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The Decline of the Labor Share:
New Empirical Evidence'

By DRAGO BERGHOLT, FRANCESCO FURLANETTO, AND NICOLO MAFFEI-FACCIOLIT*

We use time series techniques to estimate the importance of four
main explanations for the decline of the US labor income share:
rising firm markups, falling bargaining power of workers, higher
investment-specific technology growth, and more automated produc-
tion processes. ldentification is achieved with restrictions derived from
a stylized model of structural change. Our results point to automation
as the main driver of the labor share, although rising markups have
played an important role in the last 20 years. We also find evidence of

capital-labor complementarity, suggesting that capital deepening may
have raised the labor share. (JEL D21, D43, E25,J51,1.23, 033, 041)

abor’s share of national income has fallen in many countries in the last decades.

In the United States, the labor income share has accelerated its decline since
the beginning of the new century, reaching its lowest postwar level in the aftermath
of the Great Recession (Elsby, Hobijn, and Sahin 2013).documents the
evolution of five alternative measures of the US labor income share. (A detailed
description of each measure is provided in Section IV.) While estimates of their
long-run trends depend heavily on accounting assumptions and, thus, are subject
to debate, they have all gone through a clear fall in the last 20 years. This relative
decline in labor income has several potential implications for policy and welfare.
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the national accounts. Gutiérrez and Piton (2020) find that labor income shares in major economies except for the
United States become relatively stable when self-employment and dwellings from the corporate sector are excluded.
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FIGURE 1. MEASURES OF THE US LABOR INCOME SHARE OVER TIME

Sources: Bureau of Labor Statistics and authors’ calculations.

Yet, a consensus view regarding the main structural forces at play is still lacking.
The aim of this paper, therefore, is to empirically evaluate and quantify some of the
main explanations for observed labor share trends in the US economy. We do this
using a combination of economic theory and time series techniques applied to US
macroeconomic data.

We consider four explanations with rather broad appeal in the literature: first,
a number of recent studies have argued that rising market power among firms
has crowded out labor’s share of income (Barkai 2020; De Loecker, Eeckhout,
and Unger 2020; Eggertsson, Robbins, and Wold 2018; Gutiérrez and Philippon
2017). These studies find evidence of declining competition and increasing market
concentration. The claim is that trends in firms’ market power have spurred profit
growth at the expense of labor income. A second take on the labor share decline con-
cerns technological progress in the form of automation or robotization (Acemoglu
and Restrepo 2018, 2020; Autor and Salomons 2018; Leduc and Liu 2021; Martinez
2019). Acemoglu and Restrepo (2020), for example, argue that many tasks previ-
ously done by workers are currently being automated on a relatively large scale.
They find that automation leads to lower employment and stagnant wages, thus
lowering the labor share of income. A third group of arguments focuses on labor
market institutions such as unions and minimum wages (Piketty 2014). Along these
lines, Blanchard and Giavazzi (2003) and Ciminelli, Duval, and Furceri (2018) find
that a decline in the bargaining power of workers—proxied, respectively, by labor
market deregulation and by major reforms in employment protection legislation—
may be responsible for substantial movements in the labor share. Finally, the fourth
explanation we consider puts forward a major role for capital-biased technology
growth. Karabarbounis and Neiman (2014), in particular, use the relative price of
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investment as a proxy for investment-specific technological progress and find that
capital deepening measured in this way may account for declining labor shares in a
number of countries including the United States. Importantly, cheaper capital should
imply lower labor income shares only if labor and capital are net substitutes, which
is exactly what Karabarbounis and Neiman (2014) find in their data.

While a large literature has discussed each of these four explanations in isola-
tion, an empirical analysis including all of them in the context of the same model
is lacking. Our aim is to fill this gap. To this end, we estimate a structural vector
autoregression (SVAR) with permanent shocks. These shocks are interpreted as can-
didate explanations for low-frequency changes in the labor share. We identify them
using theory-robust sign restrictions a la Canova and Paustian (2011), imposed on
impulse-response functions at medium-run horizons. “Theory-robust” in this context
means that the restrictions hold across a broad set of parameterizations in a bench-
mark, macroeconomic model. Our approach involves two steps: first, we set up a
fairly stylized yet flexible model of structural change. It incorporates the four candi-
date explanations of interest and nests, as special cases, several of the models used
to study declining labor shares (including those used by Karabarbounis and Neiman
2014 and Barkai 2020). We then consider the macroeconomic implications of each
candidate explanation under a broad set of model parameterizations. In particular,
we show that the explanations can be separately identified by a combination of
medium-run sign restrictions that are mutually exclusive and jointly exhaustive. The
automation shock, for example, is unique in that none of the other shocks considered
generate a medium-run rise in GDP combined with a medium-run decline in real
wages and employment. Second, we use the derived set of theory-based sign restric-
tions to identify structural shocks in the empirical model. Continuing with the auto-
mation example: if—after controlling for endogenous dynamics and other shocks
in data—one observes a medium-run rise in GDP, combined with a medium-run
decline in wages and employment, then the identification scheme attributes these
movements to automation.’ As a byproduct of our empirical approach, we can also
obtain indirect empirical evidence on the elasticity of substitution between labor
and capital—arguably a key parameter for labor share dynamics. Importantly, we
show that our identification scheme holds for about any value of this parameter, and
the estimated impulse responses from the SVAR can be used to infer whether the
capital-labor substitution elasticity is bigger or smaller than one.

The econometric approach used in this paper differs fundamentally from typi-
cal approaches in the existing literature on labor shares: while most studies draw
inferences based on cross-sectional variation in microeconomic data (at the firm or
sectoral level), we instead exploit the macroeconomic time series implications of
permanent but aggregate shocks. Moreover, we use the SVAR framework to study
medium-run trends rather than short-run fluctuations, as is normally done in the
business-cycle literature. To the best of our knowledge, this is the first paper using

21t is important to stress that the labels we assign to shocks are only as good as the underlying theoretical
assumptions: other structural forces that cause the same medium-run signs as automation, for example, but which
we abstract from in the empirical analysis, will be interpreted as automation shocks in our framework. Identifying
many shocks, as we do, naturally helps to reduce this issue.
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sign restrictions to identify several permanent shocks. Finally, we stress that our
estimation approach addresses a well-known issue in the literature on factor substi-
tution and biased technical change: Diamond, McFadden, and Rodriguez (1978),
among others, argue that factor elasticities and technology cannot be jointly identi-
fied in a theoretical model like ours. (See Ledn-Ledesma, McAdam, and Willman
2010 for further discussion of this so-called “impossibility theorem.”) We confirm
that this is likely to be the case if model equations are estimated directly, but that the
sign-restriction approach used here can get around the issue.

The empirical model is estimated on data covering the period 1983:1-2018:1I1I.
With the estimated model at hand, we set out to shed light on the observed labor
share decline in the US economy. Our main results can be summarized as follows:
first, we find that the labor income share falls permanently after a rise in automation
or a rise in firms’ market power but increases permanently in response to higher
investment-specific technology growth. The labor share response to a decline in
workers’ market power is negative in the short run, but unclear and not signifi-
cantly different from zero in the long run. Importantly, although we cannot pinpoint
the exact value of the substitution elasticity between labor and capital, the latter
two findings are only consistent with net complementarity. Our second result con-
cerns the main drivers of the labor share. We find that automation accounts for the
bulk of labor share fluctuations in our sample. The second most important factor is
firms’ market power, at least in the medium to long run. Labor markups have some
explanatory power in the very short run, while investment-specific technology only
plays a minor role. Why do we find an important role for automation? A positive
automation shock increases output in the medium run and lowers wages and total
hours, as in Acemoglu and Restrepo (2020). With the labor share defined as total
labor income over output, we emphasize that all three components of the labor share
favor a decline in response to automation. No other shock generates such a nega-
tive co-movement between output and the components of labor income, explaining
why the automation shock is favored by data.? Our third result sheds light on the
causes of the accelerating labor share decline observed in the last 20 years. A his-
torical decomposition reveals that this decline is driven both by automation and
firms’ rising market power, with the latter becoming increasingly important after
the Great Recession. Turning to investment-specific or capital-biased technology,
we find that this kind of shock, if anything, has led to an increase in the labor share
throughout the 2000s.

An important strand of the literature has focused on issues related to the measure-
ment of labor income. The seminal paper by Elsby, Hobijn, and Sahin (2013), for
example, discusses how mismeasurement of income earned by the self-employed
may exaggerate the recent decline in the labor income share. More recently, Koh,
Santaeulalia-Llopis, and Zheng (2020) show that the average decline in the labor
income share since 1929 is explained by the capitalization of intellectual prop-
erty products (IPP). In fact, the Bureau of Economic Analysis (BEA) has revised

3 At the same time, the automation shock is redistributive in nature and does not have important aggregate
effects on output. This is hardly surprising, since countercyclical wages and hours are not a prominent characteristic
of economic fluctuations.



VOL. 14 NO. 3 BERGHOLT ET AL.: THE DECLINE OF THE LABOR SHARE 167

the treatment of IPP by attributing the entire rents from IPP investment to capital
income. This choice affects the long-run trend in the labor share series, and Koh,
Santaeulalia-Llopis, and Zheng (2020) argue that at least some of the newly gener-
ated income due to IPP should be attributed to labor. Finally, disentangling capital
income from pure profit income has proven to be challenging from an empirical
point of view. Barkai (2020) argues that pure profits have increased substantially
in recent years while the capital share has decreased. Karabarbounis and Neiman
(2019) claim that the residual payments (referred to as “factorless income”) obtained
after measuring labor and capital income cannot be interpreted as pure profits and
may reflect measurement error in the capital stock or in the rental rate of capital. In
order to reduce the unavoidable issues related to the measurement of the labor share
and the profit share, we conduct an extensive sensitivity analysis using alternative
measures for those variables.

The literature on labor share trends has exploded in recent years and several expla-
nations have been proposed in addition to those included in our baseline model:
Autor et al. (2020), looking at US firm-level data, estimate that rapid technology
growth among capital intensive “superstar firms” has led to reallocation of market
shares away from labor-intensive companies. Rognlie (2015) finds that more expen-
sive residential investment and increased land scarcity have led to higher (hous-
ing) capital shares at the expense of labor income. Giannoni and Mertens (2019)
document how outsourcing—firms’ contracting of labor-intensive activities to
external companies—can explain labor share trends across US industries. Glover
and Short (2018) study labor share implications of an aging workforce, while d’Al-
bis, Boubtane, and Coulibaly (2019) estimate the effects of cross-country migration
for factor shares in OECD countries. Kaymak and Schott (2019) focus on the manu-
facturing sector and emphasize the role played by corporate tax cuts. Finally, Elsby,
Hobijn, and Sahin (2013) argue that globalization, and in particular the offshoring of
intermediate goods production to developing countries, is a promising candidate for
the decline in the labor share. Inspired by these studies, we discuss how our identi-
fication approach and main results might be interpreted in light of some alternative
explanations.

The rest of the paper is organized as follows: Section I describes a theoretical
model of structural change. Section II derives the set of theory-robust sign restric-
tions, lays out the econometric methodology, and discusses identification. Section I1I
documents our main empirical results. Section IV discusses selected extensions,
while most of the robustness exercises are included in the online Appendix. Finally,
Section V concludes.

I. Theoretical Framework

Our baseline theoretical framework is the standard neoclassical growth model,
but we add a few simple extensions that allow us to consider trends in the labor
share. Importantly, in our setup the labor share can change—albeit in some-
what reduced form—due to investment-specific technical change, automation of
labor-intensive production tasks, distortions in labor markets, and changes in the
market power of firms. The resulting framework is, with minor deviations, similar
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to those used by Karabarbounis and Neiman (2014); Barkai (2020); and Caballero,
Farhi, and Gourinchas (2017), among others.

The model economy is populated by a unit mass of firms and households. For
convenience, we also distinguish between retailers, investment producers, and con-
ventional (wholesale) firms. In the labor market, we make a distinction between
individual workers and a labor union that rents workers’ services in order to provide
labor to firms.

A. Retailers

A competitive retailer combines individual goods in order to produce an aggre-
gate, final good. The aggregation technology is standard:

€pt

1 epi—1 €1
Y, = ( 0 Y, d]) .
Y;, is output by firm j and €, is a time-varying elasticity of substitution between

inputs. The retailer chooses inputs in order to maximize profits. Optimal demand
toward firm j’s output follows

_ —€
Y, = P

P, is the price of good j relative to the aggregate price index specified below. This
downward-sloping demand function equips firms with market power and allows
them to charge a markup over marginal costs when they set their own prices. The
optimal price index is given by

1

1 N
1= (fOPj};%d]> :

Thus, we choose the final good Y, as the numeraire. It can be used for consump-
tion or investment purposes. Market-clearing dictates that

(1) Y, = G+ X,
where C, denotes consumption and X, represents raw investments.
B. Investment Producers
Following Fisher (2006), we suppose that a competitive investment goods pro-
ducer transforms raw investments X; into final investment goods. The production
technology for this activity is given by

(2) L = T.X.

Changes in T, represent investment-specific technological progress. The final good
1, is sold to households, who accumulate capital. We denote by P, the unit price of
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final investments relative to final consumption. Profit maximization on behalf of the
investment producer leads to the optimality condition

(3) Pl,t = T;19

whichin turnimplies the zero profit condition P; I, = X,. Karabarbounis and Neiman
(2014) find that falling investment prices can explain a major share of the observed
labor share decline in many countries, including the United States.

C. Labor Union
A competitive labor union combines hours from individual workers using the

technology

5w.r
1 €1 €1

_ T
L = j(; L, dn ,

where L, , is hours supplied by worker n. €, , is a time-varying elasticity of substitu-
tion between labor varieties. Optimal demand for worker n’s services follows

m’t €t
L, = W L,

W,.; is the unit cost of worker n while W, is the optimal, aggregate wage index:

1

1 T=6r
W, = (W)

D. Households

There is a unit mass of optimizing households in the economy. Household n &
[0,1] derives utility from consumption and disutility from work activities. The
period utility is equal to

Cl—o— 1—¢ L1+Lp
Z/[n,; = —1 "_’tUeXp<—\I/7( 1+)80n’t .

These preferences allow for a balanced growth path when the intertemporal sub-
stitution elasticity differs from one, as shown by King, Plosser, and Rebelo
(1988). Household n maximizes E,Y -,3 'U, ,, where (3 is a time discount fac-
tor. Maximization is subject to two constraints. The first is an intertemporal budget
constraint:

Coi+ Pl +By, < Wy L+ iK1+ Dyt (1+74)By — T,

Labor income, capital income, and profit income are denoted by W, ,L,, ,, rk K, i1,
and D, , respectively. r¥ is the competitive rental price on the current capital stock
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in place, K, ,_;. B, , represents the amount of one-period bonds purchased in period ¢
with return r,. Finally, 7, is a lump-sum tax levied by the government. The second
constraint is the law of motion for capital,

I(n,t S (1 - 5) Kn,t—l + In,t?

where ¢ is the capital depreciation rate. We assume perfect risk-sharing across
households. This allows us to consider a symmetric equilibrium (W, , = W,
L,, = L, etc.) with a representative household. The representative household’s
behavior can be summarized by the budget constraint, the law of motion for capital,
and five optimality conditions. We define the gross wage markup as M, , = W,/
MRS,, where MRS, is the marginal rate of substitution between labor and consump-
tion. Optimality conditions are stated below.

A A . \I/(l —0) Ll
(4) r = Grexp\ SV
(5) Ay = BE A (1 +7)
(6) W, = Mw,t\I’LtpCt
A
(7) P = 5Ezj\—+] réa + P (1 - 5)]
1
. (S
(8) Mw,t - Ew,t_ 1

The evolution of M,, , is exogenous from the household’s point of view. It can be
triggered by changes in union power but also by leisure preferences, demograph-
ics, or other factors that influence the supply side of the labor market. Drautzburg,
Ferndndez-Villaverde, and Guerrén-Quintana (2021), for example, provide narra-
tive evidence of the macroeconomic importance of workers’ bargaining power. We
do not take a stand on the particular drivers of M,, ,, but simply refer to them as
wage or labor markup shocks.

E. Monopolistic Firms
There is a unit measure of monopolistically competitive firms in the economy.
Their output is produced with labor and capital. Firmj € [O, 1] sets its own price in

order to maximize profits D; ;.

_ k
D‘, = Pj,t};',[ - W/tLj,t -1 Kj,t—l-
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Profit maximization is subject to the downward-sloping demand from retailers, as

well as a production technology featuring constant elasticity of substitution:
n
=1

—1 )
o = ot s ottt ]

n represents the elasticity of substitution between capital and labor. This production
function includes three distinct technological processes: A; ; and A, ,, respectively,
represent the conventional labor-augmenting and capital-augmenting technology
innovations. ¢y ,, by contrast, is interpreted as an automation shock that makes out-
put more capital intensive at the expense of labor. Its microeconomic foundation is
derived by Acemoglu and Restrepo (2018) and the references therein. They con-
sider a framework where a continuum of tasks is produced within a production unit
such as a firm. Some tasks require labor, but for others, labor and capital are per-
fect substitutes. Automation in this context is interpreted as a shift in the share of
tasks that can be produced with capital. Acemoglu and Restrepo (2018) show how
one can aggregate the tasks in order to establish a production function like ours,
with time-varying weights «; ; and oy . Importantly, o , and ¢, are decreasing and
increasing in the degree of automation, respectively. We follow Caballero, Farhi,
and Gourinchas (2017) by restricting attention to a baseline case where automation
implies thatoy;, = @ — oy ,. As before, we consider a representative firm in the sym-
metric equilibrium (P, = 1,Y;, = ¥, etc.) and define the firm’s gross markup as
M, = MC;' (price over nominal marginal costs). Firm behavior can then
be summarized by the production function as well as the following optimality
conditions:

1
n—1 Y 7
9) rtkMp,t = oy Ay ! (ﬁ)
=Ly \T
(10) WtMp,t = oy, AL <_t>
L
_ Cpa
(11) My, =

The last equation defines the optimal, time-varying markup from firms’ point of
view. Firm revenues follow:

Y, = M, (WL +rfK._)).

Movements in M, , can be caused by changes in entry costs, antitrust enforcement,
lobbying, product specialization, or other factors that directly affect the degree of
competition between firms./| We do not take a stand on the particular drivers of M
but simply refer to them as price or firm markup shocks.

P,

4This is consistent with the evidence presented by Barkai (2020); De Loecker, Eeckhout, and Unger (2020);
Eggertsson, Robbins, and Wold (2018); Gutiérrez and Philippon (2017); and Grullon, Larkin, and Michaely
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F. Aggregation and Income Accounting
Market clearing in labor and capital markets dictates that
1 . 1 . 1 .
L = j(; Lj,th K_, = j(‘) Kj,H d D, = f() Dj,th'

We suppose that bonds are in zero net supply and sum up over all households’ bud-
get constraints in order to express aggregate income:

Y, = C,+ Pl = WL +rfK_,+D.

Income shares in our simple model are defined accordingly:

S = Y, Skt = Y, Sd,t —
t t

WL, rf'K_, D,
Y,

Thus, s;, + s, + s, = 1. At this point, it is useful to evaluate how the labor
income share in our simple model reacts to structural shocks at low frequencies. To
this end, we define a long-run equilibrium as the nonstochastic equilibrium outcome
once all shock dynamics have settled down. In the online Appendix we show that

1-n

B —(1-9¢) _

Sie = L |1- 542’¢<+)Mp,t ,
./\/lp’, TtAk,t

where long-run equilibrium variables are denoted by a bar. A few remarks are in
place: first, the long-run labor share is not affected by labor-augmenting technol-
ogy or markups in the labor market. Thus, only short-run to medium-run fluctu-
ations in the labor share can be accounted for by these shocks, according to our
model. Second, higher firm markups or more automation both imply a decline in
the long-run labor share. This is true regardless of the degree of substitutability
between capital and labor. Third, the long-run effects of investment-specific and
capital-augmenting technology shocks on the labor share are observationally equiv-
alent. For this reason, it is sufficient to consider only one of the two shocks, as long
as the focus is on low-frequency dynamics. Finally, whether or not a rise in T,
(or Ak,t) reduces labor’s share of income depends crucially on 7: the labor share
unambiguously falls if » > 1, and unambiguously rises if 7 < 1. The knife-edge
case with Cobb-Douglas production (n = 1) implies no change in the long-run
labor share in response to factor-augmenting shocks. We further describe the identi-
fication challenge associated with 17 and how we address it in Section II.

(2019). These papers argue that the observed increase in firm concentration is associated with changes in competi-
tion rather than improved technological efficiency. Autor et al. (2020) support the latter view, instead.
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G. Shock Processes

Given the preceding discussion, we restrict attention to four stochastic shock pro-
cesses: exogenous innovations to firms’ price markup M, ,, to labor’s wage markup
M,, ,, to investment-specific technology T, and to the automation parameter cy,.
The processes are assumed to follow a random walk:

M,,
W[:l = 1+4+g,, = (1+g)exp(z,)

= 1+gw,t = (1 +gw)exp<zw,t)

v = l+s8r, = (1 + gr)exp(zr,)
-1

O,
Qg1

= 1+ 80, = (1 + 8,)eXP(Zap1)

The innovations themselves are autoregressive processes:

Zp,t = ppzp,t—l + O'pgp,t Zw,t = pwzw,t—l + O-w‘sw,t

r,s = Prir,—1tOreY, Zapt = PaZagi—1 T O €aypr

It is assumed that €, ,, €, €,,, and &, , are independently drawn from a normal
distribution with mean zero and unit variance. We stress that the shock processes
specified here in general imply separate stochastic trends for all variables of
interest in the model. A common stochastic trend is obtained only in a particular
special case: if the automation shock as well as both markup shocks are absent
(or if all three shocks are temporary), and at the same time 7 = 1, then one is
back to the standard, neoclassical growth model with constant long-run income
shares.

II. Empirical Strategy

We have already seen how the substitution elasticity 1 determines the response
of labor’s income share to factor-augmenting technical change. An observed fall
in the labor share, for example, can be attributed to the combination of rising
investment-specific technology (Y,) and net substitutability between capital and
labor (7 > 1) but equally well to declining investment technology and net com-
plementarity. Herein lies a potentially serious identification problem, as neither Y,
nor 7 are observed. This issue is well known in the literature and has led researchers
to suggest that one cannot simultaneously identify the capital-labor elasticity and
biased technical change. Diamond, McFadden, and Rodriguez (1978), for example,
derive nonidentification from the sign patterns produced by a fairly general class
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of neoclassical production functions.” More recently, Le6n-Ledesma, McAdam,
and Willman (2010) claim that the “impossibility theorem” developed by Diamond,
McFadden, and Rodriguez (1978) represents the received wisdom in the literature.

Faced with this challenge, applied researchers have typically opted for one of
two strategies: the first is to obtain a direct measure, or at least a proxy, of tech-
nical change. This is the route taken by Karabarbounis and Neiman (2014), who
use relative investment prices to measure investment technology, as well as by
Acemoglu and Restrepo (2020), who proxy automation by the number of robots per
worker. One can then regress the labor share on the obtained measure. Typically, this
single-equation approach derives inference from cross-sectional variation in micro-
economic data at the firm or sectoral level. The second strategy is to directly esti-
mate the full theoretical model or at least parts of it, either by maximum likelihood
(with or without priors) or by moment matching. The idea, then, is to achieve identi-
fication from the cross-equation restrictions embedded in the system of model equa-
tions. Equipped with the estimated model, one can use the Kalman filter to estimate
unobserved drivers of the labor share. While both of these approaches bear some
merits, there are important reasons why we prefer a fundamentally different identi-
fication strategy: first and foremost, since our goal is to quantify the relative impor-
tance of four different labor share drivers—all unobservable—it is not sufficient
to exploit proxy variables for only one or two shocks in a single-equation setting.
Rather, we need an identification strategy that allows us to identify and quantify all
four shocks simultaneously within the same system. Second, as we show later in this
section, 7) has very little influence on macroeconomic variables in the model other
than the labor share. System estimation where the model is fitted quantitatively to
empirical moments is, therefore, subject to a problem of weak identification unless
additional assumptions are made.”

These concerns call for an alternative strategy, still heavily guided by economic
theory, but in which theoretically consistent sign patterns of impulse-response func-
tions are exploited as a means to sidestep the identification issue. This is exactly the
approach we take here. The identification problem is addressed using a two-step pro-
cedure: first, we conduct a careful analysis of the theoretical model in order to arrive
at identification restrictions—in terms of signs—which are robust to a broad range
of values for the model’s parameters (including 7). Importantly, these theory-robust
restrictions do not involve the labor share itself. Second, we impose the derived
sign restrictions on a flexible time series model in order to estimate the evolution
of shocks and their effects on the labor share. Of course, one could go ahead and
estimate an empirical time series model, as we do, and then impose sign restrictions
on the labor share itself. However, any sign restriction imposed on the labor share
(in response to shocks that move relative factor prices, such as investment-specific
technology) would implicitly assume either net complementarity or net substitut-
ability between labor and capital. We nevertheless do this exercise as a sensitivity

5 Among others, the authors show that the data generated by one particular production function can be perfectly
replicated by another production function exhibiting different elasticities and different technical bias. See also the
discussions by Kumar and Gapinski (1974) and Thursby (1980).

6See Ledén-Ledesma and Satchi (2019) for an application. When estimating their model, the authors impose
restrictions on the elasticity of substitution between labor and capital.
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check and show that the main results are robust to additional elasticity restrictions.
The rest of this section lays out the details of our empirical strategy.

A. Step One—Theory-Robust Sign Restrictions

The objective in step one is to establish a set of theory-robust restrictions that we
can use to separately identify the potential structural forces at play in the empirical
model. The exercise follows along the lines of Canova and Paustian (2011) and
involves the following stages: first, we make one independent draw from a uni-
form distribution specific to each of the model’s structural parameters and gather the
resulting parameter values in a vector ©. Second, we solve the model conditional
on ©. Third, we compute and save the impulse responses implied by the model
solution. Stages 1-3 are repeated 10,000 times.’ This exercise leaves us with a dis-
tribution of impulse responses that can be used to establish combinations of sign
restrictions unique to each shock under consideration.

Further details about the inferred identification scheme are laid out below, but
first we make a few comments regarding the numerical approximations involved.
We use perturbation methods to solve the model, which means that we must choose
an initial point to start simulations from. Two issues arise here: first, the elasticity of
labor’s income share to various shocks depends on the initial income shares when
those shocks are realized, and the model is consistent with a continuum of distinct,
initial income shares. Second, o, and o, are not dimension-free, regardless of
which starting point we consider (see Cantore et al. 2014 for discussion of the latter
issue). Therefore, for every simulation we draw initial income shares and add them
to the parameter vector ©. In turn, the model is re-parameterized conditional on real-
ized values for initial income shares. The re-parametrization follows along the lines
of Cantore and Levine (2012). Initial equilibrium values of certain great ratios are
fixed by setting 3 = 0.99,0 = 0.025, and g, = g, = gr = &, = 0. Without
loss of generality, we also start the simulations atA;, = Y, = L, = 1. Finally, the
volatility parameters o), 0,,, 0,, and o, are normalized so that impulse responses
are computed conditional on a long-run change in M, , M, ,, T, and oy, of 1
percent. Remaining variables follow endogenously. reports chosen bounds
for the uniform distributions of parameters and initial income shares. We choose
relatively wide bands for the latter, so that the initial labor income share can take all
values observed in the postwar US economy (see Figure 1). Moreover, the param-
eter bounds span commonly used values in the literature. The elasticity of substitu-
tion between labor and capital, for example, is centered around unity with support
between 0.5 and 1.5. Applied work commonly assumes = 1 (Cobb-Douglas pro-
duction), although many empirical estimates are somewhat smaller (Leén-Ledesma,
McAdam, and Willman 2010). Karabarbounis and Neiman (2014), by contrast, find
numbers around 1.2 or even higher.

summarizes the distribution of impulse responses derived from the
Monte Carlo exercise. In the figure, we have normalized the two markup shocks so

7 Parameter combinations that violate saddle-path stability are discarded.
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TABLE 1—PARAMETER BOUNDS FOR THE MONTE CARLO EXERCISES
Benchmark model
M LB UB
Initial income shares
5 Labor income share 0.6 0.5 0.7
S Capital income share 0.3 0.225 0.375
Sq Profit income share 0.1 0.075  0.125
“Deep” parameters
o Inverse of intertemporal elasticity 3 1 5
7 Inverse Frisch elasticity 3 1 5
n Substitution between labor and capital 1 0.5 1.5
Shocks’ persistence
Py Firms’ markup growth 0.25 0 0.5
Dy Labor’s markup growth 0.25 0 0.5
Do Investment-specific technology growth  0.25 0 0.5
Pa, Automation growth 0.25 0 0.5
Notes: The table lists bounds for the uniform distributions. M indicates median, LB indicates
lower bound, and UB indicates upper bound. The parameters 0, o, 7., and 7, are normal-
ized so that impulse responses are computed conditional on a long-run change in M, , M,, ,
Y, and oy, of 1 percent.
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FIGURE 2. SIMULATION RESULTS FROM THE BASELINE THEORETICAL MODEL

Notes: The figure shows median (solid line), 90 percent, and 68 percent credible bands based on 10,000 draws.
Income shares are expressed in percentage point deviations from initial values. Remaining variables are expressed

in percentage deviations.
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that the long-run effect on output is positive. Thus, all shocks considered here will
eventually cause a rise in output. Our first part of the identification scheme comes
from the observation that wages inevitably decline following labor markup and auto-
mation shocks but rise in response to firm markup and investment-specific technol-
ogy shocks. As such, we will attribute unforecastable, negative co-movement between
GDP and wages to labor markups or automation. We further disentangle these two by
exploiting their contrasting implications for total hours worked: a decline in the wage
markup implies more competition among workers and is, therefore, a positive supply
shock in the labor market. Working hours rise as a result. Automation, by contrast,
reduces the need for firms to hire workers. As such, automation is a negative labor
demand shock that causes wages and hours to decline. These are precisely the mac-
roeconomic effects of automation documented both theoretically and empirically by
Acemoglu and Restrepo (2018, 2020). Moreover, while automation tends to imply a
relatively strong redistribution of income, with substantial displacement of labor earn-
ings, the expansion of aggregate output is rather small. (Output even declines in the
short run under several parametrizations.) In order to distinguish between innovations
to firms’ markup and investment-specific technology, we note that the former leads to
a decline in profits while profits rise in response to an increase in investment-specific
technology. The intuition is simple: stronger competition between firms implies lower
margins and, therefore, lower profits. Higher investment productivity, on the other
hand, leads to an abundance of capital and higher output. This results in more prof-
its, even though profit margins might be unchanged. For completeness, Figure 2 also
reports the impulse responses of labor income shares. Consistent with the earlier dis-
cussion, wage markup and investment technology shocks can raise or lower the labor
share, depending on whether 7 is higher or lower than one. The median response to
both shocks is exactly zero, as the distribution of 7 is centered around unity.

documents the impulse responses when we redo the simulation exercise
but restrict the distribution of 7. In the first case, values of 7 are drawn from a uniform
distribution with support [1, 1.5]. In the second case, we instead consider values in
the range [0.5 , 1] . The remaining parameter distributions are as before. As seen from
the figure, an increase in investment-specific technology, for example, unambigu-
ously lowers the labor share if > 1, while the labor share increases if n < 1.
More intriguingly, the labor share is the only variable that depends quantitatively
on the parametrization of 7. For all other variables, the impulse responses are very
similar. This implies an important insight: if we were to estimate the model and its
parameters directly, then it would be difficult to obtain a sharp identification of the
shocks driving labor income shares from the quantitative responses of GDP, wages,
and so on. If anything, the results in Figure 3 suggest that the “impossibility theo-
rem” of Diamond, McFadden, and Rodriguez (1978) applies also in a context where
a system of model equations is fitted quantitatively to empirical moments. For this
reason, we choose to infer whether or not 7 is larger than one indirectly.

A potential issue with the analysis so far concerns the measurement of profit
income, which in data might be distorted by the inclusion of some unobserved,
intangible capital (Karabarbounis and Neiman 2019). However, as shown in online
Appendix A.4.1, our sign restrictions hold even if one takes the extreme view that
all capital income is counted as profits in data. As an additional robustness test, we
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FIGURE 3. SIMULATION RESULTS FROM THE BASELINE MODEL: ) < 1 VERSUS7) > 1

Notes: This comparison of Monte Carlo results is based on 10,000 draws in the model with n < 1 (blue) and the
model with 7 > 1 (red). The median (solid line) and 90 percent credible bands (dotted lines) are shown. Income
shares are expressed in percentage point deviations from initial values. Remaining variables are expressed in per-
centage deviations.

also analyze the role of real and nominal frictions and find that impulse-response
signs are unaffected by these from quarter 16 onward (see online Appendix A.4.2).
Our restrictions are satisfied in the medium run, also, in a version of the model with
sticky investment prices (results are available upon request), although the impact
responses might differ (see Basu, Fernald, and Liu 2012 for further discussion).
Finally, we note that our model also implies certain long-run zero restrictions.
For example, a wage markup shock has no long-run effects on the labor share and
the automation shock has no long-run effects on real wages, while only the price-
markup shock has permanent effects on the profit share. We can, in principle, impose
these additional restrictions on the empirical model in order to further sharpen the
identification of different shocks. However, some of the long-run effects predicted
by our theoretical framework are not as general as the medium-run sign restrictions
described above: for example, a wage-bargaining shock affects the labor share per-
manently in models with labor market frictions and wage bargaining, unlike in our
simple framework.® We do not, therefore, impose any long-run zero restrictions in

8Bentolila and Saint-Paul (2003) show that, in a model with efficient bargaining, the long-run labor share
declines in response to a decrease in the bargaining power of workers. Moreover, they find that the effect is ambig-
uous with “right-to-manage” bargaining, depending on whether or not capital and labor are net substitutes. By con-
trast, the short-run effect of bargaining power shocks in models with search-and-matching frictions is qualitatively
consistent with the sign restrictions derived in our theoretical framework (cf. Foroni, Furlanetto, and Lepetit 2018
and Drautzburg, Ferndndez-Villaverde, and Guerrén-Quintana 2021).
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TABLE 2—BASELINE SIGN RESTRICTIONS

Labor’s M,,|  Automation oyt Firms’ M,,|  IST YT

GDP + + + +
Wages — — + +
Hours + — / /
Profits / / — +

Notes: The table lists sign restrictions on impulse responses in the empirical models. The
restrictions are imposed at quarter 16 in the baseline specification.

the baseline but instead consider them as extensions in Section I'V. Next, we lay out
the details of the second step in our empirical strategy.

B. Step Two—Empirical Specification

The simulation results just described allow us to construct theory-robust sign
restrictions that separately identify all four shocks under consideration. The sign
restrictions used in our baseline SVAR model are derived from Figure 2 (or Figure 3)
and summarized in . Combined, they account for all variation in data. Note,
however, that the signs need not hold in the short run. Rather, we use them as medi-
um-run to long-run restrictions in the empirical analysis. Our baseline identification
scheme is one where the signs are imposed 16 quarters after shocks are realized,
although alternative frequencies are explored as a robustness test. The use of perma-
nent shocks and medium-run restrictions sets us apart from the more common focus
on business cycle fluctuations in the SVAR literature (cf. Furlanetto, Ravazzolo,
and Sarferaz 2019, among others).

We believe that our restrictions are intuitive and already established in the liter-
ature: more than twenty years ago, Blanchard (1997) discussed “labor supply fac-
tors,” “shifts in the distribution of rents from workers to firms,” and “technological
bias against labor” as possible drivers of the labor share. In our framework, these
drivers are equivalent to shocks to the wage markup, price markup, and automation
respectively. Thus, all the economic mechanisms discussed by Blanchard (1997),
including the fact that technological bias against labor may lead to a decrease in
wages and hours, are consistent with the sign restrictions in Table 2.

For the empirical analysis, we consider the following reduced-form VAR model:

)4
(12) Y= CH DAY +u,
J=

where Y; is a nx 1 vector containing all the endogenous variables, C is a nx 1 vector
of constants, Ay, . . .,Ap are the nxn matrices of coefficients associated with the p
lags of the dependent variable, and u, ~ N(0,) is the nx 1 vector of reduced-form
residuals. We estimate the VAR model using Bayesian methods and the variables in
first differences. This specification of the empirical model is motivated by our theo-
retical framework, where all variables follow separate stochastic trends conditional
on the four shocks under consideration (wage markup, price markup, automation,
and investment-specific technology). Thus, we consider an empirical framework
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with permanent shocks. We specify flat priors for the reduced-form parameters so
that the posterior distribution has the usual Normal-Inverse-Wishart form and the
information in the likelihood is dominant. In order to map the economically mean-
ingful structural shocks from the estimated residuals, we need to impose restric-
tions on the variance-covariance matrix previously estimated. In particular, let 4, =
A, where ¢, ~ N(0,1,) is the nx 1 vector of structural disturbances with unit vari-
ance. A is a nonsingular parameter matrix such that AA’ = 3. In order to identify
all the shocks in the system, we need at least n(n — 1) /2 additional restrictions. The
sign restrictions summarized in Table 2, which are mutually exclusive and jointly
exhaustive, are sufficient to set apart our four structural shocks of interest. The signs
are imposed using the QR decomposition algorithm proposed by Rubio-Ramirez,
Waggoner, and Zha (2010).”

Our dataset is quarterly and spans the period 1983:1-2018:1II. Consistent with
the identification scheme summarized in Table 2, the set of endogenous variables
Y, includes four variables for the US economy: real GDP per capita, real hourly
wages, hours worked per capita, and real per capita corporate profits after tax with
inventory valuation and capital consumption adjustments. The first three variables
are taken for the nonfarm business sector so that their combination results in BLS’s
headline measure of the labor share. The latter variable is taken from the BEA and
has been used by De Loecker, Eeckhout, and Unger (2020) to externally validate
their measure of profits, although they focus on the nonfinancial corporate sector.
We take the log of all variables and then the first difference. The resulting series are
multiplied by 100. The baseline model is estimated using four lags. As mentioned in
the previous section, we impose our sign restrictions after 16 quarters, since at that
horizon they are satisfied for nearly all parameterizations in our theoretical model
(cf. in particular the response of output to an automation shock and the response of
hours to an investment-specific change). Nonetheless, we checked the robustness of
our main results by changing the horizon at which the medium-run restrictions are
imposed and the number of lags we include in the system (see the online Appendix).
The impulse responses of the labor share are then backed out from the impulse
responses of real GDP, real wages, and hours worked. Specifically, as the variables
in the system are in natural logarithms, the impulse responses of the labor share can
be simply computed as a linear combination of the impulses of its components:

IRFLS,j = IRFW + IRFhourS,j — IRFGDP,j fOrj = 0, e ,J

ages, j

The same approach is used when we compute variance decompositions as well as
the historical decomposition of the labor share data.

III. Results

This section documents our main empirical results, obtained from the estimated
SVAR model.

9 Additional details on the Bayesian estimation of the reduced-form VAR model and on the QR algorithm are
provided in online Appendix B.



VOL. 14 NO. 3 BERGHOLT ET AL.: THE DECLINE OF THE LABOR SHARE 181

Declining wage markup Rising automation  Declining price markup Rising IST
M,, e M
s MuD) (o 1) e ML)
o 1
a
S 05
0
0
[%2]
>-05
2 -0.
=
-1
2
2
3 1
T
10 20 30
i}
s
o

T 1 r T T T 1 r T T T 1 T
0 10 20 30 40 0O 10 20 30 40 O 10 20 30 40 O 10 20 30 40

FIGURE 4. EMPIRICAL IMPULSE RESPONSES FROM THE BASELINE SVAR MODEL

Notes: The figure shows posterior distributions of cumulated impulse responses to an estimated shock of one stan-
dard deviation using the baseline identifying restrictions. Median (solid line) and 68 percent probability density
intervals (shaded area) are based on 10,000 draws. The median and the percentiles are defined at each point in time.

A. Labor Share Responses to Structural Change

We first use the estimated model to ask the following question: how does the
labor income share respond to permanent changes in wage markups, automation,
price markups, and investment-specific technology? Empirical cumulated impulse
responses for the four variables included in the SVAR are reported in . The
implied labor share responses are documented in In both figures the hor-
izontal axis measures time in quarters from impact to 40 quarters after innovations
have occurred. The vertical axis represents the responses in percentages.

We start by considering a negative wage markup shock. This shock can be inter-
preted, for example, as a decrease in the bargaining power of workers. It leads to
a higher GDP and increased hours, while wages drop. Without any restrictions on
profits, we also obtain a persistent rise in the majority of draws. This is consistent
with the theoretical framework. The more interesting response is that of the labor
share, which declines significantly on impact. Intriguingly, a short-run decline in
the labor share after falling wage markups is only consistent with complementarity
between labor and capital. This is our first piece of indicative evidence about the
likely size of 7. Moreover, the median labor share response goes back toward zero
after a few periods. Recall that the theoretical model implies a zero long-run effect
on the labor share of shocks to the wage markup. Our empirical estimates recover
that feature, but without any restrictions on the labor share response.
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FIGURE 5. IMPLIED LABOR SHARE RESPONSES TO STRUCTURAL CHANGE

Note: The figure shows posterior distributions of cumulated impulse responses of the labor income share to an
estimated shock of one standard deviation using the baseline identifying restrictions. The median (solid line) and
68 percent probability density intervals (shaded area) are based on 10,000 draws. The median and the percentiles
are defined at each point in time.

Next, we consider the responses to a positive automation shock, identified by a
rise in GDP at quarter 16, combined with negative wage and hours responses in that
period. While the long-run dynamics of these variables are in line with the identi-
fication scheme, the very short-run effect on GDP is ambiguous. This is consistent
with findings by Acemoglu and Restrepo (2018), who argue that automation might
reduce economic activity in a transition period as firms and workers prepare for
more automated production technologies. Without restricting profits, we also obtain
a positive response as in the theoretical framework. The labor share, by contrast,
decreases substantially and on a permanent basis.

The macroeconomic responses to an expansionary price-markup shock are reported
in the third column in Figure 4. This shock is assumed to raise output and wages while
at the same time lowering profits at quarter 16. We note that hours, which are left unre-
stricted, increase for the bulk of draws. More importantly, the labor income share that
is plotted in Figure 5 rises unambiguously, as in the theoretical model, at least when
we consider responses beyond the very short run. At lower frequencies, the median
labor share response is sizeable.

Finally, the last column in Figure 4 documents how an investment-specific
technology shock affects the observables in our model. GDP, wages, and profits
increase by assumption (at quarter 16), but hours tend to rise too. More interest-
ingly, after a few quarters the labor share responds positively in the vast majority
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FIGURE 6. VARIANCE DECOMPOSITIONS AT DIFFERENT FREQUENCIES

Note: The colored areas represent the point-wise median contributions of each identified shock to the forecast error
variance of each variable (in levels) at horizons j = 0,1, .. .,40 using the baseline identifying restrictions.

of draws. This is shown in Figure 5. Thus, the SVAR is informative about the sign
of the labor share response despite not imposing any restriction on this variable.
From a theoretical point of view, the investment shock implies rising productivity
of capital relative to labor. A positive labor share response in our empirical model
is, therefore, consistent with an elasticity of substitution between labor and capital
smaller than one. This is our second piece of evidence in favor of net capital-labor
complementarity.

B. What Are the Main Drivers of the Labor Share?

Next, we ask the model to quantify the relative importance of the four structural
shocks under consideration. To this end, we compute the share of the variance of
a given variable attributable to each shock in the system. This is done at different
frequencies from impact to 40 quarters ahead. shows the results.

Importantly, we find that at least half of the variation in the labor income share
is due to automation. The role of automation is even more prominent in the short
run, where it accounts for over 80 percent of fluctuations. At longer horizons,
the remaining fraction of labor share fluctuations is mostly attributable to price-
markup shocks, while investment-specific technology only plays a very minor role.
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Wage markups have some explanatory power in the short run, but their importance
becomes negligible at longer horizons.

All in all, automation and firms’ markups are dominant drivers of the US
labor income share, while investment or capital-biased technology are not. Such
an important role for automation emerging from the SVAR can be explained on
intuitive grounds: a positive automation shock increases output in the medium
run and lowers wages and total hours, in keeping with the effects discussed in
Acemoglu and Restrepo (2020). With the labor share defined as total labor income
over output, we remark that the response of each variable favors a decline of the
labor share. Put simply, the numerator of the labor share decreases, while the
denominator increases. No other shock generates such a negative co-movement:
investment-specific technology shocks stimulate output but also increase wages. A
decline in the bargaining power of workers lowers wages but increases total hours
worked. Finally, an increase in markups reduces labor income but at the same time
generates a decline in output. Thus, all disturbances except the automation shock
come with counteracting forces that effectively dampen the labor share response.
This makes it harder for these other shocks to explain the large labor share decline
of the last twenty years without the support of counterfactual implications. We
note, however, that price markups still play a significant role. They imply nega-
tive co-movement between the growth rates of output and profits, suggesting that
periods in which such negative co-movement takes place coincide with significant
changes in the labor share.

Next, we discuss the role of the four identified shocks for the remaining variables
in the system. A couple of remarks are warranted. First, investment-specific technol-
ogy as well as wage and price-markup shocks explain the bulk of variations in GDP
and wages. Fluctuations in hours, by contrast, are mainly driven by wage markups
and to some extent by price markups. At first glance it might seem surprising that
automation, while being important for the labor share, plays such a minor role for the
macroeconomy. Note, however, that automation shocks are redistributive by nature:
they shift the composition of factor use but do not necessarily lead to large changes
in aggregate activity (see Acemoglu and Restrepo 2018 for further discussion). In
addition, they generate countercyclical wages and hours that are not standard fea-
tures of economic fluctuations, despite being very useful to generate the labor share
decline. Turning to profits, they are well explained by investment-specific technol-
ogy in the short to medium run, while price markups and automation have signifi-
cant explanatory power in the long run. Our results are broadly in line with common
findings in the literature on estimated macroeconomic models where these shocks
are quantified. Note, however, our departure from that literature by focusing on per-
manent rather than temporary shocks.

C. What Caused the Observed Labor Share Decline?

Our final result concerns the relative importance of different explanations for the
labor share decline observed in data. To this end, we carry out a historical decom-
position of the labor share. displays the labor share decomposition in devi-
ations from its mean. A brief remark about the deterministic component (initial
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FIGURE 7. A HISTORICAL DECOMPOSITION OF THE LABOR SHARE

Note: The colored bars present the evolution of the labor share, in deviations from its mean, attributable to the
deterministic components (initial conditions) of the SVAR and to each structural shock, based on the median-target
model of Fry and Pagan (2011).

conditions) is warranted. This component can be interpreted as our model-based
forecast of the labor share in the very beginning of the sample, given the estimated
SVAR coefficients and the initially discarded observations. That forecast entails an
evolution of the labor share broadly in line with its initial observations. That is, the
deterministic component does not play a big role in explaining the secular labor-
share decline (see Giannone, Lenza, and Primiceri 2019 for a discussion on the
pathological behavior of initial conditions in VAR models).

Turning to the structural shocks of interest, it is clear that, according to our model,
automation and firms’ rising market power are key for understanding the post-2000
labor share evolution. Automation has become an increasingly important factor
since the early 2000s, while the role of price markup shocks is particularly important
after 2009, in keeping with the decomposition presented in Giannoni and Mertens
(2019). These results corroborate well with the view put forward by Elsby, Hobijn,
and Sahin (2013): reasonable explanations for the labor share decline should be con-
sistent with the timing of this decline. Automation and the large increase in profits
are recent phenomena whose timing correlates well with the sharp decline of the
labor share. By contrast, investment-specific technological progress and the decline
in unionization, which could proxy a decline in wage markups, started long before
the beginning of the new century.

Finally, we find that investment-specific shocks, if anything, have led to a mild
increase in the labor share. This is particularly true during most of the 2000s. Again,
the conditional labor share increase following rising investment-specific technology
suggests net complementarity between labor and capital. Karabarbounis and Neiman
(2014), by contrast, find that labor and capital are net substitutes. Given the debate
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FIGURE 8. A THOUGHT EXPERIMENT

Notes: The figure shows posterior distributions of cumulated impulse responses of the labor income share to an
estimated shock of one standard deviation using the baseline identifying restrictions and imposing net substitution
between capital and labor. The median (solid line) and 68 percent probability density intervals (shaded area) are
based on 10,000 draws. The median and the percentiles are defined at each point in time. The colored areas repre-
sent the point-wise median contributions of each identified shock to the forecast-error variance of the labor share
at horizonsj = 0,1,...,40.

on the degree of labor-capital substitutability, we now consider the following thought
experiment: for the sake of argument, we suppose for a moment that capital and
labor are net substitutes and restrict the SVAR model accordingly. We thus impose
that the labor share is procyclical in response to price and wage markup shocks
and countercyclical in response to automation and investment-specific shocks (sign
restrictions are still imposed 16 quarters ahead). The resulting impulse responses,
presented in , merely reflect these identification assumptions. More interest-
ingly, the variance decomposition obtained from this nonagnostic exercise reveals
that although we impose a labor share decline in response to investment-specific
innovations, these shocks turn out to be quantitatively unimportant. Shocks to auto-
mation and price markups remain the dominant drivers of the labor share, with the
latter now explaining about 50 percent of the variance at the ten-year horizon. Thus,
our baseline findings to do not depend on net complementarity between factors of
production. This exercise constitutes, we believe, an important validation for the
main results of our paper.
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D. Taking Stock—How to Interpret our ldentified Shocks

This paper shows that, from an empirical point of view, disturbances that gener-
ate a negative correlation between wages and GDP and, at the same time, a positive
correlation between wages and total hours worked account relatively well for the
labor income share in the postwar US economy. The most natural interpretation of
these disturbances, in our view, is that they may capture automation of production
processes in certain firms or industries. We note that the negative effects on both
wages and hours worked set our estimated disturbances apart from most explana-
tions about conventional, factor-augmenting technologies. Moreover, since the dis-
turbances tend to cause co-movement between output and profits (or, alternatively,
between output and nonlabor income), we find a pure markup explanation less
likely. Although automation may come in different forms, we have in mind the kind
described by Acemoglu and Restrepo (2018, 2020), where production processes are
automated in such a way and at such a large scale that the importance of labor as a
factor in production diminishes in aggregated data. It is on this basis that we label
the estimated disturbances as “automation shocks.”'"

Nevertheless, additional explanations may still be consistent with the empirical
patterns documented in this paper. One alternative is trends in globalization, import
competition, or offshoring out of the US economy, as originally proposed by Elsby,
Hobijn, and Sahin (2013). To this end, the relevant question for our purpose is how
such trends would affect the taxonomy of shocks in Table 2. We acknowledge the
possibility that globalization patterns may imply an increase in output and a decline
in wages and hours worked, although there is no agreement in the literature on the
magnitude of such displacement effects of globalization on the US labor market.
However, we also note that recent analyses of industry-level and establishment-level
data downplay the importance of open economy factors for labor share dynamics in
the US economy (Giannoni and Mertens 2019; Autor et al. 2020).

Another possible explanation concerns changes in monopsony power. Again,
the relevant question for our purpose is how monopsony power would affect the
taxonomy of shocks. In a market with monopsony power, reductions in minimum
wages (a classic example of reduction in the bargaining power of workers) are
likely to result in lower hours and output, as shown in the seminal paper by Card
and Krueger (2000). Alpanda (2018) adds monopsony power in the labor market
into an otherwise standard New Keynesian model and also finds that a reduction in
the bargaining power of worker leads to lower hours and output, unlike in our base-
line model with monopolistic competition in the labor market.'! In such a scenario,
bargaining power shocks would satisfy the restrictions that we impose to identify
investment-specific technology shocks, and the two shocks would be commingled.
However, bargaining power shocks would not be mixed with automation.

19Some microfounded models of automation imply that TFP depends on the level of automation. In such a
case, one may get a long-run rise in the real wage in response to an automation shock. However, as illustrated by
Acemoglu and Restrepo (2018) in their Figure 6, the real wage still declines in the short to medium run unless the
productivity effects are too large. We further discuss such productivity effects of automation in the online Appendix.

"nterestingly, Alpanda (2018) shows that the bargaining-power shock is the only shock whose transmission
mechanism is qualitatively different in presence of monopsony power.
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Finally, we emphasize the potential role played by so-called superstar firms, as
proposed by Autor et al. (2020). They document rising concentration levels in sev-
eral industries in the US economy, with significant reallocation of market shares
toward certain large and capital-intensive “superstars.” This between-firm reallo-
cation of market shares, rather than a broad-based labor share decline within firms,
is found to be the reason why one observes falling labor shares in aggregated data.
Kehrig and Vincent (2020) obtain similar results but with a focus on the manufactur-
ing sector. These results may, at least in part, reflect the emergence of platform com-
petition or advances in information technology, as argued by Aghion et al. (2022).
Baqaee and Farhi (2020) find that the reallocation of market shares has led to a large
increase in TFP and thus to an increase in output. Taken together, therefore, it seems
reasonable that the emergence of superstar firms led to a rise in aggregate output and
a decline in total hours. It is not obvious where such technology-driven reallocation
would show up in our framework. Given the taxonomy in Table 2, the behavior of
real wages becomes crucial: if the emergence of superstar firms is associated with
lower wages, then this event would be bundled together with our automation shock.
If it is associated with a wage increase, by contrast, then we obtain a new set of
sign patterns that have not been considered so far: a disturbance causing positive
co-movement between output and wages and negative co-movement between wages
and hours. While neither of the two cases can be ruled out, we believe that the avail-
able evidence favors a wage increase as a response to a “superstar firm shock.” In
fact, both Autor et al. (2020) and Kehrig and Vincent (2020) find that fast-growing
establishments featuring a low labor share tend, if anything, to pay somewhat higher
wages than their peers. Therefore, as a sensitivity check, we extend our baseline
empirical model to include a superstar firm shock. This shock is defined in Table 3.
We also introduce a new observable variable, the utilization-adjusted TFP series
provided by Fernald (2014). In order to be consistent with microeconomic evidence
suggesting a cross-sectional reallocation mainly in terms of output per worker (and
not in terms of wages), we impose the conservative assumption that the labor share
has to decrease in response to a superstar firm shock. This assumption is well in line
with the narrative of how superstar firms affect the labor share. The estimated vari-
ance decompositions of TFP and the labor share are shown in [Figure 9. Consistent
with microeconomic findings, our superstar firm shock turns out to be a major source
of fluctuations in TFP. However, this shock plays a rather limited role for the labor
share, despite our restriction that the labor share should decline.'? Automation and
price markups, instead, remain the main drivers in this respect.

All in all, we stress that disturbances generating negative co-movement between
wages and GDP and positive co-movement between wages and hours are found
to be important for the US labor share. While we interpret these disturbances as
automation shocks, it is certainly possible to entertain the idea that other structural
factors produce the same type of co-movements in the data. But for this to be the
case, these other factors need to operate through channels that are more sophisti-
cated than the conventional ones emphasized by our simple, theoretical framework.

12 The superstar firm shock becomes even less important for the labor share if we leave it unrestricted.
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TABLE 3—SIGN RESTRICTIONS WITH TFP AND AN IDENTIFIED SUPERSTAR FIRM SHOCK

Rising
Labor’s M,,|  Automation c;t  Firms’ M,,|  ISTYT  superstar firms
GDP + + + + +
Wages - - + + +
Hours + — / + _
Profits / / — + +
TFP / / / / /
Note: The restrictions are imposed at quarter 16.
TFP Labor share

0 10 20 30 40 0 10 20 30 40
B Wage markup I Automation =3 Price markup
I Investment-specific technology [ Superstar firms

FIGURE 9. AN ASSESSMENT OF TECHNICAL CHANGE DUE TO SUPERSTAR FIRMS

Note: The colored areas represent the point-wise median contributions of each identified shock to the forecast error
variance of each variable (in levels) at horizons j = 0,1, . ..,40.

IV. Robustness and Extensions

We have conducted an extensive battery of robustness tests in order to evaluate how
sensitive our main results are to perturbations to the baseline setup. These robustness
tests are discussed in detail in the online Appendix and we only summarize them briefly
here. First, we perform a Monte Carlo study in order to assess whether the sign restric-
tion scheme is able to identify the main drivers of the labor income share. Second,
we inspect the role of the horizon in which sign restrictions are imposed as well as
lag specifications in the SVAR, samples, and priors. Third, we investigate whether
the measurement of profits and other nonlabor income affects the results. Fourth, we
exploit additional medium-run and long-run (overidentifying) restrictions implied by
the theoretical framework. Finally, we dig deeper into selected labor market effects,
including the responses of routine and nonroutine employment. This rather broad
set of exercises documents that our main results are remarkably robust to changes in
the baseline setup. Automation and price markups, in particular, explain the bulk of
labor share fluctuations across all sensitivity checks. Interested readers are invited
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to consult online Appendix C for further details. In the remainder of this section, we
document a few extensions and sensitivity checks of special interest.

A. Capitalization of IPP

In arecent paper, Koh, Santaeulalia-Llopis, and Zheng (2020) investigate implica-
tions for the labor share of a change in how the Bureau of Economic Analysis (BEA)
treats intellectual property products (IPP) in the national accounts. The authors note
that IPP, which used to be defined as intermediate expenditure, has been revised so
that it now enters in the product accounts as investment. By construction, the move-
ment of IPP from intermediate expenditure to investment implies an increase in GDP.
In order to preserve the accounting identity between product and income accounts,
this GDP increase must then be matched by an equal rise in one or several posts
in the income accounts. How this newly recognized income affects the measured
labor share depends crucially on how it is distributed between labor and capital, as
emphasized by Koh, Santaeulalia-Llopis, and Zheng (2020). The BEA attributes the
entire contribution of IPP to gross operating surplus, i.e., to nonlabor income. This
naturally implies a mechanical downward shift in the measured labor income share.
Moreover, since IPP has grown at a faster rate than GDP since 1929, the labor share
trend is also affected. Interestingly, Koh, Santaeulalia-Llopis, and Zheng (2020)
find that the entire secular decline of the labor income share during the last 90 years
disappears if they “de-capitalize” IPP by following the same accounting rules as
the BEA did before 1999. The question, then, is how much of the IPP income—if
any—should be treated as labor income, and how this in turn affects secular trends
in the labor share. Koh, Santaeulalia-Llopis, and Zheng (2020) argue that the split
chosen by the BEA is too extreme.

We do not take a stand on this question, but ask instead if our main results are
affected by the BEA’s revision of accounting standards. To this end, we decapitalize
IPP following the procedure in Koh, Santaeulalia-Llopis, and Zheng (2020), where
IPP is subtracted from GDP. Our measure of the resulting labor share with decapital-
ized IPP is shown in , panel A" Consistent with Koh, Santaeulalia-Llopis,
and Zheng (2020), we obtain an IPP-adjusted labor share, which is both higher at
any given point in time and displays less of a downward trend than its counterpart
based on the current BEA revision standard.'? Since the data on IPP are yearly, we
next estimate two annual versions of the baseline SVAR model: one with and one
without IPP adjustments. The first is our annual baseline; the second is consistent
with the BEA accounting standards before 1999. The variables in the system are as
before, but now for the total economy and deflated with the GDP deflator as well

13 The IPP-adjusted labor share series in Koh, Santaeulalia-Llopis, and Zheng (2020) starts in 1929, but we only
plot it from 1948 and onward. This is because the decomposition of labor income into wages and hours worked goes
back to 1948, and our identification scheme requires us to observe that decomposition.

14 The linear trend for the IPP-adjusted labor share has a slope coefficient of —0.03, while the BEA labor share
has a slope of —0.07. Compared with Koh, Santaeulalia-Llopis, and Zheng (2020), we obtain a slightly negative
slope for the IPP-adjusted labor share because our sample starts in 1948. The slope in Koh, Santaeulalia-Llopis,
and Zheng (2020) is instead affected by a historically low labor share in 1929, at 62 percent.
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FiGURE 10. THE ROLE OF IPP CAPITALIZATION

as the civilian population.'? Real wages are computed by summing the compen-
sation of employees to the share of ambiguous labor income and then dividing by
hours of all persons and employees from the BEA. The sample covers the period
1948-2018. Our SVAR model is estimated with one lag, and we impose the baseline
sign restrictions from Table 2 at horizon 4. Results are shown in Figure 10, panel B.
Interestingly, the main results from Section III are robust to both the use of annual
data (first row) and to our decapitalization of IPP (second row). Automation remains
the main driver of the labor share, although investment-specific technology becomes

15Here we use the total economy in order to match exactly the data in Koh, Santaeulalia-Llopis, and Zheng
(2020). Results are almost identical if we instead consider the nonfarm business sector. These results are available
upon request.
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somewhat more important compared with the baseline in Figure 6. However, we still
find that the investment-specific shock leads to a persistent rise in the labor share
after a few years. All in all, the important role for automation and price-markup
shocks is also confirmed when using the labor share series with decapitalized IPP.

B. Measurement of Labor Income

The seminal paper by Elsby, Hobijn, and Sahin (2013) documents challenges
associated with the measurement of labor income. From an accounting perspective,
total labor income W, L, is the sum of labor income for payroll workers, W7 L, and
labor income for self-employed workers, W; L;. The statistical treatment of the latter
group is subject to substantial debate because measured income for the self-em-
ployed, or so-called “proprietors’ income,” reflects returns on both work effort and
investment. Thus, there is no straightforward way to disentangle labor payments
from revenues that accrue to capital. The BLS assumes that self-employed workers
pay themselves the average hourly wage of workers on payroll, so that

o W WL (LYW

Y Y LY) Y

As noted by Elsby, Hobijn, and Sahin (2013), this assumption likely results in an
overstatement of the overall decline of the labor share and even implies a negative
capital share in the proprietors’ sector in the 1980s.

We address this measurement issue in four different ways: first, by focusing
WrLy
Y,
roll share. This measure unambiguously reflects payments to labor since it takes

solely on , which Elsby, Hobijn, and Sahin (2013) refer to as the nonfarm pay-

self-employment income out of the picture. Second, we consider the labor share
for the nonfinancial corporate sector, as proposed by Karabarbounis and Neiman
(2014). Corporations must declare payrolls and profits separately for fiscal pur-
poses. Thus, there is no ambiguity in the way income is treated and how it accrues to
labor or capital. However, this comes at the cost of focusing on a smaller share of the
economy. Third, we consider the measure referred to by Kravis (1959) and Gomme
and Rupert (2004) as the “economy-wide” labor share. The assumption underly-
ing this measure is that the self-employment labor share is the same as that of the
WLy

Y-y
Y} is proprietors’ income without consumption allowances and inventory valuation

overall economy. This assumption allows us to restrict attention to where

adjustment. Finally, we consider the labor share in manufacturing using annual data,
which is of interest in its own respect. Throughout, we adjust the other variables in
the SVAR model so that they correspond to the labor share measure used.

Results with the four alternative measures (payroll, nonfinancial corporate,
economy-wide and manufacturing) are summarized in . In sum, our
baseline results are robust across different definitions of the labor share, with price
markup shocks and automation accounting for the bulk of variation in labor share
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FIGURE 11. EMPIRICAL IMPULSE RESPONSES WITH ALTERNATIVE LABOR SHARE MEASURES

Notes: The figure shows posterior impulse responses and variance decompositions. The horizontal axes with man-
ufacturing data present periods in years. See Figure 4 and Figure 6 for further details.

data. Price markups become slightly more important for low-frequency fluctuations
in the labor share when we restrict our analysis to the nonfinancial corporate sector.
This result is not too surprising given a relatively large increase in the profits-to-GDP
ratio for the nonfinancial corporate sector compared with the overall economy.
Finally, the labor share responses to investment-specific technology shocks are
mostly positive, while they are negative on impact in response to wage markups
regardless of the measure used. Thus, our indicative evidence of labor-capital com-
plementarity is confirmed across all measures of the labor income share.

C. Introducing the Relative Price of Investment

Finally, in order to assess the external validity of our empirical approach, we
investigate how our identified shocks relate to the relative price of investment, an
economic variable of particular interest. Up until now the investment price, which
is readily observable in the national accounts, has not been used at all to inform our
estimates. Yet, the theoretical framework in Section I offers rather broadly accepted
predictions, which can be used to gauge the main results. The investment-specific
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FIGURE 12. EMPIRICAL RESULTS WITH THE RELATIVE PRICE OF INVESTMENT

Notes: The figure shows posterior impulse responses and variance decompositions. See Figure 4 and Figure 6 for
further details.

technology shock, in particular, should reduce the relative investment price, stim-
ulate real investments, and be a major driver of investment prices in the long run
(Fisher 2006). Karabarbounis and Neiman (2014) even use the relative price of
investment as a proxy for investment-specific technology shocks. To this end, one
can check whether such theoretical predictions hold up when the investment price is
included in the SVAR without any restrictions. In what follows we add, one by one,
the relative price of investment and real investments per capita. We then estimate the
augmented SVAR with the baseline restrictions shown in Table 2.

The results are reported in the first two rows in . The first row pres-
ents the impulse responses and the variance decomposition of the relative price of
investment. Remarkably, a rise in investment-specific technology causes the relative
investment price to decline permanently. Moreover, this shock is also its main driver.
We find these results reassuring since none of them were imposed. The second row in
Figure 12 presents the results for real per capita investment. The investment variable
increases significantly and permanently in response to wage markup, price markup,
and investment-specific technology shocks. Two results stand out: first, in line with
the work of Gutiérrez and Philippon (2017), price markups are important drivers of
investment and thus might help to explain its recent slowdown. Second, automation
does not seem to affect this variable at all, in line with its small effect on aggregate
variables observed in Section III.
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As a final exercise involving the investment price, we exploit the theoretical
prediction that only the investment-specific technology shock can affect it per-
manently, as in Fisher (2006). The motivation is twofold: first, this restriction
allows us to disentangle investment-specific technology shocks from TFP and
other technological innovations. This is useful since TFP, for example, may be
confounded in the signs currently used to identify investment-specific technology.
Second, the use of long-run zero restrictions may help to sharpen our identifica-
tion of other shocks in the system as well. To this end, we (i) separate TFP and
investment-specific technology from the other driving forces by imposing the sign
restrictions in Table 2, where the last column now applies also to TFP, and (ii) sep-
arate TFP from investment-specific shocks by adding a long-run zero restriction on
the response of investment prices to all shocks except those to investment-specific
technology. In order to appropriately combine the zero and sign restrictions, we
use the “state-of-the-art” algorithm recently introduced by Arias, Rubio-Ramirez,
and Waggoner (2018).

The third and fourth rows in Figure 12 summarize the results when we add
the relative investment price as an observable and disentangle TFP from
investment-specific technology in the way described above. Interestingly, we find
a decline in the investment price in response to investment-specific shocks that is
tightly estimated compared with the case where we do not impose any long-run
restrictions (Figure 12, first row). Naturally, the long-run zero restrictions force
investment-specific technology to explain virtually all the fluctuations in invest-
ment prices, at least at low frequencies. Moreover, while TFP now accounts for
most of the labor share fluctuations previously interpreted as being driven by
investment-specific technology, we keep the conclusion that automation and price
markup shocks explain the lion’s share.

V. Conclusions

The labor share of national income has fallen in many countries in the last
decades. In the United States, the labor income share has accelerated its decline
since the beginning of the new century, reaching its lowest postwar level in the
aftermath of the Great Recession. While this observation has led to substantial inter-
est among policy makers and in the popular press, a consensus view regarding the
structural forces at play is still lacking. In this paper, we quantify and interpret four
main explanations for the secular decline of the US labor income share. To this end,
we estimate a time series model with permanent shocks, identified with theory-ro-
bust sign restrictions. To the best of our knowledge, this is the first paper to quantify
the relative importance of these forces within a unified framework. Moreover, our
econometric approach to achieve identification differs fundamentally from previous
literature: while most studies draw inferences based on cross-sectional variation in
microeconomic data (at the firm or sectoral level), we instead exploit the time series
properties of macroeconomic data, thus providing a potentially useful complement
to the existing literature.

Our main empirical results can be summarized as follows: first, in the postwar US
economy, automation and firms’ rising market power unambiguously lower the labor
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income share, while capital deepening in the form of higher investment-specific
technology growth tends to raise it. The latter result suggests that labor and capital
are net complements as factors of production. Second, the estimated model assigns
a major role for automation and firm markups as drivers of labor’s income share,
especially at lower frequencies. The labor share implications of shocks to labor’s
markup and investment efficiency, by contrast, are not supported by aggregate time
series data on labor income. Third, we decompose the historical evolution of the
US labor income share and find that most of the precrisis decline can be attributed
to automation, while firms’ rising market power has been an increasingly important
source of low labor shares since the Great Recession. Interestingly, our historical
decomposition suggests that investment-specific technology has tended to raise the
US labor income share, at least in the 2000s.

While this paper offers a benchmark account of the evolution of labor shares in
the postwar US economy, we acknowledge that more work needs to be done on
the precise transmission mechanisms involved. Disentangling the automation nar-
rative from globalization, for example, seems a fruitful area for future research.
Moreover, we have ignored distributional aspects such as those studied by Moll,
Rachel, and Restrepo (2019). Extending our setup to study questions related to the
cross-sectional effects of automation and market power will likely be an important
research topic going forward.

REFERENCES

» Acemoglu, Daron, and Pascual Restrepo. 2018. “The Race between Machine and Man: Implications
of Technology for Growth, Factor Shares and Employment.” American Economic Review 108 (6):
1488-1542.

» Acemoglu, Daron, and Pascual Restrepo. 2020. “Robots and Jobs: Evidence from US Labor Markets.”
Journal of Political Economy 128 (6): 2188-2244.

Aghion, Philippe, Antonin Bergeaud, Timo Boppart, Peter J. Klenow, and Huiyu Li. 2022. “A Theory of
Falling Growth and Rising Rents.” Federal Reserve Bank of San Francisco Working Paper 2019-11.

Alpanda, Sami. 2018. “Business Cycles with Oligopsonistic Competition in Labor Markets.” Unpub-
lished.

» Arias, Jonas E., Juan F. Rubio-Ramirez, and Daniel F. Waggoner. 2018. “Inference Based on Struc-
tural Vector Autoregressions Identified with Sign and Zero Restrictions: Theory and Applications.”
Econometrica 86 (2): 685-720.

» Autor, David, David Dorn, Lawrence F. Katz, Christina Patterson, and John Van Reenen. 2020. “The
Fall of the Labor Share and the Rise of Superstar Firms.” Quarterly Journal of Economics 135 (2):
645-709.

» Autor, David, and Anna Salomons. 2018. “Is Automation Labor Share-Displacing? Productivity
Growth, Employment, and the Labor Share.” Brookings Papers on Economic Activity 49 (1): 1-87.

»Baqaee, David Rezza, and Emmanuel Farhi. 2020. “Productivity and Misallocation in General Equi-
librium.” Quarterly Journal of Economics 135 (1): 105-63.

» Barkai, Simcha. 2020. “Declining Labor and Capital Shares.” Journal of Finance 75 (5): 2421-63.

Basu, Susanto, John Fernald, and Zheng Liu. 2012. “Technology Shocks in a Two-Sector DSGE
Model.” Unpublished.

Bentolila, Samuel, and Gilles Saint-Paul. 2003. “Explaining Movements in the Labor Share.” B.E.
Journal of Macroeconomics 3 (1).

Bergholt, Drago, Francesco Furlanetto, and Niccolo Maffei-Faccioli. 2022. “Replication Data for: The
Decline of the Labor Share: New Empirical Evidence.” American Economic Association [pub-
lisher], Inter-university Consortium for Political and Social Research [distributor]. https://doi.
org/10.3886/E123881V1.

»Blanchard, Olivier J. 1997. “The Medium Run.” Brookings Papers on Economic Activity 28 (2):
89-158.


https://doi.org/10.3886/E123881V1
https://doi.org/10.3886/E123881V1
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.20160696&citationId=p_1
http://pubs.aeaweb.org/action/showLinks?crossref=10.3982%2FECTA14468&citationId=p_5
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fjofi.12909&citationId=p_9
http://pubs.aeaweb.org/action/showLinks?crossref=10.1086%2F705716&citationId=p_2
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fqje%2Fqjaa004&citationId=p_6
http://pubs.aeaweb.org/action/showLinks?crossref=10.2307%2F2534687&citationId=p_13
http://pubs.aeaweb.org/action/showLinks?crossref=10.1353%2Feca.2018.0000&citationId=p_7
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fqje%2Fqjz030&citationId=p_8

VOL. 14 NO. 3 BERGHOLT ET AL.: THE DECLINE OF THE LABOR SHARE 197

» Blanchard, Olivier, and Francesco Giavazzi. 2003. “Macroeconomic Effects of Regulation and Dereg-
ulation in Goods and Labor Markets.” Quarterly Journal of Economics 118 (3): 879-907.

» Caballero, Ricardo J., Emmanuel Farhi, and Pierre-Olivier Gourinchas. 2017. “Rents, Technical
Change, and Risk Premia Accounting for Secular Trends in Interest Rates, Returns on Capital,
Earning Yields, and Factor Shares.” American Economic Review 107 (5): 614-20.

» Canova, Fabio, and Matthias Paustian. 2011. “Business Cycle Measurement with Some Theory.”
Journal of Monetary Economics 58 (4): 345-61.

» Cantore, Cristiano, and Paul Levine. 2012. “Getting Normalization Right: Dealing with ‘Dimensional
Constants’ in Macroeconomics.” Journal of Economic Dynamics and Control 36 (12): 1931-49.

» Cantore, Cristiano, Peter McAdam, Miguel Leén-Ledesma, and Alpo Willman. 2014. “Shocking
Stuff: Technology, Hours, And Factor Substitution.” Journal of the European Economic Associa-
tion 12 (1): 108-28.

» Card, David, and Alan B. Krueger. 2000. “Minimum Wages and Employment: A Case Study of the Fast-
Food Industry in New Jersey and Pennsylvania.” American Economic Review 90 (5): 1397-1420.

» Ciminelli, Gabriele, Romain Duval, and Davide Furceri. 2020. “Employment Protection Deregulation
and Labor Shares in Advanced Economies.” The Review of Economics and Statistics. https://doi.
org/10.1162/rest_a_00983.

d’Albis, Hippolyte, Ekrame Boubtane, Dramane Coulibaly. 2021. “Demographic Changes and the Labor
Income Share.” European Economic Review. https://doi.org/10.1016/j.euroecorev.2020.103614.

» De Loecker, Jan, Jan Eeckhout, and Gabriel Unger. 2020. “The Rise of Market Power and the Macro-
economic Implications.” Quarterly Journal of Economics 135 (2): 561-644.

Diamond, Peter, Daniel McFadden, and Miguel Rodriguez. 1978. “Measurement of the Elasticity of
Factor Substitution and Bias of Technical Change.” In Production Economics: A Dual Approach to
Theory and Applications, Vol. 2, edited by Melvyn Fuss and Daniel McFadden, 125-48. Amster-
dam: North Holland.

» Drautzburg, Thorsten, Jesis Ferniandez-Villaverde, and Pablo Guerrén-Quintana. 2021. “Bargain-
ing Shocks and Aggregate Fluctuations.” Journal of Economic Dynamics and Control. https://doi.
org/10.1016/j.jedc.2021.104121.

» Eggertsson, Gauti B., Jacob A. Robbins, and Ella Getz Wold. 2021. “Kaldor and Piketty’s Facts: The
Rise of Monopoly Power in the United States.” Journal of Monetary Economics 124: S19-S38.

» Elsby, Michael W.L., Bart Hobijn, and Aysegiil Sahin. 2013. “The Decline of the U.S. Labor Share.”
Brookings Papers on Economic Activity 44 (2): 1-63.

Fernald, John. 2014. “A Quarterly, Utilization-Adjusted Series on Total Factor Productivity.” Federal
Reserve Bank of San Francisco Working Paper 2012-19.

» Fisher, Jonas D.M. 2006. “The Dynamic Effects of Neutral and Investment-Technology Shocks.” Jour-
nal of Political Economy 114 (3): 413-51.

» Foroni, Claudia, Francesco Furlanetto, and Antoine Lepetit. 2018. “Labor Supply Factors and Eco-
nomic Fluctuations.” International Economic Review 59 (3): 1491-1510.

» Fry, Renée, and Adrian Pagan. 2011. “Sign Restrictions in Structural Vector Autoregressions: A Criti-
cal Review.” Journal of Economic Literature 49 (4): 938-60.

» Furlanetto, Francesco, Francesco Ravazzolo, and Samad Sarferaz. 2019. “Identification of Financial
Factors in Economic Fluctuations.” Economic Journal 129 (617): 311-37.

» Giannone, Domenico, Michele Lenza, and Giorgio E. Primiceri. 2019. “Priors for the Long Run.” Jour-
nal of the American Statistical Association 114 (526): 565-80.

Giannoni, Marc, and Karel Mertens. 2019. “Outsourcing, Markups and the Labor Share.” Unpub-
lished.

Glover, Andrew, and Jacob Short. 2018. “Demographic Origins of the Decline in Labor’s Share.”
Unpublished.

Gomme, Paul, and Peter Rupert. 2004. “Measuring Labor’s Share of Income.” Federal Reserve Bank
of Cleveland Policy Discussion Paper 7.

» Grullon, Gustavo, Yelena Larkin, and Roni Michaely. 2019. “Are US Industries Becoming More Con-
centrated?” Review of Finance 23 (4): 697-743.

Gutiérrez, German, and Thomas Philippon. 2017. “Declining Competition and Investment in the U.S.”
NBER Working Papers 23583.

» Gutiérrez, Germén, and Sophie Piton. 2020. “Revisiting the Global Decline of the (Non-Housing)
Labor Share.” American Economic Review: Insights 2 (3): 321-38.

» Karabarbounis, Loukas, and Brent Neiman. 2014. “The Global Decline of the Labor Share.” Quar-
terly Journal of Economics 129 (1): 61-103.


https://doi.org/10.1162/rest_a_00983
https://doi.org/10.1162/rest_a_00983
https://doi.org/10.1016/j.euroecorev.2020.103614
https://doi.org/10.1016/j.jedc.2021.104121
https://doi.org/10.1016/j.jedc.2021.104121
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Fjel.49.4.938&citationId=p_30
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.p20171036&citationId=p_15
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.90.5.1397&citationId=p_19
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faeri.20190285&citationId=p_38
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fecoj.12520&citationId=p_31
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2Fj.jmoneco.2011.07.005&citationId=p_16
http://pubs.aeaweb.org/action/showLinks?crossref=10.1162%2Frest_a_00983&citationId=p_20
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2Fj.jedc.2021.104121&citationId=p_24
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fqje%2Fqjt032&citationId=p_39
http://pubs.aeaweb.org/action/showLinks?crossref=10.1086%2F505048&citationId=p_28
http://pubs.aeaweb.org/action/showLinks?crossref=10.1080%2F01621459.2018.1483826&citationId=p_32
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2Fj.jedc.2012.05.009&citationId=p_17
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Frof%2Frfz007&citationId=p_36
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2Fj.jmoneco.2021.09.007&citationId=p_25
http://pubs.aeaweb.org/action/showLinks?crossref=10.1162%2F00335530360698450&citationId=p_14
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fiere.12311&citationId=p_29
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fjeea.12038&citationId=p_18
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fqje%2Fqjz041&citationId=p_22
http://pubs.aeaweb.org/action/showLinks?crossref=10.1353%2Feca.2013.0016&citationId=p_26

198 AMERICAN ECONOMIC JOURNAL: MACROECONOMICS JULY 2022

Karabarbounis, Loukas, and Brent Neiman. 2019. “Accounting for Factorless Income.” In NBER
Macroeconomics Annual, Vol. 33, edited by Martin Eichenbaum and Jonathan A. Parker, 167-228.
Chicago, IL: University of Chicago Press.

Kaymak, Baris, and Immo Schott. 2019. “Corporate Tax Cuts and the Decline of the Manufacturing
Labor Share.” Unpublished.

» Kehrig, Matthias, and Nicolas Vincent. 2021. “The Micro-Level Anatomy of the Labor Share Decline.”
The Quarterly Journal of Economics 136 (2): 1031-87.

»King, Robert G., Charles 1. Plosser, and Sergio T. Rebelo. 1988. “Production, Growth and Business
Cycles: L. The Basic Neoclassical Model.” Journal of Monetary Economics 21 (2-3): 195-232.

»Koh, Dongya, Raiil Santaeulalia-Llopis, and Yu Zheng. 2020. “Labor Share Decline and Intellectual
Property Products Capital.” Econometrica 88 (6): 2609-28.

Kravis, Irving B. 1959. “Relative Income Shares in Fact and Theory.” American Economic Review
49 (5): 917-49.

» Kumar, T. Krishna, and James H. Gapinski. 1974. “Nonlinear Estimation of the CES Production
Parameters: A Monte Carlo Study.” Review of Economics and Statistics 56 (4): 563-67.

Leduc, Sylvain, and Zheng Liu. 2021. “Robots or Workers: A Macro Analysis of Automation and
Labor Markets.” Federal Reserve Bank of San Francisco Working Paper 17.

» Leon-Ledesma, Miguel A., Peter McAdam, and Alpo Willman. 2010. “Identifying the Elasticity of
Substitution with Biased Technical Change.” American Economic Review 100 (4): 1330-57.

» Leén-Ledesma, Miguel A., and Mathan Satchi. 2019. “Appropriate Technology and Balanced Growth.”
Review of Economic Studies 86 (2): 807-35.

Martinez, Joseba. 2019. “Automation, Growth and Factor Shares.” Unpublished.

Moll, Benjamin, Lukasz Rachel, and Pascual Restrepo. 2019. “Uneven Growth: Automation’s Impact
on Income and Wealth Inequality.” Unpublished.

Piketty, Thomas. 2014. Capital in the Twenty-First Century. Cambridge, MA: Harvard University
Press.

» Rognlie, Matthew. 2015. “Deciphering the Fall and Rise in the Net Capital Share: Accumulation or
Scarcity?” Brookings Papers on Economic Activity 46 (1): 1-69.

» Rubio-Ramirez, Juan F., Daniel F. Waggoner, and Tao Zha. 2010. “Structural Vector Autoregressions:
Theory of Identification and Algorithms for Inference.” Review of Economic Studies 77 (2): 665-96.

» Thursby, Jerry. 1980. “Alternative CES Estimation Techniques.” Review of Economics and Statistics
62 (2): 295-99.


http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Frestud%2Frdy002&citationId=p_49
http://pubs.aeaweb.org/action/showLinks?crossref=10.1353%2Feca.2016.0002&citationId=p_53
http://pubs.aeaweb.org/action/showLinks?crossref=10.1093%2Fqje%2Fqjab002&citationId=p_42
http://pubs.aeaweb.org/action/showLinks?crossref=10.2307%2F1924476&citationId=p_46
http://pubs.aeaweb.org/action/showLinks?crossref=10.1111%2Fj.1467-937X.2009.00578.x&citationId=p_54
http://pubs.aeaweb.org/action/showLinks?crossref=10.1016%2F0304-3932%2888%2990030-X&citationId=p_43
http://pubs.aeaweb.org/action/showLinks?crossref=10.2307%2F1924760&citationId=p_55
http://pubs.aeaweb.org/action/showLinks?crossref=10.3982%2FECTA17477&citationId=p_44
http://pubs.aeaweb.org/action/showLinks?system=10.1257%2Faer.100.4.1330&citationId=p_48

	This file was downloaded from BI Ope1
	mac.20190365
	The Decline of the Labor Share: New Empirical Evidence
	I. Theoretical Framework
	A. Retailers
	B. Investment Producers
	C. Labor Union
	D. Households
	E. Monopolistic Firms
	F. Aggregation and Income Accounting
	G. Shock Processes

	II. Empirical Strategy
	A. Step One—Theory-Robust Sign Restrictions
	B. Step Two—Empirical Specification

	III. Results
	A. Labor Share Responses to Structural Change
	B. What Are the Main Drivers of the Labor Share?
	C. What Caused the Observed Labor Share Decline?
	D. Taking Stock—How to Interpret our Identified Shocks

	IV. Robustness and Extensions
	A. Capitalization of IPP
	B. Measurement of Labor Income
	C. Introducing the Relative Price of Investment

	V. Conclusions
	REFERENCES



