since the price of output is
determined entirely by its Unitary Value, and the quantity of goods and services sold is determined by
the amount produced. As such, the only procedures taking place are computations of aggregatemetrics,
such as the Total Output Quantity and the Total Output Value.

2. At the level of the labour market, the model must compute the Salary in the economy for the time step
j + 1, by performing the following computations:

Employed populationj =
∑
i

Employeesi,j (15)

Active populationj = Total Output Quantity ∗ 10, (16)

in which 10 refers to the number of tasks performed by each firm to produce one unit of output, thus
enforcing thematching relationship between active population and the total number of tasks performed.

Employment ratej =
Employed populationj
Active populationj

(17)

Total expected employeesj+1 =
∑
i

Expected employeesi,j+1 (18)

Total expected employee productivityj+1 =
∑
i

Expected employee productivityi,j+1 ∗ Expected employeesi,j+1

(19)

Average expected employee productivityj+1 =
Total expected employee productivityj+1

Total expected employeesj+1

(20)

Employee bargaining powerj+1 = Employment ratej (21)

Salaryj+1 = Average expected employee productivityj+1 ∗ Employee bargaining powerj+1 (22)
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4.48 Reporting of output data
The model stores data regarding the status of the economy and of its agents, namely innovation and labour
market statistics.

4.49 Replacement of bankrupt firms
Before the period ends, the model replaces bankrupt firms with new firms incorporating characteristics which
match the average of the characteristics of the surviving firms, by following these procedures:

1. LetAj be the set of all firms in the simulation at the step j, andBj the set of bankrupt firms at the end of
time step j, so thatAj ⊇ Bj .

2. Aj + 1 is initialized as being equal toAj .

3. Each bankrupt firm, belonging to the setBj , is removed fromAj + 1, that is, from the set of all firms for
step j + 1.

4. For each element inBj , a new firm k is added toAj + 1, containing the following attributes:

Number of known tasksk,j+1 =

∑|Aj−Bj |
i Number of known tasksi,j

|Aj −Bj |
(23)

The set of Known Tasks is randomly selected from the set of existing tasks in the economy.

Probability that each known task is automatedk,j+1 =

∑|Aj−Bj |
i Number of automated tasksi,j

|Aj−Bj |

Number of known tasksk
(24)

For each of firm k’s Known Tasks in time step j, the property of it having or not already been automated
follows a Bernoulli distribution with p = Probability that each known task is automatedk,J+1

Expected Outputk,j+1 =

∑|Aj−Bj |
i Output Quantityi,j

|Aj −Bj |
∗ (1 + Expected Growth) (25)

RD stockk,j+1 =

∑|Aj−Bj |
i RD Stocki,j
||Aj −Bj

(26)

4.50 Generation of new tasks
As previously mentioned, the task generation mechanism is triggered at the beginning of the simulation, and
when a firm which has successfully performed Product Innovation finds no Unknown Tasks in the economy
which have a higher added-value than its Output Unitary Value. Tasks are characterized by Activity, Added
Value and by whether or not they are automatable, with these attributes being defined in the following way:

1. Activity – the category towhich each task belongs is randomly selected froma set of 7 activity categories,
and the probability that it belongs to each category is determined by the proportion of time currently
spentoneachactivity, according toaMcKinseyGlobal Institute report regarding theautomationpotential
for activities in the US economy (Manyika et al. 2017).

2. Added Value – each task has an Added Value which is randomly selected from a range of 10 possible
integer values, with the probability of each value being selected being uniformly distributed. The range
of possible values depends on the task generation in the following way:

a. When the simulation starts, the range of possible Added Values is [1, 10]. These initial tasks are said to
belong to the Generation 0.

b. When the taskgenerationmechanism is triggeredagain, the rangeofpossiblevalues is [1+Generation∗
10, 10 + Generation ∗ 10]. Thus, the tasks belonging to the Generation 1 have Added Values ranging
from 11 to 20, and so on.

3. Automatable or not – for each new task, the property of it being or not automatable follows a Bernoulli
distribution, with the probability p of each Bernoulli distribution being di�erent across each of the dif-
ferent activity categories. Indeed, for each category, the probability p equals the automation potential
for that activity in the US economy, as defined in the alreadymentionedMcKinsey Global Institute report
(Manyika et al. 2017).
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Simulation and Data Analysis

5.1 Having presented, in detail, the model developed in this paper, it is now adequate to analyse the results ob-
tained from performing simulations on the model.

5.2 Indeed, by performing simulations, and analysing the results of those simulations, we are able to obtain a
deeper understanding of (i) the relationships between variables in the model and (ii) the evolution of those
variables. As such, this section is divided into two subsections: “Analysis of the final state of the economy” and
“Analysis of the dynamics in the economy”.

Analysis of the final state of the economy

5.3 This subsection presents an analysis of statistics obtained at the last time step of each simulation, with the goal
of understanding the relationships among them and between them and the initial parameters.

5.4 In order to obtain statistically relevant data from the simulations performed on the model, di�erent values for
some of the initial parameters of themodel were set, and, for each possible combination of the initial parame-
ters, a series of 10 iterations of the model were run, reaching a total of 450 simulations of the model.

Correlation between output variables

5.5 In order to identify whether or not the output variables are correlated, and if so, how, the Spearman’s Rank-
Order Correlation Coe�icient for each pair of variables was computed and the Spearman’s Rank-Order Correla-
tion Test was performed, allowing for the following main conclusions:

1. Considering a 1% significance level, all the output variables present a significant ordinal correlation.

2. Product Innovation presents a positive correlation with the Employment Rate and Wage Share.

3. Process Innovation presents a negative correlation with the Employment Rate and Wage Share.

Correlation between initial parameters and output variables

5.6 Inorder toassesswhetherornot thevalues for the initial parametershaveasignificante�ecton thevaluesof the
output statistics, a series of Kruskal-Wallis tests were performed. The Kruskal-Wallis test verifies the hypothesis
that the distribution of a variable is the same across di�erent independent samples. The goal was therefore
to test whether the distribution of each output variable was the same across the di�erent possible values of
each initial parameter considered: Expected Growth, R&D Intensity, and Product Innovation Propensity. The
performed tests allowed for the following main conclusions:

1. Considering a significance level of 5%, the output variables regarding the labour market (Employment
Rate and Wage Share) present similar distributions across di�erent values of Expected Growth and R&D
Intensity.

2. Considering a significance level of 5%, the output variables regarding the labour market (Employment
RateandWageShare)presentdi�erentdistributionsacrossdi�erent valuesofProduct InnovationPropen-
sity. In fact, for higher values of Product InnovationPropensity, the EmploymentRate and theWageShare
tend to be higher, as can be seen in the following boxplots:

Figure 1: Employment Rates across di�erent categories of Product Innovation Propensity
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Figure 2: Wage Shares across di�erent categories of Product Innovation Propensity

5.7 Formore detail on the sensitiveness of output values to di�erent parameter values, please refer to Appendix A.

Analysis of the dynamics of the economy

5.8 The present section contains charts depicting the evolution of the values of output variables throughout simu-
lations. In order to achieve a compromise between comprehensiveness and simplicity of the results, only one
initial parameter was considered as having more than one initial value: the Product Innovation Propensity. In-
deed, this is the initial parameterwith themost influence on the outcomes of themodel. As such, two scenarios
will be considered, one in which the Product Innovation Propensity is 25 and one in which it is 75, that is: one
can expect more firms to be attempting Product Innovation in Scenario 2 than in Scenario 1 and more firms to
be attempting Process Innovation in Scenario 1 than in Scenario 2.

5.9 In order to prevent the obtained values from being merely a result of the degree of randomness of the model,
10 iterations of each scenario were run, and the values presented are the average of the results of those 10
iterations, in each scenario, at each time step.

The gap between product and process innovation rates as a determining factor of the employment rate
and wage Share

5.10 The following charts represent the evolution of the Employment Rate, Innovation Rates, and Wage Share in
both Scenarios:

Figure 3: Evolution of the Employment Rate, Innovation Rates and Wage Share in Scenario 1
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Figure 4: Evolution of the Employment Rate, Innovation Rates and Wage Share in Scenario 2

5.11 In both scenarios, Employment Rates and Wage Shares start decreasing until they stabilize around certain val-
ues. However, in Scenario 2, Employment Rate and Wage Share stabilize around 75% and 70% respectively,
whereas in Scenario 1 they stabilize around60%and57%respectively. Additionally, Scenario 2presents a larger
gap between Product Innovation Rate and Process Innovation Rate than Scenario 1.

5.12 Regarding the evolution of Employment Rates, there appear to be two determining factors: the automation
potential of tasks in the economy, and the gap between Product Innovation and Process Innovation Rates. The
next two paragraphs attempt to explain the extent of influence of these factors.

5.13 Even considering a hypothetical modelling scenario in which firms performed absolutely no Product Innova-
tion, but were able to perform Process Innovation to the point that every automatable tasks would be auto-
mated, some tasks would still be performed manually, because they were considered to be non-automatable.
In this scenario, the percentage of manually performed tasks, and therefore the Employment Rate, would tend
to match the percentage of non-automatable tasks in the economy, which is determined by the automation
potential considered for the tasks in the economy.

5.14 In the presented model, the average automation potential of tasks in the economy is around 46%, meaning
that 54%of tasks are considered to be non-automatable. However, both Scenario 1 and Scenario 2 present Em-
ployment Rates constantly above 54%. The reason for this is the fact that, unlike the hypothetical modelling
scenario considered in the previous paragraph, firms in the presentedmodel are able to perform Product Inno-
vation instead of Process Innovation. E�ectively, the charts appear to indicate that the gap between Product
Innovation Rates and Process Innovation Rates influences the extent to which Employment Rates are higher
than the proportion of non-automatable tasks in the economy.

The gap between product and process innovation rates as a determining factor of the gap between em-
ployee productivity growth andwage growth

5.15 The following charts represent the evolution of the Employment Rate, Expected Employee Productivity, and
Salary in both Scenarios.
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Figure 5: Evolution of the Employment Rate, Expected Employee Productivity, and Salary in Scenario 1

Figure 6: Evolution of the Employment Rate, Expected Employee Productivity, and Salary in Scenario 2

5.16 In both scenarios, the Average Expected Employee Productivity and the Salary keep increasing over time, while
the Employment Rate decreases until it stabilizes. However, the Employment Rate stabilizes over a higher value
in Scenario 2 than in Scenario 1 and, as a result, the gap between Average Expected Employee Productivity and
Salary is larger in the first Scenario. It should also be noted that the Average Expected Employee Productivity is
roughly equivalent over time in both Scenarios, even if slightly higher in Scenario 1.

5.17 Before drawing further conclusions, one must consider that process innovation exerts two opposing e�ects
on the average salary. On one hand, process innovation increases the productivity of workers; while on the
other hand, it decreases the demand for labour, thus diminishingworkers’ bargaining power. In the simulations
performed, the net e�ect of more process innovation (Scenario 1) was a lower average salary.

5.18 These results provide an additional explanation for the pattern of lower Wage Shares in Scenario 1 than in Sce-
nario 2, as presented in Figure 1. Indeed, Wage Shares are lower in Scenario 1 not only because there’s a lower
share of the population earning wages (since Employment Rates are lower), but also because the Employed
Population earns as Salary a lower share of their productivity.

5.19 In this regard, it is important to mention that related phenomena have been observed in economies around
the world in recent years. In fact, since the early 1980s, wage shares have significantly declined in the majority
of countries and industries (Karabarbounis & Neiman 2013). Additionally, as Schwellnus et al. (2017) stresses,
the last two decades, for the majority of OECD countries, were featured by a decoupling of aggregate labour
productivity growth from real median compensation growth. Not surprisingly, these phenomena appear to
be related, with Schwellnus et al. (2017) indicating that the decoupling of both growth rates is associated with
both a decrease of wage shares and an increase of wage inequality. In its turn, Karabarbounis & Neiman (2013)
indicate that about half of the decline in the global labour share can be explained by the decrease in the relative
price of investment goods, such as information technology, which led firms to invest more heavily in capital
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rather than labour. As such, empirical data appears to support the conclusion that process innovation, driven
by advancements in information technology, has led to a decline of wage shares and to a higher gap between
productivity and wage growth, similarly to what one can observe in the performed simulations.

Concluding Remarks

6.1 Employment serves many functions in modern societies. It can be a means of survival, a vehicle of social mo-
bility, a symbol of social validation, a tool for psychological well-being, or even a source of purpose. Indeed,
employment is a fundamental socio-economical phenomenon, and attaining a better comprehension of how
it can be a�ected is, therefore, of critical importance.

6.2 Bearing inmind the relevanceofunderstanding themechanisms influencingemployment, thegoalof thispaper
has been to study the relationship between innovation and employment by using an ABM methodology. The
analysis led to three major conclusions, valid in the context of the model presented:

1. The Employment Rate in a given economy is dependent on:

a. the automation potential of the tasks in that economy, with a higher automation potential having a
negative e�ect on employment;

b. the type of innovation performed by firms in that economy, with Product Innovation having a positive
e�ect on employment and Process Innovation having a negative e�ect.

2. In a given economy, if firms’ propensity for product and process innovation, as well as the automation
potential of their tasks, are stable over time, the Employment Rate in that economy will tend to stability
over time.

3. Higher levels of Process Innovation, and lower levels ofProduct Innovation, lead toamore intensedecline
of wage shares and to a wider gap between employee productivity growth and wage growth.

6.3 Taking into account these conclusions, it is particularly interesting to consider their implications regarding eco-
nomic policy. Indeed, while policy-makers may have no control over the automation potential of the tasks in
their economy, they can still influence the decisions of firms regarding the type of innovations they perform. As
such, one could argue that, by putting into place a set of economic policies (such as, but not limited to, financial
and tax incentives) aiming at encouraging Product Innovations instead of Process Innovations, policy-makers
could have a positive e�ect on their economy’s employment levels.

6.4 Nevertheless, when in the context of the real world, these conclusions must be considered with some caution,
due to certain limitations of the developedmodel, namely on the following assumptions: (i) the nature of prod-
uct innovation, which considers that new tasks must be initially performed by humans; (ii) homogeneous em-
ployee skill sets and simple labour market dynamics; (iii) the nature of the aggregate demand for goods and
services, which is considered to always match the aggregate supply.

6.5 Despite the recognizable limitations of this model, it still fulfils its purpose, which was that of developing and
analysing an ABMwhich represents an e�ective way of studying the dynamics of innovation and employment.
In fact, this model presents a detailed yet general representation of reality, in what concerns the relationship
between innovation and employment, which is, in itself, innovative in economic literature. Additionally, the
analysis of the model and of the data resulting from simulations did provide interesting and coherent insights
regarding this economic puzzle. As such, the basic components of this model may reveal themselves to be
useful for further investigations on these dynamics.

6.6 Some examples of potential future research paths, built on top of the presentedmodel, include:

1. Representing thepossibility of fundamental technological breakthroughs,whichwould allow for the con-
sideration of an increasing automation potential for the tasks in the economy, and its impact on the em-
ployment level.

2. Representing employees with heterogeneous skill sets and tasks with di�erent skill requirements. Such
representation would in turn require a more complex and realistic representation of the labour market,
accounting for di�erent demands anddi�erent compensations for the labour of employeeswith di�erent
skill sets. This model would allow the study of the impact of innovation on the employment and remu-
neration levels across groups of workers with di�erent skill sets.
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3. Representing consumption in a more complex and realistic way, taking into account the disposable in-
come and preferences of each consumer. This way, the model would be able to propagate the e�ects of
variations in wage share and income inequality back to the aggregate demand and, therefore, to the ag-
gregate output. In such a model, it would be particularly interesting to study the overall implications of
income inequality and of the introduction of a Universal Basic Income.

Appendix A: Sensitiveness analysis

This subsection presents an analysis of statistics obtained at the last time step of each simulation, with the goal
of understanding the relationships among them and between them and the initial parameters.

The variables which will be analyzed are the following:

1. Product Innovation and Process Innovation Rates Over Time: as previously mentioned, Product and
Process Innovation Rates measure the percentage of firms in the economy that successfully performed
product innovation, or process innovation, at a given time step. The su�ix “Over Time” in these variables
refers to the fact that they represent the average of the respective rates over every time step of the simu-
lation. In addition to the e�ective innovation rates, someof the analysis in this section contain Innovation
Attempts Rates and Innovation Success Rates, which measure, respectively, the percentage of firms that
attempted a given type of innovation, and the percentage of the attempts which were successful.

2. Employment Rate: the fraction of the Active population which is Employed at the last time step of the
simulation, that is, the total number of Employees in all the firms in the economy divided by the Active
population.

3. Human share of input: the fraction of the total tasks performed, at the last time step of the simulation,
which are performed by humans.

4. Wage Share: the fraction of the total Output in the economy that has been distributed as Salaries, at the
last time step of the simulation.

5. Firm Replacement Rate Over Time: the average, over every time step of the simulation, of the percent-
age of firms in the economy that were replaced by a new firm at a given time step.

6. Weighted average profit margin: the average profit margin of the firms in the economy at the last time
step of the simulation, weighted by the firms’ revenues.

The reasonwhy someof the statistics collected contain information only regarding the last time step is because
these attributes, like the employment rate or the profit margins, are not independent from the results of previ-
ous time steps. That is, the value of these statistics at the last time step is the result of mechanisms which, to
a great extent, build on top of the historical values for these statistics in the previous time steps. As such, the
value for this statistics at the last time step represents the final value of an evolution over time.

On the other hand, the Innovation Rates and Firm Replacement Rates statistics contain information on the av-
erage over every time step because themechanismswhich determine their values at every time step donot rely
on the historical values of these statistics in the previous time steps. That is, the value of these statistics at the
last time step does not represent the final value of an evolution over time and is, indeed, unlikely to provide
valuable information regarding the simulation. However, the average of the values of these statistics over every
time step provides us with important information for characterizing the results in the simulation.

In order to obtain statistically relevant data from the simulations performed on the model, di�erent values for
some of the initial parameters of themodel were set, and, for each possible combination of the initial parame-
ters, a series of 10 iterations of the model were run.

From the initial parameters of the model, the following have been arbitrarily set to a single value, since it is
logically clear, from the way themodel was built, that they would have no influence on the results of the simu-
lations:

i. Number of firms: 100;

ii. Number of tasks in each generation: 1000;
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iii. Number of tasks known by each firm: 10;

iv. Expected output quantity in the economy at the first time step: 100000;

v. Interest rate: 5%.

On the other hand, the following parameters have been assigned a set of di�erent possible values:

vi. R&D Intensity: 0.25; 0.5; 0.75;

vii. Expected Growth: 0; 0.02; 0.1;

viii. Product Innovation Propensity: 0; 25; 50; 75; 100;

The following is a reiteration of the definition of these parameters:
R&D Intensity: this parameter defines the percentage of earning that each firm will invest in R&D at each time
step. Since it is an attribute of the environment, and not of each specific firm, it is, as previously mentioned,
equal for every firm. It should also be noted that this parameter remains constant throughout the di�erent time
steps of the simulations.
Expected Growth: refers to the expected growth rate of the total output units in the economy. The total ex-
pected output units in the economy influences the planned production of the firms. It should also be noted
that this parameter remains constant throughout the di�erent time steps of the simulations.
Product Innovation Propensity: at each step, each firm chooses one of the two types of innovation to per-
form, so this parameter, ranging from 0 to 100, influences their propensity to choose product innovation over
process innovation. Since it is an attribute of the environment, and not of each specific firm, it is equal for every
firm. It should also be noted that this parameter remains constant throughout the di�erent time steps of the
simulations.
As a result of running 10 iteration for each possible combination of initial parameters, a total of 450 simulations
of the model were run.
In order to assess whether or not the values for the initial parameters have a significant e�ect on the values
of the output statistics, a series of Kruskal-Wallis tests were performed. The Kruskal-Wallis test verifies the hy-
pothesis that the distribution of a variable is the same across di�erent independent samples. Being a non-
parametric test, it does not rely on the assumption that the variable must be normally distributed, unlike the
ANOVAmethod.
Thegoalwas therefore to testwhether thedistributionof eachoutput variablewas the sameacross thedi�erent
possible values of each initial parameter (ExpectedGrowth, R&D Intensity, and Product Innovation Propensity).
The following is the SPSS output from the Kruskal-Wallis tests across values of Expected Growth:

Figure 7: SPSS output from the Kruskal-Wallis tests across values of Expected Growth .
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From this output, we can conclude with a significance level of 5% that Innovation Rates and Firm Replacement
Rate Over Time present di�erent distributions across the di�erent values of Expected Growth. The following
outputs are the boxplots of these variables across the di�erent categories of Expected Growth:

Figure 8: Boxplots of output variables across the di�erent categories of Expected Growth.

From these outputs, it is possible to see that both the Product and Process Innovation Rates present distribu-
tionswith higher valueswhen the ExpectedGrowth presents its highest value. Regarding the FirmReplacement
Rate Over Time, it also appears to present a distribution with higher values for the last category.

The fact that the distributions for both Innovation Rates present higher values can only be explained by higher
Innovation Success Rates when the Expected Growth is higher. In fact, the sum of the two Innovation Attempt
Rates is always 100%, so it would be impossible to see an increase in both Attempt Rates at the same time. In
order to confirm the previous a�irmation, the boxplots for both Innovation Success Rates are presented below:
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Figure 9: Boxplots of Innovation Success Rates across the di�erent categories of Expected Growth.

Asexpected, both InnovationSuccessRatespresentadistributionwithhigher valueswhen theExpectedGrowth
is the highest. Nevertheless, this result raises the question of why would Success Rates be higher under these
circumstances. Indeed, this appears to be the result of the fact that relative R&D Stocks, which are the only
determinant of the Innovation Success Factors, are computed by taking into consideration the average R&D
Stock in the previous time step and, therefore, a higher growth of a firm’s revenues from one period to another
may lead to a higher relative R&D Stock, since it may lead to a higher increase of profits and, therefore, to a
higher increase of R&D Stocks. As such, this appears to be the result of the model configuration, rather than a
result fromwhich one can draw valid economic conclusions.

The following is the SPSS output from the Kruskal-Walis tests across values of R&D Intensity:

Figure 10: SPSS output from the Kruskal-Wallis tests across values of R&D Intensity .
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From this output, we can conclude with a significance level of 5% that the Weighted Average Profit Margin
presents di�erent distributions across the di�erent values of R&D Intensity. The following output is the box-
plot of this variable across the di�erent categories of R&D Intensity:

Figure 11: Boxplots of Weighted Average Profit Margin across the di�erent categories of R&D Intensity.

As it is clear to see, for higher values of R&D Intensity, the distributions of the Weighted Average Profit Margin
present lower values. This result is expected and intuitive, considering that the R&D Intensity determines a
firm’s R&D Expenses, which a�ects its Profit Margin.

It is also not surprising that we cannot reject the hypothesis that the Firm Replacement Rate Over Time is not
di�erent across di�erent values of R&D Intensity, since firms only incur in R&D Expenses if their Revenues net
of Production Costs are positive. That is, R&D Intensity may a�ect how high a firm’s net profitability is, but it
doesn’t a�ect whether it is positive or negative.

The following is the SPSS output from the Kruskal-Walis tests across values of Product Innovation Propensity:

Figure 12: SPSS output from the Kruskal-Wallis tests across values of Product Innovation Propensity.

From this output, we can conclude with a significance level of 5% that all the output variables present di�er-
ent distributions across the di�erent values of Product Innovation Propensity. The following outputs are the
boxplots of each variable across the di�erent categories of Product Innovation Propensity:
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Figure 13: Boxplots of output variables across the di�erent categories of Product Innovation Propensity.
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Figure 14: Boxplots of output variables across the di�erent categories of Product Innovation Propensity.

Once again, these results are not surprising. Product Innovation Propensity is highly determinant of both Prod-
uct and Process Innovation Rates, and, as a result, of the other output variables. In fact, these results are co-
herentwith the previously seen results on the correlations between Innovation Rates and the remaining output
variables.

Appendix B: Model programming code

The present ABMwas developed in Python, using the Mesa framework (Masad & Kazil 2015).

from mesa import Agent , Model
from mesa . t ime import RandomAct ivat ion
from mesa . d a t a c o l l e c t i o n import Da t aCo l l e c t o r
from mesa . batchrunner import BatchRunner
import numpy as np
import pandas as pd

c l a s s Firm ( Agent ) :
de f _ _ i n i t _ _ ( s e l f , unique_id , model , numberknowntasks , probautomated ,

expectedoutputq , rds tock ) :
super ( ) . _ _ i n i t _ _ ( unique_id , model )
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s e l f . knowntasks = s e l f . model . t a s k s e t . l o c [ np . random . cho ice ( range ( l en
( s e l f . model . t a s k s e t . index ) ) , numberknowntasks , r ep l a ce = Fa l s e ) ]

s e l f . knowntasks [ ’ KNOWLEDGE ’ ] = np . random . cho ice ( ( 0 . 9 0 , 0 ) ,
numberknowntasks , p = [ probautomated ,1−probautomated ] )

s e l f . expectedoutputq = expectedoutputq
s e l f . r d s tock = rds tock
s e l f . opnet incomehis t = [ ]
s e l f . outputq =0
s e l f . robots =0
s e l f . employees=0
s e l f . outputaddedval =0
s e l f . revenues =0
s e l f . opnetincome=0
s e l f . p roduc t innova t ion = 0
s e l f . p roce s s i nnova t i on = 0
s e l f . everyth ingautomated = 0
s e l f . be lowthresho ldaddedva l = 0
s e l f . a t temptprocess inn = 0

def s e t t a s k s ( s e l f ) :
s e l f . knowntasks = s e l f . knowntasks . s o r t _ v a l u e s ( ’ ADDEDVAL ’ , ascending =

Fa l s e )
s e l f . c u r r e n t t a s k s = s e l f . knowntasks . i l o c [ : s e l f . model .

nper formedtasks ]
s e l f . a l l au tomated tasks = s e l f . knowntasks [ s e l f . knowntasks [ ’ KNOWLEDGE

’ ] > = s e l f . knowntasks [ ’ SKILLREQ ’ ] ]
s e l f . a l lmanua l t a sk s = s e l f . knowntasks [ s e l f . knowntasks [ ’ KNOWLEDGE ’ ] <

s e l f . knowntasks [ ’ SKILLREQ ’ ] ]
s e l f . a l l au toma tab l e t a s k s = s e l f . a l lmanua l t a sk s [ s e l f . a l lmanua l t a sk s

[ ’ SKILLREQ ’ ] < = 0 . 9 0 ]
s e l f . cu r rentautomatedtasks = s e l f . c u r r e n t t a s k s . l o c [ s e l f .

a l l au tomated tasks . index . i n t e r s e c t i o n ( s e l f . c u r r e n t t a s k s . index ) ]
s e l f . cu r ren tmanua l tasks = s e l f . c u r r e n t t a s k s . l o c [ s e l f .

a l lmanua l t a sk s . index . i n t e r s e c t i o n ( s e l f . c u r r e n t t a s k s . index ) ]
s e l f . cu r r en tau tomatab le ta sks = s e l f . c u r r e n t t a s k s . l o c [ s e l f .

a l l au toma tab l e t a s k s . index . i n t e r s e c t i o n ( s e l f . c u r r e n t t a s k s . index ) ]
s e l f . numcurrautomatedtasks = len ( s e l f . cu r rentautomatedtasks . index )
s e l f . numcurrmanualtasks = len ( s e l f . cu r ren tmanua l tasks . index )

def h i r e ( s e l f ) :
goalemployees = round ( s e l f . numcurrmanualtasks ∗ s e l f .

expectedoutputq )
goa l robo t s = round ( s e l f . numcurrautomatedtasks ∗ s e l f .

expectedoutputq )
s e l f . employees = goalemployees
s e l f . robots = goa l robo t s

def produce ( s e l f ) :
i f s e l f . numcurrautomatedtasks == 0 :

s e l f . minautomated = −1
e l s e :

s e l f . minautomated = s e l f . robots / / s e l f . numcurrautomatedtasks
i f s e l f . numcurrmanualtasks == 0 :

s e l f . minmanual = −1
e l s e :

s e l f . minmanual = s e l f . employees / / s e l f . numcurrmanualtasks
i f s e l f . minautomated == −1:

s e l f . outputq = s e l f . minmanual
e l i f s e l f . minmanual == −1:

s e l f . outputq = s e l f . minautomated
e l s e :
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s e l f . outputq = min ( [ s e l f . minautomated , s e l f . minmanual ] )
s e l f . outputaddedval = np .mean ( s e l f . c u r r e n t t a s k s [ ’ ADDEDVAL ’ ] )

de f budget ( s e l f ) :
s e l f . revenues = s e l f . outputq ∗ s e l f . outputaddedval ∗ s e l f . model .

p r i c e f a c t o r
s e l f . s a l a r y c o s t s = s e l f . employees ∗ s e l f . model . s a l a r y
s e l f . r obo t cos t s = s e l f . robots ∗ s e l f . model . r obo tun i t v a l u e ∗ ( s e l f .

model . i n t r a t e + s e l f . model . deprate )
ebrd = s e l f . revenues − s e l f . s a l a r y c o s t s − s e l f . r obo t cos t s
i f ebrd > 0 :

s e l f . rdexpenses = ebrd ∗ s e l f . model . r d i n t e n s i t y
e l s e :

s e l f . rdexpenses = 0
s e l f . r d s tock += s e l f . rdexpenses
s e l f . opnetincome = s e l f . revenues − s e l f . s a l a r y c o s t s − s e l f .

r obo t co s t s − s e l f . rdexpenses
s e l f . expectedoutputq = s e l f . outputq ∗ ( 1 + s e l f . model .

expectedgrowth )
s e l f . opnet incomehis t . append ( s e l f . opnetincome )
i f s e l f . model . s tepcounte r >= 3 and s e l f . opnet incomehis t [ s e l f . model .

s tepcounte r ] < 0 :
i f s e l f . opnet incomehis t [ s e l f . model . s tepcounte r −1] < 0 and s e l f

. opnet incomehis t [ s e l f . model . s tepcounte r −2] < 0 :
s e l f . model . toremove . append ( s e l f )

de f n e g o t i a t e s a l a r i e s ( s e l f ) :
i f s e l f . numcurrmanualtasks > 0 :

s e l f . e xpec tedemployeeproduc t i v i t y = ( ( s e l f . outputaddedval ∗
s e l f . model . p r i c e f a c t o r ) − ( s e l f . numcurrautomatedtasks ∗ s e l f
. model . r obo tun i t v a l u e ∗ ( s e l f . model . i n t r a t e + s e l f . model .
deprate ) ) ) / s e l f . numcurrmanualtasks

e l s e :
s e l f . e xpec tedemployeeproduc t i v i t y = 0

s e l f . expectedemployees = round ( s e l f . numcurrmanualtasks ∗ s e l f .
expectedoutputq )

def innovate ( s e l f ) :
chance = np . random . po isson ( s e l f . r d s tock / s e l f . model . averagerds tock

, 1 )
s e l f . p roduc t innova t ion = 0
s e l f . p roce s s i nnova t i on = 0
s e l f . everyth ingautomated = 0
s e l f . be lowthresho ldaddedva l = 0
s e l f . a t temptprocess inn = 0
i f l en ( s e l f . cu r r en tau tomatab le ta sks . index ) == 0 :

s e l f . everyth ingautomated = 1
i f s e l f . outputaddedval < s e l f . model . th resho ldoutputaddedva l :

s e l f . be lowthresho ldaddedva l = 1
i f l en ( s e l f . cu r r en tau tomatab le ta sks . index ) > 0 and s e l f .

outputaddedval >= s e l f . model . th resho ldoutputaddedva l :
s e l f . a t temptprocess inn = 1

i f chance > 1 :
i f l en ( s e l f . cu r r en tau tomatab le ta sks . index ) > 0 and s e l f .

outputaddedval >= s e l f . model . th resho ldoutputaddedva l :
t a s k to i nnova t e = s e l f . a l l au toma tab l e t a s k s [ ’ KNOWLEDGE ’ ] .

idxmax ( )
s e l f . knowntasks . s e t _ va l ue ( ta sk to innova te , ’ KNOWLEDGE ’ , s e l f .

knowntasks . l o c [ t a sk to innova te , ’ KNOWLEDGE ’ ] + 0 . 9 )
i f s e l f . knowntasks . l o c [ t a sk to innova te , ’ KNOWLEDGE ’ ] > 0 . 9 0 :
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s e l f . knowntasks . s e t _ va l ue ( ta sk to innova te , ’ KNOWLEDGE ’ ,
0 . 90 )

s e l f . p roce s s i nnova t i on = 1
e l s e :

h i ghe raddedva l t a sk s = s e l f . model . t a s k s e t [ s e l f . model . t a s k s e t
[ ’ ADDEDVAL ’ ] > s e l f . outputaddedval ]

unknownhigheraddedval tasks = h ighe raddedva l t a sk s [
h i ghe raddedva l t a sk s . index . i s i n ( s e l f . knowntasks . index ) ==
Fa l s e ]

i f l en ( unknownhigheraddedval tasks . index ) ==0 :
s e l f . model . gene ra t e t a sk s ( )
h i ghe raddedva l t a sk s = s e l f . model . t a s k s e t [ s e l f . model .

t a s k s e t [ ’ ADDEDVAL ’ ] > s e l f . outputaddedval ]
unknownhigheraddedval tasks = h ighe raddedva l t a sk s [

h i ghe raddedva l t a sk s . index . i s i n ( s e l f . knowntasks . index
) == Fa l s e ]

t a s k t od i s c o v e r = np . random . cho ice (
unknownhigheraddedval tasks . index , 1 )

s e l f . knowntasks = s e l f . knowntasks . append (
unknownhigheraddedval tasks . l o c [ t a s k t od i s c o v e r ] )

s e l f . knowntasks . s e t _ va l ue ( t a s k tod i s cove r , ’ KNOWLEDGE ’ , 0 )
s e l f . p roduc t innova t ion = 1

def s tep ( s e l f ) :
s e l f . s e t t a s k s ( )
s e l f . h i r e ( )
s e l f . produce ( )
s e l f . budget ( )
s e l f . n e g o t i a t e s a l a r i e s ( )
i f s e l f . model . s tepcounte r >= 1 :

s e l f . i nnovate ( )
c l a s s InnEmpModel ( Model ) :

de f _ _ i n i t _ _ ( s e l f , n f i rms , ntasks , nperformedtasks , numberknowntasks ,
probautomated , expectedoutputq , r d i n t e n s i t y ,
p roduc t i nnova t i onp ropens i t y , expectedgrowth ) :
s e l f . runn ing = True
s e l f . n f i rms = n f i rms
s e l f . n tasks = ntasks
s e l f . nper formedtasks = nper formedtasks
s e l f . r d i n t e n s i t y = r d i n t e n s i t y
s e l f . expectedgrowth = expectedgrowth
s e l f . p roduc t i nnova t i onp ropens i t y = p roduc t i nnova t i onp ropens i t y
rds tock = 1
s e l f . a c t i v epopu l a t i on = s e l f . n f i rms ∗ expectedoutputq ∗ s e l f .

nper formedtasks
s e l f . schedule = RandomAct ivat ion ( s e l f )
s e l f . f i r m l i s t = [ ]
s e l f . emp l i s t = [ ]
s e l f . i n t r a t e = 0 .05
s e l f . deprate = 0 .2
s e l f . s a l a r y = 1
s e l f . r obo tun i t v a l u e = 1
s e l f . p r i c e f a c t o r = 1
s e l f . ave ragerev = 0
s e l f . averageoutputaddedva l = 0
s e l f . a v e r a g ep r odu c t i v i t y = 0
s e l f . ave rage rds tock = 0
s e l f . s t epcounte r = 0
s e l f . t a s kgene ra t i on = 0
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s e l f . p r odu c t i n no v a t i o n r a t e h i s t = [ ]
s e l f . p r o c e s s i n no v a t i o n r a t e h i s t = [ ]
s e l f . e ve r y th i ngau toma ted ra t eh i s t = [ ]
s e l f . b e l owth re sho ldaddedva l r a t eh i s t = [ ]
s e l f . a t t emp tp r o c e s s i nn r a t eh i s t = [ ]
s e l f . f i rm r ep l a c emen t r a t eh i s t = [ ]
s e l f . t a s k s e t = pd . DataFrame ( )
s e l f . toremove = [ ]
s e l f . g ene ra t e t a sk s ( )
f o r i i n range ( n f i rms ) :

a f i rm = Firm ( i , s e l f , numberknowntasks , probautomated ,
expectedoutputq , rds tock )

s e l f . schedule . add ( a f i rm )
s e l f . f i r m l i s t . append ( a f i rm )

s e l f . d a t a c o l l e c t o r = Da t aCo l l e c t o r ( mode l_ repor te rs = { "
averageoutputaddedva l " : lambda m: m. averageoutputaddedval , "
s a l a r y " : lambda m : m. sa l a r y , " ave rage rds tock " : lambda m : m.
averagerds tock , " p roduc t i nnova t i on ra t e " : lambda m : m.
p roduc t i nnova t i on ra te , " p r o ce s s i nnova t i on r a t e " : lambda m : m.
p roce s s i nnova t i on ra t e , " employmentrate " : lambda m : m.
employmentrate , " wageshare " : lambda m : m. wageshare , "
a v e r a g ep r odu c t i v i t y " : lambda m : m. a ve r agep roduc t i v i t y , "
f i rmrep l acement ra t e " : lambda m : m. f i rmrep lacement ra te , "
we igh tedave ragep ro f i tmarg in " : lambda m : m.
we igh tedave ragep ro f i tmarg in } , a gen t _ r epo r t e r s = { } )

de f s tep ( s e l f ) :
s e l f . schedule . s tep ( )
s e l f . outputmarketdynamics ( )
s e l f . labormarketdynamics ( )
s e l f . r epo r tou tpu tma rke t s t a t s ( )
s e l f . r e p o r t i n n o v a t i o n s t a t s ( )
s e l f . r e po r t l a bo rma r k e t s t a t s ( )
s e l f . d a t a c o l l e c t o r . c o l l e c t ( s e l f )
s e l f . r e c y c l e ( )
s e l f . p r i c e f a c t o r = s e l f . n e x t s t e p p r i c e f a c t o r
s e l f . s a l a r y = s e l f . n e x t s t e p s a l a r y
s e l f . s t epcounte r += 1

def gene ra t e t a sk s ( s e l f ) :
a c t i v i t i e s s amp l e = np . random . cho ice ( 7 , s e l f . ntasks , p

= [ 0 . 0 7 , 0 . 1 4 , 0 . 1 6 , 0 . 1 2 , 0 . 1 7 , 0 . 1 6 , 0 . 1 8 ] )
addedvalssample = np . random . cho ice ( range ( 1 + ( s e l f . t a s kgene ra t i on ∗ 1 0 )

, 1 1 + ( s e l f . t a s kgene ra t i on ∗ 1 0 ) ) , s e l f . n tasks )
s k i l l r e q p r o b s = [ 0 . 0 9 , 0 . 1 8 , 0 . 2 , 0 . 2 5 , 0 . 6 4 , 0 . 6 9 , 0 . 7 8 ]
s k i l l r e q s amp l e = [ ]
f o r k i n a c t i v i t i e s s amp l e :

s k i l l r e q = np . random . cho ice ( ( 0 . 9 0 , 1 ) , 1 , p = [ s k i l l r e q p r o b s [ k ] ,1−
s k i l l r e q p r o b s [ k ] ] ) [ 0 ]

s k i l l r e q s amp l e . append ( s k i l l r e q )
s e l f . t a s k s e t = pd . concat ( [ s e l f . t a sk se t , pd . DataFrame ( { ’ ACTIV ITY ’ :

a c t i v i t i e s s amp l e , ’ ADDEDVAL ’ : addedvalssample , ’ SKILLREQ ’ :
s k i l l r e q s amp l e } ) ] , i gno re_ index =True )

s e l f . t a s kgene ra t i on += 1
def r e c y c l e ( s e l f ) :

l a s t i d = s e l f . f i r m l i s t [ − 1 ] . un ique_ id
f o r a f i rm in s e l f . toremove :

a f i rm . a c t i v e = Fa l s e
s e l f . schedule . remove ( a f i rm )
s e l f . f i r m l i s t . remove ( a f i rm )
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i f l en ( s e l f . toremove ) >0:
totalnumberknowntasks =0
tota lnumberautomatedtasks =0
to t a l ou tpu tq = 0
t o t a l r d s t o c k = 0
f o r a f i rm in s e l f . f i r m l i s t :

totalnumberknowntasks += len ( a f i rm . knowntasks )
tota lnumberautomatedtasks += len ( a f i rm . a l l au tomated tasks )
t o t a l ou tpu tq += a f i rm . outputq
t o t a l r d s t o c k += a f i rm . rds tock

averagenumberknowntasks = round ( totalnumberknowntasks / l en (
s e l f . f i r m l i s t ) )

averagenumberautomatedtasks = tota lnumberautomatedtasks / l en (
s e l f . f i r m l i s t )

averageprobautomated = averagenumberautomatedtasks /
averagenumberknowntasks

averageoutputq = round ( t o t a l ou tpu tq / len ( s e l f . f i r m l i s t ) )
ave rage rds tock = t o t a l r d s t o c k / l en ( s e l f . f i r m l i s t )

f o r a f i rm in s e l f . toremove :
newfirm = Firm ( l a s t i d + 1 , s e l f , averagenumberknowntasks ,

averageprobautomated , averageoutputq ∗ ( 1 + s e l f .
expectedgrowth ) , ave rage rds tock )

f o r s tep in range ( s e l f . s t epcounte r + 1 ) :
newfirm . opnet incomehis t . append ( 0 )

s e l f . schedule . add ( newfirm )
s e l f . f i r m l i s t . append ( newfirm )
l a s t i d += 1

s e l f . toremove = [ ]
def r epo r tou tpu tma rke t s t a t s ( s e l f ) :

s e l f . ave ragerev = s e l f . t o t a l r e v / s e l f . n f i rms
prev iousaverageoutputaddedva l = s e l f . averageoutputaddedva l
s e l f . averageoutputaddedva l = s e l f . t o t a l ou tpu taddedva l / s e l f .

t o t a l ou tpu tq
s e l f . ou tputaddedva lpe rcap i ta = s e l f . t o t a l ou tpu taddedva l / s e l f .

a c t i v epopu l a t i on
s e l f . outputaddedvalperemployee = s e l f . t o t a l ou tpu taddedva l / s e l f .

to ta lemployed
s e l f . we igh tedave ragep ro f i tmarg in = s e l f . to ta lopnet income / s e l f .

t o t a l r e v
s e l f . f i rmrep l acement ra t e = len ( s e l f . toremove ) / s e l f . n f i rms
s e l f . f i rm r ep l a c emen t r a t eh i s t . append ( s e l f . f i rmrep l acement ra t e )
s e l f . f i rmrep lacement ra teove r t ime = np .mean ( s e l f .

f i rm r ep l a c emen t r a t eh i s t )
i f p rev iousaverageoutputaddedva l ! = 0 :

s e l f . ou tpu taddedva l i n c r ea se ra t e = s e l f . averageoutputaddedva l /
p rev iousaverageoutputaddedva l − 1

e l s e :
s e l f . ou tpu taddedva l i n c r ea se ra t e = 0

def outputmarketdynamics ( s e l f ) :
s e l f . t o t a l ou tpu tq = 0
s e l f . t o t a l ou tpu taddedva l = 0
s e l f . t o t a l r e v = 0
s e l f . to ta lopnet income = 0
f o r a f i rm in s e l f . f i r m l i s t :

s e l f . t o t a l ou tpu tq += a f i rm . outputq
s e l f . t o t a l ou tpu taddedva l += a f i rm . outputq ∗ a f i rm .

outputaddedval
s e l f . t o t a l r e v += a f i rm . revenues
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s e l f . to ta lopnet income += a f i rm . opnetincome
s e l f . n e x t s t e p p r i c e f a c t o r = s e l f . t o t a l r e v / s e l f . t o t a lou tpu taddedva l

def r e p o r t i n n o v a t i o n s t a t s ( s e l f ) :
s e l f . t o t a l r d s t o c k = 0
s e l f . p roduc t i nnova t i ons = 0
s e l f . p ro ce s s i nnova t i on s = 0
s e l f . t o ta l eve r y th ingau tomated = 0
s e l f . t o ta lbe lowth re sho ldaddedva l = 0
s e l f . t o t a l a t t emp tp roce s s i nn = 0
s e l f . to ta lnumcurrmanua l tasks = 0
s e l f . to ta lnumcurrautomatedtasks = 0
o u t p u t v a l l i s t = [ ]
f o r a f i rm in s e l f . f i r m l i s t :

s e l f . t o t a l r d s t o c k += a f i rm . rds tock
s e l f . p roduc t i nnova t i ons += a f i rm . p roduc t innova t ion
s e l f . p ro ce s s i nnova t i on s += a f i rm . p roce s s i nnova t i on
s e l f . t o ta l eve r y th ingau tomated += a f i rm . everyth ingautomated
s e l f . t o ta lbe lowth re sho ldaddedva l += a f i rm .

be lowthresho ldaddedva l
s e l f . t o t a l a t t emp tp roce s s i nn += a f i rm . a t temptprocess inn
s e l f . to ta lnumcurrmanua l tasks += a f i rm . numcurrmanualtasks
s e l f . to ta lnumcurrautomatedtasks += a f i rm . numcurrautomatedtasks
o u t p u t v a l l i s t . append ( a f i rm . outputaddedval )

s e l f . eve ry th ingautomatedra te = s e l f . t o ta l eve r y th ingau tomated / s e l f
. n f i rms

s e l f . be lowthresho ldaddedva l ra te = s e l f . t o ta lbe lowth re sho ldaddedva l
/ s e l f . n f i rms

s e l f . a t t emptp roces s i nn ra te = s e l f . t o t a l a t t emp tp roce s s i nn / s e l f .
n f i rms

s e l f . ave rage rds tock = s e l f . t o t a l r d s t o c k / s e l f . n f i rms
s e l f . p r oduc t i nnova t i on ra t e = s e l f . p roduc t i nnova t i ons / s e l f . n f i rms
s e l f . p r odu c t i n no v a t i o n r a t e h i s t . append ( s e l f . p r oduc t i nnova t i on r a t e )
s e l f . p r o c e s s i nnova t i on r a t e = s e l f . p roce s s i nnova t i on s / s e l f . n f i rms
s e l f . p r o c e s s i n no v a t i o n r a t e h i s t . append ( s e l f . p r o c e s s i nnova t i on r a t e )
s e l f . p r o ce s s i nnova t i on r a t eove r t ime = np .mean ( s e l f .

p r o c e s s i n no v a t i o n r a t e h i s t )
s e l f . p roduc t i nnova t i on ra t eove r t ime = np .mean ( s e l f .

p r odu c t i n no v a t i o n r a t e h i s t )
s e l f . e ve r y th i ngau toma ted ra t eh i s t . append ( s e l f .

eve ry th ingautomatedra te )
s e l f . b e l owth re sho ldaddedva l r a t eh i s t . append ( s e l f .

be lowthresho ldaddedva l ra te )
s e l f . a t t emp tp r o c e s s i nn r a t eh i s t . append ( s e l f . a t t emptp roces s i nn ra te )
s e l f . eve ry th ingautomatedra teove r t ime = np .mean ( s e l f .

e ve r y th i ngau toma ted ra t eh i s t )
s e l f . be lowth resho ldaddedva l ra teove r t ime = np .mean ( s e l f .

b e l owth re sho ldaddedva l r a t eh i s t )
s e l f . a t t emptp roces s inn ra teove r t ime = np .mean ( s e l f .

a t t emp tp r o c e s s i nn r a t eh i s t )
s e l f . cu r rmanua l t a sk s ra te = s e l f . to ta lnumcurrmanua l tasks / ( s e l f .

to ta lnumcurrmanua l tasks + s e l f . to ta lnumcurrautomatedtasks )
s e l f . cu r rau tomated tasks ra te = s e l f . to ta lnumcurrautomatedtasks / (

s e l f . to ta lnumcurrmanua l tasks + s e l f . to ta lnumcurrautomatedtasks )
s e l f . th resho ldoutputaddedva l = np . p e r c e n t i l e ( o u t p u t v a l l i s t , s e l f .

p roduc t i nnova t i onp ropens i t y )
def r epo r t l a bo rma r ke t s t a t s ( s e l f ) :

s e l f . wageshare = s e l f . t o t a l s a l a r i e s / s e l f . t o t a l r e v
s e l f . unemploymentrate = 1 − s e l f . employmentrate
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s e l f . humanshareof input = s e l f . to ta lemployed / ( s e l f . t o t a l ou tpu tq ∗
s e l f . nper formedtasks )

s e l f . outputaddedvalperemployee = s e l f . t o t a l ou tpu taddedva l / s e l f .
to ta lemployed

s e l f . s a l a r y g r ow th r a t e = s e l f . n e x t s t e p s a l a r y / s e l f . s a l a r y − 1
def labormarketdynamics ( s e l f ) :

t o t a l e x p e c t e dp r o du c t i v i t y = 0
to ta lexpec tedemployees = 0
p r e v i o u s a v e r a g ep r odu c t i v i t y = s e l f . a v e r a g ep r odu c t i v i t y
s e l f . to ta lemployed = 0
s e l f . a c t i v epopu l a t i on = s e l f . t o t a l ou tpu tq ∗ s e l f . nper formedtasks
f o r a f i rm in s e l f . f i r m l i s t :

t o t a l e x p e c t e dp r o du c t i v i t y += a f i rm . expec tedemployeeproduc t i v i t y
∗ a f i rm . expectedemployees

to ta lexpec tedemployees += a f i rm . expectedemployees
s e l f . to ta lemployed += a f i rm . employees

s e l f . t o t a l s a l a r i e s = s e l f . s a l a r y ∗ s e l f . to ta lemployed
s e l f . employmentrate = ( s e l f . to ta lemployed / s e l f . a c t i v epopu l a t i on )
employeebargainingpower = s e l f . employmentrate
s e l f . a v e r a g ep r odu c t i v i t y = t o t a l e x p e c t e dp r o du c t i v i t y /

to ta lexpec tedemployees
i f p r e v i o u s a v e r a g ep r odu c t i v i t y ! = 0 :

s e l f . p r odu c t i v i t y g r ow th r a t e = s e l f . a v e r a g ep r odu c t i v i t y /
p r e v i o u s a v e r a g ep r odu c t i v i t y − 1

e l s e :
s e l f . p r odu c t i v i t y g r ow th r a t e = 0

s e l f . n e x t s t e p s a l a r y = s e l f . a v e r a g ep r odu c t i v i t y ∗
employeebargainingpower
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