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Keywords: labor share after 1987. Instead, technological factors are a more promising candidate.

Automation

Labor share
Technology choice
Employment
Matching frictions

1. Introduction
1.1. Motivation & contribution

The stationarity of the labor share of aggregate income was a cele-
brated stylized fact of the 20th century: although new technologies were
continuously introduced, the labor share apparently fluctuated around
the same level (Kaldor, 1961; Jones and Romer, 2010). Yet, starting at
the late 20th century, a number of authors questioned this stylized fact

and pointed out the decline of the labor share in developed countries
including the US. More recently, new empirical evidence has suggested
a sustained downward trend of the labor share in a wider range of coun-
tries, including both advanced and developing countries.'

In light of the overwhelming evidence of a downward trend in the
labor share, the literature shifted towards understanding its causes. Two
prominent groups emerged within this literature. One group has fo-
cused on how technological change and the technological structure of
the economy may affect the labor share. Namely, this group has em-

* We are indebted to the editor Carlos Carrillo-Tudela and the two anonymous referees for their highly valuable comments and suggestions. We also thank Henrique
Basso, Alper Cenesiz, Bruno Decreuse, Alan Fernihough, Pedro Gomes, Jakub Growiec, Maurizio Iacopetta, Duarte Leite, Joseba Martinez, Klaus Prettner, Vera Rocha,
Holger Strulik, and Shu Lin Wee. And we are grateful to the conference participants at the 9 SaM Annual Conference (Oslo), at the 2" Catalan Economic Society
Conference (Barcelona), 25th Conference Computing in Economics and Finance (Ottawa), 13th Annual Meeting of the Portuguese Economic Journal (Evora), 35th
Annual Congress of the European Economic Association (Manchester), as well as seminar participants at the University of Porto. This research has been financed by
the European Regional Development Fund through COMPETE 2020 Programa Operacional Competitividade e Internacionalizacdo (POCI) and by Portuguese public
funds through FCT (Fundagdo para a Ciéncia e a Tecnologia) in the framework of the project POCI-01-0145-FEDER-006890 and (cef.up - Center for Economics and
Finance at University of Porto). Luis Guimarées also thanks FCT’s financial support (2020.00714.CEECIND).

* Corresponding author.
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1 For earlier contributions questioning the stationarity of the labor share, see, e.g., Blanchard (1997), Caballero and Hammour (1998), Berthold et al. (2002),
Jones (2003), and Bentolila and Saint-Paul (2003). For more recent contributions, see, e.g., Bental and Demougin (2010), Elsby et al. (2013), Karabarbounis and
Neiman (2014), Oberfield and Raval (2021), Dao et al. (2017), and Autor et al. (2020). There is, however, some controversy about the extent to which the fall in the
labor share is driven by measurement issues. For example, Koh et al. (2020) argue that changes in the treatment of intangible capital has driven the reported secular
decline in the US labor share. Yet, contrary to Koh et al. who study secular patterns of the labor share for the whole economy, in this paper we aim to explain the
fall in the labor share in the US nonfarm business sector (i.e., abstracting from general government, nonprofit institutions, private households, Armed Forces, and
farms) as reported by the BLS. Furthermore, as explained in more detail below, we do not aim to explain a secular trend in the labor share but rather explain why
it falls more clearly after 1987. Finally, despite some controversy around the importance of mismeasurement issues in the evolution of the labor share, as argued by
Autor et al., a general consensus exists that the labor share has indeed fallen in the recent decades.
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phasized the roles of automation and robot- or automation-augmenting
technological change (e.g., Acemoglu and Restrepo, 2018; Berg et al.,
2018), falling price of capital (e.g., Karabarbounis and Neiman, 2014),
the emergence of superstar firms together with overhead labor costs
(e.g., Autor et al., 2020), and rising markups caused by a combina-
tion of changes to market structure and technological innovations (e.g.,
De Loecker et al., 2021; 2020).2 Another group has analyzed the role of
labor market institutions and their potential interaction with the tech-
nological structure of the economy. In these theories, either the shock
emerges in the labor market (e.g, Caballero and Hammour, 1998), or
the presence of labor market institutions is crucial for the transmission
mechanism of technological shocks (e.g., Hornstein et al., 2007).> Our
paper belongs to the second group, but instead of analyzing how one
particular shock shrinks the labor share, we assess which shocks are
better candidates to explain the fall in the US labor share. Namely, we
build a model with matching frictions to contrast the role of technolog-
ical factors (automation-related technological change) with the role of
changes in labor market institutions (falling workers’ bargaining power
and decreasing flows in the labor market). We conclude that technolog-
ical factors are a more promising candidate to explain the fall in the US
labor share.

Parallel to this debate, the observed increasing substitutability of ma-
chines for workers has raised concerns that machines will make labor
redundant and eventually terminate employment (Acemoglu and Re-
strepo, 2018). Yet, so far, the empirical results indicate that automation,
industrial robots, artificial intelligence, and routine-replacing technol-
ogy shocks have not been employment-displacing at the aggregate level
in developed economies (see Bessen et al., 2020 for a review of recent
empirical evidence; see also Bessen, 2016, Autor and Salomons, 2018,
and Gregory et al., 2021). Different models that allow for a fall in the
labor share are unable to simultaneously generate an increase in em-
ployment (e.g., Caballero and Hammour, 1998; Zeira, 1998; Acemoglu
and Restrepo, 2018). In contrast, our model concurs with the evidence:
an automation shock reduces the labor share but increases both employ-
ment and wages.

Our paper contributes to the literature in two other ways because
of its different approach. First, we propose a rather simple model with
matching frictions similar to those in the canonical Diamond-Mortensen-
Pissarides (DMP) model (Pissarides, 2000, Ch.1). In our model, hetero-
geneous firms may choose a manual technology and behave as in the
DMP model. Alternatively, they may choose an automated technology
and produce using only machines (robots). The canonical DMP model
cannot assess the effects of automation. But our simple extension can by
only adding one equation to the canonical model. Although the simplic-
ity of our model naturally forced us to abstract from many ingredients,
our approach comes with the benefits of analytical tractability and the
ensuing clarity of the mechanisms at play in the model. Furthermore,
many of the insights of our model find support in empirical evidence.
Second, most of the contributions in the literature build and adapt
growth models. We, on the other hand, build a model with matching fric-
tions that offers a different perspective on the effects of automation and
the evolution of the labor share. In particular, our model with matching
frictions is suitable to distinguish how changes in labor market institu-
tions and in technology shaped the dynamics of the US labor share.

1.2. Summary of the model & results

We build a putty-clay model of technology choice with matching
frictions and the following main features. When entering the market,

2 See, as well, Zeira (1998, 2010), Peretto and Seater (2013), Martinez (2018),
Hopenhayn et al. (2018), Le6n-Ledesma et al. (2019), and Prettner and Stru-
lik (2020).

3 See, as well, Bentolila and Saint-Paul (2003), Blanchard and Gi-
avazzi (2003), Bental and Demougin (2010), Young and Zuleta (2018),
Cords and Prettner (2021), and Stansbury and Summers (2020).
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and after paying a sunk cost, each firm faces two alternative technolo-
gies to produce output. These technologies are perfect substitutes upon
entry: an entrant firm either chooses the automated technology or the
manual technology. Each technology entails a specific start-up cost. The
automated technology only employs capital, while the manual technol-
ogy only employs labor and requires each firm to search for a worker
in a labor market characterized by an aggregate matching function and
where wages are set by Nash bargaining. In the model, at the time of
entry, firms draw an endowment (or capability) from a known probabil-
ity distribution.* Each firm then combines this endowment with either
technology (although with possibly different efficiency levels) to deter-
mine its productivity. Depending on the draw of the endowment, the
firm chooses its technology. Under rational expectations, a no-arbitrage
and a free-entry condition must be satisfied. The no-arbitrage condition
allows for the derivation of an endogenous threshold, i.e., a cutoff level
of the stochastic endowment at which firms are indifferent between one
technology or the other. The free-entry condition establishes a link be-
tween the two technologies, so that a sort of complementarity between
them endogenously arises in equilibrium at the aggregate level.

Our model paves the way to study how automation affects the labor
market in models with matching frictions. The canonical DMP model
allows us to study how labor market institutions shape wages (versus
output) and employment. Our model preserves the mechanisms but in
a richer context: changes in labor market institutions and productiv-
ity shocks propagate in the economy also through the reallocation of
resources between firms that choose to operate under alternative tech-
nologies. In this context, the labor share reflects the influence of insti-
tutions and productivity on both the average wage level (versus output)
and the distribution of firms between the two technologies (manual ver-
sus automated).

To inquire into the effects of increasing automation on jobs, we
study analytically the effects of an automation-augmenting technologi-
cal shock, a shock that increases the productivity of all automated firms.
We find that both the average wage and employment increase as an
aggregate-equilibrium result, which is noteworthy given that manual
and automated technologies are ex ante perfect substitutes at the micro
level. A rise in the productivity of machines incentivizes the reallocation
of resources from the manual to the automated technology, displacing
labor. Yet, in the aggregate equilibrium of our model, the greater ex-
pected value to open a firm induces a significant rise in the number of
firms and output that ultimately outweighs the labor-displacing effect,
increasing employment and wages. Thus, in our model, the aggregate
effect is stronger than the reallocation effect. In a second step, after cal-
ibrating the model, we also find that an automation-augmenting shock
reduces the labor share. Thus, automation-augmenting shocks have ef-
fects that are qualitatively in line with the evidence: they increase em-
ployment but reduce the labor share.

We also conduct experiments on our model bearing in mind the his-
torical behavior of the US labor share, which we depict in Fig. 1 for the
period 1963-2007. The real wage per worker grew at a rate close to that
of real output per worker until the late 1980s. After that (and especially
after 2000), their growth rates diverge. In other words, the US labor
share clearly drops only after the late 1980s (e.g., Elsby et al., 2013).
Given this evidence, we focus on two time periods: 1967-1987, charac-
terized by a relatively stable labor share; and 1987-2007, characterized
by a falling labor share.

To analyze each 20-year period, we mainly take two steps. First, we
calibrate changes in labor market institutions. Farber et al. (2021) doc-

4 The draw of the endowment aims to capture a costly learning state prior
to the startup stage as emphasized by the literature on entrepreneurship and
venturing (see, e.g., Alvarez and Barney, 2004; Cope, 2005; Gibb and Ritchie,
1982; Kapoor and Furr, 2015; Kerr et al., 2014). This learning mechanism echoes
the entry mechanism in Hopenhayn (1992) and Melitz (2003), and agrees with
the role of entry costs and technology choice emphasized in, e.g., Caselli and
Coleman (2006) and Jones and Romer (2010).
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Fig. 1. The US Economy: 1963-2007. Note: Both panels plot data for the US economy between 1963 and 2007 downloaded from the FRED and the BLS. The panel
on the left-hand side plots the employment rate and the labor share. The panel on the right-hand side dissects the evolution of the labor share by plotting the output
and wage per worker. All series are normalized to 1 in 1963. For more details about the data, see Appendix D.

ument that union density fell from about 30% in the 1960s to less than
10% in the 2010s. We rely on this evidence to calibrate a fall in work-
ers’ bargaining power. Furthermore, Shimer (2012) and Davis and Halti-
wanger (2014) document a substantial reduction in labor market flows
(e.g., Davis and Haltiwanger document that job creation and job destruc-
tion fell approximately 33% in 1990-2013 as a percentage of employ-
ment). We rely on this evidence to calibrate changes in the exogenous
job destruction rate. Second, we use technological variables (including
changes in the productivity of the automated and manual technologies)
to target the change in output, labor share, and employment observed
in the US. Our objective, then, is to assess how the change in each of the
parameters has individually contributed to the evolution of the labor
share.

Our model suggests that changes in the labor market institutions
have actually leaned against the wind since 1987. Even though the fall in
workers’ bargaining power has reduced the labor share, its effect is neg-
ligible and the fall in the job destruction rate has significantly increased
the labor share since 1987. In contrast, changes in technology have re-
duced the labor share. According to our model, the labor share fell after
1987 because of a rapid acceleration in the productivity of the auto-
mated technology, which concurs with the estimates in Martinez (2018),
Acemoglu and Restrepo (2019), Bergholt et al. (2019), and Prettner and
Strulik (2020). To summarize, our model suggests that automation is a
more promising candidate to account for the fall in the US labor share
than changes in labor market institutions.

1.3. Related literature

As explained earlier, we lay out a model of technology choice ex-
ploiting the idea that firms face alternative technologies to produce out-
put, be it a good or a task. This idea enters enters into numerous mod-
els in the literature that are close to ours as, e.g., Zeira (1998, 2010),
Acemoglu and Restrepo (2018) and Alesina et al. (2018). In these mod-
els, a firm’s choice to adopt one technology depends explicitly on a firm-
specific exogenous feature, which as in our model, determines the firm’s
overall productivity or cost level, ceteris paribus.® Our paper and these
papers also share the simplifying assumption that the manual technol-

5 See also Acemoglu and Zilibotti (2001) and Acemoglu (2003). A related liter-
ature, with a somewhat different approach, allows optimizing agents to choose
the elasticity of output with respect to inputs from a set of known technolo-
gies; e.g., Zuleta (2008) and Peretto and Seater (2013). Other papers let firms
optimally choose the vector of factor-augmenting coefficients in the production
function from a given technology menu; e.g., Jones (2005), Caselli and Cole-
man (2006), Growiec (2008, 2013, 2017), Fadinger and Mayr (2014), and Le6n-
Ledesma et al. (2019).

ogy employs only labor and the automated (or ‘industrial’) technology
only capital.® In this literature, Acemoglu and Restrepo (2018) is closer
to our paper as we both study how automation affects the labor share.
Yet, Acemoglu and Restrepo do not calibrate their model and prefer to
study the theoretical conditions under which different results occur. In
contrast, our calibration of the model allows us to offer insights on the
evolution of the US labor share and employment since 1967.

Looking into other strands of the literature, our paper relates to
Caballero and Hammour (1998), who also build a “putty-clay” model
with labor market frictions to study the evolution of the labor share. In
their model, changes in the labor share reflect shifts in technology choice
(in their case, a change in the labor-intensity of new production units) as
a reaction to given exogenous shocks, which resembles the reallocation
between manual and automated technologies in our model. Yet, their
model does not generate a simultaneous fall in the labor share and an
increase in the average wage and employment, as hinted by empirical
studies based on US data.

Berg et al. (2018) also relates closely to our paper as they assess the
consequences of robot-augmenting technical progress. Their results are
similar to ours: a robot-augmenting shock in their model also implies
higher real wages and lower labor share. Their results, however, hinge
crucially on the calibrated magnitude of the elasticity of substitution
between labor and capital (or robots) imposed by their aggregate CES
production function.”

Finally, our approach is very much in the spirit of the inter-firm
reallocation mechanism analyzed by Hopenhayn et al. (2018) and
Autor et al. (2020, App. A). In our model, changes in the labor share
also reflect reallocation of economic activity from firms with high labor
share to those with low labor share (‘superstar firms’ in the jargon of
Autor et al.). The difference is that firms in our model differ in their la-
bor shares because of their technology choice (which reflects the endow-
ment draw) while in their models firms differ because of the different
weights of labor overheads.

© In all these models, the mechanisms rely on an aggregate production func-
tion for the final good, which ultimately implies a certain complementarity effect
between the two alternative inputs in task production (labor versus machines).
In our model, we get a similar effect without positing an aggregate production
function. Instead, as explained earlier, the free-entry condition to open firms
establishes a link between the manual and the automated technologies, so that
they behave as complements in aggregate equilibrium.

7 This caveat about the calibrated elasticity of substitution extends to other
papers relying on an aggregate CES production function, e.g., Acemoglu (2003);
Alvarez-Cuadrado et al. (2018); Eggertsson et al. (2021); Growiec et al. (2018);
Karabarbounis and Neiman (2014).
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We developed our model to study long-term trends of the labor share.
Yet, a good example of a model suited for the analysis of business cy-
cle dynamics that builds on a setting close to ours is Choi and Rios-
Rull (2020). They propose a model with a ‘putty-clay’ production func-
tion and matching frictions in the labor market. They find that a model
with these ingredients and where technology advancements favor new
units can replicate salient business cycle patterns of the labor share.

The remainder of this paper is organized as follows. Section 2 de-
tails our model. Section 3 studies analytically how an automation-
augmenting shock affects employment and wages. Section 4 lays out the
results of our quantitative exercises. In particular, this section presents
the simulated elasticities of our model and the results of our targeted
experiments to the periods 1967-1987 and 1987-2007. Section 5 con-
cludes the paper.

2. The model

Our model extends the DMP model set in discrete time as in, e.g.,
Ljungqvist and Sargent (2018). In our model, entrepreneurs (firm own-
ers) pay a fixed cost Q to learn both about the menu of technologies
that is available to them and about the entrepreneur’s set of capabilities
to deal with each technology and with the market. This learning pro-
cess is modeled as a draw of a ‘productivity’ factor z from a distribution
G(z) over the interval [z,,;,, o). This costly learning process is followed
by the choice of the production technology and by the payment of a
start-up cost to start producing and selling the good in the market. In
our model, there are two alternative technologies: an automated and a
manual technology. If a firm chooses the automated technology, it is
capital-intensive, bears the (start-up) cost of capital, kx > 0, and pro-
duces zy(z) = zg z units of output using only capital.® If a firm chooses
the manual technology, it is labor-intensive and behaves similarly to
firms in the DMP model: it employs one worker, bargains the wage w(z)
with the worker, bears the (start-up) cost x;(0) > 0 to fill its vacancy
within a single period, and produces z; (z) = z; z* units of output using
only labor.”z; denotes the productivity of labor, which contrasts with

8 Since capital (the automated technology) is regarded, ex ante, as a per-
fect substitute of the manual technology, capital in our model can be inter-
preted, more specifically, as robots and the cost ky as the cost of a robot. This
agrees with the interpretation of capital by, e.g., Zeira (1998), Acemoglu and
Restrepo (2018), and Prettner and Strulik (2020). In most of our analysis be-
low we study the effect of a rise in z,, an automation shock that we name
“automation-augmenting shock”. Because zy denotes the productivity of the
automated technology, an increase in zy in our model is apparently akin to a
capital-augmenting shock as understood in the context of a standard production
function with (some degree of) complementarity between capital and labor. Yet,
given the perfect substitutability of technologies in our model, such a change in
zg induces the replacement of labor for machines (as we show below). There-
fore it gives rise to a ‘share’ effect akin to automation (also as understood in
the context of a standard production function). Consequently, an increase in z,
always reduces the labor share in our model (also shown below), again akin to
automation, whereas a capital-augmenting shock in the context of a standard
production function reduces the labor share only for specific values of the elas-
ticity of substitution between capital and labor.

9 Workers are homogeneous in our model. Yet, for completeness, we also con-
sider a version of our model with high- and low-skill workers in Appendix E.
We find that, for empirically-reasonable parameter values, our results about the
effects of automation on employment and wages stand. We do not, however, use
this extended model as our benchmark for three reasons. First, our simple model
with homogeneous workers allows us to obtain analytical results (see Section 3).
Second, our aim is to study aggregate variables, which are available since early
1960s. As we are not aware of disaggregated data with this longevity, it would
compromise our exercises in Section 4.3. Third, the existing evidence is ambigu-
ous regarding the effects of robots on the employment of workers of different
skill level. For example, Graetz and Michaels (2018) find that the employment
of low-skill workers falls in relative terms, while that of middle-skill workers
increases. And Domini et al. (2021) find no significant change in workforce
composition after automation increases.
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the productivity of capital, z. In the labor market, a standard matching
function determines the number of matches. As a result, the job-filling
costs, x(0) = %, and the job-finding probability, f(9) = y0'", are
functions of the matching efficiency, y > 0, the elasticity of the match-
ing function with respect to unemployed workers, 1 > > 0, and the
labor market tightness, 6.

2.1. Firms

A firm that draws the productivity z has the present-discounted val-
ues J; (z) and Jg(z) if it employs the manual and automated technolo-
gies, respectively:

Jp(2) = zp.(2) —w(z) + f(1 = )T (2), ()

Jk(2) = zg(2) + f(1 = 6x) I (2). (@)

We assume a common discount factor of # and an exogenous firm-
destruction probability of §; for the manual technology and éx for the
automated technology.

Different draws of productivity may imply different choices of tech-
nology. A firm will only be indifferent between the two technologies
if its value net of the respective start-up cost is the same for the two
technologies:

BIL(z") — kL (0) = I (z¥) — kg, 3)

where we assume that it takes one period for a worker to start produc-
tion and we use z* to denote the cutoff productivity draw that makes
the firm indifferent between the two technologies.'? Throughout this
paper, we refer to Eq. (3) as a no-arbitrage condition between the two
technologies. Also throughout this paper, we assume that higher draws
of z are favorable to the automated technology relative to the manual
one, implying that a < 1. Thus, for draws of z in the interval [z, z*],
the firm chooses the manual technology;'! and for draws of z in the in-
terval (z*, o), the firm chooses the automated technology. This implies
that the largest firms (which correspond to the firms with the largest
productivity draws and, thus, the largest sales) are capital intensive, as
suggested by the empirical evidence (see, e.g., Autor et al., 2017, 2020).
To close the firms’ block of our model, we assume free-entry to open
firms:

/ (BI1(2) — k1 (0))dG(2) + /

‘min )

0

(Jk(2) - kg )dG(2) = Q. )

2.2. Workers

In our model, there is a measure L of risk-neutral workers who are in
one of two states: employed or unemployed. If employed, a worker earns
the wage w(z), which varies with the productivity draw of the firm, and
loses its job with a probability §;. We denote the lifetime income of an
employed worker by E(z):

E(z) = w(z) + B[(1 = 6, )E(z) + 6, U]. )

10 We do not assume that there is a time to build in the automated technology
merely for simplicity and the results would be almost indistinguishable if we
assumed otherwise.

11 In our benchmark, we assume that « = 0, which implies that all manual
firms obtain the same profits and, thus, if z* > z,;,, then all firms that draw
a z where z* > z > z_; produce and choose the manual technology. In our ro-
bustness checks, however, we also consider a > 0, which might deliver cases in
which some firms with very low draws of z prefer to exit without producing;
we, however, exclude those cases from our analysis to simplify the model and
avoid defining an extra cutoff.
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If unemployed, a worker enjoys income b > 0 and finds a job with a
probability f(9). We denote the lifetime income of a unemployed worker
by U:

[
U=b+p [f(H) G E(z)dG(z) + (1 = f(O)U |, ©)
where ﬁ /Z Z*_ E(z)dG(z) is the average expected value of employ-
ment.!?
2.3. The wage

Workers and firms bargain over wages such that the bargained wage
maximizes the Nash product:

w(z) = arg max (E(z) — UY? (J,(2) — max [BI(2) = k. (0), Tx () — kg])' 7,
@)

where the parameter 1 > ¢ > 0 measures the worker’s bargaining power
or, in other words, the worker’s share of the surplus. In the standard
DMP model, workers and firms also bargain over wages. Yet, in the
DMP model, the firm’s surplus of the match is merely the difference
between the value of employment and the value of a vacancy (equal
to zero, in equilibrium), which is much simpler than in our model. In
our model, a firm has two options. The first is that it may not agree a
wage with the worker and search for another worker. The value of this
option is #J; (z) — k; (0); that is, the firm may invest «; () to find another
worker which will generate a value of #J;(z).'® The second option is
that it may instead threaten the worker it will move to the automated
technology; in this case, its outside value is given by J,(z) — kg. Yet, in
an equilibrium of our model, the firm will only bargain with the worker
if it has previously chosen the manual technology (that is, z;, <z <
z*). As a result, the value of the relevant outside option of the firm is
pJ 1 (z) — k() and w(z) must satisfy

¢

E@=U = 12 ((1 = DI + 6,0). ®
Making use of Egs. (1)—(6), we rewrite the previous equation as
1-—
w(z) = ﬁb + 1 _¢¢ﬁ [(1=B)zp(2) + k(O — (1 = 5,))]
¢ ® 1
IO <(1 ) [9—/ (Ix(2) = k)6 55
1-—
+ %K‘L(H)JFK'L(G)). )

As in the DMP model, wages increase with the unemployment income,
b, the productivity of the match, z; (z), and with labor market tightness,
0. This equation, however, is more complex than the one in the DMP
model due to the mechanism of technology choice in our model and its
interaction with labor market frictions.

2.4. Equilibrium

The equilibrium of the model is defined at the aggregate level of the
economy and is characterized by the vector (0, z*, w(z)), which satisfies
the no-arbitrage condition, Eq. (3), the free-entry condition, Eq. (4),
and the wage equation, Eq. (9). Furthermore, in equilibrium, the flows

12 Although E(z) depends on z, U does not. z is specific to a firm and, thus,
only influences the wage of a particular job; it does not influence the value of
unemployment. Instead, the value of unemployment depends on the distribution
of G(z) in the range that firms decide to open manual firms: [z,,, z*].

13 In the DMP model, the firm may also threaten it will search for another
worker. But in that model the value of this option is zero due to the free-entry
condition.
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from employment to unemployment must equal the flows from unem-
ployment to employment. This implies that after we derive the vector
(6, z*, w(z)), the employment rate satisfies n = 7 (Q;‘?&L.

In the equilibrium of our model, we obtain the output, y, by sum-
ming up the production of manual and automated firms. To measure
the production of each technology, we use the product of the number of
firms using that technology and their (conditional) average production.
We easily obtain the production of manual firms: because each worker
corresponds to a manual firm, there are nL manual firms, each produc-
ing an average of ﬁ /::in z;(z)dG(z) units of output. But it is more
intricate to obtain the production of automated firms as first we need
to pin down their number. Every period there is a measure of firms en-
tering the market that satisfies Eq. (4). A proportion G(z*) choose the
manual technology and a proportion 1 — G(z*) choose the automated
technology. In equilibrium, the number of entering firms choosing the
manual technology is f(6)(1 — n)L, which equals the number of man-
ual firms exiting the market, 5; nL. Because the fraction G(z*) of total
entering firms corresponds to 6; nL manual firms, there are §; nL 1;(02(:;)
automated firms entering every period. Furthermore, an automated firm

lasts on average 1/6x periods. Thus, there are g—’-nL 1;?;:; ) automated
K :

/.2 2k (2)dG(z) units of out-

firms, each producing an average of
put. Output in our model, then, is

_ nL i o [
y= G (/me z;(2)dG(z) + a /Z* ZK(Z)dG(Z)>. (10)

In our paper, it is essential to define the labor share, LS, which
corresponds to the fraction of output paid to workers. In our model,

there are nL employed workers, each receiving an average wage of
1 /Z*
G(z*) J Zmin

few rearrangements, we write the labor share as

1
1-G(z*)

w(z)dG(z). Using the expression for output of Eq. (10), after a
14

JE w(2)dG(z)
LS=— LM . an
[, 21(2dG(2) + i [ 2k (2)dG(z)

3. Will machines terminate all jobs?

The rising substitutability of machines for workers has driven the
conception that machines will significantly reduce (and ultimately ter-
minate) employment. Our model, however, contradicts this conception.
We study the effects of an automation-augmenting shock (a rise in zy)
and conclude that a rise in the productivity of machines is capable of
increasing both wages and employment.

3.1. Analytical results

In this section, we study analytically how a rise in zx changes the
labor market tightness and, thus, the employment rate. To ease our ex-
position and derivations, we assume that « = 0 (implying z;(z) = z;),
but in the next section we show that our results hold under other cal-
ibrations of a. If @ = 0, our model closely resembles the standard DMP
model and we can write the wage equation that satisfies Eq. (9) as

w=(1-¢)b+¢(z; +0k;y)

K2 DfO) +1-p0—6 12
—¢[<m—'ﬁ<>[(ﬂ— O +1—pU—-6p)]| (12)

which only differs from the wage equation of the standard DMP model
because it includes a third term on the right-hand side. An important
implication of & = 0 is that the wage is independent of the productivity

14 As we assume that &, kg, and Q are not expressed in labor units, these
costs do not contribute to labor income and, thus, do not directly affect the
labor share.
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draw z. Thus, the value of the manual technology J; (z) is the same for
all draws of z.

Proposition 1. Let « = 0. Labor market tightness, 0, increases with a rise
in the productivity of the automated technology, z, iff the elasticity of the
cutoff productivity draw, z*, with respect to zy is lower than -1.

Proof. Log-linearizing the no-arbitrage condition, Eq. (3), and the wage
equation, Eq. (12), we obtain:

0=z + 2, (13)
175}

where y; > 0 and y, < 0, and we use hats to denote log-linear variables.
(See Appendix A.1 for more details on the derivations.) The signs of
and y, imply that a rise in zx will only increase @ if the elasticity of z*
with respect to zg is lower than —1. []

Thus, we must understand how a change in zx changes the distri-
bution of resources between the manual and automated technologies
before we know its effects on employment. To this end, we continue to
assume that « = 0 and combine the free-entry condition, Eq. (4), with
the no-arbitrage condition, Eq. (3), to derive:

zZg </ zdG(z) + z*G(z*)) =(Q+ k)l = p = k)l (14)

At this stage, Eq. (14) already provides an important result. If a = 0, z*
is orthogonal to 6 and w and to all of the labor market parameters and
institutions (measured by z;, b, ¢, 6, ,k;, x, and #). This implies that the
role of labor market parameters and institutions is circumvent to the
labor market, without any effect on how resources are split between the
manual and automated technologies. In our simulations below, we show
that this result does not hold if « # 0. Yet, even in this case, a change in
b,¢,6;,k, x, or n has a minor effect on z* and the labor share.

Corollary 1. Under a = 0, a rise in the productivity of the automated tech-
nology, z, increases employment, n.

Proof. By log-linearizing Eq. (14), we obtain the elasticity of z* with
respect to zy:

2 [ 2dG(2) + 2*G(z*)

Zy =T z*G(z*) ’ as

(See Appendix A.2 for more details on the derivations.) Independently
of the distribution of productivity draws, this elasticity is lower than —1.
Thus, given Proposition 1 and given that employment is only a function
of the labor market tightness and increases in tighter markets, if the
productivity of the automated technology rises, employment rises. []

3.2. Interpretation and discussion

To interpret the mechanism underlying an elasticity Zz— lower than

—1, we first recall that the no-arbitrage condition in Eq.K(S) links the
manual and the automated technology at the cutoff z*. This together
with the assumption that the automated technology is multiplicatively
linear in z imply, per se, a reallocation from the manual to the auto-
mated technology with an elasticity of exactly —1. This is expressed by
the denominator and the second term in the numerator on the right-
hand side of Eq. (15).'5 On the other hand, the value of the automated
technology increases with the productivity draw z multiplied by z, be-
ing z everywhere larger than z* for this technology. This implies that, by
the free-entry condition, Eq. (4), a firm entering the market must factor
in the whole (conditional) expected value of z as regards the automated-
technology option (and not only the value at the cutoff z*). When the

15 We note that if the productivity of the automated technology is concave in
z, then the effect of the denominator and the second term in the numerator of
Eq. (15) alone implies an elasticity smaller than —1.
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economy is hit by a positive shock to z, the average value of the au-
tomated technology increases, which reinforces the reallocation of re-
sources towards this technology. This is expressed by the first term in
the numerator in Eq. (15). Consequently, for a given shift in zg, the cut-
off z* shifts more than proportionally in order to satisfy Eq. (4). In other
words, the fact that the value of entering depends on a non-null measure
of z under the distribution G(z) induces a (negative) multiplier effect in
z*. Then, this effect implies that the value of the automated firm at the
cutoff z* falls. In order for the value of the manual firm at the cutoff
also to fall, # must increase (so that «; (6) increases; see Eq. (3)).

Looking at Egs. (3), (4) and (9) further suggests that a rise in zg
increases employment even if a« # 0 (as we confirm in Section 4.2)
and even if we conjecture different setups of our model. The
rise in zy increases expected profits of the automated technology,
/2 (Jk(2) = K )dG(z) on the left-hand side of Eq. (4). Given that Q is
constant, this increase in expected profits must be compensated by an
equal fall in expected profits either through reallocation (change in z*)
or an increase in the costs of the manual technology (greater wages,
w(z), or greater labor market tightness, #). Changes in z*, however, can
only exacerbate the rise in expected profits. Our cutoff equation (Eq. 3)
shows that profits using the manual technology (which depend on the
draw of z, z;, w, 6, and all labor market parameters) must equal the
profits of the automated technology (which depends on z, zg, 6, and
k) when measured at the cutoff productivity, z*. A rise in zx must then
rise the profit of the automated technology for all z, reducing z*: firms
shift to the automated technology because it increases their profitability
upon entry. Therefore, the free-entry condition (Eq. 4) is only satisfied
if expected profits using the manual technology fall. Looking at Eq. (9),
zg has a negative direct effect on wages (by increasing J(z)), which is
amplified by the fall in z*. Thus, after an automation-augmenting shock,
the labor market must become tighter, increasing employment.'®

Our result that an increase in zy raises employment is noteworthy
given that the manual and automated technologies are ex ante perfect
substitutes at the micro level. To shed further light on the mechanism,
we log-linearize Egs. (4) and (12) and obtain:

0 = w3zt +yuzx, (16)

where y3; >0 and y, > 0 are functions of parameters derived in Ap-
pendix A.3.7 If the automated technology becomes more profitable fol-
lowing the rise in zg, it is only natural that some firms entering the mar-
ket steer away from the manual technology and invest in the automated
technology. In our model, this reallocation effect is captured by the fall in
z*, which directly reduces employment (y; in Eq. 16). Yet, as our model
shows, we should distinguish the implications of automation at the mi-
cro and aggregate levels. In our model, firms cannot choose technology
and start production without first going through a costly learning pro-
cess (pay Q to draw z); thus, the choices made by individual firms at the
micro level give rise to a sort of complementarity at the aggregate and
general-equilibrium level that promotes firm entry and employment (y,
in Eq. 16). It turns out that the rise in z creates incentives to open firms
(aggregate effect; size of the economy) that surpass the reallocation effect,
leading to a net increase in employment (as established by Corollary 1).
Importantly, this conclusion echoes the results in most of the empirical
literature surveyed in Bessen et al. (2020) and also the empirical results
by Autor and Salomons (2018) and Gregory et al. (2021). In the spirit of
our model, many of these papers find that the direct (negative) effects
of automation are outweighed by its indirect positive effects.

16 This logic also applies to a model in which we distinguish between an eco-
nomical cutoff (as we have in our model) and a technological cutoff, which
would be technologically-determined. See Appendix C for more details.

17 Egs. (13) and (16) offer separate partial views of the dynamics of the
model. Eq. (13) highlights the dynamics imposed by the cutoff equation, while
Eq. (16) highlights the dynamics imposed by the free-entry condition.
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Fig. 2. Equilibrium wage and market tightness - the effect of higher z,. Note:
This figure plots the effects of an in increase in zy for the equilibrium of our
model in the wage-tightness space assuming that « = 0 and the free-entry con-
dition, Eq. (14), is satisfied. The intersection of the solid lines represents the
equilibrium before the rise in z,, whereas the intersection of the dashed lines
represents the equilibrium after the rise in z.

3.3. Graphical analysis

As mentioned above, our model has a closer resemblance to the DMP
model if « = 0. Thus, under this condition, we can use the typical graph-
ical analysis of the DMP model to gather further information on the ef-
fects of the automation-augmenting shock. Fig. 2 plots the equilibrium
of our model in the wage-tightness space assuming a = 0. The equilib-
rium in this space is obtained by the intersection of the wage equation,
Eq. (12), and the no-arbitrage condition, Eq. (3) (which replaces the
free-entry condition of the DMP model). Both equations maintain their
main properties from the DMP model. In tighter labor markets, work-
ers demand higher wages, implying a positively-sloped wage equation.
Also in tighter labor markets, the hiring costs are higher because of the
greater firm competition for the same pool of unemployed workers. As
a result, in tighter labor markets, manual firms only attain the same
value if wages are lower, implying the negatively sloped curve named
No-arbitrage in Fig. 2. The slope of this curve becomes clearer if we
rearrange Eq. (3) as

L1=B0=6p)
1= g1 =ég)

This equation also clarifies that the no-arbitrage condition shifts up after
arise in zx because zy z* falls (as we have shown in the case of a = 0).
The same logic applies to the wage equation, also implying an upward
shift. Thus, unambiguously, an automation-augmenting shock increases
wages.

Bw = Pz; + (kx — kL (O))[1 - 1 - 5] — zgz

4. Simulations: Explaining the labor share

Considering the clear evidence of a downward trend in the labor
share, a debate has emerged on whether this trend is mainly driven
by technological changes or by changes in labor market institutions.
Our model suggests that labor market institutions (relative to automa-
tion) play an almost insignificant role in explaining the labor share.
The model also indicates that the US labor share only falls after the
late1980rs due to the acceleration of automation’s productivity in that
period.
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Table 1

Benchmark calibration.
Discount factor: £ =0.996
Rate of manual-firm destruction: 6, =0.036
Rate of automated-firm destruction: 5x = 0.036
Matching function elasticity: n=05
Workers’ bargaining power: ¢=05

Labor productivity (elasticity): a=0

Minimum productivity draw: Zpyin = 0.15
Power term of the Pareto distribution: E=3.12
Unemployment income: b=07z, 27,
Entry cost: Q=

Cost of Capital: kg =1

Size of the labor force: L=1

4.1. Calibration

We calibrate the model to monthly US data and summarize our
benchmark calibration in Table 1. In particular, we set g = 0.996, imply-
ing an annual discount rate of 4.91%. We set §; = 0.036 as our bench-
mark, which equals the average job destruction rate in the US from 1948
to 2010 (Shimer, 2012). To maintain the parallelism between the two
technologies, we set 5 = 0.036. To calibrate the elasticity of the match-
ing function with respect to unemployment, we draw on the survey of
Petrongolo and Pissarides (2001) and set n = 0.5. We also set ¢ = 0.5
and normalize Q =1, kg =1, and L = 1. In the literature, it is com-
mon to fix b~ 0.7z; (e.g., Hall and Milgrom, 2008, Pissarides, 2009,
and Coles and Kelishomi, 2018). Based on this, we fix b = 0.7z z‘r’nin. To
be consistent with the evidence on firm size distribution (e.g., Ghironi
and Melitz, 2005, Luttmer, 2007, Gomes and Kuehn, 2017), in our
model, firms draw their productivity from a Pareto distribution, ie.,

\¢
G(z)=1- (Z";‘“) , where ¢ determines the shape of the distribution.

We set z,;, = 0.15 because of the normalization of kg and Q. To cali-
brate &, we follow Ghironi and Melitz (2005), who use & to target the
standard deviation of sales in the US plants. In our case, this target im-
plies & = 3.12.

Regarding the productivity of the manual technology, we start by
assuming that a« = 0, implying that the productivity of labor-intensive
firms is independent of the productivity draw (i.e. z;(z) = z;). In our
sensitivity analysis, however, we consider cases in which z improves
the value of the manual technology (a = 0.2) and in which z deteriorates
the value of the manual technology (a = —0.2).'® Regarding the remain-
ing parameters, z;, zg, k;, and y, to increase the comparability of our
results under the different experiments carried out in Sections 4.2 and
4.3, we pin down their values to target (i) the employment rate, n, (ii)
the labor share, LS, (iii) the labor market tightness value, 0, and (iv)
the equilibrium proportion of firms that employ the manual technol-
ogy, G(z%). In all our experiments, we target G(z*) = 50% and 6 = 1.1°
The targets of n and L.S change according to the simulation, as further
explained below.

18 Although we have no empirical counterpart of the parameter a, we note that
our assumption of a Pareto distribution (for the productivity draws) bounds its
calibration. The Pareto distribution implies that there is a large mass of firms
with productivity close to the minimum productivity draw, z_;,. All of these
firms use the manual technology. And, in Section 4.2, we show that the elasticity
of z* with respect to zyx grows at increasing rates as we increase a. Thus, if a is
(sufficiently) larger than 0.2, the elasticity z"‘—K is so high that the cutoff z* gets
very close to z,;, and the algorithm that runs the simulations of our model is
unable to converge.

19 As in Shimer (2005), our calibration strategy implies that a different target
for @ does not have any effect on our results. Thus, we simply normalize our
target for 0 to 1.
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Table 2
Elasticities.
Ay ALS An Aw Az*

Az 5.09 -4.27 0.08 0.52 -2.55
Az, 0.75 0.43 0.05 1.13 0.00
Akg -1.85 1.65 -0.03 -0.20 1.21
Ak -0.03 -0.01 -0.03 -0.01 0.00
Ab -0.12 0.02 -0.12 0.02 0.00
A¢ -0.06 0.01 -0.06 0.01 0.00
Ay 0.06 0.01 0.06 0.01 0.00
Ady 0.23 -0.43 -0.08 -0.12 0.00

Note: This table shows the effects of the shocks to the parame-
ters using our benchmark calibration. All values refer to percentage
changes and all shocks are of 1%. Thus, the values in this table may
be interpreted as elasticities. In the first column, we write the re-
spective source of the shock. In the remaining columns, we write the
elasticities of output, labor share, employment, average wages, and
cutoff.

4.2. Simulated elasticities

In this section, we present the simulated elasticities of key macroe-
conomic variables with respect to multiple parameters and under vari-
ous calibrations of our model. We study how the output, y, labor share,
LS, employment, n, average wages, w = /;;n w(z)dG(z), and cutoff, z*,
change in response to two broad types of shocks: technology and labor-
market shocks. Regarding technology shocks, we distinguish between
automation-augmenting shocks, Az, manual-augmenting shocks, Az, ,
shocks to the cost of capital, Ak, and shocks to the vacancy costs, Ak,
(as in, e.g, Hornstein et al., 2007; Karabarbounis and Neiman, 2014;
and Acemoglu and Restrepo, 2018). Regarding labor-market shocks,
we consider unemployment income, Ab, workers’ bargaining power,
A¢, matching efficiency, Ay, and job destruction rate, A§; (as in, e.g.,
Caballero and Hammour, 1998; Bentolila and Saint-Paul, 2003; Blan-
chard and Giavazzi, 2003; Bental and Demougin, 2010).

Although our numerical exercise is quantitative by nature, for now
we focus mainly on the qualitative features of our results. In particular,
because we are unable to determine analytically how the various pa-
rameters affect the labor share, this section complements our analysis
in Section 3. To standardize our experiments, every experiment refers to
a 1% increase in the respective parameter. And, in all experiments, we
calibrate the model to target an employment rate of n = 94.3% and a la-
bor share of LS = 61%.%° Table 2 shows the simulated elasticities of our
model under the baseline calibration. This table confirms the analytical
results of Section 3 and offers a number of other insights.

Result 1. An increase in the productivity of the automated technology,
zg, increases employment, n, and average wages, w, but reduces the labor
share, LS.

Table 2 confirms that a rise in the productivity of the automated tech-
nology, zg, increases employment. The significantly negative elasticity
of z* with respect to zg implies that a rise in zy reallocates resources
from the manual to the automated technology, displacing labor. But,
the greater value to open a firm induces a significant rise in the num-
ber of firms and output that ultimately outweighs the labor-displacing
effect and increases employment. Table 2 also shows that a rise in z in-
creases wages but massively reduces the labor share. In our model, the
increase in employment allows workers to demand higher wages and
capture a greater share of the match surplus. (See the graphical analysis
in Section 3.3.) Yet, the greater employment and wage are not able to
offset the shift of resources towards the automated technology, which
implies the fall in the labor share.

20 Qur targets are the labor share in the nonfarm business sector and the av-
erage employment rate in the US from 1963 to 2018. Both series are retrieved
from the BLS.
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Our results agree to a large extent with the results in
Berg et al. (2018). Although our models differ in multiple regards, an
increase in the productivity of robots in their model also leads to a
considerable rise in output, which ultimately increases the real wage
but reduces the labor share. Their model, however, is silent on the
labor supply response because it is assumed to be inelastic. In this
regard, our results are closer to the numerical findings in Cords and
Prettner (2021). These authors analyze the effects of an increase in the
ratio of industrial robots per manufacturing workers on low- and high-
skill labor. They find that overall employment rises with automation
since the increase in high-skill manufacturing jobs compensates for the
decrease in low-skill jobs.

Table 2 also confirms that the labor market parameters do not affect
the allocation of resources between the two technologies when « =0
because they do not change the cutoff, z*. Furthermore, technological
shocks have a much greater impact on output and the labor share than
equally proportional changes in the labor market institutions. In the next
section, we will calibrate the shocks in order to interpret the evolution
of the US economy in two historical periods and will show that techno-
logical shocks are the best candidates to explain the observed fall in the
labor share. In Appendix B.1, we also show that our main conclusions
from Table 2 hold under different calibrations of « and targeted G(z*).

4.3. Targeted simulations

In this section, we study how our model interprets the evolution of
the US economy in two 20-year periods: 1967-1987 and 1987-2007.%!
To analyze each 20-year period, we take three steps, summarized in
Table 3. First, we calibrate the model to match the state of the econ-
omy at the beginning of the period. We start by using our benchmark
calibration specified in Table 1. The only exception is for §; , which we
fix using the employment exit probability series in Shimer (2012) at
the beginning of the period instead of the series’ average. We also con-
tinue to pin down the (starting) values of the parameters z;, zg, &,
and y using the same four targets (n, LS, 0, G(z*); see Section 4.1).
But, since we target the employment rate, n, and the labor share, LS, to
those observed at the beginning of each 20-year period, this implies that
the obtained parameter values are specific to the 20-year period under
analysis.?? Second, we impose exogenous changes to two key parame-
ters pertaining to labor market institutions, in order to capture changes
in institutions over each period. We use the downward trend of union
density reported by Farber et al. (2021) to obtain a proxy for the fall
in workers’ bargaining power, A¢.”> And we obtain the change in the
job destruction rate, A§;, by recalibrating 6, using the employment exit
probability series in Shimer (2012) at the end of the period; this allows
us to capture the declining dynamism in the US labor market after 1987
(Davis and Haltiwanger, 2014). Third, given the described exogenous
changes in labor market institutions, we recalibrate the model to match
the state of the economy at the end of the period. We use L to target
the size of the labor force, and we use a scalar (A),>* productivity of the

21 We split the data in 1987 because the evidence in Elsby et al. (2013) indi-
cates that the labor share started to fall approximately in that year. Furthermore,
Acemoglu and Restrepo (2019) also split their analysis in two periods, before
and after 1987. In Appendix B.3, we study 30-year periods (1957-1987 and
1987-2017) and find that our results are robust.

22 The targets for the labor share are 63% and 62%, which correspond to the
average labor share in the US nonfarm business sector in 1963-1967 and 1983-
1987, respectively. The targets for the employment rate are 95.4% and 92.5%,
which correspond to the average US employment rate in 1963-1967 and 1983-
1987, respectively. The data is from the BLS.

23 We choose A¢p = —9% and A¢ = —5% in 1967-1987 and 1987-2007, respec-
tively, by interpreting ¢ in our model as a weighted average of the bargaining
power of two groups of workers, those who are and those who are not union
members. See Appendix D for more details.

24 To avoid clutter, we did not introduce A when presenting the model in
Section 2. A is a scalar of zg, z;, Q, kg, k;, and b. Thus, increases in A in-
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Table 3
Targeted simulations - calibration summary.
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Beginning of the Period (BOP, either 1967 or 1987)

Parameter Source/Target
By 65 M5 b5 @y Zyiy> &5 by Q, Ky, L Table 1
5 Employment Exit Probability at BOP (Shimer, 2012)

Zps Zgs Ky X

A=1 Normalization

0 =1, G(z*)=0.5, n and LS at BOP

End of the Period (EOP, either 1987 or 2007).

Parameter Source/Target

By Sk> My & Zyis &, b, Q, kg Unchanged from BOP

K, x Unchanged from BOP

¢ ¢ at BOP adjusted according to the change in union density (Farber et al., 2021)
173 Employment Exit Probability at EOP (Shimer, 2012)

L L at BOP adjusted by the change in the size of the labor force

A, z;, zg ¥, n, LS at EOP (given remaining changes)

Table 4
Targeted simulations — 1987 to 2007.

AA Az Az, A¢ AS, ALS An
50.54 2.95 -7.04 -5.00 -33.00 -3.56 2.52
- 2.95 - - - -17.56 0.33
- - -7.04 - - -2.83 -2.11
- - - -5.00 - -0.08 0.37
- - - - -33.00 15.21 3.08

Note: The experiments regard the period 1987-2007 and all values refer
to percentage changes. The first five columns show the magnitudes of the
shocks to the parameters. The last two columns show the implied change
in the labor share and employment (respectively) as a result of the shocks
to the parameters. In the first line, the shocks are calibrated such that our
model targets the changes in output, labor force, employment, and labor
share in 1987-2007 given the exogenously-imposed changes in ¢ and §, . In
the data, the labor share fell 3.6% and employment increased 2.5%.

automated technology (zx), and the productivity of the manual tech-
nology (z;) to target output, labor share, and employment at the end
of the period. The outcome of our exercise is a combination of distur-
bances (AA, AzK, Az;, A¢, and As;) that allows our model to match
the evolution of the US economy in each 20-year period.>> Our focus,
then, is on the contribution of each separate disturbance.

Between 1987 and 2007, in the data, the labor share decreased 3.6%
and the employment rate increased 2.5%. Table 4 shows the results of
our experiments for the same period. Changes in the scalar A are neutral
for employment and the labor share because they increase productivity,
costs, and unemployment income in the same proportion. Thus, we only
need to assess the contribution of the other factors to understand the
evolution of employment and the labor share.

The model suggests that (given changes in labor market institutions)
the productivity of the automated technology has increased more than
the increase implied by A, while that of the manual technology has in-
creased less.?® The latter means that the productivity of the manual tech-

crease wages and output in the same proportion, leaving the labor share and
employment unchanged. A is akin to Total Factor Productivity in a neoclassi-
cal aggregate production function, and we consider changes in A to scale the
economy and, thereby, to capture changes in aggregate output in the data due
to factors common to both manual and automated technologies.

25 All our analysis refers to changes in 5-year moving averages of the variables
and targets. The data is all for the US and was downloaded from the FRED. For
more details about the data and our targets, see Appendix D.

26 Table 4 shows a positive deviation of z; and a negative deviation of z,
with respect to the productivity growth implied by A. There is, however, no
technological regress in the manual technology as A grows substantially more
than z; .

nology has been outpaced by growth in the entry and hiring costs as well
as in the unemployment income. Looking at the implications of all dis-
turbances, we conclude that employment increased because of the fall
in the job-destruction rate, which significantly increases job duration.
On the contrary, the labor share decreased because of the technological
shocks. Our results in Table 4 suggest that changes in labor market in-
stitutions did not contribute to the fall in the US labor share from 1987
to 2007. The fall in workers’ bargaining power barely affects the labor
share, while the fall in labor market dynamism actually increases it. In-
deed, the fall in the job-destruction rate promotes a higher labor share
(see Eq. 11) but this increase is not enough to compensate for the highly
negative effects of the technological shocks.

Result 2. Changes in labor market institutions are unlikely to have
played a major role in the fall of US labor share after 1987. Instead, changes
in technology are a more promising candidate.

Result 2 leans against a theoretical literature arguing that the la-
bor share has fallen in recent decades due to changes in labor market
institutions (e.g., Caballero and Hammour, 1998 and Bental and De-
mougin, 2010). Yet, the models in this literature predict that the la-
bor share and employment drop simultaneously, while our model pre-
dicts that they may go in opposite directions, agreeing with the evi-
dence on the effects of automation (Autor and Salomons, 2018; Bessen
et al., 2020; Bessen, 2016; Gregory et al., 2021). Moreover, even though
simple, our model is in line with another strand of literature. For ex-
ample, Autor et al. (2020) argues that countries with very different
labor market institutions experienced a fall in the labor share, point-
ing to the existence of other explanatory factors. The empirical work of
Dao et al. (2017) confirms that logic: for developed countries, policy and
institutional factors (including labor market institutions) barely play a
role in explaining the fall in the labor share; conversely, technological
channels explain about half.

Our results broadly agree with the micro-level evidence on the evo-
lution of the US labor share. Despite the fall in the aggregate labor share,
wages in our model grow slightly more than manual productivity (z;)
in 1987-2007, implying a marginal increase in the labor share of man-
ual firms. This result agrees with the estimates in Autor et al. (2017,
2020) and Kehrig and Vincent (2021), who find that the labor share at
the typical firm has increased in recent decades. Our results also agree
with the findings in these papers that the aggregate labor share fell due
to reallocation of revenues from high labor share to low labor share
firms (manual and automated, respectively, in our model).?” Finally, our

27 Besides the long-term reallocation of value added toward low labor share
firms, Kehrig and Vincent (2021) also find that the labor share at the firm level
is transient, and emphasize the role of demand factors in explaining it. In our
paper, we only study the long-term reallocation pattern, for which it is unclear
empirically whether it is driven by demand factors or is instead driven by factors
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Table 5

Targeted simulations — 1967 to 1987.
AA Azy Az, Ad AS, ALS An
47.42 -4.36 -4.92 -9.00 27.00 -1.00 -3.05
- -4.36 - - - 10.37 -0.21
- - -4.92 - - -1.98 -0.78
- - - -9.00 - -0.10 0.41
- - - - 27.00 -10.01 -1.75

Note: The experiments regard the period 1967-1987 and all values refer
to percentage changes. The first five columns show the magnitudes of the
shocks to the parameters and the last two columns show the implied change
in the labor share and employment (respectively) as a result of the shocks.
In the first line, the shocks are calibrated such that our model targets the
changes in output, labor force, employment, and labor share in 1967-1987
given the exogenously-imposed changes in ¢ and 6, . In the data, the labor
share fell 1% and employment fell 3%.

model hints on the causes of the rise in US markups (De Loecker et al.,
2020), which we discuss in detail in Appendix F. The main takeaway
from our model is that average markups have increased due to a real-
location of sales from low-markup manual firms to high-markup auto-
mated firms. Therefore, our model highlights a technological cause of
the rise in average markups, which is consistent with the findings in
De Loecker et al. (2021).

But why did the labor share only start falling after 1987? Why didn’t
it fall, for example, between 1967 and 1987? To shed some light on
why the labor share barely changed (in the data) until 1987, we rerun
the experiments reported in Table 4 but for the 20-year period earlier.
The results are reported in Table 5. Interestingly, the model accommo-
dates the fall in employment as a simultaneous negative deviation of the
productivity growth of both technologies from the productivity growth
implied by A, given the higher job-destruction probability. Regarding
the US labor share, we get a clearer picture of its evolution by contrast-
ing the results in Tables 4 and 5.

Result 3. Our model suggests that the labor share only started to clearly
fall after 1987 because the productivity of automated technologies (and en-
suing fall in the labor share) accelerated dramatically in this period.

Different studies and evidence point in the same direction as Re-
sult 3. The acceleration in the productivity of automated technologies
concurs with the findings in other contributions using substantially dif-
ferent methods, ranging from VAR to structural growth models, to ex-
plain the fall in the labor share (Acemoglu and Restrepo, 2019, Bergholt
etal., 2019, Martinez, 2018; see also the references in Acemoglu and Re-
strepo, 2018). The acceleration also agrees with the substantial growth
of the stock of industrial robots (Prettner and Strulik, 2020).

Finally, we check whether our results are robust to different calibra-
tions of our model by rerunning the previous experiments in the cases
of a =0.2, a = -0.2, G(z*) = 0.7, and G(z*) = 0.4. Appendix B.2 shows
that the calibrated changes to zx and z; depend on the calibration of
the model as these changes adapt to the different elasticities.?® Yet, the
change in the labor share and employment in each counterfactual exer-
cise is far less sensitive to the calibration. In sum, our main points above
are not sensitive to the calibration of our model.

5. Concluding remarks

The labor share has been falling throughout the world. This phe-
nomenon contradicts the much celebrated Kaldor Facts and led many

like technology. Our model suggests that technology has played a very important
role in this long-term pattern, which concurs with the conclusions in papers
contrasting the roles of market structure and technology (e.g., De Loecker et al.,
2021; Hubmer and Restrepo, 2021).

28 Under some calibrations, we find that our model has difficulty converging
for all counterfactuals. For example, this is the case for the shock to z; when
G(z*) = 0.8 (shown in Table B.9).
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researchers to come forward with theories and evidence to explain it.
There are two prominent groups within this literature: those that ascribe
the fall in the labor share to technological evolution and those that as-
cribe it to changes in labor market institutions. In this paper, we build a
theoretical model to delve into this issue, which we think is a good start-
ing point to contrast the role of automation with that of labor market
institutions in explaining the evolution of the labor share. In our model,
firms choose between two technologies: an automated technology and
a manual technology. If they choose the automated one, they only em-
ploy capital. If they choose the manual one, they only employ labor and
behave similarly to firms in the standard DMP model.

Our model suggests that changes in technology are the leading can-
didate to account for the fall in the US labor share, especially after 1987.
In particular, our model suggests that the fall in the labor share coin-
cided with an acceleration of automation-related technological change
(which is consistent with the evidence and estimates in Martinez, 2018,
Acemoglu and Restrepo, 2019, Bergholt et al., 2019, and Prettner and
Strulik, 2020).

In this paper, we also offer insights on how automation shapes em-
ployment and wages. In our model, an automation-augmenting shock
(which increases the productivity of all automated firms) induces two
effects. First, the increased profitability of the automation technology
reallocates resources towards this technology, displacing labor. Second,
our model suggests that the shock induces greater firm entry as an
aggregate-equilibrium result. This aggregate effect benefits labor and
outweighs the reallocation effect, implying higher employment as found
by empirical studies (see Bessen, 2016, Autor and Salomons, 2018, Gre-
gory et al., 2021, and Bessen et al., 2020).2°

Our paper also contributes to the public debate on the introduction
of a robot tax. In light of our model, a robot tax can be interpreted as
one (or as a combination) of two shocks: (i) as a tax on the returns of the
automated technology, which is equivalent to a fall in its productivity,
zg; or (ii) as a tax on the (startup) cost of capital, which is equivalent
to a rise in kx. We have shown that both scenarios increase the labor
share in the model. But we have also shown that both scenarios reduce
wages and employment. Thus, our model suggests that policymakers
face a trade-off: if they introduce a robot tax, they may reduce inequality
between workers and firms’ owners but they also reduce the workers’
(absolute) standard of living.

We have chosen to build a simple model, which comes with the
benefit of analytical tractability and the ensuing clarity of the mech-
anisms at play in the model. But, even though our model also provides
insightful results that are broadly consistent with the evidence, its ab-
stractions are naturally open to criticism. For example, our model is
unsuited to offer insights about business cycle dynamics (see Choi and
Rios-Rull, 2020 for the business cycle dynamics generated by a model
similar to ours). Furthermore, there might be extensions of our model
that change its predictions. For example, labor supply is inelastic in our
model: there is full labor force participation and unemployed workers
always supply the same job search effort. In reality, however, workers
change their labor force attachment and the amount of time they search
for jobs as economic conditions change. As a result, in the presence of
high income and wealth effects, workers may prefer to reduce their la-
bor supply because they feel richer when productivity rises. In this case,
employment could fall (after automation shocks) not due to lower la-
bor demand but rather due to low labor supply. Another possibility is
to build a model in which labor and capital are complementary at the
firm level but firms can adjust the elasticity of output with respect to
the automated technology. Such a model would likely strengthen the

2% We note, however, that our model is built to study the long run and abstracts
from differences among industries. Thus, our model is silent regarding the short-
run effects of automation on employment, which may differ from those in the
long run. And is silent regarding the heterogeneous effects of automation in
different industries.
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role of changes in labor market institutions as they induce firms to ad-
just the elasticity with respect to the automated technology (similar to
Caballero and Hammour, 1998). Finally, we can also change the tim-
ing of the model. In the model of this paper, firms choose technology
at the time of entry (either manual or automated). But we can envi-
sion a model in which all firms start as manual and may change to the
automated technology later on depending on the incentives (similar to
Acemoglu and Restrepo, 2018). In such a model, automation replaces
existing labor, which may affect how automation shocks unfold in the
economy. We will consider the implications of this extension in a future

paper.
Supplementary material

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.1abec0.2022.102146
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