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Abstract

This paper studies the economic implications of automation. We consider that automa-

tion is affected by disruptive technologies which entail a structural change consisting in the

introduction of a new physical capital input (a combination of artificial intelligence and

autonomous robots), additional to ”traditional” capital assets and labor. This new ”auto-

matic” physical capital is assumed to carry out production activities without the need to

be combined with labor. We propose a simple production function and show that the con-

sequences of automation depend on the combination of the automatic capital adoption rate

and the elasticity of substitution between traditional and automatic technology. We find

out that, if the adoption rate is below a threshold that matches the marginal productivity of

automatic capital, little effects are derived from automation, independently of the elasticity

of substitution of the new capital to the traditional capital and labor. However, if the auto-

matic capital adoption rate is above the threshold level and the elasticity of substitution is

higher enough, the automation process can lead to a robocalypse scenario with a total shift

of both traditional capital and labor. We estimate, through the benchmark calibration of

the model, that the adoption rate threshold for automatic capital is about 22.5%.
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∗Corresponding author: José L. Torres: e-mail: jtorres@uma.es

Preprint submitted to ”THE Working Paper” May 2, 2020



1. Introduction

To produce commuting services, a cab-car needs a cab-driver nowadays. Therefore, it

is natural to specify an aggregate production function in which both physical capital and

labor are required. Furthermore, this production function is assumed to express some com-

plementarity between both inputs. However, current technological progress is characterized

by the creation of a new type of capital (based on a combination of computers, robotics,

and artificial intelligence) that can perform production activities in an autonomous way

with minimal human intervention.1 This new ”self-driving taxi” is a new type of capital

equipment that can substitute both the traditional manual-driving cab and the human cab-

driver, and where commuting services can be produced using this new capital alone.2 In

this paper, we argue that this implies a structural change (a disruption) to the economy

production technology, as a new type of capital input is incorporated into production ac-

tivities. Following standard definitions in the literature (see, for instance, DeCanio, 2016),

traditional capital is named just capital, whereas automatic capital is referred as robots.

This technological process will result in each particular sector producing a final good us-

ing two different technologies. This action will depend on the potential automatic capital

adoption rate. The question here is whether it is possible for the two technologies to coexist

simultaneously in the different sectors and the economy as a whole, or, by contrast, whether

the new technology will crowding-out the old one, generating the so-called robocalypse.

Literature on automation has been growing rapidly during the last decade. Nowadays,

there is a wide debate about the economic implications of the automation process although

this is not a new topic. The many different views in the literature about the social-economic

implications of the same technological change allow to clarify the difficulty of assessing the

impact of this phenomenon and past experiences regarding the introduction of new capital

equipment. These considerations are of questionable value given the uncertainties about

technological progress and the possibility of the technological singularity (Hanson, 2008;

Brynjolfsson and McAfee, 2014; Nordhaus, 2017). The main focus have been placed on

1Grace et al. (2018) report that Artificial Intelligence (AI) researchers predict a 50% of probability

of robots outperforming all human task by 2045 and substituting all human labor in 120 years. These

predictions suggest that AI will outperform humans in a number of activities in the next few decades, such

as translating languages (by 2024), writing high-school essays (by 2026), driving a truck (2027), working in

retail (2031), writing a bestselling book (by 2049), and working as a surgeon (by 2053).
2See Jiang et al. (2015) for a discussion of the implications of the particular new disruptive capital asset

(self-driving cars). We take self-driving cars just as an example of the characteristics of the new automatic

capital, but it can be extended to a number of other production activities.
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how this new technological progress will affect labor and labor income. Authors differ in

which effect will dominate: complementary or substitution. Pessimistic visions, adopting

a Luddite point of view, bet for an abruptly decline of employment and labor income (for

example, Frey and Osborne, 2017) while other optimistic visions argue positive impacts for

labor (for example, Ernst et al., 2018). Nevertheless, the literature has not considered the

change that has taken place in the composition of capital as the new capital is considered

as equivalent to the old one. Indeed, the vast majority of works on automation consider

robots as substitutes for workers, forgetting that they will also replace traditional capital

assets which are complement of labor.3

Many authors have remarked the current elimination potential of labor-intensive tasks

and cognitive demanding tasks (Brynjolfsson and McAfee, 2014; Ford, 2016). Within this

stream of thought, Frey and Osborne (2017) argued that 47% of US employment would

have been automated by 2033. However, nowadays, even these authors do not support those

results (Frey, 2019). Using the same methodology, Bowles (2014) calculated that 54% of

European jobs are in high risk of computerization. Other voices claimed that an increase

in the robots to workers ratio reduces the employment to population ratio and the wages

(Acemoglu and Restrepo, 2019). Chiacchio, Petropoulos and Pichler (2018) use the same

methodology to examine the effect of industrial robots in six European countries. Autor and

Salomons (2018) also follow this approach to analyze automation in 18 developed countries of

the European Union, Australia, Japan, South Korea, and the United States. These authors

support Acemoglu and Restrepo (2019) results. Schlog and Sumner (2018) focus on the

effect of automation for workers in developing countries and their battle against what they

call the ”Robot Reserve Army”.4

Nevertheless, other scholars highlight that many voices have been raised to highlight

the creation of new tasks with technological progress and deny the results obtained by

3Acemoglu and Restrepo (2018a) collect and review various ways of modeling automation. Among

them are the options to interpret this economic process as capital-augmentating or labor-augmentating

technological change. Acemoglu and Restrepo (2019) offer a deep thorough vision of automation effects.

Jimeno (2019) questions that robotisation and AI have the same economic implications of factor-augmenting

technological progress.
4Estimated percentage of tasks that can be automated using the current technology in each country

have been carried out by Mckinsey (2020). Their estimations suggest that the potential automatic capital

adoption rate is above the 45% in every industrialized economy in the world. Manyika et al. (2017) concludes

that technical automation potential is concentrated in countries with the largest populations and/or high

wages.
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other authors. In this sense, Arntz et al. (2016, 2017) repeated the analysis of Frey and

Osborne (2017) focusing on tasks instead of occupations to conclude that only 9% of US

occupations are potentially automatable. Dauth et al. (2017) replicate the empirical work

of Acemoglu and Restrepo (2019) for the case of Germany, not finding a negative effect

of robots because other sectors have absorbed the employment lost in the manufacturing

industry. Bessen (2017) finds that computer technology is associated with job creation, and

Graetz and Michaels (2018) affirm that robots are contributing to labor productivity growth

since decades ago. Ernst et al. (2018) describe these opportunities regarding the increase in

productivity, especially among low-skilled workers due to the tremendously reduced costs of

capital. Furman and Seamans (2018) welcome the potential of AI for increased productiv-

ity growth at the same time they propose some alternative policies to mitigate AI-induced

labor disruptions (universal basic income, employment subsidies and guaranteed employ-

ment). Acemoglu and Restrepo (2018b) emphasize, in a theoretical model, the labor market

adjustment against automation: other sectors can reinstate labor that is not needed anymore

in certain activities that are now performed by robots.5

The literature had adopted alternative approaches to dealing with the emergence of

these new capital assets. An earlier attempt is Zeira (1998), which analyses the growth of

the technological innovations that reduces labor requirements but raise capital requirements.

Sachs and Kotlikoff (2012) present an overlapping generations (OLG) model in which smart

machines substitute directly young unskilled workers. At the same time, these machines also

complement older skilled employees.6 Sach et al. (2015) contrast a robotic firm in which the

only input are robots with a traditional firm with machines and labor, in a form similar to

our approach. Benzell et al. (2017) introduce automation to represent an economy where

robots are a combination of code and capital and where the code is produced by high-skilled

5The World Economic Forum (2018) foresees that automation will eliminate 75 million jobs across the

planet by 2025, but will create 133 million newtasks. However, the fact that the capital associated to these

employees will be also replaced by new technological devices is a fact that often goes unnoticed, causing us to

have a partial vision of the technological change that the economy is experiencing. A computer programming

device powered by AI is, of course, more productive than a programmer. The question is whether this device

powered by AI is more productive than this programmer and his computer working together. If it turns out

that the device powered by AI possesses a larger productivity than the worker and his associated unit of

capital, this device will replace both. Thus, where we used to have a worker working with a unit of capital,

we will have now a single unit of AI-powered robotic capital .
6Another branch of the literature on automation has focused on the relationship of this process with

demography to analyze possible consequences originated by the implementation of automation with ageing

people. See, for instance, Basso and Jimeno (2019).
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workers, as well as both high-skilled and low-skilled workers are involved in the production

of services. Acemoglu and Restrepo (2018b) develop a model in which tasks previously

performed by labor can be automated but where new versions of existing tasks, in which

labor has a comparative advantage, can be created. Berg et al. (2018) explore different

views about how automation may affect the labor market, concretely they present four

models reflecting diverse scenarios. In their first model, robots compete against all labor in

all tasks, while in the second model, robots compete only for some tasks; the third model

states that robots only substitute unskilled labor while complement skilled labor. Finally,

the fourth model reduces the robots contribution to production in just one sector. Lin and

Weise (2019) propose a similar model to the first one presented by Berg et al. (2018), in

which robots constitute a labor-replacing capital. They set-up a production function where

traditional capital is a complement of human labor and robot capital replaces human labor.

Furthermore, they argue that the observed decline in the labor share in the U.S. is a direct

consequence of robotization. Here, we depart from the existing literature by adopting a

disruptive vision of automation.

This paper contributes to the literature by introducing an unconventional production

function where two different and alternative technologies can be used for final output: a

traditional technology, where a combination of traditional capital and labor is used, and a

new technology where only automatic capital is needed for production. Traditional capital

and labor are complementary and both are substitutes of the new automatic capital. Math-

ematically, this is represented by a CES nested in another CES function where constant

return-to-scale are preserved. The aggregate technology includes two key parameters: the

elasticity of substitution of the automatic capital to the combination of traditional capi-

tal and labor. It also includes the distribution parameter for both technologies which is

assumed to represent the automation adoption rate. We consider that this technological

function helps to a more accurate representation of the fundamental characteristics of the

incoming automation process, in which traditional capital and labor are being replaced by

a new autonomous input productive technology. Our aggregate technology implies that,

isolated, traditional technology uses inputs which have decreasing returns. It is worthy to

remark that the new technology presents constant returns (similar to an AK-type technol-

ogy).

We simulate the model and compute steady states of the main macroeconomic variables

for a range of values for the elasticity of substitution between the new and the traditional

technologies, as a function of the new automatic capital adoption rate. The automatic
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capital adoption rate is assumed to be represented by the distribution parameter of the ag-

gregate CES function. The main result of the paper consists in the finding of the existence

of a threshold value for the automatic capital adoption rate. The steady state of the econ-

omy for this threshold value does not depend on the elasticity of substitution between new

capital and traditional inputs, as the ratio of automatic capital to output is one. Moreover,

the threshold value for the adoption rate is equal to the marginal productivity of the new

capital, which is just a constant, and depends on the automatic capital depreciation rate

and the discount factor. It is also the baseline for the normalization of a family of CES

functions when the elasticity of substitution varies. For the benchmark calibration of the

model, we find that this threshold value is about 22.5%. For an adoption rate of the new

technology below that threshold value, the consequences of automation for the economy are

mostly negligible, no matter how the elasticity of substitution between both technologies

is. However, for an adoption rate above the threshold value, changes in the economy, as a

consequence of the incorporation of the new automatic capital, are dramatic and depends

on the elasticity of substitution between the two technologies. For an scenario with high

elasticity of substitution between traditional production technology and an adoption rate

for new capital above the threshold, we find an abrupt increase in the accumulation of the

new capital and the output, as well as a sudden reduction in labor. Based of these simula-

tions, we identify two necessary conditions for the robocalypse to occur: a high elasticity of

substitution between the traditional and the automatic technology and an automatic capital

adoption rate above the threshold.

In addition, we find that the functional distribution of income is not significantly affected

when the adoption rate of new capital is below the threshold, although labor share slightly

declines as the automatic capital adoption rate increases. However, when the new capital

adoption rate is above the threshold and the elasticity of substitution between new capital

and traditional technology is higher enough, labor share suddenly declines collapsing into

very low values as a consequence of an intense process of labor substitution. When the

net income is taken into account (see Karabarbounis and Neiman, 2014b, and Breigman,

2018) and both traditional and new capital have the same return net of depreciation, the

decline in labor share has a lower magnitude. Nevertheless, it is important to remark

that it would collapse for a high automatic capital adoption rate and a high elasticity

of substitution between traditional and automatic technologies, since these two conditions

trigger the accumulation of automatic capital, resulting in a huge amount of output.

For the sake of clarity, the rest of the paper is organized as follows. Section 2 elaborates
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a simple model with three inputs: labor, traditional capital and automatic capital, where

the production technology is represented by a traditional CES function nested in another

CES function. Section 3 presents the calibration of the model economy. Simulations from

the model are presented in Section 4, which investigates the implications of the elasticity of

substitution between the new capital and the traditional technology and also the automatic

capital adoption rate. Section 5 focuses on the consequences for the functional distribution

of income. Finally, section 6 derives the conclusions obtained from this research.

2. The model

Based on the predictions by AI researchers, the combination of AI and autonomous

robots will create new types of capital assets that can perform production activities with

minimal human intervention and where this new capital is expected to outperform all human

tasks in the near future (Grace et al. 2018). This will lead automation to a new stage, where

investment in new equipment will introduce a new technology that fully displaces labor in

a number of tasks, contrary to more recently proposed models in the literature in which

automation results in the displacement of low-skilled workers and routine tasks. Here we

consider a model economy with two kinds of capital: K is the traditional capital and D

represents the new automatic capital (a combination of AI and robotics). We propose a

simple production function where two different technologies can coexist simultaneously: a

traditional technology that requires physical capital and labor for production and a new

automatic technology that employs only a new capital (hardware and artificial intelligence)

for production. In order to get the model closer to economics, we consider a representative

household that can freely decide labor time, consumption and investment decisions in both

kinds of capital.

2.1. Technology

The aggregate production technology is a CES function for traditional technology using

capital and labor nested into another CES function. In this function, new and traditional

technology are substitutes. We define the following aggregate production function to repre-

sent these technological combinations:

Yt = [µXυ
t + (1− µ)Dt

υ]
1
υ (1)

where Yt is the final output, Xt represents traditional technology, µ is a distribution param-

eter for the traditional productive factors versus the new technology, Dt is the automatic
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capital, and υ measures the substitution between the traditional production technology

and the new technology. The elasticity of substitution between traditional and automatic

technologies is defined as σ = 1/(1− υ).

The traditional technology is represented by another CES function:

Xt =
[
αKθ

t + (1− α)Lθ
t

] 1
θ (2)

where Kt is the traditional capital, Lt is labor, α is a distribution parameter of inputs

and θ measures the substitution between traditional capital and labor. The elasticity of

substitution is defined as ε = 1/(1− θ). Empirical evidence suggests that ε < 1 (Chirinko,

2008; Eden and Gaggl, 2018), and that σ > 1 (DeCanio, 2016; Acemoglu and Restrepo, 2019;

Lin and Weise, 2019). Therefore, it is assumed that 0 < ε < σ < ∞. This implies higher

complementarity between traditional capital and labor than between traditional technology

and the automatic capital. That is, automatic capital is a substitute for both traditional

capital and labor. With that specification, the elasticity of substitution between automatic

capital and traditional capital and between automatic capital and labor are both equal to σ

(the self-driving taxi substitute in the same proportion to both the taxi-driver and the non-

self-driving car). Note that when both elasticities of substitutions are one, the aggregate

production function collapse to a standard Cobb-Douglas production function with two

capital assets, i.e., Yt = Kαµ
t D1−µ

t L
(1−α)µ
t .

The key characteristic of that production function is that it embodies two different

technologies operating simultaneously, depending on the distribution parameter between

traditional and automatic technology. If µ = 1, the production function collapse to the

standard CES production function with physical capital and labor, where Yt = Xt. If µ = 0,

this represents a technology with no labor and with automatic capital as the only input,

with constant returns, Yt = Dt. This specification seems reasonable since we assume that

robots and AI do not get tired. If µ is between 0 and 1, we would have a scenario in which,

presumably, not all human production activities can be substituted by the new automatic

capital and the aggregate technology would be a combination of the traditional CES nested

in another CES function with constant return to scale.7

7We can think about our production function in terms of the Hegelian dialectic. In the Hegelian dialectic

there is always a ”thesis” and its opposite, an ”antithesis”, and both thesis and antithesis form a ”synthesis”.

This dialectic was conceived by Hegel as a process that is constantly repeated in life and which is perfect to

study history in all its eras. In fact, Marx used his historical materialism (based on the Hegelian dialectic)

to study the evolution of productive systems throughout time. There has been always a thesis, when an
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From the first order conditions of the firm’s profit maximization problem, we obtain the

following marginal productivity of each of the three productive factors:

Rk,t = αµY 1−υ
t Xυ−θ

t Kt
θ−1 (3)

W t = (1− α)µY 1−υ
t Xυ−θ

t Lt
θ−1 (4)

Rd,t = (1− µ)Y 1−υ
t Dt

υ−1 (5)

One of the main concerns about automation is how this process will affect the functional

distribution of income. From the above first order conditions, we find out that the functional

distribution of gross income for the three factors resulting from our model economy is:

Sl,t =
WtLt

Yt

= (1− α)µY −υ
t Xυ−θ

t Lt
θ (6)

Sk,t =
Rk,tKt

Yt

= αµY −υ
t Xυ−θ

t Kt
θ (7)

Sd,t =
Rd,tDt

Yt

= (1− µ)Y −υ
t Dt

υ (8)

Notice that, at the point in which the stock of automatic capital is equal to output,

the automatic capital share is equal to the rate of return to these capital assets and to the

automatic capital adoption rate, represented by the distribution parameter 1 − µ. As we

will demonstrate later, this point will be key to assess the effects of automatic capital on

the economy. Functional distribution of income at this point is given by:

Sl,t = (1− α)µ
Lθ
t

αKθ
t + (1− α)Lθ

t

(9)

Sk,t = αµ
Kθ

t

αKθ
t + (1− α)Lθ

t

(10)

Sd,t = Rd,t = (1− µ) (11)

antithesis appears and confront the preexisting thesis. Thesis and antithesis come together and form a

synthesis, which become the thesis of the next stage. In this sense, regarding our production function,

the traditional productive system would be a thesis, the new automatic technology the antithesis and our

production function the synthesis of these two technologies. If µ = 1, the synthesis between these two

technologies would be equal to the previous thesis. On the contrary, if µ = 0, the synthesis would be an

automatic economy without labor. For any other values of µ ∈ (0, 1) we have a synthesis in which traditional

and automatic technology coexist.
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2.2. Households

To keep the model as simple as possible, we assume that the utility function of our

representative household is as follows:

U(Ct, Lt) = γlog(Ct) + (1− γ)log(1− Lt) (12)

where Ct is total consumption and γ is a parameter reflecting the willingness to sacrifice

units of consumption in favor of leisure time. The representative household satisfies the

following budget constraint:

Ct + Ik,t + Id,t = WtLt +Rk,tKt +Rd,tDt (13)

where Ik is the investment in traditional capital and Id is the investment in AI and robotics.

We assume that investment decisions are specific to each capital assets due to the fact they

have different characteristics. AI and robotics accumulation process would be presented in

the following way:

Dt+1 = (1− δd)Dt + Id,t (14)

where 0 < δd < 1 is the depreciation rate of AI and robotics. Similarly, traditional capital

accumulation process is as follows:

Kt+1 = (1− δk)Kt + Ik,t (15)

where 0 < δk < 1 is the traditional capital depreciation rate. Equilibrium conditions from

the household’s maximization problem are,

1− γ

γ

Ct

1− Lt

= Wt (16)

1 = β
Ct

Ct+1

(1− δk +Rk,t+1) (17)

1 = β
Ct

Ct+1

(1− δd +Rd,t+1) (18)

where β is the intertemporal discount factor. Notice that these equilibrium conditions

establish a direct relationship between depreciation rates and returns of both traditional

and automatic capital, as marginal productivities are equal, such as:

Rd −Rk = δd − δk (19)
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3. Calibration

The model is calibrated to an artificial economy where the two key parameters for study-

ing the consequences of automation by the introduction of the new technology are kept

free.8 These parameters represent the distribution parameter in the final production CES

technology, µ, and the elasticity of substitution between the automatic and the traditional

technology, σ = 1/(1 − υ). Discount factor parameter, preference parameter, and techno-

logical parameters of the traditional technology are calibrated using standard values in the

literature. We fix β = 0.975, γ = 0.4, α = 0.35, ε = 1/(1 − θ) = 0.90 and δk = 0.06, using

an annual basis. We choose an elasticity of substitution lower than one between traditional

capital and labor, consistent with Chirinko (2008), Eden and Gaggl (2018) and Lin and

Weise (2019).

The first key parameter of the model is the distribution parameter in the final produc-

tion CES technology. We argue that this technological parameter can be interpreted as the

adoption rate of the new technology in relation to the traditional one, where the distribution

parameter for the new technology is 1 − µ, and where µ is the weight for the traditional

technology in the aggregate CES function. This adoption rate can be defined as the per-

centage of tasks in the production system assumed by automatic technology. According to

Manyika et al. (2017), the percentage of tasks that can be automated using current technol-

ogy is higher than 45% for industrialized countries. This ”percentage of tasks that can be

automated using current technology” would be the empirical counterpart to our definition of

automatic capital adoption rate. We choose a range of values for automatic capital adoption

rates between 1% and 45%, so we analyze feasible scenarios according to the estimations

of the percentage of tasks that can be automated using current technology, up to the value

reported by Manyika et al. (2017). This implies that in the simulations of the model, the

technological distribution parameter µ is in the range 0.55 - 0.99.

The second key parameter of the model is the elasticity of substitution between tradi-

tional technology and the automatic technology, σ. Robots and humans are assumed to

have a high elasticity of substitution, although there is a lack of estimations in literature.

For example, Lin and Weise (2019) states an elasticity of substitution of 5. Artuc, Bastos

and Rijkers (2018) set it at 10. Acemoglu and Restrepo (2019) assume an infinite elasticity

8As we use the model to calculate steady states and not transition dynamics, the CES functions are not

normalized in the lines suggested by de La Grandville (1989). Nevertheless, the main results in the paper

indicate the basis for such normalization in the case one is interested in computing transition dynamics for

a family of CES functions when the elasticity of substitution varies.

11



of substitution between humans and robots. DeCanio (2015) concludes that this elasticity

of substitution is for sure above 2.1. However, we should bear in mind that our model

does not collect implicitly the elasticity of substitution between humans and robots, but

an elasticity of substitution between the automatic capital and both labor and the tradi-

tional capital of the same magnitude. The elasticity of substitution among automatic and

traditional capital is even less documented than the substitution effects between humans

and robots. Our model estimates that, if a robot replaces a human, it also substitutes the

capital associated to this humans professional occupation. Consequently, the elasticity of

substitution between automatic and traditional technology must be related to the elasticity

of substitution between humans and robots. For the elasticity of substitution between the

new automatic technology and the traditional technology, we explore the interval between

1 and 5, which implies that υ ∈ (0 : 0.8).

The automatic capital depreciation rate is an important additional parameter in our

model economy and in assessing the economic implications of automation. Depreciation

rates are expected to largely vary between the two types of capital assets in our model,

where automatic capital is expected to have a higher depreciation rate. Indeed, new tech-

nological devices such as computers, telecommunications equipment and software have a

higher depreciation rate than more traditional capital assets. Investment in these types

of capital assets has increased the total depreciation rate for total physical capital in the

economy. Automatic capital depreciation rate emerges as an important parameter driving

the effects of automation. First, it introduces a difference in the returns to both types of

capital. Second, the automatic capital depreciation rate is a key parameter for assessing

the impact on the new technology on the economy. Graetz and Michaels (2018) consider a

robots depreciation rate of ten per cent. Abeliansky and Prettner (2017), following Graetz

and Michaels (2018), also assume a robotic depreciation rate of 10%. This depreciation

rate would be higher than the one established by the International Federation of Robotics

(2016), which sets a lifetime horizon of 12 years for robots. Lin and Weise (2019), along with

Krusell et al. (2000), set out a quarterly depreciation of robots at 0.0515. In our case, our

automatic capital is assumed to represent the most advanced technology in the economy,

and, therefore, we determine δd = 0.20, according to the depreciation rate traditionally as-

sumed for R&D capital. This percentage is reflected in the EU KLEMS data and has been

documented by numerous authors (see, for example, Hall, 2005). Table 1 summarizes the

benchmark calibration of the parameters of the model and the range of values for the two

parameters under investigation.
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Table 1: Calibrated parameters

Parameter Definition Value

Preferences β Discount factor 0.975

γ Consumption-leisure preference parameter 0.40

Technology α Capital share in the traditional technology 0.35

δk Traditional capital depreciation rate 0.06

δd Automatic capital depreciation rate 0.20

ε Traditional capital-labor elasticity 0.90

σ Traditional-automatic technologies elasticity [1-5]

µ Technologies distribution parameter [0.55-0.95]

Given the calibrated model, we investigate steady states resulting from combinations of

different values for the two key parameters: the elasticity of substitution among traditional

and automatic technologies and the automatic capital adoption rate. This is why we solve

the following system of 10 equations for ten unknown quantities, where variables without a

time index represent steady state values:

Rd =
1

β
− 1 + δd (20)

Rk =
1

β
− 1 + δk (21)

Id = δdD (22)

Ik = δkK (23)

W =
1− γ

γ

C

1− L
(24)

Y = [µXυ + (1− µ) Dυ]
1
υ (25)

C = Y − Id − Ik (26)

L =

[
Y 1−υ (1− α)µXυ−θ

W

] 1
1−θ

(27)
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K =

[
Y 1−υαµXυ−θ

Rk

] 1
1−θ

(28)

D = Y

[
(1− µ)

Rd

] 1
1−υ

(29)

4. Traditional versus automatic technology and the adoption rate

In this section, we explore the parametric space of the model economy and compute

steady states depending on the values of the two fundamental parameters of the proposed

technology: the elasticity of substitution between the traditional and the automatic tech-

nology, and the distribution parameter representing automatic capital adoption rate. We

present the results for three values of the elasticity of substitution between traditional and

automatic technology: 1, 1.5, 2 and 5.

We find a particular value for the automatic capital adoption rate for which any steady

state value depends on the elasticity of substitution between the traditional and the auto-

matic technology. This is equivalent to the baseline point for a family of normalized CES

functions. This occurs because, in this particular steady state, the ratio of automatic capi-

tal to output is one. This threshold value for the adoption rate of automatic capital is just

equal to the marginal productivity of this new type of capital (1− µ = Rd), which remains

a constant and depends on the automatic capital depreciation rate and the discount fac-

tor. For the benchmark calibration of the model we find that this threshold value is about

22.5%. This value is essential for assessing the effects of automation on the main variables

of the economy. For an adoption rate of the new technology below that threshold value, the

consequences of automation are almost insignificant regardless of the elasticity of substitu-

tion between both technologies. However, for an adoption rate above the threshold value,

changes in the economy provoked by the new capital could be dramatic, depending on the

elasticity of substitution between the two technologies. Another property of the threshold

is that the stock of automatic capital and the output level are equal at this point D = Y .

Therefore, we can clearly identify which parameters influence the threshold, as it is collected

in equation (20).

The threshold point is equivalent to the baseline point for the normalization of a family

of CES functions for different elasticities of substitution. As shown by de La Grandville

(2016), the distribution parameter of a normalized CES function (interpreted here as the

adoption rate of the automatic capital) is the geometric mean of the capital share and the
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interest rate such as 1−µ = S
(1−υ)
d Rυ

d . In our model, the baseline point for the normalization

of the CES functions implies that the distribution parameter is equal to the interest rate,

and hence, in the threshold point the automatic capital share is equal to:

Sd = 1− µ = Rd =
1

β
− 1 + δd (30)

Figure 1 reflects the steady state values for output, labor, traditional capital, and auto-

matic capital as a function of the adoption rate of automatic capital and for the four selected

values of the elasticities of substitution. We find that, for the low values of the adoption

rate of automatic capital, the new technology has little effect on the main macroeconomic

variables. As we observe in Figure 1, steady state values of labor, output and automatic

and traditional capital are almost the same for any elasticity of substitution between the

traditional and the automatic technology.
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Figure 1: Steady state values for output, traditional capital, labor, and automatic capital

as function of the automatic capital adoption rate and the elasticity of substitution

between traditional technology and automatic technology.
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At the threshold, steady state values are the same for any elasticity of substitution

since the family of CES functions for any value of the elasticity of substitution intersect at

this point. For values above the threshold, the elasticity of substitution is crucial. For a

scenario with high elasticity of substitution between traditional production technology and

an adoption rate for new capital far above the threshold, we find an abruptly increase in

the accumulation of the new capital and output, and a sudden reduction in labor. Based on

these simulations, we find two necessary conditions for the so-called robocalypse to occur:

a high elasticity of substitution between the traditional and the automatic technology and

an automatic capital adoption rate above the threshold.

In a scenario where the automatic capital adoption rate is very high (say more than 0.5),

no matter how the elasticity of substitution between both technologies is, the automatic

capital will dominate, increasing output to spectacular values and reducing traditional inputs

to minimum quantities. For a high elasticity of substitution between the new and the

traditional technology (i.e., σ = 5), it is observed a dramatic and sudden fall in labor while

automatic capital and output increase exponentially when the automatic capital adoption

rate is above the threshold. We find that the lower the elasticity of substitution, the lower

the effect provoked by the introduction of the automatic technology is, once the threshold

level has been surpassed. In fact, when the elasticity of substitution is, for instance, of a

magnitude of 1, it is observed a slight fall in labor time together with a slight increase of

automatic capital and output, but it does not take place an abrupt change. However, the

effects of the new technology increase for higher values of the elasticity of substitution.

As it can be observed, traditional capital falls softly as the automatic capital adoption

rate augments until the threshold. For automatic capital adoption rates above the threshold,

we estimate that, initially, the stock of traditional capital increases as the adoption rates

increases, as shown in the bottom left of Figure 1. This positive effect on traditional capital

is provoked by the rise of returns of traditional capital when the distribution parameter

of the CES function is above the threshold. However, when the adoption rate of the new

technology reach a certain level, it is observed a sudden drop in the stock of traditional

capital. Indeed, if the elasticity of substitution is large, say of a magnitude of 5, it is

observed that this sudden drop occurs for an adoption rate around 25%. For lower values

of the elasticity of substitution, the adoption rate must be large enough (higher than the

range shown in the Figures) for this effect to be observed.

A different behavior is found in terms of labor, in spite that the elasticity of substitu-

tion between the new technology and traditional capital and between new technology and
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labor are both the same. First, working time remains almost constant for automatic capital

adoption rates below the threshold independently of the elasticity of substitution between

traditional and new technology. When automatic capital adoption rate is above the thresh-

old, labor starts to be very sensitive to the introduction of the new capital depending on

the elasticity of substitution. We observe a dramatic decline in labor for values of σ larger

than 2.

In sum, we find the existence of a relatively large range of plausible values of the au-

tomatic capital adoption rate for which the irruption of the automatic capital has little

consequences on the economy, independently of the elasticity of substitution between tradi-

tional and automatic technology. This applies if the adoption rate of automatic capital is

below the threshold. In addition, it is clear from these results that the elasticity of substi-

tution of AI and robotics concerning the traditional productive factors can vary from sector

to sector, task to task, and so on. Therefore, it is relevant to analyze the possible impact of

Industry 4.0 technology in an economy depending on the adoption rate of this technology

and the elasticity of substitution regarding the rest of productive inputs. One could think

about a scenario where the automatic capital adoption rates are higher than 45%, as this

is a potential adoption rate for current technology estimated in some studies. Our model

considerably illustrates the consequences of this situation. According to the benchmark

calibration applied to it, this scenario corresponds to an economy well above the threshold

value. The threshold value is increasing with the depreciation rate of automatic capital. For

the threshold to be around 45%, the depreciation rate should be around 0.425, a value much

higher than the depreciation rate for any existing capital assets (although not different from

the allowed depreciation rates for computers in taxing schemes). The most eye-catching

scenario is one of high substitution effect that represents the exponential growth of the au-

tomatic technology. Curiously, the most striking one would be the vision more accepted by

literature.9

From previous results, it is clear that the identified threshold value is key for assessing

the consequences of automation through automatic capital. The value of this threshold is

just the marginal productivity of automatic capital. In steady state, it depends only on the

discount factor and on the depreciation rate of automatic capital. In practice, the range

of variation of values for the discount factor is small, so the depreciation rate of automatic

capital would be the most influential parameter determining the threshold.

9Lin and Weise (2019), Eden and Gaggl (2018), Acemoglu and Restrepo (2019), DeCannio (2016), and

Artuc, Ethar and Rijkers (2018), who, among others, assume high substitution effect of AI and robotics.
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Figure 2: Automatic capital adoption rate threshold as a function of automatic capital

depreciation rate and intertemporal discount factor.

Figure 2 depicts the threshold value as a function of δd and β. Given the benchmark

depreciation rate, the threshold value varies from 16% to around 20% for a range of val-

ues of the discount factor between 0.99 and 0.95. The most influential parameter is the

depreciation rate of automatic capital. For a depreciation rate of 0.15, the threshold value

is approximately 0.18, whereas for a depreciation rate of 0.25, the threshold increases to

0.28, as the relationship between both variables is linear. In short, given that the threshold

depends directly on the robots’ depreciation rate, the higher the automatic capital depre-

ciation rate, the lower impact the process of automatic capital adoption will have in the

economy.

Figure 3 plots steady state for labor as a function of the elasticity of substitution be-

tween new and traditional technology for different values of the automatic capital adoption

rate. The case for which labor is a constant for any value of the elasticity of substitution

corresponds to an adoption rate equals to the threshold. For adoptions rates below the

threshold, we find that the response of labor is almost constant for any value of the elas-
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ticity of substitution and even positive as the elasticity of substitution increases. However,

for values of the adoption rate above the threshold, the response of labor is negative and

dramatically depends on the elasticity of substitution. If the elasticity of substitution is low

enough, little effects of the new technology on labor are observed. However, as the elasticity

of substitution increases, the negative impact on hours is exacerbated.
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Figure 3: Evolution of labor time regarding the elasticity of substitution between

traditional and automatic technology for automatic capital adoption rates below and above

the 22.5% threshold.

Some important implications can be derived from previous results. The model indicates

the existence of threshold conditions that divide the economy in two different worlds. Thus,

this threshold value reflects an economic singularity if the elasticity of substitution between

the traditional and the automatic technology is large enough. On the one hand, in a world

where the automatic capital adoption rate is below the threshold, the new technology does

not provoke significant changes in the main macroeconomic variables, independently of the

elasticity of substitution between the traditional and the automatic technology. On the

other hand, in a world where the automatic capital adoption rate is above the threshold,
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this technology represents a structural change and its impact in the economy relies on the

elasticity of substitution between the traditional and the automatic technology.

Although the model represents an economy at an aggregate level, we can extract some

considerations at a sectoral level. In the economy, it should be expected that sectors would

have different adoption rates for automatic capital. Whereas the adoption rate of automatic

capital can be large in some sectors, in others, the adoption rate could be lower. Automatic

technology would have no effects on employment in those sectors with a low adoption rate

of the new technology. We find that, in sectors where the presence of AI and robotics

represents less than the estimated value of 22.5%, labor and traditional capital increase with

the elasticity of substitution while AI and robotics decrease. In sectors where the presence

of AI and robotics represents more than 22.5% of the total productive factors, labor falls

when the elasticity of substitution rises while traditional capital, AI and robotics augment.

Then, we can conclude that AI and robotics are destined to dominate those sectors in which

their capacity for implementation is higher than this threshold. This technology, in the long

run, will not settle down in those sectors in which they have no capacity to represent more

than 22.5% of the productive factors.

Felten et al. (2018) provide a measure of the AI capacity of penetration in different

sectors by identifying AI advances at the occupation level, indicating how AI changes occu-

pations’ characteristics. Fossen and Sorgner (2019) build on Felten et al. (2018) and Frey

and Osborne (2017) to bring a vision of the transforming and destructive effects of AI and

robotics. They identify the occupations with low destructive effect (those with less than a

70% of computerization probability in Frey and Osborne, 2017) and high transformer effect

(more than a 3 in the scale of advances in AI provided by Felten et al., 2018) as the ”ris-

ing stars”. However, occupations in the ”human terrain” represent a very low number if

we compare them with the other groups and most of them have a probability of comput-

erization higher than 0.5. Therefore, we can argue that almost none occupation is saved

from being transformed or eliminated by AI and robotics. Taking into account current and

potential productivity and capacity of these technologies to spare human labor, it is clear

that the occupations affected by the so-call ”transformation” by AI advances will experi-

ence a decrease in labor needs. This decrease can lead to a working day reduction or labor

demand contraction and it will mainly depend on the regulation imposed from labor market

institutions.

The message of this paper is rather optimistic regarding the impact of automation on

the economy. For automation to have dramatic effects, the adoption rate of the new tech-
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nology must be above a threshold value equivalent to the marginal productivity of the new

automatic capital. The depreciation rate of new capital assets is increasing, and therefore,

the depreciation rate of automatic capital is expected to be high, augmenting the threshold

point, and hence, preventing a disruptive effect by the new technology. Even in the case,

the automatic capital adoption rate would be above the threshold, robocalypse also requires

a high elasticity of substitution between the new automatic technology and traditional tech-

nology.

5. Automatic capital and the functional distribution of income

One of the most important concerns regarding automation is how this process affects la-

bor share and labor income. In this section, we use the model to investigate the effects of the

new automatic technology on the functional distribution of income. A large and increasing

body of the literature has focused on the implications of automation for labor compensation

and inequality, suggesting also that automation is one of the factors originating the decline in

labor share over the last decades (Graetz and Michaels, 2018; Charalampidis, 2020). Indeed,

the searching for an explanation on this issue remains one of the fundamental macroeco-

nomic topics nowadays. Karabarbounis and Neiman (2014a) argue that the decrease in the

relative price of investment goods induced firms to replace labor inputs for capital inputs.

Karabarbounis and Neiman (2014a) argue that half of this decline is explained because of

the lower price of investment goods. Farmer and Lafond (2016) analyze the predictability of

a technological change stating that many technologies follow a generalized version of Moore’s

law since their costs tend to drop exponentially. Following this idea, the decline of the labor

share could be justified by technological change.

We depart from the existing literature by arguing that the cause of the observed decline in

labor share does not only rely on the lower price of investment goods but also on the changing

character in the new investment goods and to the productivity increase in technologies such

as AI and robotics, that is, new automatic capital deepening. Interestingly, Eden and Gaggl

(2018) identify the decline in the labor share with a decline in routine occupations. At the

beginning of the nineties, routine occupations exceeded non-routine ones but in the middle

of the decade, a shift was produced and non-routine occupations exceeded routine ones.

In our model economy, total income not only is distributed between labor and traditional

capital, but also another fraction is earned by the new automatic capital. The key difference

is that, whereas a complementary relationship between traditional capital and labor exits,

these two inputs have a substitution relationship with the automatic capital input.

21



Capital depreciation rate is not only a key variable for assessing the impact of the new

technology on main aggregate variables but also is an important factor determining capital

consumption. Given the high values of depreciation for the new capital assets, the effects on

inequality should be studied once capital consumption is taken into account. However, most

of the analysis of labor share and income inequality ignores the distinction between gross and

net income due to capital consumption. Karabarbounis and Neiman (2014b) highlight the

importance of the physical capital depreciation rate, often neglected, for the study of income

distribution and inequality. Bridgman (2018) shows that depreciation and production taxes

are important determinants of the labor share, as they are included in total output, and

hence, a fall in labor share may not imply a gaining in capital income. He shows that gross

labor share has been falling since 1970s, but this net labor share shows a more stable path.

We follow Karabarbounis and Neiman (2014b) and Bridgman (2018) analyses that account

for capital depreciation in separating gross and net labor shares.
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Figure 4: The functional distribution of income, Automatic capital adoption rate and the

elasticity of substitution between traditional and automatic technology. Gross income.
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Figure 5: The functional distribution of income, Automatic Capital adoption rate and the

elasticity of substitution between traditional and automatic technology. Net income.

Figures 4 and 5 plot the steady state functional distribution of income for gross and net

income resulting from simulations of the model. We find that the introduction of automatic

technology is associated with labor share decline (capital-deepening effect). This labor share

fall is higher as higher the automatic capital adoption rate is, and its deepening depends

on the elasticity of substitution between the traditional and the automatic technology. For

adoption rates below the threshold, little change in labor share is observed as consequence of

the introduction of the new technology. However, above the threshold, changes are dramatic.

The estimated functional distribution of income suggests that the mere introduction of

automatic capital as an additional input for production implies a decline of the labor share,

as little substitution of traditional capital share by the new automatic capital returns is ob-

served. Additionally, this decline is accentuated by the value of the elasticity of substitution

between the new automatic technology and traditional technology. That is, the crowding-

out of traditional capital by the new automatic capital is not complete as to offset the effects

on labor income. The negative slope curvature of the labor share steady state values, as a
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function of the automatic capital adoption rate, gets more pronounced as the substitution

effect gets higher. Not only labor share declines with the introduction of the automatic

capital but also the traditional capital income share. By contrast, the automatic capital

income share increases as its adoption rate does. Therefore, automatic capital is not only

absorbing the decline in the labor share but also the decline in the traditional capital income

share. Again, the overall effects will depend on whether the automatic capital adoption rate

is above or below the threshold. Comparing Figure 4 and Figure 5, we observe how the net

income labor share decline is moderate when the automatic capital adoption rate is below

the threshold, or in a situation above the threshold when the elasticity of substitution is low

enough. That is, with the exception of a robocalypse scenario (high adoption rate and high

elasticity of substitution), the new technology has a moderate impact on labor share.

As we can observe in the bottom right plot of Figure 4, if the elasticity of substitution

among traditional and automatic technology is equal to our lower limit (σ = 1), the auto-

matic capital share grows in parallel with the adoption rate. That is to say, in this scenario

capital share matches always the adoption rate: 1 − µ = RdD/Y . For low elasticity of

substitution, there is a linear function that relates robot income share with robots adoption

rate. In this scenario, shares are higher with respect to higher elasticities of substitution

scenarios for adoption rates below the threshold, while we find the opposite dynamics when

we have adoption rates above the threshold. Acemoglu and Restrepo (2019) study the effects

of a robot density increase in the labor market, and they conclude that one more robot per

a thousand worker reduces wages by 0.25-0.5 percent and the employment to population

ratio by 0.18-0.24. Then, we know for sure that it also reduces labor compensation, and

therefore, the labor share.10

Charalampidis (2020) remarks the counter-cyclical character of the U.S. labor share.11

They justify the causes of its fluctuations with the following elements and proportions:

automation (54%), workers’ market power (24%) investment efficiency (6%), and the relative

price of investment account (4%). For Prettner (2019), automation only explains the 14% of

the observed decline of the labor share over the last decades in the United States, while Aum

et al. (2018) argue that computerization during the 1990s gives a rationale for most of the

10We should bear in mind that the study analyzes data from 1990 to 2007, so it puts the focus on a

period with low robotization and we have already observed that its effects on the economy for automatic

capital adoption rates lower than 22.5% are not remarkable. In fact, Charalampidis (2020) highlights that

automation shocks are the main cause of the post-2007 cyclical labor share drop.
11Leduc and Liu (2019) also find a countercyclical character in it. Their explanation for this fact is that

automation improves labor productivity while muting wage increases.
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decline in the labor share between 1980 and 2010 (4 out of 5 percentage points). Guerriero

(2019) ascertains the global decline of the labor share, taking into account 151 economies in

a panel data analysis and concluding that labor share varies significantly among economies

and it has decreased over time especially since 1980. In the case of Europe, Dao et al. (2017)

analyzes the decrease in the labor income share distinguishing between advanced economies

and emerging markets. They discover that half of the overall decline in advanced economy

is due to the technological progress and varying exposure to routine occupations.

In the literature, several authors have drawn a very negative picture for future labor

share, as well as a horizon of hyper inequality originated by technological progress. For

instance, Piketty (2014) argues that capital returns grow more than economic growth itself

and this causes inequity. Consequently, under this scenario, it seems clear that the interven-

tion of the government is needed to deal beforehand about what could be a major problem

in the forthcoming decades. This is why numerous authors remark the necessity of a robot

tax (Guerreiro et al., 2017; Thuemmel, 2018), or an Universal Basic Income (Hoynes and

Rothstein, 2019), which could be interpreted as reminiscent of Luddite thought. However,

other authors adopt a more optimistic view of predicting a soft transition without dramatic

losses in worker earnings. Bongers and Molinari (2020) study trends in average working time

from the Industrial Revolution and argue that automation represents a new technological

revolution that can have an important impact in the reduction of average working time

while increasing compensation to employees level. Our analysis reflect both pessimistic and

optimistic views; only under certain conditions (high automatic capital adoption rate and

high elasticity of substitution between new capital and traditional technology), working time

is going to experiment a great fall. However, for low values of the elasticity of substitution

between new and traditional technology and low adoption rate of the new technology, little

negative effects on labor are predicted. As a consequence, only in the scenario where the

automatic capital adoption rate is higher enough, some kind of redistribution policies must

be implemented.

6. Conclusions

This paper develops a simple macroeconomic general equilibrium model to analyze how

the introduction of new automatic technology can affect the economy. The main hypothesis

is the consideration of a new type of capital (i.e., automatic capital) that can produce final

goods in a stand-alone fashion. This new technology directly competes with the traditional

one. The example of the combination of a cab-car with a cab-driver in front of a self-driving
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cab is highly illustrative in order to better understand the implications of this technological

change process. The model is simulated and the steady states are computed depending on

the new automatic capital adoption rate, which we assume equivalent to the distribution

technological parameter of a CES combining both technologies, and on the elasticity of

substitution between the traditional and the new technology. From this analysis we draw

some important conclusions and key issues that can be worth noting in helping us to consider

the potential impact of this new technology.

The most important result of the paper is the identification of a threshold value for

the automatic capital adoption rate which leads to the possibility of two totally different

scenarios. The threshold value for new capital adoption rate has a simple interpretation,

being equal to the marginal productivity of the new capital in steady state. This allows

us to easily identify its determinants: the discount factor and the depreciation rate of the

new capital. For the benchmark calibration of the model, where the annual discount factor

is 0.975 and automatic depreciation rate is 20%, the threshold value for the new capital

adoption rate is around 22.5%. At this threshold, the stock of automatic capital equals the

output. For adoption rates below the threshold, where the elasticity of substitution between

the traditional and the automatic technology is not a relevant variable, we do not observe

significant changes in the main variables of the economy. However, things are completely

different when the adoption rate is above the threshold because the elasticity of substitution

between both technologies becomes an important variable. In a scenario with an automatic

capital adoption rate below the threshold, labor time slightly increases as higher is the

substitution effect of the new automatic technology.On the contrary, in an scenario with

an automatic capital adoption rate above the threshold, we find the opposite process, since

labor falls abruptly.

The introduction of the new automatic technology can provoke a radical fall on both labor

time and labor share, but for this to happen a high substitution effect between the traditional

and the automatic technology and a high presence of the new automatic technology are

needed. We study the relationship between this new automatic capital and the functional

distribution of income with the aim of shedding some light on the decline of the labor share,

and we find that the mere introduction of the automatic technology implicitly causes a

decline in labor share. The dimensions of this decline depend directly on the elasticity of

substitution between technologies and the adoption rate. This decline is almost the same for

any elasticity of substitution until the automatic capital adoption rate matches the threshold.

Consequently, the elasticity of substitution plays a crucial role in augmenting the decline of
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the labor share.

From the previous results, we can establish the necessary conditions for the so-called

robocalypse to occur. The introduction of the automatic capital does not imply a great fall

in labor demand. For an abrupt decline of labor time, it is necessary a high substitution

effect between technologies and an automatic capital adoption rate above the threshold.

These would be the two necessary requirements for the robocalypse to take place: a high

adoption rate of automatic technology and a high substitution elasticity between new and

traditional technologies. In any other scenario, automatic technology can perfectly coexist

with traditional technology having a minimal impact on the labor market.

Empirical evidence about robots adoption rates estimates that potential AI and au-

tonomous robot penetration is relatively high (above 45%), a value well above our estimated

threshold. Additionally, empirical evidence also affirms that the elasticity of substitution

between new and traditional technologies could be also of high magnitude. The combina-

tion of that empirical evidence moves the economy to our robocalypse scenario, where labor

collapses. The threat of an unprecedented increase in inequality under this scenario can be

clearly observed in our analysis of the functional distribution of income. Nevertheless, the

high depreciation rate of new equipment (and the increasing depreciation rate over time for

computers, telecommunication equipment, software), implies that the threshold adoption

rate can be also increasing in the future, reducing the risk of robocalypse, even for the case

of high elasticity of substitution between both technologies. Thus, our paper opens the

possibility that the robocalypse scenario could be avoided, as the threshold for the adoption

rate will increase at the same proportion than the depreciation rate of new automatic capital

assets.
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