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1. Introduction

The increasing importance of computers in production has raised many questions regarding both

the distributional and the aggregate implications of automation. Many have voiced concerns re-

garding potentially adverse effects of automation on the distribution of income across different

types of labor, as well as on the distribution of income between capital and labor.1 In parallel,

there has been extensive debate regarding the contribution of information and communication

technology (ICT) to output and productivity.2 Overall, these issues are at the core of a broader

open question: what are the overall net welfare gains or losses from the “ICT revolution”?

Our analysis contributes to the understanding of this matter in two ways. First, we quantify

the extent to which the decline in the labor income share has been directly countered by an increase

in the ICT capital income share. This measurement exercise suggests that about half of the decline

in the labor income share can be attributed to automation. Interestingly, this estimate is consistent

with the findings of Karabarbounis and Neiman (2014), who arrive at this conclusion using a very

different methodology.3

Second, we use disaggregated trends in capital and labor income shares to calibrate an ag-

gregate production function that emphasizes the interactions between ICT and different types of

labor. Within a representative agent framework, this production structure suggests that the wel-

fare gains from ICT are equivalent to a relatively modest 3.6% permanent increase in consumption

from the perspective of 1968. Moreover, given potentially adverse distributional implications, this

1For example, Karabarbounis and Neiman (2014), Elsby, Hobijn and Sahin (2013), and Bridgman (2014) study the
implications of ICT for the distribution between capital and labor. On the other hand, Autor and Dorn (2013), Akerman,
Gaarder and Mogstad (2013), and Gaggl and Wright (2015) are examples of recent studies that analyze the implications
of ICT for the distribution of income within labor—across different types of labor. See Acemoglu and Autor (2011) for
an extensive review of the broader literature surrounding this topic.

2See for example Colecchia and Schreyer (2002), Basu, Fernald, Oulton and Srinivasan (2003), Jorgenson and Vu
(2007), Bloom, Sadun and Van Reenen (2012), as well as Acemoglu, Autor, Dorn, Hanson and Price (2014) and references
therein.

3Karabarbounis and Neiman (2014) exploit cross country variation in the relative trends of the labor income share
and the investment price to calibrate an elasticity of substitution between (aggregate) capital and (aggregate) labor.
Their calibrated production function suggests that the declining investment price accounts for roughly half of the
decline in the labor income share. Instead, our methodology consists of measuring the decline in the labor income
share that is directly countered by an increase in the ICT capital income share.
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Figure 1: The Division of Income in the US
(A) Labor’s Income Share (B) Capital’s Income Share
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Notes: Occupation specific income shares are based on CPS earnings data from the annual march supplement (1968 and after)
and rescaled to match the aggregate income share in the Non-Farm Business Sector (BLS). The underlying earnings data are top-
code adjusted using Piketty and Saez’s (2003) updated estimates of the US income distribution (PS). Non-routine workers are those
employed in “management, business, and financial operations occupations”, “professional and related occupations”, and “service
occupations”. Routine workers are those in “sales and related occupations”, “office and administrative support occupations”, “pro-
duction occupations”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installation,
maintenance, and repair occupations” (Acemoglu and Autor, 2011). For details see Section 2. The construction of capital-type spe-
cific income shares is described in Section 3. The underlying data are nominal gross capital stocks and depreciation rates, drawn
from the BEA’s detailed fixed asset accounts. The vertical dashed line in panel B marks the year 1968.

estimate represents an upper bound for the overall welfare gains from the “ICT revolution”.4

We begin with a decomposition of U.S. income shares over the period 1968-2013 (Figure 1 and

Table 1). Our analysis builds on the organizing framework of Autor, Levy and Murnane (2003)

who highlight the distinction between “routine” and “non-routine” occupations, where routine

occupations are jobs which are relatively more prone to automation.5 This decomposition con-

firms that the relatively steady but mild decline in the aggregate labor income share—recently

documented on a global scale by Karabarbounis and Neiman (2014)—masks a much steeper de-

cline in the income share of routine labor. However, the declining share of routine labor was

4It is also worth noting that our welfare gains do not take into account the costs associated with organizational
change (Brynjolfsson and Hitt, 2003; Gaggl and Wright, 2015) and the accumulation of intangible capital (Bloom et al.,
2012), shown to significantly affect on the efficiency of using ICT, and should thus be taken as an upper bound.

5Autor et al.’s (2003) seminal work has spurred a substantial body of literature documenting that ICT complements
“non-routine” tasks—involving hard to automate, often inter-personal skills—and it replaces “routine” tasks—ones
that follow exact, pre-specified procedures (Acemoglu and Autor, 2011). While the majority of this literature documents
conditional correlations, two recent studies by Akerman et al. (2013) and Gaggl and Wright (2015) provide direct, causal
evidence for this view.
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Table 1: The Division of Income in the US

Labor Share Capital Share
Labor Share Capital Share Routine Non-Routine ICT Non-ICT

1968 63.4 36.6 38.6 24.8 1.3 35.3
2013 57.1 42.9 23.6 33.6 4.1 38.8

Percentage Point Change since 1968

1968-2013 -6.3 6.3 -15.0 8.7 2.8 3.5

Notes: The table summarizes the long run trends in labor and cpaital shares as depicted in Figure 1.
See the notes to Table 1 for details on the data construction.

almost entirely offset by an increase in the income share of non-routine labor, leading to a much

milder decline in the aggregate labor income share. The direct counterpart to this decline was

a 2.8pp increase in the ICT share and a 3.5pp increase in the non-ICT share. We find that the

increase in the non-ICT share was primarily driven by the rising housing share in the post 2001

period (Figure 10), which is unlikely related to automation. Taken together, these trends suggest

that automation accounts for slightly less than half of the overall decline in the labor income share.

Mindful of potential distributional costs, the second part of the paper aims to quantify an

upper bound on the benefits from automation. To this end, we use our disaggregated trends in

income shares to calibrate an aggregate production function, which we embed in an otherwise

standard neoclassical growth model. We quantify the impact of the ICT revolution by contrasting

our baseline simulation—in which we assume the observed decline in ICT prices—with a coun-

terfactual in which the price of ICT capital is held constant at its 1968 level.6

Our model suggests that, compared to the counterfactual, the declining ICT price increased

steady state output by 12% and steady state consumption by 9.4%. These numbers are substan-

tially lower than those suggested by Karabarbounis and Neiman (2014), who consider a produc-

tion framework with homogeneous capital and labor inputs and estimate steady state output and

6Since it is well documented that the declining price of ICT is reflective of efficiency gains in the production of
computing power, we interpret the relative price of ICT as a measure for this form of technological progress. For
empirical evidence supporting this view, see for example Figure 1.1 in Hennessy, Patterson and Asanović (2012) as well
as references therein. We provide a theoretical argument for this view in Section 5.
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consumption gains of 22.8% and 20.1%, respectively.7 While Karabarbounis and Neiman (2014)

focus on comparing welfare across steady states, we calculate welfare gains from the perspective

of 1968, taking into account the transitional costs associated with accumulating higher steady state

capital levels. Our analysis suggests welfare gains equivalent to a 3.6% permanent increase in con-

sumption from the perspective of 1968. Comparable estimates using the production function in

Karabarbounis and Neiman (2014) imply welfare gains of 5%.

In sum, our analysis suggests that both the costs and the benefits associated with the declining

price of computing power may have been exaggerated. In terms of costs, the trends in income

shares indicate that the redistribution of income associated with automation was mainly within

labor, rather than between capital and labor. In this context, it is useful to observe that routine

occupations consist mainly of middle income jobs, while non-routine occupations consist both of

high-skilled professional jobs and low-skilled service jobs (Acemoglu and Autor, 2011). Thus, the

welfare implications of this redistribution are ambiguous. From a distributional perspective, the

decline in the aggregate labor income share is more worrisome; however, over half of it has been

due to a rise in the non-ICT capital income share, which is less likely symptomatic of automation.

In terms of benefits, our quantitative analysis suggests relatively modest welfare gains associated

with automation, even from the viewpoint of a representative agent model in which redistribution

is frictionless.

Our general equilibrium framework is closely related to Krusell, Ohanian, Rı́os-Rull and Vi-

olante (2000), who study the implications of declining investment prices for the rising skill pre-

mium in the second half of the 20th century.8 We focus on the distribution of income across differ-

ent types of tasks, rather than skills, following the more nuanced tasks framework first suggested

7The results are not entirely comparable with Karabarbounis and Neiman (2014), since they consider the global
decline in the labor income share since 1980 while we focus on the decline in the labor income share in the US since
1968. In Section 5 we derive directly comparable numbers using their calibrated production function, which are 20%
for output and 17% for consumption.

8See Goldin and Katz (1998, 2008) for a review of a broad literature analyzing the rising skill premium over that
period.
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by Autor et al. (2003).9 Within this organizing framework, routine and non-routine labor are ef-

fectively defined in terms of their substitutability with ICT. We therefore distinguish between ICT

and non-ICT capital, rather than equipment and structures as in Krusell et al. (2000).10

The rest of the paper is organized as follows: Sections 2 and 3 describe the details of the mea-

surement of the disaggregated trends in income shares displayed in Figure 1. These sections fur-

ther offer a decomposition of the income shares into price and quantity components as well as

a discussion of the role of international trade, housing, and industrial composition. Section 4 il-

lustrates our calibration exercise and Section 5 describes our main quantitative analysis. Finally,

Section 6 offers some concluding remarks.

2. Decomposing The Labor Income Share

To measure routine and non-routine labor income shares, we consider two alternative measures

of earnings at the occupation level in the U.S. Current Population Survey (CPS): annual earnings

from the march supplements (MARCH) starting in 1968 (provided by IPUMS, Ruggles, Alexan-

der, Genadek, Goeken, Schroeder and Sobek, 2010), and weekly earnings for the outgoing rotation

groups (MORG) starting in 1979 (provided by the NBER). Based on these earnings data we de-

compose the U.S. aggregate labor share (BLS) into the portion going to routine and non-routine

labor, respectively.

9They document that the set of tasks that are most readily prone to automation are primarily performed by middle-
skill jobs, and these jobs have seen a relative decline in both employment and wages. In contrast, both high skill
occupations—that require creative thinking—and low skill service jobs—that often require interpersonal skills—have
gained along both dimensions. These facts are now well documented for many developed nations, starting with the
work by Acemoglu (1999) for the US over the period 1983–1993, and in more recent periods by Goos and Manning
(2007) for the UK, Goos, Manning and Salomons (2009) for 16 EU countries, and Autor, Katz and Kearney (2008) as well
as Autor and Dorn (2013) for the US.

10While ICT capital is mostly included in equipment, the equipment category considered in Krusell et al. (2000) is
much broader and includes vehicles, electrical machinery, and even furniture. Like Krusell et al. (2000), vom Lehn
(2015) also studies the declining price of equipment. While his analysis of the labor market is also guided by the tasks
framework (Autor et al., 2003), his approach differs from ours both in terms of the classification of occupations and the
calibration approach. The most important distinction, however, is his focus on equipment, rather than ICT.

We note that this is not a trivial distinction for several reasons: first, the equipment share of output is roughly 25%
(based on the calculations by Krusell et al., 2000), yet we estimate an ICT income share of at most 4% in recent years.
Second, we further document that ICT accounts for essentially all of the decline in the relative price of equipment and
that the price of non-ICT capital, a substantial part of which comprises equipment, was virtually constant relative to the
GDP deflator throughout our entire sample (see panel A of Figure 8). Finally, we find that the income share of non-ICT
is trend-less, yet that of ICT displays a strong upward trend (Figure 1).
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Figure 2: Labor’s Share in Income
(A) Aggregate Labor Income Share (B) Piketty-Saez Adjustment
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Notes: Panel A contrasts aggregate income shares (as a fraction of GDP) based on the CPS outgoing rotation groups (MORG),
aggregates reported in the NIPA tables, as well as a BLS estimate for the total non-farm business sector that includes benefits, self
employed, proprietors income, and other non-salary labor income. The aggregate series are drawn from FRED. The series labeled
“CPS (R+NR)” is constructed from our occupation specific earnings based on the monthly CPS MORG extracts provided by the
NBER. The data are seasonally adjusted with the U.S. Census X11 method. Panel B contrasts the raw earnings reflected by CPS
topcoded values and our series that adjust top-coded earnings with the appropriate (updated) estimates by Piketty and Saez (2003).

To do so, we use the CPS sampling weights and construct an estimate of the aggregate wage bill

at the detailed occupation level, which requires several non-trivial adjustments to the raw data.

First, since the U.S. Department of Labor’s (DOL) classification of occupations changes several

times during our sample period, we aggregate individuals into a panel of 330 consistent occupa-

tions, designed by Dorn (2009).11 Second, and more crucial for our analysis, we follow Cham-

pagne and Kurmann (2012) and adjust top coded earnings based on Piketty and Saez’s (2003)

updated estimates of the cross-sectional income distribution.

Based on these adjusted earnings numbers, we then compute the aggregate annual wage bill

and divide it by nominal GDP, to construct the share of wage and salary earnings in aggregate

income. As illustrated in panel A of Figure 2, the aggregate labor share based on earnings data in

the CPS-MORG accounts for stable 70% of the one based on total non-farm business labor income

(which includes benefits, pensions, self employed income, etc.). Moreover, the two series are

almost perfectly correlated over time.

11We thank Nir Jaimovich for providing a crosswalk between Dorn’s (2009) occupation codes and the latest Census
classification that is used in the CPS since 2011. This crosswalk is the same as in Cortes, Jaimovich, Nekarda and Siu
(2014).
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To compute the routine and non-routine income shares we define routine and non-routine

workers as suggested by Acemoglu and Autor (2011). That is, we consider workers employed

in “management, business, and financial operations occupations”, “professional and related oc-

cupations”, and “service occupations” as non-routine; and we define routine workers as ones

employed in “sales and related occupations”, “office and administrative support occupations”,

“production occupations”, “transportation and material moving occupations”, “construction and

extraction occupations”, and “installation, maintenance, and repair occupations”. Note that this

classification emerges out of an extensive literature, surveyed in Acemoglu and Autor (2011), that

originated from the seminal work by Autor et al. (2003). They and many other contributions in

this line of research use detailed information on the task content of at least 300 detailed occupa-

tions (depending on the study) obtained from the Dictionary of Occupational Titles (DOT) and

its successor O*Net. The classification used here is the “consensus aggregation” suggested by

Acemoglu and Autor (2011) that captures the key insights from the more detailed micro analyses.

We drop farm workers for all our analyses for comparability with the BLS measure of the labor

income share. To compute the income shares corresponding to each occupation group, we simply

compute the aggregate annual wage bill within each occupation group and divide it by nominal

GDP.

Finally, we proportionately rescale both group specific income shares (which originally add

up to the series labeled “CPS(R+NR)” in panel A of Figure 2) so that they match the share of

(non-farm business) labor income in GDP, as estimated by the BLS (top line in panel A of Figure

2). The resulting routine and non-routine income shares using the MARCH earnings measure are

displayed in panel A of Figure 1 and Figure B.13 in Appendix B illustrates that income shares

based on the MORG earnings measure reveal a virtually identical picture.

This decomposition highlights a striking feature: in the U.S., the decline in the aggregate labor

share is entirely accounted for by routine occupations, while the income share of non-routine labor

has been rising.
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Figure 3: The Non-Routine Wage Premium in the US
(A) Routine vs. Non-Routine Wages (B) Non-Routine Wage Premium
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Notes: Panel A plots the unconditional mean of log real annual earnings in each occupation group. Panel B graphs the coefficients
from annual regressions of individual level log real earnings on a non-routine dummy and a host of demographic control variables,
including flexible functional forms in industry, age, and education. Occupation and individual specific earnings are based on the the
annual march supplements in the CPS (MARCH) provided by IPUMS (Ruggles et al., 2010). We deflate eranings data with the chain
type implicit price deflator for personal consumption expenditures. Non-routine workers are those employed in “management, busi-
ness, and financial operations occupations”, “professional and related occupations”, and “service occupations”. Routine workers are
those in “sales and related occupations”, “office and administrative support occupations”, “production occupations”, “transportation
and material moving occupations”, “construction and extraction occupations”, and “installation, maintenance, and repair occupations”
(Acemoglu and Autor, 2011).

2.1. Price-Quantity Decomposition

The declining routine labor income share relative to the non-routine labor income share could be

driven either by a change in relative wages, a change in relative labor inputs, or both. We find

that both an increasing non-routine wage premium and an increase in non-routine labor inputs

contribute to this trend.

A large body of literature has documented increasing wage polarization over the past three

decades—a relative increase in wages for high- and low-paying jobs relative to middle-income

jobs.12 Closely related, we provide evidence of an increasing non-routine wage premium, provid-

ing further support for this view.

As a baseline reference, we start with estimating simple averages of log real earnings for each

type of labor. Panel A of Figure 3 illustrates these estimates and gives a first indication of a steadily

increasing wedge between non-routine and routine pay. However, to ensure that this wedge is not

12See Acemoglu and Autor (2011) for a comprehensive summary of this literature.
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simply driven by a changing composition of characteristics of routine and non-routine workers,

we estimate the following set of cross-sectional wage regressions separately for each year, t:

lnwi,t = β0,t + β1,tNR i,t + β2,tXi,t + εi,t for t ∈ {1968, . . . , 2013}, (1)

where NR i,t is a dummy variable indicating that individual iworks a non-routine job in year t and

Xi,t includes a variety of control variables. In particular, we include gender, race, and full time

employment dummies, we control for the weeks worked, a full set of industry fixed effects (50

industries constructed from SIC industry codes by the NBER), as well as forth order polynomials

in age, education, and the interaction of education and age.

We estimate regressions (1) based on individual level data from the annual CPS march sup-

plements and weight by the CPS sampling weights.13 Panel B of Figure 3 plots the resulting time

series of estimates β̂1,q and the associated 95% confidence intervals based on standard errors that

are clustered on industry. These estimates highlight that the rising relative wage for non-routine

labor is not entirely driven by the rising skill premium or by specific industries. The latter obser-

vation is of particular importance, as it highlights that the wage premium is not simply due the

steady decline in manufacturing as the estimates β̂1,q are identified from within industry varia-

tion. These estimates therefore suggest that part of the increase in the non-routine income share is

driven by a steadily increasing gap between routine and non-routine pay.

Our estimates suggest that the non-routine wage premium rose from around 14% in 1968 to

more than 26% in 2013. Given the sheer size of this premium we find it unlikely to be driven by

frictions (like barriers to entry). In our calibration exercise, we will therefore assume flexible labor

markets and attribute the non-routine wage premium to some form of unobserved ability (e.g.

managerial skills, “people” skills, etc.).

Similarly, to measure the trends in labor inputs we distinguish between raw labor (employ-

ment) and effective units of labor which take into account differences in worker attributes. In a

13Note that in an earlier version we estimated these regressions at the quarterly level based on the CPS MORG. The
results are qualitatively equivalent but we prefer the longer time horizon provided by the annual march supplements.
The CPS MORG results are available form the authors upon request.
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Figure 4: Routine & Non-Routine Employment
(A) Effective Employment (B) Importance of Non-Routine Labor
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Notes: Panel A plots employment levels in routine and non-routine jobs as reflected in the CPS. The graph plots both the raw CPS
numbers as well as our imputed “effective” units based on equations (4) and (5). Panel B illustrates the relative importance of
non-routine jobs.

frictionless world, an “effective unit” of labor needs to be paid a fixed wage wt and therefore, the

ratio of non-routine to routine labor in effective units is given by

sr,t
sln,t

=
wr,tLr,t
wnr,tLnr,t

=
wt(er,tLr,t)

wt(enr,tLnr,t)
=

Ler,t
Lenr,t

, (2)

where er,t and enr,t are effective units of labor embodied in routine and non-routine workers,

respectively. Panel B of Figure 4 illustrates the time path of this ratio, revealing that non-routine

labor inputs have increased relative to routine labor inputs, both in terms of raw labor and in

terms of effective units of labor.

For our calibration exercise, it will be useful to construct the time paths of routine and non-

routine labor in effective units, as well as a sequence of real wages per effective unit of labor. We

obtain an estimate for wt directly from regression model (1). To do so, we normalize Xit such

that Xit = 0 corresponds to our “reference worker”: a 19-year-old, white, male, full-time, routine,

manufacturing worker with a high school degree, who works 50-52 weeks per year. This allows us

to interpret our estimated constant in regression (1) as the baseline wage, that is ŵt = β̂0,t. Figure

5 illustrates the resulting baseline real wage series and we note that our estimates are in line with

a vast literature in labor economics that finds stagnating real wages for the “middle class” starting
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Figure 5: Real Baseline Wage
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per year. Real earnings are based on the U.S. GDP deflator with 1979=1.

in the early 1970s (Levy and Murnane, 1992).

Based on the identity wtLet =
∑

iwitLit, aggregate effective employment is then given by

Let =

∑
iwitLit
wt

(3)

which allows us to compute the effective levels of routine and non-routine employment as

Lenr,t =
1

1 +
sr,t
sln,t

Let (4)

Ler,t = Let − Lenr,t (5)

Panel A of Figure 4 illustrates the time paths for routine and non-routine employment, both in

actual and effective units of labor.

Figures 3 and 4 clearly illustrate that the increase in non-routine labor’s share in income is due

to a substantial increase in both the non-routine wage premium as well as non-routine employ-

ment relative to routine employment.
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2.2. Potential Drivers of the Trends in Labor Shares

For our quantitative analysis in Sections 4 and 5, we will adopt the view that the differential trends

in routine and non-routine labor income shares are driven by different interactions with ICT. Of

course, there are other potential causes for these trends. While far from conclusive, this section

discusses three plausible alternative explanations and offers some evidence suggesting that these

are not likely the dominant forces behind the observed trends displayed in panel A of Figure 1.

First, at least since the seminal work of Piketty and Saez (2003), a growing literature and heated

public debate have put much emphasis on the rising gap between the earnings of the top 1%

of earners relative to the remaining 99% (e.g., Jones and Kim, 2014; Atkinson, Piketty and Saez,

2011). To gauge at the potential impact of this recent divergence on our reported trends, Panel B

of Figure 2 illustrates the impact of our top-code adjustment relative to the raw values reported

in the CPS.14 It is important to note that, despite the fact that we adjust top-coded values at the

individual level, our adjustment effectively results in a level shift in aggregate income shares; all

the original trends are preserved after the adjustment. If the divergence of the top 1% were really

driving the differential trends for routine and non-routine income shares, then we should expect

a strongly rising gap between the adjusted and raw numbers for non-routine workers but not for

routine workers. As this is not readily apparent in panel B of Figure 2 we argue that “the one

percent” are not likely the main driver of our results. Nevertheless, panel B of Figure 2 highlights

that the top-code adjustment is crucial in order to construct quantitatively meaningful aggregate

income shares based on earnings reported in the CPS.

Second, it also appears plausible that the decline in routine labor’s importance in production

might merely be a symptom of the decline in manufacturing jobs. However, Figure 6 illustrates

that the strong divergence between routine and non-routine income shares is not only due to the

disappearance of classic blue collar jobs—which are primarily concentrated in the manufactur-

ing sector. Specifically, at least since 1988, both service and managerial/professional occupations

gained about 20% in income share. Thus, both abstract and manual occupations contributed about

equally to the rise in the non-routine income share since 1988. Similarly, while traditional blue col-

14Note that these shares are not re-scaled to match the BLS’s estimate of the aggregate labor share.
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Figure 6: Abstract & Manual Tasks
(A) Income Share (B) Income Share Relative to 1988
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lar occupations lost about 40% , administrative/clerical occupations lost a little more than 20% in

their income share. This makes clear that, while traditional blue collar occupations are by far the

dominant driver of the decline in the routine labor income share, administrative/clerical jobs still

explain at least a quarter of the decline in the routine share since 1988—clearly a non-negligible

portion. Moreover, our estimates of the non-routine wage premium based on equation (1) control

for industry fixed effects, suggesting that the premium for non-routine work captures a within-

industry feature.

Third, it is possible that international trade has played a key role in shaping the allocation

of labor across routine and non-routine occupations (Autor, Dorn and Hanson, 2013; Elsby et al.,

2013). Specifically, if most of the output produced by non-routine labor in recent years is in fact

exported—such as management and other business consulting services—and if routine-intensive

products are now primarily imported, then the true driver of our measured income shares would

in fact be international trade and not necessarily ICT.

To evaluate this hypothesis we calculate the share of labor expenditures that is embodied in

(net) exported goods and services. Define sR,i,t and sNR ,i,t as the routine and non-routine labor

shares in industry i, respectively. Further define NX i,t the total expenditure on net exports in
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Figure 7: The Role of Trade for Labor Shares
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industry i. Thus, we can define the share of expenditure on routine and non-routine labor, ` ∈

{R,NR}, embodied in net exports as follows:

sNX ,`,t =

∑
i∈I s`,i,t ·NX i,t

GDP t
(6)

To compute the industry specific labor income shares we use earnings data from the CPS MORG,

and value added data by industry from the BEA. Trade in goods and services by industry is also

obtained from the BEA.

Based on these calculations, we illustrate in Appendix C that the US is a net exporter of labor

services. However, this amounts to only a small fraction of the total labor expenditure in the US.

Figure 7 illustrates this finding, highlighting that trends in the net exports of goods and services

only explain a very small fraction of the trends in the aggregate routine and non-routine labor

shares.
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3. Decomposing The Capital Income Share

While we were able to measure labor income shares directly from observed earnings data, estimat-

ing the payment to different types of capital requires a more structural approach. With a single

type of physical capital—as is customary in most macro analyses—it is straightforward to mea-

sure the capital income share as one minus the labor income share. However, we are interested in

separating the payments to several distinct types of capital. The payment to each type of capital

is comprised of both a unit payment (the rental rate of capital) and the (real) stock of capital—

analogous to the wage rate and the physical amount of labor provided by the worker. Both of

these items are challenging to measure, especially when the relative prices of the various types of

capital are changing over time.

We build on two standard assumptions, that have been used to measure the returns to capital at

least since the seminal work by Hall and Jorgenson (1967) and Christensen and Jorgenson (1969),

which allow us to directly measure capital type specific income shares from the BEA’s current cost

values for the stocks of detailed assets in the US.15

Specifically, we impose a no-arbitrage condition in investment in addition to the standard

constant returns to scale assumption.16 Suppose that there are several types of capital, denoted

Ki, with i = 1, ..., I . If the production technology exhibits constant returns to scale in all factors,

the share of payments to capital must satisfy the following equilibrium relation:

sK,t =

I∑
i

Ri,tKi,t

PtYt
= 1− sL,t, (7)

where sK,t and sL,t denote the aggregate capital and labor income shares, respectively, Yt is final

15Official documenation for the BEA’s methodology to construct these estimates is available at
http://www.bea.gov/national/pdf/Fixed Assets 1925 97.pdf. Most macroecnomic studies using capital stocks
utilize a simpler version of the perpetual inventory method than the BEA’s estimates, usually based on linear constant
depreciation and aggregate real investment rates. We prefer the BEA’s estimates for several reasons: first, they are
provided at the detailed asset level; second, they allow for time varying non-linear depreciation patterns; finally, these
estimates allow us to directly use nominal stocks at current cost, rather than chain-weighted quantity indexes.

16For a few more recent contributions that use the same basic strategy to compute the return to specific types of captial
in various contexts see for example Jorgenson (1995), O’Mahony and Van Ark (2003), and Caselli and Feyrer (2007). We
outline the basic idea of our implementation to measure capital type specific income shares here and provide detailed
derivations in Appendix A.
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output with associated price Pt, and Ri,t denotes the (nominal) rental rate of capital type i. Note

that, if factor markets are competitive, the real rental rate (Ri,t/Pt) is equal to the physical marginal

product of a unit of capital. However, our approach does not require this assumption.

Suppose an investor bought a unit of capital type i at the going price Pi,t and rents it out for

a period at the real rental rate Ri,t. The gross return after production and re-sale of this piece of

capital is then given by
Ri,t + Pi,t+1(1− δi,t)

Pi,t
, (8)

where δi,t is the depreciation rate for capital type i.17 In an equilibrium in which investors can

choose between different assets, the return on each type of capital must equal the prevailing gross

return on investment.

It is important to note that this does not require the (physical) marginal product of each type

of capital to be equalized. In the standard neoclassical growth model, marginal products need to

equalize since capital has a constant price relative to output and there is only one rate of depreci-

ation. In our context, both the price as well as the depreciation rate of ICT is changing drastically

relative to output and all other forms of capital (see Figure 8). Thus, no-arbitrage in investment

requires the gross return (8) to be equalized across all types of capital.

We show in Appendix A how equations (7) and (8) allow us to compute the income share for

each type of capital, defined as si,t =
Ri,tKi,t
PtYt

, based on the labor income share, nominal current

cost values for each type of capital, capital specific depreciation rates, δi,t, and a price index for ICT

capital. To measure the current cost values of different types of assets we use the BEA’s detailed

fixed asset accounts.15 In particular, we aggregate the BEA’s detailed industry level estimates into

three types of capital: we distinguish residential and non-residential assets as well as consumer

durables according to the BEA’s definition. Within the non-residential category and consumer

durables we separate ICT and non-ICT assets. Specifically, within non-residential assets we con-

sider an asset to be ICT if the BEA classifies it as software (classification codes starting with RD2

and RD4) or as equipment related to computers (classifications codes starting with EP and EN).

17Notice that we use the same timing as Caselli and Feyrer (2007) here.
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Figure 8: Relative Prices & Depreciation
(A) Relative Capital Prices (B) Depreciation Rates
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Notes: Panel A graphs implicit price deflators by capital type expressed as a fraction of the GDP deflator, which were constructed
directly from the BEA’s detailed fixed-asst accounts. The BEA GDP deflator is taken from FRED. Panel B depicts asset-specific
depreciation rates constructed directly from the BEA’s fixed asset accounts. See Tables F.7 and F.8 in Appendix A and the text for
our grouping of assets. The dashed vertical lines indicate the year 1968.

See Tables F.7 and F.8 in Appendix A for complete lists of the detailed assets grouped into the two

types of non-residential capital. Within consumer durables we classify the following assets as ICT:

PCs and peripherals (1RGPC); software and accessories (1RGCS); calculators, typewriters, other

information equipment (1RGCA); telephone and fax machines (1OD50).

To construct the income shares of these assets, we further need an estimate of both the depre-

ciation rate, δi,t, and expected capital gains, E [Pi,t+1/Pi,t], for each type of capital. We measure

depreciation rates directly form the BEA’s nominal values of depreciation for each type of detailed

asset.18 We then employ implicit price deflators that we construct for each type of capital based on

chain type price indices provided by the BEA, to measure capital type specific inflation.19 Panel

A of Figure 8 depicts the path of prices for different types of assets, where we have aggregated

residential and non-residential non-ICT capital, since the prices for these types of assets largely

18In particular, we measure depreciation rates based on the BEA’s nominal values for depreciation and net capital
stocks. That is, we compute δi,t = (Pi,tDep

i,t
)/(Pi,t(NetStock i,t + Dep

i,t
). Since both measures are reported in year-

end nominal values, the price terms cancel.
19Notice that this involves constructing appropriate chain type quantity aggregates and associated implicit price

deflators for each capital type, derived from the BEA’s estimates of stocks and prices for the detailed assets listed in
Tables F.7 and F.8 in Appendix A.
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evolve in lockstep.20 This figure reveals two striking insights: First, the relative price of non-ICT

capital and output/consumption are essentially constant throughout the entire sample. Second,

the price of ICT capital falls substantially, both in absolute terms and relative to all remaining types

of assets, especially after the 1982 recession. Panel B of Figure 8 graphs the respective depreciation

rates for each type of capital.

Based on these measures, we use the derivations in Appendix A to construct the income share

for each type of capital and Figure 1 illustrates the resulting estimates. One can clearly see that the

income share of non-ICT capital does not show any significant trend throughout the entire sample.

During the same period, the income share of ICT capital has roughly quadrupled, from around

1% in 1968 to around 4% in 2000. This suggests that the introduction of ICT did not significantly

crowd out other forms of capital, whose income share fluctuated around a trend-less long run

average of around 34%; instead, it crowded out routine labor.

3.1. Price-Quantity Decomposition

The above results suggest a substantial increase in the income share of ICT capital relative to the

income share of non-ICT capital. While we did not use the real stock of capital to compute its

income share, si,t, we find it instructive to decompose the payments to capital, Ri,tKi,t, into a

price and quantity component. To this end, we construct a chained quantity index for the stock of

both ICT and non-ICT capital based on the BEA’s fixed asset accounts. Panel A of Figure 9 shows

that the stock of ICT capital in 2012 is about 40 times its 1968 level. On the other hand, Panel B

illustrates that the rental rate of ICT capital—measured in units of final output—fell substantially

over the same period. In particular, while an additional unit of ICT capital increased final output

by about 30% in 1968 it only produced less than an additional 10% in 2012. This price-quantity

decomposition suggests that the increase in the income share of ICT capital is due to massive

accumulation of ICT, while the rental rate of ICT capital fell during this time.

20See Figure D.15 in Appendix D for a decomposition of non-ICT assets into residential and non-residential assets.
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Figure 9: Capital and its Rental Rate
(A) Capital Stock Relative to 1968 (B) Rental Rate of Capital
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3.2. The Role of Housing

Rognlie (2015) has recently argued that housing may be the main driver for an increase in the net

capital share—the capital income share, net of depreciation—since 1970. In light of this, we briefly

discuss the role of housing within the context of our analysis. To this end, we use the methodology

described in Section 3 to decompose the non-ICT share into residential and non-residential assets.

Figure 10 illustrates the resulting decomposition, again based on the BEA’s fixed asset accounts.21

This figure highlights that the non-residential non-ICT capital share is completely trend-less

throughout the period. Consistent with the findings of Rognlie (2015), the increase in the non-

ICT capital income share in the post 2001 period is accounted for entirely by residential capital.

Since the rising residential capital share is unlikely to be reflective of automation, our calibration

assumes that the decline in the labor share which is attributable to ICT accumulation is only the

portion that is directly countered by an increase in the ICT share.

21Note that this more disaggregated decomposition takes into account heterogeneous prices and depreciation rates
for residential and non-residenital assets as measured by the BEA and depicted in Figure D.15 in Appendix D.
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Figure 10: Capital Income Share: ICT/Residential/Non-Residential
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3.3. The Role of Industrial Composition

In Section 4, we will calibrate a one-sector aggregate production structure that matches the trends

depicted in Figure 1. To justify such an approach, we illustrate that these trends are not merely a

result of changes in the industrial composition but rather a within-industry phenomenon.

While a number of contributions in the broad literature surveyed by Acemoglu and Autor

(2011) have convincingly shown that differential trends in earnings and employment of routine

and non-routine occupations are to a large extent driven by within industry variation, there is no

evidence that the same is true for ICT and non-ICT shares. To address this question, we construct

industry specific ICT and non-ICT shares as in Eden and Gaggl (2015) based on the BEA’s detailed

fixed asset accounts. We then estimate the average annual growth rates in these income shares

both with and without industry fixed effects.

Table 2 illustrates that the ICT share was growing at about 3 % annually while the non-ICT

share showed no significant trend growth over the period 1968 - 2012. Importantly, columns
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Table 2: Trends in Capital Income Shares

ICT Share Non-ICT Share

(1) (2) (3) (4)

Ann. Trend Growth (%) 3.197*** 3.197*** 0.0534 0.0534
(0.444) (0.233) (0.319) (0.0700)

Industry FEs yes yes
Observations 855 855 855 855

Notes: The table shows regressions of 100 times the log ICT and non-ICT shares
on a time trend for an annual panel of 19 broad sectors over the period 1968-
2012. Columns 1 and 3 report pooled regressions while columns 2 and 4 con-
dition on a complete set of fixed effects for 19 broad sectors. Sector specific
income shares are based on the BEA fixed asset accounts and the BEA’s es-
timates of sector specific value added and constructed as in Eden and Gaggl
(2015). Standard errors are HAC robust and significance levels are indicated by
* p < 0.1, ** p < 0.05, and *** p < 0.01.

3 and 4 illustrate that this finding does not change after we control for a complete set of fixed

effects. In fact, we find that the levels of ICT intensity vary vastly across the various industries,

but the differential trends in ICT and non-ICT income shares are predominantly a within industry

phenomenon.

4. A Calibrated Production Function

This section lays out a procedure for calibrating an aggregate production function based on ob-

served trends in income shares. The underlying assumption is that long-run trends in the relative

income shares of ICT capital, routine- and non-routine labor are driven by the interactions be-

tween labor and ICT capital.

Using lower case letters to indicate variables expressed in per-worker terms, we assume an

aggregate production function given by:

y = kαnx
1−α, (9)

where y is output, kn is non-ICT capital and x is an input produced by routine inputs (xr) and
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non-routine inputs (xnr) according to a constant elasticity of substitution (CES) aggregate:

x = (ηxθr + (1− η)xθnr)
1
θ , (10)

where η ∈ [0, 1] and θ ≤ 1. Routine and non-routine inputs (xi) are CES aggregates of ICT capital

(denoted kc,i) and labor (denoted li):

xi = (γik
σi
c,i + (1− γi)lσii )

1
σi ). (11)

where γi ∈ [0, 1] and σi ≤ 1. Note that the variable kc,i denotes the ICT capital inputs employed

in the production of xi. Using this notation, the aggregate supply of ICT capital is given by kc =

kc,r + kc,nr.

This specification allows for ICT to interact directly both with routine and non-routine labor

inputs. As special cases, this double-nested-CES production function embeds the single-nested-

CES specifications previously considered in the literature. For example, Autor and Dorn (2013)

consider the following nested CES specification:

x = (η(γrk
σr
c + (1− γr)lσrr )

θ
σr + (1− η)lθnr)

1
θ (12)

The interpretation is one in which non-routine labor interacts with “routine inputs”, which can be

produced by either routine labor or ICT capital. For example, a (non-routine) applied economist

is more productive if there is more data available; it is immaterial whether the data is collected

by (routine) human surveyors or by an online survey. The complementarity between non-routine

labor and ICT happens only through increasing the supply of routine inputs, which are comple-

mentary to non-routine labor. Routine labor is directly substitutable with ICT.

An alternative specification, in the spirit of Krusell et al. (2000), is a nested CES in which non-

routine labor interacts directly with ICT:

x = (ηlθr + (1− η)(γnrkσnrc + (1− γnr)lσnrnr )
θ
σr )

1
θ (13)
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Here, non-routine labor is directly complementary to ICT capital, and routine labor is substitutable

with a “non-routine” input that is produced jointly by ICT capital and non-routine labor. To set

ideas, consider the case of word processing. Secretaries producing printed documents using type-

writers are substitutable with writers directly producing their documents using word processors.

In this case, the direct interaction between non-routine labor and ICT capital makes routine labor

redundant. More generally, this functional form captures technologies that directly complement

non-routine labor, performing tasks that would be less feasible for routine labor. For example,

complicated computations such as a multivariate regressions would require a lot of patience and

brainpower without a computer, rendering them practically unfeasible for routine labor. Simi-

larly, communication technologies that allow for instantaneous sharing of ideas and information

provide a service that is not feasibly provided by human messengers.

Both specifications are plausible and capture different interactions between labor and ICT.

Both allow for substitutability between routine labor and ICT, and complementarity between non-

routine labor and ICT. We therefore remain a-priori agnostic and consider a flexible double-nested-

CES specification. Note that equations 12 and 13 are embedded in our specification with γnr = 0

and γr = 0, respectively.

Given a set of parameters and aggregate quantities of labor and ICT capital, we can compute

the equilibrium allocation of inputs under the assumption that marginal products are equalized

across the production of xr and the production of xnr. Given the allocation of inputs, we can

compute the implied routine labor income share, the non-routine labor income share and the ICT

capital income share, all relative to the aggregate expenditure on x.22

Note that our calibration strategy assumes that wages are equalized across routine and non-

routine occupations. As explained in Section 2.1, the interpretation is that any non-routine wage

premium translates into higher effective units of non-routine labor. We treat labor as a homo-

geneous input, and a worker with better “non-routine” skills (such as creativity or interpersonal

skills) as a worker embodying more effective units of labor. Thus, in our calibration exercise, we

22In particular, we can compute x using the Cobb-Douglas assumption: lnxt =
ln yt−αt ln kn,t

1−αt
, where αt is our time

varying estimate of the non-ICT capital income share.
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will use as data inputs our measure of “effective” labor units derived in Section 2.1 and depicted

in Figure 4.

We further allow for the possibility of labor augmenting technological progress, by measuring

aggregate labor inputs as lt = L̂t exp(λat), where L̂ is the amount of effective units of labor—

employment, holding worker attributes such as education, etc. fixed (see Section 2.1)—and λa ≥ 0

is the rate of labor-augmenting technological progress. We do not allow for capital-augmenting

technological progress, primarily because we would like to restrict attention to models in which

the economy converges to a balanced growth path.

We therefore have seven parameters to calibrate: η, θ, γr, γnr, σr, σnr and λa. We impose the

parametric restrictions of the CES framework, in particular that γi, η ∈ [0, 1] and σi, θ ≤ 1. In

addition, we impose that σnr ≤ 0.9: this restriction is necessary because, using our calibration

strategy, there is always a trivial solution in which all inputs are perfect substitutes. However, this

trivial solution seems unlikely and is not supported by empirical evidence (e.g. Gaggl and Wright,

2015; Autor, 2015). In addition, we restrict attention to the case of positive labor augmenting

technological progress, λa ≥ 0.

To calibrate the above parameters, we target seven moments. Let k̃c,i,t denote the levels of the

capital stock in sector i = r, nr, such that, given the levels of routine and non-routine labor in the

data and a given set of parameters, the marginal product of ICT capital is equalized across sectors.

Using this notation, our seven target moments are:

1. The change in log output net of non-ICT capital income (lnx) between 1968 and 2012, given

lr,t, lnr,t and kc,t

2. The change in the routine labor income share between 1968 and 2012, given lr,t, lnr,t and kc,t

3. The mean of the routine labor income share between 1968 and 2012, given lr,t, lnr,t and kc,t

4. The change in the ICT income share between 1968 and 2012, given lr,t, lnr,t and kc,t

5. The mean of the ICT income share between 1968 and 2012, given lr,t, lnr,t and kc,t

6. The mean of the routine employment share between 1968 and 2012, given lt, kc,t and k̃c,i,t

7. The change in the routine employment share between 1968 and 2012, given lt, kc,t, and k̃c,i,t

Note that our targets are long run trends and average levels and we do not use any moments re-
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lated to shorter-term fluctuations or co-movements in our variables. Appendix E provides further

details of the calibration procedure.

The first five moment conditions are calculated taking labor allocations as given. Given routine

and non-routine labor inputs, we calculate the optimal allocation of ICT capital across xr and xnr,

and use it to derive equilibrium output and income shares, under the assumption that factors are

paid their marginal products. The last two moment conditions are calculated using the optimality

of labor allocation across routine and non-routine occupations: given simulated ICT capital allo-

cations (k̃c,i,t) and aggregate labor, we compute simulated labor inputs by requiring that wages

are equalized.

Since we are targeting seven moment conditions to calibrate seven parameters, absent any

parametric restrictions, we would expect an exact solution. Unfortunately, it turns out that the

parametric restrictions are quite restrictive, so that we get a unique solution which is not exact.

To illustrate the role of parametric restrictions, consider for example the case of a single mo-

ment condition and a single unknown parameter, a. Assume that we have a model that suggests

that E(z) = a, where z is some random variable of which we observe realizations z1, ..., zn. Using

the sample mean as a stand-in forE(z), we can then specify our objective as: mina(a− 1
n

∑n
i=1 zi)

2.

If a is unrestricted, then there is a unique exact solution, a = 1
n

∑n
i=1 zi, which sets the objective to

0. However, if we restrict a ≥ 2 and we happen to observe 1
n

∑n
i=1 zi = 1, we get a corner solu-

tion, a = 2, which does not set the objective to 0. Note that this situation does not imply that the

model is incorrect or misspecified; rather, it may reflect a situation in which the sample mean is

not equal to the true mean of the distribution (for example, if n is small or if the errors {zi−E(z)}

are systematically correlated, which is likely whenever {zi} is time series data).

The above example illustrates that, when parametric restrictions are binding, there could be

a unique corner solution. Indeed, we find a unique corner solution in which γr = 0 and λa = 0.

Figure 11 illustrates our model’s fit conditional on this solution. Note that, given γr = 0, σr is

irrelevant and xr = lr. We are thus left with the functional form in equation (13), similar to the

specification in Krusell et al. (2000). The estimate λa = 0 is consistent with the view that techno-

logical improvement in the production of computing power, resulting in higher ICT capital accu-
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Figure 11: Model Fit (Calibration)
(A) Routine Share (% of x) (B) Non-Routine Share (% of x) (C) ICT Share
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Notes: The blue dashed lines plot the data between 1968 and 2012, and the red solid lines are calibrated equilibrium paths, given
aggregate labor and aggregate ICT capital. Note that all income shares are reported as a fraction of x rather than y in this exercise
and therefore are not directly comparable to those reported in Figure 1.

mulation, was the main driver of productivity growth over the past few decades (e.g., Colecchia

and Schreyer, 2002; Basu et al., 2003; Bloom et al., 2012; Acemoglu and Autor, 2011).

Table 3 presents the full set of calibrated core parameters. We find an elasticity of substitution

between ICT capital and non-routine labor to be around 1.2. Interestingly, this magnitude is sim-

ilar to the elasticity of substitution between aggregate capital and aggregate labor estimated by

Karabarbounis and Neiman (2014). Relative to aggregate capital, ICT is more substitutable with

labor, but relative to labor, non-routine labor is less substitutable with capital. The magnitudes

are therefore not inconsistent. We calibrate the elasticity of substitution between routine labor and

xnr to be around 5.7.
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Table 3: Calibration of Core Parameters

Parameter Calibration
γr 0
γnr 0.0119
σnr 0.2269 (EOS: 1.2276)
η 0.5494
θ 0.847 (EOS: 5.6721)
λa 0

Notes: The parameters γnr and η depend on the scaling of ICT capital. EOS is
the implied elasticity of substitution.

5. Counterfactual Analysis

We embed our estimates in a neoclassical growth model to study the effects of the declining ICT

price. Formally, we consider a representative agent model, in which an infinitely lived household

solves the following optimization problem:

max
ct,ki,t+1,li,t

∞∑
t=0

βtu(ct)

subject to lr,t + ln,t = 1, yt = Akαnx
1−α
t , equation (13), and the budget constraint

ct + (1 + λl)
∑
i

pi,tki,t+1 = yt +
∑
i

pi,t(1− δi,t)ki,t. (14)

All variables are in per-worker terms: ct is consumption per-worker, ki,t is the capital stock per-

worker of type i, yt is output per-worker and lr,t and lnr,t are the employment shares in routine

and non-routine occupations. The parameter λl captures the growth rate of labor.

We allow for two sources of exogenous variation. The first and most relevant is the decline in

the price of ICT capital, pc,t. As explained by Karabarbounis and Neiman (2014), while prices are

conceptually endogenous variables, in this context the price of ICT can be interpreted as the real

transformation rate of output into ICT capital. Thus, a declining ICT price captures technological

progress in the production of ICT capital.23 The second source of exogenous variation that we

23Formally, assume that kc,t+1 − (1− δc)kc,t = aty
c
t , where yct is the output spent on ICT investment. A competitive

market for the production of ICT capital goods would imply an ICT price of pc = 1
a

.
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Table 4: Calibration of Remaining Parameters

Parameter Calibration

β 0.9747
u(c) ln(c)

δn 0.0594
α 0.3476
λl 0.028

pc,t ∈ [0.28, 1.62] (BEA data)
δc,t ∈ [0.142, 0.208] (BEA data)

Notes: The ICT price and depreciation rates are measured directly based on the
BEA’s fixed asset accounts.

consider is time variation in the depreciation rate of ICT capital, which, as we document, is quite

substantial (see Figure 8).24

To assess the implications of the declining ICT price, we can therefore compare our baseline

simulation with a counterfactual scenario in which the ICT price remains constant at its 1968

level.25 Our simulations are based on the calibration of the core model parameters (Table 3) and

the values reported in Table 4. The value of β, the discount factor, is calibrated based on our

estimates of the returns to capital.26 Given our focus on long run trends, we assume log utility,

or a unitary inter-temporal elasticity of substitution, which is consistent with the wide range of

empirical estimates (see, for example, the discussion and references listed by Guvenen, 2006).

Moreover, log utility is a useful benchmark for expositional purposes, as income and substitution

effects cancel out.

For the depreciation rate of non-ICT capital we take the average value of our BEA-based esti-

mates. Likewise, we calibrate the non-ICT capital intensity, α, using the average of our estimated

non-ICT capital income share, ignoring any short term fluctuations around this average. As initial

conditions for capital, we use the 1968 capital stocks in the US, to make our simulated transitions

24We do this to improve the fit in our calibration but this does not materially affect our main results concerning the
impact of the declining ICT price.

25While we start our simulation in 1968 purely due to data availability reasons, it is a curious coincidence that 1968
is also the founding year of Intel Corporation, which produced the first commerically available single-chip central
processing unit (CPU) in 1971.

26The steady state Euler equation implies that β(1 + r) = 1, where r is the return to capital. We assume that the
returns to capital before 1980 are roughly at their steady state level and calibrate β based on this relation.
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Figure 12: Simulated Paths of Income Shares
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Notes: The figures contrast the simulated effects of the declining ICT price (red line), a counterfactual simulation in which the ICT price
is held constant at its 1968 level (orange line), and corresponding counter parts in the data (blue line). The shaded area indicates the
“in-sample” period.

comparable with the data.

Figure 12 illustrates the simulated transition paths, and Table 5 presents a comparison of the

long run implications in the baseline simulation and the counterfactual. At around 1980, the price

of ICT capital starts falling rapidly. In response, agents accumulate ICT capital, and the path of

ICT starts diverging from its counterfactual. Since non-ICT capital is complementary to x, the

accumulation of ICT capital raises the returns to non-ICT capital, and the stock of non-ICT capital

increases as well. As a result of ICT and non-ICT capital accumulation, output increases relative

to its counterfactual. The higher capital stocks also raise the marginal product of labor, resulting
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Table 5: Effects of the Declining ICT Price

Variable Change in SS relative to counterfactual

Quantities
Output +12%
Consumption +9.4%
non-ICT Capital +12%
ICT Capital +263%

Real Wage +8.5%

Income Shares
Labor Share -2.26%

Routine Share -12.26%
Non-routine Share +10%

ICT Share +10%

Welfare Gain +3.6%

Notes: The welfare gain is calculated as the change in consumption that leaves
the representative agent indifferent with respect to the counterfactual price path
at t = 0 (corresponding to the year 1968). This is different from the steady state
welfare gain (which is here equal simply to the percent increase in steady state
consumption), as it takes into account the transitional costs of capital accumula-
tion and discounts steady state consumption gains.

in a higher equilibrium wage rate.

The accumulation of ICT capital leads to a divergence in the income shares of routine and non-

routine labor, roughly consistent with the magnitudes observed in the data. The net effect on the

aggregate labor income share is a 2.6% decline, countered by an increase in the ICT capital income

share.

In terms of welfare, the model suggests that the declining ICT price leads to a welfare gain

that is equivalent to a permanent increase in consumption of 3.6%. The welfare gains are lower

than the steady state consumption gains of 9.4%, for two reasons: first, the welfare figure takes

into account the transitional costs associated with capital accumulation. Second, as illustrated by

the transitional dynamics, there are no significant consumption gains until 1990; thus, from the

perspective of 1968, consumption gains are heavily discounted. The steady state output gains of

12% reflect larger ICT and non-ICT capital stocks, together with appropriate adjustments in the

allocation of labor across routine and non-routine occupations.
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5.1. The Case of Homogeneous Capital and Labor Inputs

It is instructive to compare our results with an alternative calibration that treats labor and capital

as homogenous inputs, rather than disaggregating labor into routine and non-routine, and capital

into ICT and non-ICT. In particular, we use a CES production function with capital and labor

inputs, as in Karabarbounis and Neiman (2014):

Y = A(γKσ + (1− γ)Lσ)
1
σ (15)

We choose σ to match an elasticity of substitution between capital and labor of 1.28—the point

estimate in Karabarbounis and Neiman (2014). We calibrate γ to best match the capital and labor

income shares, given the levels of capital per worker in the US during our sample period, and

calibrate A to match the levels of output given the observed levels of the capital stock.

We construct a capital aggregate using 2005 prices. Formally, we define kt = pc,2005kc,t +

pn,2005kn,t. The resulting price index is pt = 1
pn,t

pc,tkc,t+pn,tkn,t
kt

, using our finding that pn,t is roughly

equal to the GDP deflator. The aggregate price index declines relative to the GDP deflator by

about 25%, consistent with magnitudes discussed in Karabarbounis and Neiman (2014). Note

that Karabarbounis and Neiman (2014) study the steady state implications of the declining capital

price, and focus on the world as a whole. Since we focus on the US and are interested in the

transitional dynamics, our results are not directly comparable (in particular, our welfare analysis

takes into account the transitional costs associated with accumulating capital to reach its higher

steady state level). The purpose of this comparison is to illustrate the differences and similarities

in the quantitative implications resulting from our disaggregation of capital and labor inputs.

Table 6 summarizes the results. Consistent with the findings of Karabarbounis and Neiman

(2014), both simulations imply that the declining investment price results in a 2-3% decline in the

labor income share, about half of the observed decline in the aggregate labor income share. How-

ever, the steady state implications and the welfare implications are somewhat more modest when

considering the disaggregated specification. The increases in steady state output, consumption,

and wages are over 1.5 times higher when assuming homogeneous inputs, and the corresponding

welfare gain is nearly 40% higher.
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Table 6: Effects of the Declining ICT Price (Homogeneous Labor & Capital)

Variable Change in SS relative to counterfactual

Output +20% (+12%)
Consumption +17% (+9.4%)
Wage +15.5% (+8.5%)
Labor Income Share -2.93% (-2.26%)

Welfare Gain +5% (+3.6%)

Notes: The welfare gain is defined as in Table 5. Numbers in parentheses are
the corresponding values in Table 5

The higher welfare gains are not obvious a-priori: on the one hand, since the ICT price was

declining faster than the price of other capital (Figure 8), a homogeneous capital input is associated

with a milder price decline and hence lower implied welfare gains. On the other hand, since

ICT represents a relatively small share of capital expenditure, a specification with homogeneous

capital inputs will overstate the importance of declining capital prices, implying higher welfare

gains. Our results suggest that the latter bias dominates quantitatively.

6. Concluding Remarks

The discussion of the social costs and benefits of automation can roughly be divided into two

issues: the effects on aggregate consumption and the distributional implications. The general con-

sensus is that, while there is likely a positive effect on aggregate consumption, there are some

adverse distributional implications. The net welfare implications depend on the relative quantita-

tive importance of the two.

In this paper we set out to derive an upper bound for the quantitative benefits of automation,

by employing a representative agent model in which redistribution of income is frictionless. We

assess the welfare gains from automation at about 3.6% of consumption per worker, from the

perspective of 1968. This welfare gain takes into account the transitional costs of accumulating

ICT capital, but not the R&D costs associated with generating the decline in the ICT capital price,

which we treat as exogenous. Therefore, 3.6% is, in some sense, and upper bound—though, it

should be noted that if instead of 1968 we use 1980 as a base year, the welfare gains would be
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higher since future consumption gains are discounted at a lower rate.

Even though the representative agent framework is unable to account for distributional costs,

it is informative regarding potential distributional implications. Our analysis suggests that while

ICT may have a large effect on the distribution of labor income, it has only a moderate effect on the

distribution of income between capital and labor. Since the effect of automation on labor income

is non-monotonic, favoring low- and high-skilled labor at the expense of mid-skilled labor, the

social welfare implications are not trivial, and may potentially be positive.

Our results further suggest that automation is unlikely to be the sole cause of the declining la-

bor income share. In particular, our measurement suggests that only half of the decline in the labor

income share is directly countered by an increase in the ICT capital income share. The remainder

is due to an increase in the non-ICT capital income share, particularly in the post-2001 period and

primarily driven by housing. This suggests that, in order to fully understand the sources of the

declining labor income share, it is necessary to study the mechanisms driving changes in non-ICT

capital income, in particular residential capital income. We leave this challenge for future work.
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Appendix A. Construction of Capital Income Shares

This appendix outlines our approach to measure income shares directly from the BEA’s nominal

current cost values of detailed asset categories. As discussed in Section 3, our measurement exer-

cise relies on two assumptions: First, no-arbitrage in capital markets requires the gross return (8)

to be equalized across all types of capital, which can be written more compactly as

(1 + πi,t)
Ri,t
Pi,t

+ CGi,t = Rt (A.1)

where (1 + πi,t) ≡ Pi,t+1/Pi,t is gross price inflation and CGi,t = (1 + πi,t)(1− δt) are capital gains

for capital of type i.
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Second, we impose constant returns to scale in aggregate production (equation (7)), and thus

the following condition must hold:

sK,tPtYt =
∑
i∈I

Ri,tKi,t (A.2)

where sK,t is a measure of the income share paid to reproducible capital. Equations (A.1) and (A.2)

directly imply the following expression for the relative price adjusted rental rates for each capital

type i = {c, n}:

PR c,t =
Rc,t
Pc,t

=
Pn,tKn,t

P̃tK̃t

(CGn,t − CGc,t) + (1 + πn,t)sK,t
PtYt

P̃tK̃t

(A.3)

PRn,t =
Rn,t
Pn,t

=
Pc,tKc,t

P̃tK̃t

(CGc,t − CGn,t) + (1 + πc,t)sK,t
PtYt

P̃tK̃t

(A.4)

where P̃tK̃t ≡ (1+πn,t)Pc,tKc,t+(1+πc,t)Pn,tKn,t. Based on (A.3) and (A.4) we then compute the

income shares for each type of capital as

sc,t = PR c,t
Pc,tKc,t

PtYt
(A.5)

sn,t = PRn,t
Pn,tKn,t

PtYt
(A.6)

where we use the following data inputs:

1. (1 + πi,t) ICT/non-ICT prices based on the BEA’s fixed asset accounts

2. (1− δi,t) depreciation rates from the BEA’s fixed asset accounts accounts

3. Pi,tKi,t nominal capital stocks from the BEA’s fixed asset accounts accounts

4. PtYt nominal GDP from the BEA

5. sK,t measured as the reciprocal of the official BLS labor share
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Figure B.13: Labor’s Income Share: MORG vs. MARCH
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Notes: Occupation specific income shares are based on CPS earn-
ings data from the annual march supplement (1968 and after) and
the monthly outgoing rotation groups (MORG, starting in 1979) ex-
tracts and rescaled to match the aggregate income share in the
Non-Farm Business Sector (BLS). The underlying earnings data for
both series are top-code adjusted using Piketty and Saez’s (2003)
updated estimates of the income distribution (PS). The MORG se-
ries shows annual averages of monthly data that was seasonally
adjusted using the U.S. Cenusus X11 method. The graphs are con-
structed analogously to panel A in Figure 1. For details see Section
2.

Appendix B. CPS Outoing Rotation Groups vs. March Supple-

ments

Figure B.13 illustrates a comparison of the disaggregate labor income shares based on two alter-

native measures of earnings. The details for the data construction are discussed in Section 2. The

thick lines are the shares reported in panel A of Figure 1 and are based on the march supplements

in the CPS (MARCH). The thin lines use usual weekly earnings from the outgoing rotation groups

(MORG).

Appendix C. Labor Expenditure Embodied in Net Exports

Panels A and B of Figure C.14 illustrate the numerator of equation (6) for goods and services

separately. Panel A makes clear that the US is predominantly trading sectors that are very capital

39



Figure C.14: Labor Expenditure Embodied in Net Exports
(A) Goods (B) Services
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Notes: Panels A and B illustrate the labor expenditures embodied in net exports of goods and services, respectively. Panels C and
D illustrate the sum of A and B both in millions of USD and as a percent of GDP.

intensive and therefore the labor expenditure embodied in goods trade is very small (compared to

GDP). Panel Breveals that the US is a net exporter of labor embodied in services, predominantly

in goods that are very non-routine labor intensive. Panel C aggregates goods and services, and

panel D plots sNX ,`,t for both routine and non-routine labor.
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Appendix D. Price-Quantity Decomposition: Housing

Figure D.15: Relative Prices & Depreciation (Housing)
(A) Relative Capital Prices (B) Depreciation Rates
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Notes: Panel A graphs implicit price deflators by capital type relative to the GDP deflator, which were constructed directly from the
BEA’s detailed fixed-asst accounts. The BEA GDP deflator is taken from FRED. Panel B depicts asset-specific depreciation rates
constructed directly from the BEA’s fixed asset accounts. The dashed vertical lines indicate the year 1968.

Appendix E. Calibrating the aggregate production function

We specify our objective as follows:

max
η,θ,σr,σnr,γr,γnr,λa

7∑
i=1

wi(g̃i − gi)2 (E.1)

Where gi are moment conditions and wi are their corresponding weights. We use tildes to

denote simulated variables and moments. Using pxt to denote the price of the input x, the moment

conditions are as follows:

g1 = ln(x2012)− ln(x1968) (E.2)

g2 =
1

2012− 1968 + 1

2012∑
t=1968

wr,tLr,t
pxt xt

(E.3)

g3 =
1

2012− 1968 + 1

2012∑
t=1968

Rc,tKc,t

pxt xt
(E.4)
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g4 =
1

2012− 1968 + 1

2012∑
t=1968

Lr,t
Lt

(E.5)

g5 =
wr,2012Lr,2012
px2012x2012

− wr,1968Lr,1968
px1968x1968

(E.6)

g6 =
Rc,2012Kc,2012

px2012x2012
− Rc,1968Kc,1968

px1968x1968
(E.7)

g7 =
Lr,2012
L2012

− Lr,1968
L1968

(E.8)

The corresponding weights are chosen as 1 for all moment conditions, except for the ones

relating to ICT capital shares, which receive weights of 40. These weights are chosen so that the

calibrated production function generates roughly the same quality of fit for all moment conditions.

The higher weights assigned to the ICT capital conditions are necessary because the ICT capital

share is substantially smaller than the other shares considered in the other moment conditions.

The target values of the moment conditions are computed as follows. The value of xt is com-

puted as ln(xt) =
ln(Yt)−αk,t ln(Kn,t)

1−αk,t , where Kn,t is the non-ICT capital stock and αk,t is the non-ICT

capital income share. The income shares in g2, g3, g5 and g6 are computed as output shares divided

by 1−αk,t (since, for example, wrLrpxx = wrLr
y

y
pxx , and, since the expenditure on input x is a fraction

1− αk of output, this amounts to sr
1−αk ).

The target employment shares in conditions g4 and g7 are calculated as the share of routine

labor income out of total labor income. As explained in the text, this has the interpretation of the

equalization of wages per effective unit of labor across routine and non-routine occupations.

To calculate the simulated moments, we use the following procedure. The inputs for the sim-

ulation include the set of parameters, as well as data on aggregate labor supply; aggregate ICT

supply; and the supply of routine and non-routine labor. The procedure begins by calculating the

distribution of ICT capital between the production of xr and xnr, given labor allocations of Lr,t

and Lnr,t, and given an aggregate ICT capital stock of Kc,t. This results in simulated values K̃c,r,t

and K̃c,nr,t. The value of x̃t and the simulated income shares are calculated using the K̃c,r,t and

K̃c,nr,t as ICT capital inputs, and Lr,t and Lnr,t as labor inputs, under the assumption that factors

are paid their marginal products. Note that the computations here take routine and non-routine

42



labor inputs from the data. This procedure results in the simulated moments g̃1 − g̃3 and g̃5 − g̃6.

The next step calculates the equilibrium allocation of labor, given an aggregate labor supply of

Lt, and ICT capital stocks of K̃c,r,t and K̃c,nr,t. This yields simulated values for routine and non-

routine labor, L̃r,t and L̃n,t. These simulated values are then used for calculating the simulated

moments g̃7 and g̃4.

Note that though the information contained in routine and non-routine labor income shares

is the same as the information contained in routine and non-routine employment shares, the pro-

cedure utilizes different equilibrium conditions to target income and employment shares. In par-

ticular, the moments relating to income shares are computed taking routine and non-routine em-

ployment as given, while the moments relating to employment shares require the optimality of

the allocation of labor across routine and non-routine occupations.

Since the model is highly non-linear, our objective function has many local minima. To ob-

tain a global minimum, we use a Newton-type convergence algorithm, starting from over 10,000

randomly drawn initial conditions.
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Appendix F. Classification of ICT and Non-ICT Assets

Table F.7: ICT Assets
Share of Aggregate Capital (%) Average Growth in Share (%)

ICT Assets 1960-1980 1980-2000 2000-2013 1960-1980 1980-2000 2000-2013

EP20: Communications 2.73 3.91 3.39 2.87 1.78 -2.63
ENS3: Own account software 0.24 0.75 1.56 27.26 6.68 2.58
ENS2: Custom software 0.11 0.61 1.40 34.82 8.49 2.06
EP34: Nonelectro medical instruments 0.35 0.76 1.08 4.87 2.97 2.30
EP36: Nonmedical instruments 0.51 0.92 0.92 0.62 2.41 -1.08
ENS1: Prepackaged software 0.02 0.33 0.83 32.28 14.63 -1.04
EP35: Electro medical instruments 0.11 0.36 0.66 7.25 3.43 4.28
EP1B: PCs 0.00 0.31 0.45 12.12 0.96
RD23: Semiconductor and other component manufacturing 0.05 0.23 0.43 6.58 8.21 2.75
RD22: Communications equipment manufacturing 0.26 0.21 0.27 3.27 0.89 0.24
EP31: Photocopy and related equipment 0.53 0.75 0.26 6.75 -2.11 -7.70
EP1A: Mainframes 0.19 0.36 0.24 24.00 1.91 -4.97
EP1H: System integrators 0.00 0.03 0.23 42.85 3.45
RD24: Navigational and other instruments manufacturing 0.05 0.19 0.22 3.20 5.78 -1.59
EP1D: Printers 0.07 0.22 0.19 20.75 7.20 -9.76
EP1E: Terminals 0.02 0.14 0.16 71.14 5.48 -4.62
EP1G: Storage devices 0.00 0.17 0.12 7.55 -9.55
EP12: Office and accounting equipment 0.48 0.32 0.12 -3.09 -5.00 -6.13
RD40: Software publishers 0.00 0.05 0.09 16.91 -1.13
RD21: Computers and peripheral equipment manufacturing 0.16 0.09 0.07 3.68 -3.07 -0.60
RD25: Other computer and electronic manufacturing, n.e.c. 0.01 0.01 0.02 0.91 3.24 -0.34
EP1C: DASDs 0.09 0.13 0.00 30.38 -36.26 -78.36
EP1F: Tape drives 0.06 0.03 0.00 22.77 -40.33 -186.06

Notes: The data are drawn from the BEA’s detailed fixed asset accounts. ICT assets are defined as BEA asset codes starting with EP,
EN, RD2, or RD4. Notice that the EP category incorporates two assets that are strictly speaking likely not ICT: EP34 and EP36. Our
results do not critically hinge on these two assets and we therefore stick with the more standard BEA aggregation of EP. Assets are
ranked by their average share in aggregate capital during 2000-2013. The share of aggregate captial is the value of each individual
asset, as estimated by the BEA at current cost, as a fraction of the value of all assets in Tables F.7 and F.8. Panel A reports averages
of these shares for three time periods. Panel B reports the average annual growth in these shares over same three time periods.
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Table F.8: Non-ICT Assets
A. Average Share of Aggregate Capital (%) B. Average Growth in Share (%)

Non-ICT Assets 1960-1980 1980-2000 2000-2013 1960-1980 1980-2000 2000-2013
SOO1: Office 4.75 6.99 8.28 1.59 2.14 0.12
SI00: Manufacturing 8.27 8.07 6.96 0.22 -0.44 -1.39
SM01: Petroleum and natural gas 3.91 3.63 5.20 0.12 -2.30 6.54
SU30: Electric 6.44 5.48 4.73 -0.18 -1.79 0.89
SC03: Multimerchandise shopping 2.21 2.77 3.05 1.46 0.69 0.59
EI50: General industrial equipment 3.42 3.40 2.95 0.32 -0.60 -0.75
SB31: Hospitals 1.70 2.52 2.86 3.69 1.06 0.51
SU20: Communication 2.80 2.51 2.66 0.70 -1.09 1.79
SC02: Other commercial 1.55 2.00 2.47 1.43 1.41 0.38
SB41: Lodging 1.58 1.83 2.32 1.40 1.76 0.47
EI60: Electric transmission and distribution 2.87 2.50 2.16 -0.79 -0.64 -0.21
EI40: Special industrial machinery 2.63 2.52 1.95 -0.36 -0.07 -3.33
SB20: Educational and vocational 1.56 1.36 1.92 -0.26 0.68 2.78
SC01: Warehouses 1.18 1.40 1.89 0.54 1.57 1.03
ET30: Aircraft 1.17 1.59 1.79 5.36 0.94 0.37
EO80: Other 1.09 1.44 1.75 2.30 1.18 0.71
EO12: Other furniture 1.37 1.67 1.74 -0.45 1.68 -1.35
SB42: Amusement and recreation 1.84 1.67 1.70 -0.46 0.54 -1.44
SN00: Farm 3.48 2.46 1.69 -0.63 -2.66 -2.11
RD11: Pharmaceutical and medicine manufacturing 0.23 0.65 1.68 4.70 6.63 5.22
SU40: Gas 2.70 1.89 1.66 -1.66 -1.72 0.35
SC04: Food and beverage establishments 1.19 1.51 1.58 1.47 0.84 -0.51
SB10: Religious 2.11 1.57 1.51 -0.70 -0.73 -0.82
EI30: Metalworking machinery 2.32 2.10 1.49 0.46 -1.25 -3.31
ET11: Light trucks (including utility vehicles) 0.93 1.05 1.42 0.45 2.48 -2.56
RDOM: Other manufacturing 1.47 1.50 1.19 0.00 0.04 -1.13
ET20: Autos 1.80 1.67 1.14 -1.79 -0.33 -4.27
ET12: Other trucks, buses and truck trailers 1.59 1.46 1.02 0.54 -1.43 -3.04
SU11: Other railroad 4.14 1.86 0.97 -4.62 -3.94 -3.77
SU12: Track replacement 2.66 1.39 0.97 -4.22 -2.69 -1.34
SOO2: Medical buildings 0.57 0.83 0.95 1.55 1.90 0.25
EO40: Other construction machinery 1.16 1.02 0.94 1.79 -2.11 1.37
AE10: Theatrical movies 0.97 0.67 0.86 -4.28 2.37 0.00
AE20: Long-lived television programs 0.69 0.79 0.86 0.39 1.91 -0.55
EO60: Service industry machinery 1.14 0.94 0.85 -1.61 -0.49 0.00
EI12: Other fabricated metals 1.42 1.20 0.75 0.83 -3.88 -0.19
RD80: All other nonmanufacturing, n.e.c. 0.09 0.75 0.72 3.04 8.28 -3.34
SB32: Special care 0.41 0.62 0.71 3.70 1.59 -0.74
ET50: Railroad equipment 2.12 1.09 0.66 -1.97 -4.52 -0.75
EO30: Other agricultural machinery 1.58 1.11 0.63 0.61 -4.71 -0.74
EI21: Steam engines 0.75 0.57 0.46 0.16 -3.01 0.43
SU50: Petroleum pipelines 0.95 0.57 0.45 -2.76 -3.29 1.69
AE30: Books 0.40 0.42 0.43 -0.37 1.02 -0.54
ET40: Ships and boats 0.92 0.68 0.40 -0.91 -3.72 -1.18
RD92: Other nonprofit institutions 0.22 0.35 0.38 3.94 2.25 0.23
RD31: Motor vehicles and parts manufacturing 0.40 0.44 0.36 0.45 0.79 -4.90
SM02: Mining 0.31 0.40 0.35 2.12 -1.30 1.93
RD12: Chemical manufacturing, ex. pharma and med 0.59 0.47 0.34 0.04 -0.98 -1.58
EO50: Mining and oilfield machinery 0.54 0.39 0.31 0.73 -5.74 7.21
SO01: Water supply 0.23 0.28 0.28 0.22 1.25 -0.60
EO21: Farm tractors 0.69 0.44 0.28 -0.08 -4.65 -0.28
SO02: Sewage and waste disposal 0.24 0.29 0.28 0.26 1.16 -1.21
RD32: Aerospace products and parts manufacturing 0.33 0.41 0.25 2.09 -0.28 -2.54
AE40: Music 0.21 0.20 0.20 0.14 1.37 -4.21
RD70: Scientific research and development services 0.00 0.06 0.19 11.29 4.20
SO04: Highway and conservation and development 0.15 0.18 0.18 0.27 1.20 -0.44
SB43: Air transportation 0.15 0.15 0.17 0.74 1.03 -0.69
AE50: Other entertainment originals 0.18 0.17 0.17 -1.71 1.53 -2.58
SU60: Wind and solar 0.00 0.01 0.16 12.44 25.22
EO72: Other electrical 0.12 0.19 0.14 2.74 -0.20 -1.74
SO03: Public safety 0.14 0.10 0.11 -0.96 0.17 -0.55
RD60: Computer systems design and related services 0.00 0.03 0.11 22.31 2.68
EO11: Household furniture 0.16 0.13 0.10 0.19 -2.30 -1.38
EO22: Construction tractors 0.28 0.18 0.09 0.39 -5.15 -3.98
EI22: Internal combustion engines 0.09 0.08 0.08 -0.80 -1.19 0.43
SB44: Local transit structures 0.51 0.17 0.07 -6.06 -5.15 -4.84
EI11: Nuclear fuel 0.03 0.10 0.06 27.52 -3.93 -1.86
RD91: Private universities and colleges 0.03 0.04 0.06 0.95 2.71 3.68
SOMO: Mobile structures 0.05 0.07 0.05 0.35 1.29 -3.77
SB46: Other land transportation 0.04 0.03 0.05 -0.72 1.04 2.80
RD50: Financial and real estate services 0.00 0.02 0.05 22.33 -0.88
EO71: Household appliances 0.09 0.05 0.03 -2.09 -4.08 -2.35
SB45: Other transportation 0.02 0.02 0.02 -0.70 0.56 -0.71
Notes: The data are drawn from the BEA’s detailed fixed asset accounts. Assets are ranked by their average share in aggregate
capital during 2000-2013. The share of aggregate captial is the value of each individual asset, as estimated by the BEA at current
cost, as a fraction of the value of all assets in Tables F.7 and F.8. Panel A reports averages of these shares for three time periods.
Panel B reports the average annual growth in these shares over same three time periods.
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