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Main Question 

¨ How does ICT change the distribution of 

income across factors of production? 

¨  ICT: Information and Communication 

Technology 
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Two main effects on income shares 

¨ Labor à Capital 
¤  Karabarbounis and Neiman (2014, QJE) 

¨ Routine labor à Non-routine labor 
¤ Autor and Dorn (2013, AER) 

¤  Krusell, Ohanian, R´ıos-Rull and Violante (2000, ECMA) 
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This Paper: Agenda 

¨  Part 1: Document the evolutions of disaggregated 

income shares 

¤ Capital (ICT/non-ICT) 

¤ Labor (Routine/Non-Routine) 

¨  Part 2: Use trends to calibrate production structure 

¤ Embed in standard neo-classical growth model 

¤ Conduct counterfactual simulations 
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Main Insights: Preview 

¤  Of the 15 pp decline in the routine labor share, 

12 pp can be attributed to automation: 

n 10 pp increase in the non-routine labor share 

n 2 pp increase in the ICT share 

¤  The main effect of ICT is within labor income, 

rather than between capital and labor 

5 



6 

56
58

60
62

64
66

In
co

m
e 

Sh
ar

e 
(%

 o
f G

D
P)

1950 1960 1970 1980 1990 2000 2010
Year

Aggregate Labor Share 

Data: BLS 



7 

Figure 4: Capital’s Income Share
(A) Equipment vs. Structures (B) Residential vs. Non-Residential
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Notes: Panel A decomposes the non-ICT share into equipment and structures. Panel B decomposes the non-ICT share into resi-
dential and non-residential capital. The computations are based on the methodology described in Section 2 and the underlying data
are nominal gross capital stocks and depreciation rates, drawn from the BEA’s detailed fixed asset accounts. The vertical dashed
line indicates the year 2001.

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.

2.1. 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

2 to decompose the NICT share into residential and non-residential assets and alternatively equipment and

structures. Figure 4 illustrates the resulting decompositions, again based on the BEA’s fixed asset accounts.16

This figure highlights a number of important observations: first, NICT equipment (panel A) as well

as non-residential NICT assets (panel B) are completely trend-less; second, consistent with the findings of

Rognlie (2015), the increase in the NICT capital income share in the post 2001 period is accounted for

entirely by structures (panel A) and residential capital (panel B). Since the “housing share” is unlikely to be

reflective of automation, our calibration in Section ?? will assume that the decline in the labor share which

16Note 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 F.14 in Appendix F.
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Capital Income Share 

Data: BEA detailed asset accounts & author’s computations 



Introduction Labor shares Capital shares Estimation Calibration Conclusion

Construction of capital shares

• Data from the BEA; classify into ICT and non-ICT

• Estimate MPKiKi
Y :

ptMPKi ,t + pi ,t(1 � �i ,t)

pi ,t�1

=
ptMPKj ,t + pj ,t(1 � �j ,t)

pj ,t�1

P
i MPKi ,tKi ,t

Yt
= 1 � wtLt

Yt

• pt : output price
• pi,t : price of capital of type i
• �i depreciation rate of capital of type i

• Note: quantity and price indexes not necessary for shares

Construction of Capital Shares 

¨  Data: BEA’s estimates from detailed asset accounts 

¨  Gross Returns Equalize 

¨  Constant Returns to Scale 

¨  Definitions 
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Appendix A. Constructing ICT Capital Stocks

Table A.3: Relative Importance of ICT Capital

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. Assets are ranked by their average share in aggregate capital during 2000-2013.

22

Information & Communication Technology (ICT) 



¨  Implicit Price Deflators for capital 
¨  BEA’s estimate of depreciation 
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Labor 

¨  Routine Labor vs. Non-Routine Labor 

¤ “labor carrying out exact, pre-specified procedures’’ 

(Autor, Levy and Murnane 2003, Acemoglu and Autor, 

2011) 

¨  Examples 

¤ Routine: accountant, cashier 

¤ Non-Routine: manager, nanny 
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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
the monthly merged outgoing rotation group (MORG, starting in 1979) extracts and rescaled to match the aggregate income share in
the Non-Farm Business Sector (BLS). The data are seasonally adjusted using the U.S. Cenusus X11 method. 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”,
“production occupations”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installa-
tion, maintenance, and repair occupations” (Acemoglu and Autor, 2011). For details see Section 2. The construction of capital-type
specific 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.

demands routine tasks, reflecting the possibility of a changing pattern of specialization. We do

not take a stance on whether changes in the demand for routine inputs result from the offshoring

of these tasks (as suggested by Krugman (2008), Autor et al. (2013), or Elsby et al. (2013), among

others) or from complementarity between ICT and skilled non-routine labor (as suggested by

Krusell et al. (2000), Acemoglu (1998, 2002), Beaudry et al. (2010), or Gaggl and Wright (2014),

among others). Rather, we take the evolution of the economy’s routine/non-routine production-

intensities as given and focus exclusively on the substitutability of routine labor and ICT capital

in the production of routine tasks.

We begin by documenting the trends in factor shares. Panel A of Figure 1 highlights a stark

decline in the routine labor income share: in 1979, the routine labor income share was around

38%. By 2012, the routine labor income share fell to 23%. At the same time, we estimate that

the income share of ICT capital has increased from 2.5% to 5%. To construct these income shares

we measure occupation specific income shares directly from earnings data in the U.S. Current

Population Survey (CPS) and we provide a framework to measure capital specific income shares

3

Routine vs. Non-Routine Income Share 
12 

¨  Routine Jobs: 
¤  Production 
¤  Operative 
¤  Clerical 
¤  Support 
¤  Sales  

¨  Non-Routine Jobs: 
¤  Professional 
¤  Managerial 
¤  Technical 
¤  Service 

Data: CPS MARCH/ORG (1968/79-2013) & authors’ computations 



13 

Abstract vs. Manual Tasks 

Data: CPS MORG (1979-2013) & authors’ calculations 

Figure 3: Abstract & Manual Tasks
(A) Income Share (B) Income Share Relative to 1988
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Notes: Panel A plots unadjusted income shares of four major occupation groups as reflected in the CPS MORG. These shares do not
add to 100% as the earnings reflected in the CPS MORG does not properly measure benefits as well as proprietors’ income. Panel
B imposes the normalization 1988q1=1 to illustrate the clear divide between routine and non-routine tasks. The dashed vertical line
indicates 1988q1.

portion.

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.9 It has also been established that routine jobs are disproportionately middle-income jobs,

and it has often been conjectured that the process of computerization has contributed to the polar-

ization trend (e.g., Autor et al., 2003; Autor and Dorn, 2013). Closely related, we provide evidence

of an increasing non-routine wage premium, providing further support for this view.

As a baseline reference, we start with estimating simple annual averages of the mean hourly

9See Acemoglu and Autor (2011) for a comprehensive summary of this literature.
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Figure 2: Labor’s Share in Income
(A) Aggregate Labor Income Share (B) Piketty-Saez Adjustment
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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. Cenusus X11 method. Panel B contrasts the raw earnins
reflected by CPS topcoded values and our series that adjust top-coded earnings with the appropriate (updated) estimates by Piketty
and Saez (2003).

tions, designed by Dorn (2009).3 Second, and more crucial for our analysis, we follow Champagne

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.

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

3We 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 et al. (2014).
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Top-Coding & The One Percent 

Data: CPS MORG (1979-2013) & Piketty-Saez (2003) & authors’ calculations 
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Figure 4: 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 quarterly mean real wage in each occupation group. Panel B graphs the coefficients from
quarterly regressions of individual level real wages 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 wages are based on the monthly CPS
merged outgoing rotation group (MORG) extracts provided by the NBER for the period 1979m1-2013m12. We deflate wage data
with the chain type implicit price deflator for personal consumption expenditures (1979=1). 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”, “production occupa-
tions”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installation, maintenance,
and repair occupations” (Acemoglu and Autor, 2011).

real wage for each type of labor. Panel A of Figure 4 illustrates these estimates and gives a first in-

dication of a steadily increasing wedge between non-routine and routine pay. However, to ensure

that this wedge is not 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:

lnw

i,t

= �0,t + �1,tNR

i,t

+ �2,tXi,t

+ ✏

i,t

for t 2 {1968, . . . , 2013}, (1)

where NR

i,t

is a dummy variable indicating that individual i works a non-routine job in year t and

X

i,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-

10

Wage-Employment Decomposition 
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Figure 4: 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 quarterly mean real wage in each occupation group. Panel B graphs the coefficients from
quarterly regressions of individual level real wages 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 wages are based on the monthly CPS
merged outgoing rotation group (MORG) extracts provided by the NBER for the period 1979m1-2013m12. We deflate wage data
with the chain type implicit price deflator for personal consumption expenditures (1979=1). 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”, “production occupa-
tions”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installation, maintenance,
and repair occupations” (Acemoglu and Autor, 2011).

real wage for each type of labor. Panel A of Figure 4 illustrates these estimates and gives a first in-

dication of a steadily increasing wedge between non-routine and routine pay. However, to ensure

that this wedge is not 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 quarter, q:

ln wi,q = �0,q + �1,qNR i,q + �2,qXi,q + �i,q for q � {1979q1, . . . , 2013q4}, (1)

where NR i,q is a dummy variable indicating that individual i works a non-routine job in quarter

q and Xi,q includes a variety of control variables. In particular, we include a gender dummy, 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 CPS MORG and weight by

the CPS sampling weights. Panel B of Figure 4 plots the resulting time series of estimates �̂1,q and

10

Note: left panel (A) is simple averages. Right panel (B) graphs the coe�cients

from quarterly regressions of individual level real wages on a non-routine

dummy and a host of demographic control variables including flexible

functional forms in industry, age, and education.
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Figure 4: 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 quarterly mean real wage in each occupation group. Panel B graphs the coefficients from
quarterly regressions of individual level real wages 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 wages are based on the monthly CPS
merged outgoing rotation group (MORG) extracts provided by the NBER for the period 1979m1-2013m12. We deflate wage data
with the chain type implicit price deflator for personal consumption expenditures (1979=1). 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”, “production occupa-
tions”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installation, maintenance,
and repair occupations” (Acemoglu and Autor, 2011).

real wage for each type of labor. Panel A of Figure 4 illustrates these estimates and gives a first in-

dication of a steadily increasing wedge between non-routine and routine pay. However, to ensure

that this wedge is not 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:

lnw

i,t

= �0,t + �1,tNR

i,t

+ �2,tXi,t

+ ✏

i,t

for t 2 {1968, . . . , 2013}, (1)

where NR

i,t

is a dummy variable indicating that individual i works a non-routine job in year t and

X

i,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-
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real wage for each type of labor. Panel A of Figure 4 illustrates these estimates and gives a first in-

dication of a steadily increasing wedge between non-routine and routine pay. However, to ensure

that this wedge is not 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:

lnw

i,t

= �0,t + �1,tNR

i,t

+ �2,tXi,t

+ ✏

i,t

for t 2 {1968, . . . , 2013}, (1)

where NR

i,t

is a dummy variable indicating that individual i works a non-routine job in year t and

X

i,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-

10
Data: CPS MARCH 

¨  Control Variables: 

¤  gender, race, full time, full 

year 

¤  Industry FEs (50 industries) 

¤  age x education 4th-order 

polynomials 
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Wage-employment decomposition: employment
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Figure 5: Routine & Non-Routine Employment
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Notes: Panel A plots employment levels in routine and non-routine jobs as reflected in the CPS MORG. The graph plots both the raw
CPS numbers as well as our imputed “effective” units based on equations (3) and (4). Panel B illustrates the relative importance of
non-routine jobs.

the associated 95% confidence intervals based on standard errors that are clustered on industry.

Not only do these estimates resemble the increasing wage premium already apparent in panel A of

Figure 4, but they also highlight that the wage premium is neither entirely driven by demographic

composition nor by specific industries. The latter observation is of particular importance, as it

highlights that the wage premium is not simply due the steady decline in manufacturing as the

estimates �̂1,q are identified from within industry variation. 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.

We use the above estimates of the non-routine wage premium to decompose the non-routine

income share into a price and quantity component. We start with measuring total employment as

the sum of routine and non-routine employment from the CPS. As we are interested in measuring

routine and non-routine labor in terms of “effective” units of employment—taking into account

differences in human capital, etc—, we impute a series for routine and non-routine labor based on

the following relationship:

sr,t

sln,t
=

wr,tLr,t

wnr,tLnr,t
� Lr,t

Lnr,t
=

sr,t

sln,t

wnr,t

wr,t
(2)

11

Note: CPS (green line) is simple employment ratios. E↵ective units of

employment (red line) is a composition-adjusted measure.

) Decline in routine labor share (relative to non-routine) due both
to employment and wages
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Figure 4: The Non-Routine Wage Premium in the US
(A) Routine vs. Non-Routine Wages (B) Non-Routine Wage Premium
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Routine workers are those in “sales and related occupations”, “office and administrative support occupations”, “production occupa-
tions”, “transportation and material moving occupations”, “construction and extraction occupations”, and “installation, maintenance,
and repair occupations” (Acemoglu and Autor, 2011).
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that this wedge is not 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:
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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-

10

¨  Relative price AND quantity of NR increase 

¨  Relative increase in the demand for NR labor 

¨  Premium persists: unlikely due to frictions 

Data: CPS MARCH & authors’ calculations 
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Part 1: An Accounting Exercise 

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 ??.
See the notes to Table ?? for details on the data construction.

make this point, we adopt the organizing framework of Autor, Levy and Murnane (2003), who highlight

the differential interaction of ICT with “routine” and “non-routine” occupations from a microeconomic

perspective, where routine occupations are jobs which are relatively more prone to automation.5 In fact, a

decomposition of the aggregate labor share along these lines, confirms that the relatively steady but mild

decline in the aggregate labor share—recently documented on a global scale by Karabarbounis and Neiman

(2014)—masks a much steeper decline in the income share of routine labor. However, the declining share of

routine labor was 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. Specifically, over the period 1968-2013, Table

1 documents that the 6.3pp net decline in the labor share resulted from a 15pp decline in the routine share,

which was offset by an 8.7pp increase in the non-routine 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 use these trends in disaggregated labor and capital income shares to calibrate a production function

that is similar to Krusell et al. (2000). While we calibrate structural parameters directly implying that

routine workers are relatively more substitutable with ICT compared to non-routine workers, we also show

how these estimates can be used to compute a model-consistent aggregate elasticity of substitution. In

fact, we develop a strategy to calibrate the structural parameters of a flexible double-nested CES production

framework with two types of labor and two types of capital, as well as an alternative strategy to calibrate a

setup that treats labor as homogenous. Reassuringly, both calibration strategies imply an aggregate EOS of

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.

3

¨  ICT accounts for about half of the declining labor share 

Data: BEA, BLS, & authors’ calculations 



Part 2: 

¨ Use trends in income shares to calibrate 

production structure 

¨ Embed in neo-classical growth model 

¨ Conduct counterfactual simulations 

¤ Take ICT price as exogenous 

¤ What if the ICT price had not fallen? 

20 



¨ CRS Production Structure (nested CES) 

Output: 

“Task” Inputs: 

R & NR Inputs:   

¨  Changes in the NICT income share are not 

interpreted as outcomes of automation 
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Production Structure 

which allows us to compute the effective levels of routine and non-routine employment as
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Panel A of Figure ?? illustrates the time paths for routine and non-routine employment, both in actual and

effective units of labor.

Figures ?? and ?? 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 employment relative to

routine employment.

4. A Calibrated Production Function

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

trends in income shares. Given the relative stability of the NICT capital income share, we postulate a

production function that is a Cobb-Douglas aggregate of NICT capital and a CRS production function in

the remaining inputs. The calibration targets long-run trends in the relative income shares of ICT capital,

routine- and non-routine labor.

THE NOTATION HERE IS DIFFERENT FROM EARLIER IN THE PAPER, BECAUSE WE HAVE

k

c,r

and k

c,nr

instead of k

i,r

and k

i,nr

. NOT SURE WHICH IS BEST BUT WE SHOULD MAKE IT

CONSISTENT.

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

production function given by:

y = k
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n
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1�↵, (8)

where y is output, k
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is non-ICT capital and x is an input produced by routine inputs (x
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) and non-routine

inputs (x
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) according to a constant elasticity of substitution (CES) aggregate:
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where ⌘ 2 [0, 1] and ✓  1. Routine and non-routine inputs (x
i

) are CES aggregates of ICT capital (denoted

k

c,i

) and labor (denoted l

i

):
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where �

i

2 [0, 1] and �

i

 1. Note that the variable k

c,i

denotes the ICT capital inputs employed in the

production of x
i

. Using this notation, the aggregate supply of ICT capital is given by k

c

= k

c,r

+ k

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

labor interacts directly with ICT:
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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 11 and 12 are embedded in our specification with �

nr

= 0 and �

r

= 0, respectively.

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

labor inputs as l
t

=

ˆ

L

t

exp(�

a

t), where ˆ

L is the amount of effective units of labor—employment, holding

worker attributes such as education, etc. fixed (see Section ??)—and �

a

� 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.

Our calibration utilizes two partial-equilibrium conditions: first, we require that, given the allocation

of labor, the marginal products of k
c,i

and k

c,nr

are equalized. Second, we require that, given the implied

13



¨ Special Cases 

¤ Autor-Dorn (2013, AER) 
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Calibration: Match Trend in Income Shares 

Figure G.16: 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 ??.
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Neoclassical Growth Model 

such that 

Units: per effective worker (1/AL) 

This corner solution sets �
r

= 0 and �

a

= 0. Note that, given �

r

= 0, �
r

is irrelevant and x

r

= l

r

. We

are thus left with the functional form in equation (12), similar to the specification in Krusell et al. (2000).

The parameter �

a

= 0 is consistent with the view that technological improvement in the production of

computing power, resulting in higher ICT capital accumulation, was the main driver of productivity growth

over the past few decades (e.g., Colecchia and Schreyer, 2002; Basu et al., 2003; Bloom, Sadun and Van

Reenen, 2012; Acemoglu and Autor, 2011).

NEEDS TO BE UPDATED - SEE NOTE IN INTRO Table 1 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 similar 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 x

nr

to be around 5.7.

5. Counterfactual Analysis

We embed our calibrated production structure 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:
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All variables are in per-worker terms: c

t

is consumption per-worker, k
i,t

is the capital stock per-worker

of type i, y
t

is output per-worker and l
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If we want to scale everything by, say, `
r

, the whole system becomes
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Calibration 
Table 1: Calibration of Core Parameters

Parameter Calibration
�r 0
�nr 0.0119
�nr 0.2269 (EOS: 1.2276)
⌘ 0.5494
✓ 0.847 (EOS: 5.6721)
�a 0

Notes: The parameters �nr and ⌘ depend on the scaling of ICT capital. EOS is
the implied elasticity of substitution.

Table 2: Calibration of Remaining Parameters

Parameter Calibration

� 0.9747
u(c) ln(c)

�n 0.0594
↵ 0.3476
�l 0.028

pc,t 2 [0.28, 1.62] (BEA data)
�c,t 2 [0.142, 0.208] (BEA data)

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

of ICT capital, p
c,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.14 The second source of exogenous variation that we consider is time variation in the depreciation

rate of ICT capital, which, as we document, is quite substantial (see Figure ??).15

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.16 Our simulations

are based on the calibration of the core model parameters (Table 1) and the values reported in Table 2. The

14Formally, assume that kc,t+1 � (1 � �c)kc,t = aty
c
t , where yc

t 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 .
15We 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.
16While 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.
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Counterfactual Simulation (Initial Year: 1968) 
Figure H.17: 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.

Figure H.17 illustrates the simulated transition paths, and Table H.7 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 NICT capital is complementary to x, the accumulation of ICT capital raises the

returns to NICT capital, and the stock of NICT capital increases as well. As a result of ICT and NICT

capital accumulation, output increases relative to its counterfactual. The higher capital stocks also raise the

marginal product of labor, resulting in a higher equilibrium wage rate.

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

54
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Aggregate Effects: SS comparison (1968) 
Table 3: 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 +2.26%

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.

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 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.

17



Conclusions 

¨  ICT accounts for half of the decline in the labor share (2 pp) 

¨  Reallocates labor from routine to non-routine (10 pp) 

¨  Policy implications: 

¤  In the short run: focus on redistribution of labor income rather than 

redistribution from capital to labor 

¤  In the long run: develop non-routine skills, and welcome 

automation! 

28 
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Figure 4: Capital’s Income Share
(A) Equipment vs. Structures (B) Residential vs. Non-Residential
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Notes: Panel A decomposes the non-ICT share into equipment and structures. Panel B decomposes the non-ICT share into resi-
dential and non-residential capital. The computations are based on the methodology described in Section 2 and the underlying data
are nominal gross capital stocks and depreciation rates, drawn from the BEA’s detailed fixed asset accounts. The vertical dashed
line indicates the year 2001.

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.

2.1. 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

2 to decompose the NICT share into residential and non-residential assets and alternatively equipment and

structures. Figure 4 illustrates the resulting decompositions, again based on the BEA’s fixed asset accounts.16

This figure highlights a number of important observations: first, NICT equipment (panel A) as well

as non-residential NICT assets (panel B) are completely trend-less; second, consistent with the findings of

Rognlie (2015), the increase in the NICT capital income share in the post 2001 period is accounted for

entirely by structures (panel A) and residential capital (panel B). Since the “housing share” is unlikely to be

reflective of automation, our calibration in Section ?? will assume that the decline in the labor share which

16Note 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 F.14 in Appendix F.

9

Capital Income Share 

Data: BEA detailed asset accounts & author’s computations 



¨  Implicit Price Deflators for capital 
¨  BEA’s estimate of depreciation 
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Figure 1: Labor Expendigure 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.

2

Alternative Structure: R/NR Labor in Net Exports 

The Role of Trade for Trends in the Labor Share

September 23, 2014

To evaluate the role of trade for the trends in routine and non-routine labor shares we calculate

the share of labor expenditures that is embodied in exported goods and services. Define sR,i,t and

sN,i,t as the routine and non-routine labor shares in industry i, respectively. Further define NXi,t

the total expenditure on net exports in industry i. Thus, we can define the share of expenditure on

routine and non-routine labor, ` 2 {R,NR}, embodied in net exports as follows:

sNX,`,t =

P
i2I s`,i,t · NXi,t

GDPt
(1)

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.

Panels A and B of Figure 1 illustrate the numerator of equation (1) for goods and services

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

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

GDP). Panel B reveals 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.

These figures suggest 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. Panel B of Figure 2 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. Specifically, the

figure plots s̃`,t = s`,t � sNX,`,t, where s`,t denotes the aggregate labor share for both routine and

non-routine labor, ` 2 {R,NR}.

1

¨  Net Exports of R/NR labor services: 

¤  Industry Specific R/NR exp. share 

¤  Industry Specific Net Exports 
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Alternative Structure: R/NR Labor in Net Exports 

Figure 2: The Division of Income in the US
(A) Labor’s Income Share (B) The Role of Trade
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Notes: Occupation specific income shares are based on earnings data in the monthly CPS merged outgoing rotation group (MORG)
extracts provided by the NBER and rescaled to match the aggregate income share in the Non-Farm Business Sector (BLS). The data
are seasonally adjusted using the U.S. Cenusus X11 method. 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”, “production occupations”, “transportation and
material moving occupations”, “construction and extraction occupations”, and “installation, maintenance, and repair occupations”.
Panel B illustrates the routine and non-routine labor shares, adjusted for the role of exports. Note that the labor share in panel B is
not rescaled to match the official BLS labor share and only incorporates information on earning from the CPS MORG.

3

The Role of Trade for Trends in the Labor Share

September 23, 2014

To evaluate the role of trade for the trends in routine and non-routine labor shares we calculate

the share of labor expenditures that is embodied in exported goods and services. Define sR,i,t and

sN,i,t as the routine and non-routine labor shares in industry i, respectively. Further define NXi,t

the total expenditure on net exports in industry i. Thus, we can define the share of expenditure on

routine and non-routine labor, ` 2 {R,NR}, embodied in net exports as follows:

sNX,`,t =

P
i2I s`,i,t · NXi,t

GDPt
(1)

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.

Panels A and B of Figure 1 illustrate the numerator of equation (1) for goods and services

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

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

GDP). Panel B reveals 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.

These figures suggest 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. Panel B of Figure 2 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. Specifically, the

figure plots s̃`,t = s`,t � sNX,`,t, where s`,t denotes the aggregate labor share for both routine and

non-routine labor, ` 2 {R,NR}.
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Figure 2: Labor’s Share in Income
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BLS: Non−Farm Business

NIPA: Compensation of Employees (BEA:A033RC0)

NIPA: Wage & Salary Accruals (BEA:A034RC0)

Notes: The figure contrasts aggregate income shares (as a fraction of GDP) based on the CPS
merged outgoing rotation group (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. Cenusus X11 method.

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”. We drop farm

workers for all our analyses. To compute the corresponding income shares, 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 Figure 2) so that they match the share of (non-farm business)
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Data: CPS MORG (1979-2013) & authors’ computations 


