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Is productivity really slowing down?

1 Introduction

Labor productivity growth is widely seen as the main long-run determinant of per capita out-
put growth and improving living standards1.

The decline in measured labor productivity growth over recent decades is a matter of con-
siderable concern and debate among academics, as it is in business and government. Three
decades after Robert Solow’s famous quip that ‘you can see the computer age everywhere but
in the productivity statistics’ (Solow 1987), this slowdown remains a puzzle, not least for those
who believe that technological change is accelerating.

LP growth Slowdown GDP per “Missing” GDP
1996-2005 2006-2017 capita 2017 per capita

France 1.65 0.66 0.99 ø30,512 ø3,836
Germany 1.85 0.91 0.94 ø35,217 ø4,203
Japan 1.68 0.85 0.82 ¥4,155,243 ¥356,944
United Kingdom 2.21 0.45 1.75 £27,487 £6,443
United States 2.62 1 1.61 $59,015 $12,610

Table 1: Labor Productivity (LP) slowdown and per capita GDP gap. Growth of labor productivity is
per hour worked, and GDP per capita is in 2017 national currency units, using data from EU-KLEMS
2019 (Stehrer et al. 2019) and the Conference Board. The periods for Japan (1995-2015) and the US
(1998-2017) are slightly di↵erent due to data coverage, see Appendix A.1 for details.

The slowdown is indisputable. Table 1 demonstrates that labor productivity growth rates
have at least halved since the 1996-2005 period, making GDP per capita in 2017 several thou-
sand dollars lower than it would have been based on the previous trend (Syverson 2017). Why
is productivity slowing down?

Broader historical context. By definition, a slowdown is by comparison to a previous period
of faster growth, so a starting hypothesis is simply that previous rates of growth were excep-
tional, and could have been the result of an adjustment of productivity levels, rather than a
permanent increase in growth rates. Thus, the current slowdown should be considered within
the broader historical context. On long run historical time scales, fast productivity growth is
a relatively recent phenomenon. Within the 20th century, Bergeaud et al. (2016) identify two
major accelerations, and subsequent slowdowns: the large postwar boom and a smaller accel-
eration around 2000, generally associated with gains from Information and Communication
Technologies (ICTs).

The second acceleration is typically invoked as explanation of the US slowdown: since
growth was already sluggish in the 80’s, the fairly high rates of the late 1990’s/early 2000’s
constituted a “productivity revival” (see Figure 1), and therefore, the low rates after around
2005 constituted, in comparison to the revival, a slowdown. In Europe and Japan, in con-
trast, labor productivity growth was relatively high in the 80’s, so the slowdown appears more
secular, but could in principle just reflect the end of convergence to the frontier (US).

1By definition, the growth in output per capita is equal to the growth in output perworker plus the growth of the
ratio of number of workers over the total population. In this paper, we focus on the first term, labor productivity,
but changes to labor participation and employment rates have been (and will continue to be) important, particu-
larly due to aging (see e.g. Ramey et al. (2020) and Vollrath (2020)). We also mostly exclude from our discussion
the debate over which measure of output is the best metric for welfare evaluation.
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Is this a new phenomenon? Yes.
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Figure 6: Convergence of produtivity levels. Data from the Long-Term Productivity Database (Bergeaud
et al. 2021).

How about long term trends? Although recent work has been able to highlight di↵erences
across countries and periods (Fouquet & Broadberry 2015), very long run historical data sug-
gest very small growth rates on average, with the industrial revolution being exceptional. It is
possible that growth is a succession of adjustments in levels and that most of the low-hanging
fruit has been reaped, so lower growth simply reflects the end of these adjustments in levels.
But there are also good reasons to think that endogenous growth is possible, through well-
documented mechanisms of non-rival knowledge accumulation (Romer 1986). Throughout
the paper, we attempt to discuss whether a specific mechanism for the productivity slowdown
corresponds to a weakening of “long-run”, “permanent” growth rates, or to level e↵ects run-
ning o↵ – but it is very complex and we do not claim to have resolved this issue.

Having said that, we can look at labor productivity growth rates over the past century,
thanks to the data from Bergeaud et al. (2016, 2021). Table 13 shows average labor produc-
tivity growth rates for subperiods. It is clear that the last period features particularly low
productivity growth rates, even for the US. Rates of productivity growth in the range [0.5-1]%
have been rare, and rarely seen in such a pervasive fashion as in the last decade.

1891-
1910

1911-
1930

1931-
1950

1951-
1970

1971-
1990

1991-
2005

2006-
2018

France 1.21 3.39 0.78 5.36 3.33 1.89 0.68
Germany 1.75 0.73 0.02 5.82 3.21 2.27 0.70
Japan 2.16 2.69 1.07 7.32 3.87 2.03 0.71
UK 0.74 1.46 1.16 3.46 2.48 2.43 0.47
US 1.43 2.78 3.22 2.48 1.34 2.05 1.06

Table 13: Average growth rates of labor productivity ($US 2010 PPP per hour worked), for several long
periods. Data from the Long-Term Productivity Database (Bergeaud et al. 2016).
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For non-US countries, is this just due to the end of convergence? No.
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et al. 2021).

How about long term trends? Although recent work has been able to highlight di↵erences
across countries and periods (Fouquet & Broadberry 2015), very long run historical data sug-
gest very small growth rates on average, with the industrial revolution being exceptional. It is
possible that growth is a succession of adjustments in levels and that most of the low-hanging
fruit has been reaped, so lower growth simply reflects the end of these adjustments in levels.
But there are also good reasons to think that endogenous growth is possible, through well-
documented mechanisms of non-rival knowledge accumulation (Romer 1986). Throughout
the paper, we attempt to discuss whether a specific mechanism for the productivity slowdown
corresponds to a weakening of “long-run”, “permanent” growth rates, or to level e↵ects run-
ning o↵ – but it is very complex and we do not claim to have resolved this issue.

Having said that, we can look at labor productivity growth rates over the past century,
thanks to the data from Bergeaud et al. (2016, 2021). Table 13 shows average labor produc-
tivity growth rates for subperiods. It is clear that the last period features particularly low
productivity growth rates, even for the US. Rates of productivity growth in the range [0.5-1]%
have been rare, and rarely seen in such a pervasive fashion as in the last decade.
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Germany 1.75 0.73 0.02 5.82 3.21 2.27 0.70
Japan 2.16 2.69 1.07 7.32 3.87 2.03 0.71
UK 0.74 1.46 1.16 3.46 2.48 2.43 0.47
US 1.43 2.78 3.22 2.48 1.34 2.05 1.06

Table 13: Average growth rates of labor productivity ($US 2010 PPP per hour worked), for several long
periods. Data from the Long-Term Productivity Database (Bergeaud et al. 2016).
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How about long term trends? Although recent work has been able to highlight di↵erences
across countries and periods (Fouquet & Broadberry 2015), very long run historical data sug-
gest very small growth rates on average, with the industrial revolution being exceptional. It is
possible that growth is a succession of adjustments in levels and that most of the low-hanging
fruit has been reaped, so lower growth simply reflects the end of these adjustments in levels.
But there are also good reasons to think that endogenous growth is possible, through well-
documented mechanisms of non-rival knowledge accumulation (Romer 1986). Throughout
the paper, we attempt to discuss whether a specific mechanism for the productivity slowdown
corresponds to a weakening of “long-run”, “permanent” growth rates, or to level e↵ects run-
ning o↵ – but it is very complex and we do not claim to have resolved this issue.

Having said that, we can look at labor productivity growth rates over the past century,
thanks to the data from Bergeaud et al. (2016, 2021). Table 13 shows average labor produc-
tivity growth rates for subperiods. It is clear that the last period features particularly low
productivity growth rates, even for the US. Rates of productivity growth in the range [0.5-1]%
have been rare, and rarely seen in such a pervasive fashion as in the last decade.
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How about long term trends? Although recent work has been able to highlight di↵erences
across countries and periods (Fouquet & Broadberry 2015), very long run historical data sug-
gest very small growth rates on average, with the industrial revolution being exceptional. It is
possible that growth is a succession of adjustments in levels and that most of the low-hanging
fruit has been reaped, so lower growth simply reflects the end of these adjustments in levels.
But there are also good reasons to think that endogenous growth is possible, through well-
documented mechanisms of non-rival knowledge accumulation (Romer 1986). Throughout
the paper, we attempt to discuss whether a specific mechanism for the productivity slowdown
corresponds to a weakening of “long-run”, “permanent” growth rates, or to level e↵ects run-
ning o↵ – but it is very complex and we do not claim to have resolved this issue.

Having said that, we can look at labor productivity growth rates over the past century,
thanks to the data from Bergeaud et al. (2016, 2021). Table 13 shows average labor produc-
tivity growth rates for subperiods. It is clear that the last period features particularly low
productivity growth rates, even for the US. Rates of productivity growth in the range [0.5-1]%
have been rare, and rarely seen in such a pervasive fashion as in the last decade.
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Growth 
accounting

y = Y/L : Real output 
per hour

A : TFP

k = K/L : Capital 
(services) per hour

h : Index of 
composition of the 
labor force

workers in specific gender, age and educational attainment groups are paid their marginal pro-
ductivity. Because its changes are driven in large part by changes in the relative size of each
group, it is unlikely to change very quickly. It is therefore not surprising that it contributes
only marginally to the productivity slowdown, compared to capital deepening and TFP.

While the relative contributions of TFP and capital deepening are balanced in the US, we
cannot simply assume that this is the case everywhere. In particular, capital deepening is
almost the only source of decline in Japan4, and TFP is almost the only source of decline in
France. However, in Appendix C.3, we repeat the exercise using OECD STAN’s data, and find
that capital deepening contributed more than 20% in France, and TFP almost 30% in Japan
(STAN does not include labor composition). Throughout the paper, we will discuss TFP and
capital deepening as the main causes of the slowdown.

� logyt � logAt (1�↵t)� logkt ↵t� loght

France

1996-2005 1.65 1.18 0.16 0.30
2006-2017 0.66 0.17 0.09 0.40
Slowdown 0.99 1.01 0.07 -0.09
Share 1.00 1.02 0.07 -0.10

Germany

1996-2005 1.85 1.10 0.61 0.15
2006-2017 0.91 0.87 0.07 -0.03
Slowdown 0.94 0.23 0.54 0.17
Share 1.00 0.24 0.57 0.18

Japan

1995-2005 1.68 0.29 1.07 0.33
2006-2015 0.85 0.31 0.26 0.28
Slowdown 0.82 -0.02 0.80 0.04
Share 1.00 -0.03 0.98 0.05

United
Kingdom

1996-2005 2.21 1.14 0.70 0.37
2006-2017 0.45 0.30 0.18 -0.02
Slowdown 1.75 0.84 0.53 0.39
Share 1.00 0.48 0.30 0.22

United
States

1998-2005 2.62 1.37 1.09 0.16
2006-2017 1.00 0.46 0.38 0.17
Slowdown 1.61 0.91 0.71 -0.01
Share 1.00 0.57 0.44 -0.00

Table 2: Sources of growth decomposition for the slowdown in labor productivity growth pre- and
post-2005. Data from EU-KLEMS 2019.

These results are largely in agreement with previous studies, which use di↵erent datasets
and slightly di↵erent periods. In Appendix C.1, Table 14 reports the qualitative conclusions
from papers relying on growth accounting to explain the productivity slowdown.

the ONS, the UK’s statistical agency (Goodridge et al. 2018, Riley et al. 2018). KLEMS notes its labor composition
index also di↵ers from previous vintages in the case of the UK, pointing to discrepancies in labor survey data
managed by the ONS and Eurostat (Stehrer et al. 2019).

4Japan’s TFP growth from KLEMS data shows an improvement post-2005. The literature in this area, covered
in Jorgenson et al. (2018) and revisited by Baily et al. (2020), emphasizes Japan’s recovery from its lost decade of
growth in the 1990’s, followed by TFP levels catching up to the US in the late 2000’s.
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Growth accounting

Total Manufacturing
Wholesale, Financial Information

Other ReallocationRetail and and Insurance and
Repair Activities Communication

France

1996-2005 1.67 0.65 0.17 0.09 0.23 0.52 0.02
2006-2017 0.67 0.28 0.12 0.03 0.11 0.23 -0.10
Slowdown 1.00 0.37 0.05 0.05 0.11 0.29 0.12
Share 1.00 0.37 0.05 0.05 0.11 0.29 0.12
Germany

1996-2005 1.87 0.69 0.31 -0.08 0.17 0.45 0.33
2006-2017 0.93 0.46 0.17 0.06 0.18 0.15 -0.08
Slowdown 0.95 0.23 0.15 -0.14 -0.01 0.31 0.41
Share 1.00 0.25 0.16 -0.14 -0.01 0.32 0.43
Japan

1996-2005 1.74 0.86 0.33 0.15 0.16 0.00 0.24
2006-2015 0.87 0.48 0.07 0.05 0.07 -0.05 0.24
Slowdown 0.87 0.37 0.26 0.09 0.09 0.05 0.01
Share 1.00 0.43 0.30 0.11 0.10 0.06 0.01
United Kingdom

1996-2005 2.24 0.51 0.16 0.37 0.32 0.64 0.25
2006-2016 0.42 0.12 0.20 0.01 0.07 -0.28 0.29
Slowdown 1.82 0.38 -0.04 0.35 0.25 0.92 -0.05
Share 1.00 0.21 -0.02 0.19 0.14 0.51 -0.02
United States

1998-2005 2.54 0.96 0.55 0.29 0.50 0.40 -0.16
2006-2017 0.92 0.20 0.11 0.04 0.45 0.31 -0.19
Slowdown 1.61 0.76 0.43 0.26 0.05 0.09 0.02
Share 1.00 0.47 0.27 0.16 0.03 0.06 0.01

Table 3: Industry decomposition for the slowdown in labor productivity growth pre- and post-2005.
Data from the EU-KLEMS 2019.

Table 3 is broadly in line with previous work, although methodological and aggregation
di↵erences make a systematic comparison more di�cult than for the decomposition by factors
of production.

The US experience is defined by strong TFP growth pre-2005 in ICT using industries, high-
lighting a point often emphasized by Gordon (2016): productivity growth can be thought of
as an adjustment of the levels, with an innovation leading to a new normal level of produc-
tivity. Baily & Montalbano (2016), Cette et al. (2016), Murray (2018) and Baily et al. (2020),
among others, thus demonstrate that the industries responsible for most of the slowdown in
TFP post-2004/05 are those which experienced an acceleration pre-2004/05, namely manu-
facturing, wholesale and retail trade services, and, to some degree, agriculture. Some studies,
such as Cette et al. (2016), Inklaar et al. (2019) and Baily et al. (2020), highlight a strong TFP
slowdown in ICT producing industries.

Cette et al. (2016), van Ark (2016a) and Gordon & Sayed (2019) directly contrast the Euro-
pean experience with that of the US; ICT using industries did not experience much growth pre
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2006-2017 0.67 0.28 0.12 0.03 0.11 0.23 -0.10
Slowdown 1.00 0.37 0.05 0.05 0.11 0.29 0.12
Share 1.00 0.37 0.05 0.05 0.11 0.29 0.12
Germany

1996-2005 1.87 0.69 0.31 -0.08 0.17 0.45 0.33
2006-2017 0.93 0.46 0.17 0.06 0.18 0.15 -0.08
Slowdown 0.95 0.23 0.15 -0.14 -0.01 0.31 0.41
Share 1.00 0.25 0.16 -0.14 -0.01 0.32 0.43
Japan

1996-2005 1.74 0.86 0.33 0.15 0.16 0.00 0.24
2006-2015 0.87 0.48 0.07 0.05 0.07 -0.05 0.24
Slowdown 0.87 0.37 0.26 0.09 0.09 0.05 0.01
Share 1.00 0.43 0.30 0.11 0.10 0.06 0.01
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Table 3: Industry decomposition for the slowdown in labor productivity growth pre- and post-2005.
Data from the EU-KLEMS 2019.

Table 3 is broadly in line with previous work, although methodological and aggregation
di↵erences make a systematic comparison more di�cult than for the decomposition by factors
of production.

The US experience is defined by strong TFP growth pre-2005 in ICT using industries, high-
lighting a point often emphasized by Gordon (2016): productivity growth can be thought of
as an adjustment of the levels, with an innovation leading to a new normal level of produc-
tivity. Baily & Montalbano (2016), Cette et al. (2016), Murray (2018) and Baily et al. (2020),
among others, thus demonstrate that the industries responsible for most of the slowdown in
TFP post-2004/05 are those which experienced an acceleration pre-2004/05, namely manu-
facturing, wholesale and retail trade services, and, to some degree, agriculture. Some studies,
such as Cette et al. (2016), Inklaar et al. (2019) and Baily et al. (2020), highlight a strong TFP
slowdown in ICT producing industries.

Cette et al. (2016), van Ark (2016a) and Gordon & Sayed (2019) directly contrast the Euro-
pean experience with that of the US; ICT using industries did not experience much growth pre
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What makes a good explanation?

• Sequencing: Candidate cause takes place before the slowdown

• Scope: Candidate cause takes in all places where there is a slowdown

• Scale: Cause should have a plausibly large effect

2005, and the slowdown in manufacturing is not due to ICT producers specifically. Inklaar
et al. (2019) specifically searched for the best industry taxonomy for the productivity slow-
down, but, except for a pattern of slowdown in o↵shoring industries, are largely inconclusive
for Europe. In addition to manufacturing, studies of the UK place greater emphasis on finan-
cial industries, and also some combination of information and communication services (Riley
et al. 2018, Tenreyro 2018), wholesale and retail trade (Goodridge et al. 2018), oil and gas
(Goodridge et al. 2018, Riley et al. 2018) and professional, scientific and technical services
(Tenreyro 2018). In all, the slowdown for Europe is more widespread across industries.

In line with our results, the reallocation between industries in France, Japan, UK and US
is rarely seen as an important factor (Byrne et al. 2016, Murray 2018, Tenreyro 2018, Cantner
et al. 2018, Nishi 2019), and actually improved labor productivity in the UK (Goodridge et al.
2018, Riley et al. 2018). However, the strong e↵ect of reallocation that we find for Germany
appears missing from the literature, and warrants further research. In line with our results,
the literature o↵ers little evidence that Baumol’s cost disease is strong enough to explain the
productivity slowdown over the fairly short time scales we are considering, although Nishi
(2019) and Duernecker et al. (2019) highlight long-term, secular patterns in Japan and the US.

In summary, reallocation fails to explain the pervasive productivity slowdown, which is
therefore due to a decline in at least some industries. Indeed, some industries are more a↵ected
than others, with manufacturing being a strong contributor to the slowdown due to both its
decline in productivity and its relatively large size. High contributions from other industries
appear more country-specific, although the evidence suggests that the current slowdown may
reflect a pause in the adjustment of productivity towards higher levels initiated by the ICT
revolution.

2.3 Organization of the rest of the paper

From our analysis so far, the labor productivity slowdown appears to be mostly driven by a
slowdown of TFP and capital deepening, with this slowdown across all industries, although
with interesting industry-specific and country specific di↵erences.

As a guide to the organization of the rest of our enquiry, we present a basic extension of the
growth accounting equation. Assuming that true and observed output di↵er, and assuming
that TFP is the sum of a “pure technology” and an “allocative e�ciency” e↵ect, we can write a
(conceptual) extension of Eq. 1 (see Appendix B),

� logyt = �B|{z}
Mismeasurement

(Section 3)

+ (1�↵t)� logkt
|            {z            }
Capital Deepening

(Section 4)

+ ↵t� loght
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Technology
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.

(3)
While Eq. 3 provides a conceptual structure that helps us organize the various explana-

tions that have been put forward in the literature, in practice every section will touch upon
evidence and mechanisms that cut across several terms. For instance, the mismeasurement of
intangibles a↵ects both the right hand side and the left hand side, technology a↵ects TFP as
well as investment, and aging a↵ects resource allocation as well as labor composition.

3 Mismeasurement

In this section, we clarify the main sources of mismeasurement and provide an estimate of the
contribution of mismeasurement to the productivity slowdown, mainly focusing on the US.
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Mismeasurement

Mismeasurement of labor productivity can be due to three main sources: a mismeasure-
ment of nominal output (perhaps due to changing boundaries of GDP), a mismeasurement of
deflators, which has received the most attention in the literature, and a mismeasurement of
labor inputs. To see this, consider the definition of labor productivity as real output per hour,
where real output Y is nominal output Ȳ divided by a price index P. In growth rates, we have

� logy = � log Ȳ
|  {z  }

Boundary issues

� � logP
| {z }

Issues with deflators

� � logL
| {z }

Mismeasured
labor inputs

. (4)

The first potential source of mismeasurement is nominal GDP.While we will briefly discuss
the emerging literature on measuring welfare in the digital era, our objective is not to enter
into a discussion about the limitations of GDP but to discuss the extent of mismeasurement
within its scope. This leads us to discuss profit shifting, the informal sector and intangible
investment.

The second is a bias in the measurement of deflators. If quality-adjusted price growth
is overestimated, typically because the rise in quality is underestimated, output growth and
therefore labor productivity growth will be underestimated. We collect estimates for biases
for healthcare and ICT goods and services, which have received most attention, and for two
other biases (the imputation bias and the foreign sourcing bias).

Eq. 4 shows a third source of potential mismeasurement: labor inputs. Generally, labor
inputs are expressed in number of workers or number of hours. We are not aware of studies
that look into a potential increased bias for these quantities, so we assume that it is unlikely to
be relevant, and do not discuss it further.

When providing estimates of biases in published data, it is not always evident, for each
identified bias, whether statistical o�ces have already implemented newmethods to deal with
it, and whether the data that they make available already contains consistent revisions for all
previous periods. Moreover, the data we use (e.g. KLEMS) uses specific vintages of data made
available by statistical o�ces, so we would need to know which revision applies to the specific
vintages used by KLEMS or STAN. In addition, while we focus on the US, di↵erent statistical
o�ces may have slightly di↵erent practices, which further complicates any evaluation. Our
solution has been to focus our attention on recent papers, and assume that the biases they
discuss apply to the data we are using.

3.1 Deflators

A large literature describes potential biases in deflators. The main sources of bias include:
issues with sampling and measuring prices and relative weights of items in consumption (or
other final demand) baskets; issues with aggregating low-level price changes into indices, in
view of the di�culty of assessing whether the shares of each item in the baskets are changing
because of substitution induced by changes to relative prices; issues with the addition of new
products and removal of disappearing products; issues with assessing quality change; more
broadly, issues with new forms of commercialization (i.e. new retail outlets). We refer the
interested reader to the specialist literature (Boskin et al. 1997, Lebow & Rudd 2003, Moulton
2018), and focus here on estimates of the biases and their changes that are relevant to the
productivity slowdown.

Computing contributions to the productivity slowdown. To compute the contribution of
the mismeasurement of deflators to the productivity slowdown, we follow the literature, and
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Around 2000 Around 2010 Slowdown
Deflators

Consumption 22 42 20
Investment 23 16 -7
Imputation for new products 63 70 7
O↵shoring bias -5.0 -2.5 2.5
Total Deflators 103 125 22

Boundaries
Profit shifting 5 0 -5
Intangibles -9 -5 4
Total Boundaries -4 -5 -1
Total 99 120 21

Table 5: Contribution of mismeasurement to the US productivity slowdown (in bp, rounded). The
numbers for Consumption and Investment are reported from Table 4.

to be declining. In the US, the shadow economy is estimated to have dropped from 8.5% of
GDP in 2003 to 5.1% in 2018, in Germany from 16.7% to 9.6% and in Japan from 11% to 8.5%
during the same period (Enste 2018, Medina & Schneider 2018). In principle, we could try
to estimate the labor productivity levels and growth of the informal sectors, as well as their
share of the economy, and an estimate of how much is already captured in national accounts.
We could then see whether any bias to labor productivity has changed over our two decades.
Considering the di�culty and uncertainty involved in doing this, and anticipating relatively
small e↵ects, we assume that this issue did not contribute substantially to the productivity
slowdown, but a full study would be helpful.

Investment in intangible assets. Corrado et al. (2009) argued that some expenses by busi-
nesses are currently considered as intermediate consumption (and thus netted out of GDP),
while in principle they should be considered as investment (see Section 4.3 for an extended
discussion). While this implies that true output is probably higher than actually measured,
the e↵ect on GDP growth rates and on the productivity slowdown is less clear a priori11.

The EU KLEMS data we used in the previous section (Stehrer et al. 2019) is available in two
formats: the tables based on existing o�cial national accounts, and tables that are recomputed
using an intangibles-extended asset boundary. Table 17 in Appendix C.4 performs the same
growth decomposition as in Table 2, using the extended dataset. Comparing the two and
considering the US, we find that productivity growth in the extended accounts was slower
during both periods, but the bias was larger during the first period. As a result, the slowdown
is a little bit smaller in the extended accounts compared to the o�cial accounts, 1.57 instead
of 1.61pp, a di↵erence of 0.04pp we report in Table 5. Computing equivalent figures for other
countries gives a range of -0.08 to 0.04pp, so it is indeed possible that mismeasurement of
intangibles makes the slowdown worse rather than explaining it. All considered, according to
these numbers, this explanation fails the scale and scope criteria. However, two other studies
have found substantially larger e↵ects of the mismeasurement of intangibles on productivity.

11This also creates a substantial bias in how growth is attributed to capital deepening or TFP (Corrado et al. 2009,
Crouzet & Eberly 2021, McGrattan 2020), but we do not delve into this here (see also Appendix B). Furthermore, if
investment growth rates are changing over time, so that investment and capital growth rates di↵er, this can create
a TFP mismeasurement cycle (Brynjolfsson et al. 2021).
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decline in productivity and its relatively large size. High contributions from other industries
appear more country-specific, although the evidence suggests that the current slowdown may
reflect a pause in the adjustment of productivity towards higher levels initiated by the ICT
revolution.

2.3 Organization of the rest of the paper

From our analysis so far, the labor productivity slowdown appears to be mostly driven by a
slowdown of TFP and capital deepening, with this slowdown across all industries, although
with interesting industry-specific and country specific di↵erences.

As a guide to the organization of the rest of our enquiry, we present a basic extension of the
growth accounting equation. Assuming that true and observed output di↵er, and assuming
that TFP is the sum of a “pure technology” and an “allocative e�ciency” e↵ect, we can write a
(conceptual) extension of Eq. 1 (see Appendix B),
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While Eq. 3 provides a conceptual structure that helps us organize the various explana-

tions that have been put forward in the literature, in practice every section will touch upon
evidence and mechanisms that cut across several terms. For instance, the mismeasurement of
intangibles a↵ects both the right hand side and the left hand side, technology a↵ects TFP as
well as investment, and aging a↵ects resource allocation as well as labor composition.

3 Mismeasurement

In this section, we clarify the main sources of mismeasurement and provide an estimate of the
contribution of mismeasurement to the productivity slowdown, mainly focusing on the US.

11



Capital 
Deepening

(1�↵t)� logkt Non-ICT ICT Intangible

France

1996-2005 0.16 0.08 0.03 0.06
2006-2017 0.09 0.00 0.02 0.07
Slowdown 0.07 0.08 0.01 -0.02
Share 1.00 1.14 0.13 -0.27

Germany

1996-2005 0.61 0.49 0.03 0.08
2006-2017 0.07 0.02 -0.01 0.07
Slowdown 0.54 0.48 0.05 0.02
Share 1.00 0.88 0.08 0.04

Japan

1995-2005 1.07 0.44 0.34 0.29
2006-2015 0.26 0.06 0.07 0.13
Slowdown 0.80 0.38 0.27 0.16
Share 1.00 0.47 0.33 0.20

United
Kingdom

1996-2005 0.70 0.55 0.12 0.03
2006-2017 0.18 0.17 0.03 -0.02
Slowdown 0.53 0.38 0.09 0.05
Share 1.00 0.73 0.18 0.10

United
States

1998-2005 1.09 0.63 0.24 0.21
2006-2017 0.38 0.18 0.07 0.12
Slowdown 0.71 0.45 0.17 0.09
Share 1.00 0.64 0.23 0.13

Table 7: Decomposing the slowdown in capital deepening between its various types. Data from EU
KLEMS 2019.
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Figure 2: (Left) Capital share of income computed as the capital compensation, divided by the sum
of capital and labor compensation (In Japan capital and labor compensations do not sum up to VA).
(Right) Investment rates, calculated as constant price gross fixed capital formation divided by the total
capital stock. Data from EU KLEMS 2019 (and (RIETI 2018) for Japan).

In the standard growth accounting methodology that we use, the contribution of capital
deepening is computed as the growth rate of capital per hour worked multiplied by the capital
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investment in the last decades, we consider other more structural factors. The first is the rise
in intangibles, which explains some of the investment slowdown, partly because intangibles
are mismeasured so investment is not as low as it seems, and partly because intangibles have
di↵erent properties, so the nature and level of investment is changing, possibly permanently.
Finally, we discuss three other explanations that have been put forward: o↵-shoring, which
lead to investment being performed and recorded abroad; changes in corporate governance;
and weakening competition leading to lower incentives to invest.

4.1 The evidence

What is aggregate capital made of, how has it changed, and how does it explain the growth
accounting results of Section 2? Table 6 shows the di↵erent kinds of capital considered by the
“analytical” accounts in KLEMS, which include a broader set of assets than national accounts.
While three categories of intangibles are now included, after the 1993 and 2008 revisions of
the UN System of National Accounts, it has been widely argued that other kinds of expenses
in intangibles could be capitalized (see Section 4.3).

NA inclusion Depreciation % of capital stock

1995 2005 2015

Physical Non-ICT
Total Non-residential investment X 0.032 39.41 37.55 36.46
Residential structures X 0.011 38.58 38.96 38.15
Other machinery and equipment X 0.131 11.56 11.35 11.77
Transport equipment X 0.189 2.74 2.91 3.19
Cultivated assets X 0.200 0.27 0.19 0.17
Total 92.56 90.96 89.73

Physical ICT
Computing equipment X 0.315 0.48 0.79 0.94
Communications equipment X 0.115 0.46 0.79 1.02
Total 0.94 1.58 1.96

Included Intangible
Research and Development X 0.200 4.42 4.64 5.15
Computer software and databases X 0.315 1.40 2.25 2.60
ther Intellectual Property Products X 0.131 0.73 0.62 0.59
Total 6.55 7.50 8.35

Excluded Intangible
Design and other product developments ⇥ 0.200 1.84 1.74 2.29
Advertising, market research and branding ⇥ 0.550 1.34 1.36 1.30
Purchased organisational capital ⇥ 0.400 0.76 0.99 1.28
Vocational training ⇥ 0.400 0.65 0.42 0.52
Own-account organisational capital ⇥ 0.400 excluded
Total 4.60 4.52 5.38

Table 6: Types of capital and their coverage in national accounts. This table was constructed from
the EU-KLEMS manual by Stehrer et al. (2019). “NA inclusion” refers to whether the asset type is
capitalised under the current system of national accounts, namely the ESA 2010, which itself follows
the guidelines established by the SNA 2008. Percentages of the capital stock are in percent of the
National Accounts capital stock, so the first three sub-totals add up to 100.
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Structural or cycle effects?

Structural effects
• Intangible capital (more next slide)
• Competition: market power restricts output and investment
• Corporate governance: Common ownership; short-termism
• Globalization: investment shifts abroad

Business cycles and the financial crisis
• Financial frictions
• Depressed aggregate demand (through accelerator effect)
• Lower government investment

We will assume that structural and business cycle effects 
contribute 50-50 each



Spillovers from intangibles

time to fully impact businesses and productivity (Brynjolfsson et al. 2018).

Spillovers from intangible capital and the TFP slowdown. There is a concern that because
of their higher spillover e↵ects compared to tangible capital, a slowdown in intangible in-
vestment is worse than a slowdown in physical capital investment. Goodridge et al. (2018)
suggested that part of the TFP growth slowdown might be due to missing lagged spillovers,
resulting from the slowdown of R&D investment in the 90’s and 2000’s.

Corrado et al. (2017a) computed the e↵ect of intangible-related spillovers on TFP. To do
this, one first needs to create complete intangible capital accounts, new measures of output
growth that include intangible investment, and then compute TFP. Corrado et al. (2020) re-
produced earlier results suggesting that, in this updated system of accounts, a 1pp increase
in intangible capital services growth is associated with 0.2pp increase in TFP growth. Com-
paring intangible capital services growth between the pre-crisis (1999-2007) and post-crisis
(2008-2016) periods, they find that the slowdown of intangible capital services from 4.9% to
2% led a slowdown of TFP of (4.9�2)⇥0.2 = 0.58pp in the US, which is a very large share of the
TFP slowdown. The same calculation for Europe would explain 0.3pp of the TFP slowdown.

Table 8 repeats this calculation using intangible capital services data from EU KLEMS
2019. We reuse the elasticity of 0.2 of Corrado et al. (2020), even though strictly speaking
it should be used to compute an e↵ect on intangibles-corrected TFP rather than “raw” TFP.15

France Germany Japan UK US
1996-2005 2.53 2.62 3.30 1.83 4.27
2006-2017 2.88 2.31 0.90 1.85 2.89
Slowdown -0.36 0.31 2.40 -0.03 1.38
Slowdown ⇥0.2 -0.07 0.06 0.48 -0.01 0.28

Table 8: Growth of intangible capital services, data from EU-KLEMS 2019 (Stehrer et al. 2019), An-
alytical Growth Accounts, variable CAPIntang QI. Missing values 2016-2017 for Japan, 1996 for the
US.

These results suggest that, for the US, the slowdown in intangible capital services led to
a decline of TFP growth of 0.28pp, representing more than a quarter of the TFP slowdown,
and 17% of the labor productivity slowdown. This is a substantial e↵ect. However, the e↵ect
for other countries is inconsistent. For the UK, France and Germany, it is much closer to zero.
For Japan, it is very strong but this is somewhat surprising given that Japan’s productivity
slowdown comes almost entirely from capital deepening, not from TFP.

We have repeated the same calculation using Corrado et al.’s (2016) data on intangible cap-
ital services16, which is di↵erent from KLEMS. It does not contain data for Japan, but confirms
closer to zero e↵ects for France, Germany and the UK. For the US, the e↵ect is much stronger
than in Table 8, and closer to Corrado et al.’s (2020) estimate (who use slightly di↵erent peri-
ods).

Considering that this explanation somewhat fails our scope criteria, in the conclusion we
will report the results from Table 8, which are more conservative than those from Corrado et al

15Comparing Table 2 and 17we find only small di↵erences between TFP slowdowns in the o�cial and intangible-
corrected accounts. We use the variable CAPIntang QI in KLEMS, which includes all types of intangible capital
services listed in Table 6 (included in national accounts or not). Corrado et al. (2017a) exclude Software and
Databases in estimating the elasticity.
16http://www.intaninvest.net
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2005, and the slowdown in manufacturing is not due to ICT producers specifically. Inklaar
et al. (2019) specifically searched for the best industry taxonomy for the productivity slow-
down, but, except for a pattern of slowdown in o↵shoring industries, are largely inconclusive
for Europe. In addition to manufacturing, studies of the UK place greater emphasis on finan-
cial industries, and also some combination of information and communication services (Riley
et al. 2018, Tenreyro 2018), wholesale and retail trade (Goodridge et al. 2018), oil and gas
(Goodridge et al. 2018, Riley et al. 2018) and professional, scientific and technical services
(Tenreyro 2018). In all, the slowdown for Europe is more widespread across industries.

In line with our results, the reallocation between industries in France, Japan, UK and US
is rarely seen as an important factor (Byrne et al. 2016, Murray 2018, Tenreyro 2018, Cantner
et al. 2018, Nishi 2019), and actually improved labor productivity in the UK (Goodridge et al.
2018, Riley et al. 2018). However, the strong e↵ect of reallocation that we find for Germany
appears missing from the literature, and warrants further research. In line with our results,
the literature o↵ers little evidence that Baumol’s cost disease is strong enough to explain the
productivity slowdown over the fairly short time scales we are considering, although Nishi
(2019) and Duernecker et al. (2019) highlight long-term, secular patterns in Japan and the US.

In summary, reallocation fails to explain the pervasive productivity slowdown, which is
therefore due to a decline in at least some industries. Indeed, some industries are more a↵ected
than others, with manufacturing being a strong contributor to the slowdown due to both its
decline in productivity and its relatively large size. High contributions from other industries
appear more country-specific, although the evidence suggests that the current slowdown may
reflect a pause in the adjustment of productivity towards higher levels initiated by the ICT
revolution.

2.3 Organization of the rest of the paper

From our analysis so far, the labor productivity slowdown appears to be mostly driven by a
slowdown of TFP and capital deepening, with this slowdown across all industries, although
with interesting industry-specific and country specific di↵erences.

As a guide to the organization of the rest of our enquiry, we present a basic extension of the
growth accounting equation. Assuming that true and observed output di↵er, and assuming
that TFP is the sum of a “pure technology” and an “allocative e�ciency” e↵ect, we can write a
(conceptual) extension of Eq. 1 (see Appendix B),

� logyt = �B|{z}
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(3)
While Eq. 3 provides a conceptual structure that helps us organize the various explana-

tions that have been put forward in the literature, in practice every section will touch upon
evidence and mechanisms that cut across several terms. For instance, the mismeasurement of
intangibles a↵ects both the right hand side and the left hand side, technology a↵ects TFP as
well as investment, and aging a↵ects resource allocation as well as labor composition.

3 Mismeasurement

In this section, we clarify the main sources of mismeasurement and provide an estimate of the
contribution of mismeasurement to the productivity slowdown, mainly focusing on the US.

11



Human Capital

• Education and skills: no strong evidence of a slowdown
• Aging: no clear evidence of direct effect on productivity ; sequencing?
• Migration: difficult to quantify, heterogenous effects; scope?
• Leisure technology: difficult to quantify; but good sequencing.
• Labor market institutions: 
• No-poaching and non-compete agreements
• Low wages make investment less attractive
• Gig economy
• Slower rate of reduction in discrimination

Conclusion: Mix of secular trends and recent changes have probably 
affected TFP, but we are unable to quantify this further
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Global trade: 
Lower gains in world allocative efficiency?

Why would trade be good for productivity?
• Specialization (level effect)
• Firm-level selection (level effect)
• Innovation (growth effect)

Has Trade integration slowed down and why?
• Business cycle effect: Slowdown in global trade post financial crisis
• Structural effects: Large trade gains from GVC organization already 

reaped?
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sider only manufacturing industries, as in Constantinescu et al.’s (2019) baseline, or if we also
consider tradable services, as in Constantinescu et al.’s (2019) extension. The more industries
we consider, the larger the aggregate impact.

Variable construction. The key variable in measuring Global Value Chain (GVC) integration
is backward linkages (Hummels et al. 2001, Constantinescu et al. 2019), which starts by the
construction of the matrix

Z = V (I �A)�1E, (23)

where V is an MN ⇥MN matrix, with diagonal elements equal to the ratio of value added
to gross output of N countries and M industries, A is the MN ⇥MN matrix of intermediate
consumption over gross output (such that column sums are the share of total intermediate
consumption out of gross output for the respective country-industry), and E is a MN ⇥MN
matrix with diagonal elements equal to gross exports (see the online appendix of Constanti-
nescu et al. (2019) for details).
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Figure 7: Foreign value added embodied in gross exports. The trends in the WIOD 2013 and WIOD
2016 databases are very similar for manufacturing industries, but substantially less so for service in-
dustries.

We construct the matrix Z using data from the World Input-Output Database (WIOD), for
both the 2013 and 2016 vintages (Timmer et al. 2015, 2022). We then construct backward link-
ages Bi,j,t for country i, industry j in year t, by fixing a column of Z and summing across rows
all the elements for which the origin country (in the rows) is di↵erent from the destination
country (in the column). Thus, Bi,j,t is the foreign value added by country, industry and year,
embodied in its gross exports (see the online appendix of Constantinescu et al. (2019)). Figure
7 plots the total Bi,t summed across all industries in a given year, for each of our five countries,
and for each vintage of the WIOD. The industry selection is described later in this Appendix.
In addition to their di↵erent di↵erent time coverage, the two vintages appear to have a small
di↵erence in the level of backward linkages, but very similar overall trends.

Contribution to the productivity slowdown. To derive an estimated contribution of a slow-
down in backward linkages to the labor productivity slowdown, let us start from the analysis
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Global Trade6.3 E↵ect of the slowdown in trade on the productivity slowdown

Given the documented slowdown in global trade, an estimate of the elasticity of labor produc-
tivity growth to international trade growth would provide an evaluation of the impact of the
trade slowdown on the productivity slowdown. Any causal estimate for the aggregate impact
of the trade slowdown on productivity growth rates would need to address the considerable
endogeneity, however.

Indus. Backward linkages Elasticity Productivity e↵ect Slowdown
1996-05 2006-14 �GVC 1996-05 2006-14

France M 0.89 0.72 0.03 0.03 0.02 0.01
M&S 3.87 3.90 0.24 0.95 0.96 -0.01

Germany M 2.15 1.58 0.03 0.07 0.05 0.02
M&S 7.39 5.00 0.24 1.81 1.23 0.58

Japan M 1.53 1.76 0.03 0.05 0.06 -0.01
M&S 6.50 2.24 0.24 1.59 0.55 1.04

United
Kingdom

M 0.48 0.29 0.03 0.02 0.01 0.01
M&S 7.85 4.09 0.24 1.92 1.00 0.92

United
States

M 0.77 0.78 0.03 0.03 0.03 -0.00
M&S 5.32 4.25 0.24 1.30 1.04 0.26

Table 9: Slowdown in backward linkage and labour productivity growth. Data retrieved from World
Input-Output Database (WIOD), versions 2013 and 2016 (Timmer et al. 2015, 2022). Industries M
denotes an aggregate for all manufacturing industries, and M&S an aggregate of all manufacturing
plus tradable service industries, as listed in Constantinescu et al. (2019). All values, except for the
elasticity, are reported in percentage points (pp). See Appendix D.1 for details.

The key variable capturing the integration of GVCs is the amount of foreign value added
embodied as intermediates in exports, termed “backward linkages”. Constantinescu et al.
(2019), using panel data on manufacturing and tradable services industries in 40 countries
for the period 1997-2009, regress labor productivity on backward linkages. They show several
specifications, including one including tradable service industries, and some using instrumen-
tal variables.

We use these results to derive reasonable lower and upper bounds for the e↵ect of a slow-
down in trade on productivity (Table 9, see Appendix D.1 for details). For the lower bound,
we use the lowest coe�cient reported by Constantinescu et al. (2019) and apply it for man-
ufacturing industries alone. Perhaps unsurprisingly, the slowdown in labor productivity ex-
plained is close to zero in each country. For the upper bound, we take the largest coe�cient
documented in Constantinescu et al. (2019), and apply it to manufacturing and tradable ser-
vices industries, thus capturing a larger share of the economy and making any potential e↵ect
mechanically larger. Here, we explain 0.26pp of the labor productivity slowdown in the US,
and around 1pp in Japan and the UK, which would appear very high. France is the only
country not substantially a↵ected substantially. The low contribution of trade to explaining
France TFP slowdown, which was large, and the large contribution to explaining Japan’s TFP
slowdown, which was very low, suggests that this explanation may somewhat fail our scope
criteria.

Another important issue with this explanation is its sequencing; growth in backward link-
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of Constantinescu et al. (2019), who estimate the impact of backward linkages on labor pro-
ductivity levels using

logyi,j,t = ↵Xc
i,t + �GVC logBi,j,t +�i +�j +�t + "i,j,t , (24)

where labor productivity y is in value added per employee, controls Xc include log capital per
worker and log gross final imports, and fixed e↵ects �s are included for country i, industry j ,
and year t. The main variable of interest, logB, is the log of foreign value added embodied in
gross exports, which we derived previously. Constantinescu et al. (2019) estimate their spec-
ification using data from the 2013 vintage of the WIOD, for 40 countries, 13 manufacturing
industries, and the years 1995-2009.

In order to use the estimated elasticity �GVC, we aggregate the relevant industries for each
year. For simplicity, we aggregate country-level labor productivity growth as

� logyi,t =
X

j2M1

vi,j,t� logyi,j,t +
X

j 02M2

vi,j 0 ,t� logyi,j 0 ,t ,

which is the aggregated sum of m1 “tradable” industries in the setM1 , and m2 “other” indus-
tries in the setM2 (m1 +m2 =M), and where we use the Törnqvist indices

vi,j,t =
1
2

✓
Qi,j,t /Qi,t +Qi,j,t�1/Qi,t�1

◆
,

where Qi,j,t is the nominal value added of industry j , country i at time t, and Qi,t is the aggre-
gate nominal value added of country i at time t. Note that

P
j vi,j,t +

P
j 0 vi,j 0 ,t = 1.

From the first-di↵erence version of Eq. 24, the contribution of the growth of backward
linkages to productivity growth in industry j , which we denote � logyEi,j,t is

� logyEi,j,t = �GVC� logBi,j,t . (25)

Note that industries with negative, or zero, gross exports are omitted after taking the log-
transform. Defining an aggregate over the relevant industries only, and using Eq. 25, we have

� logyEi,t ⌘
X

j2M1

vi,j,t� logyEi,j,t = �GVC
X

j2M1

vi,j,t� logBi,j,t . (26)

The sum on the RHS is what we report as “Backward linkages” in Table 9. More precisely, we
average this over the relevant years.

We compute this sum using the 2013 vintage only when it is the only one available, using
the 2016 vintage only when it is the only available, and using an average of the two when both
are available. From Fig. 7, we do not expect large di↵erences between vintages. Across all
countries, the correlation coe�cient of backward linkages in manufacturing alone is 0.86 be-
tween the 2013 and 2016 releases, and 0.62 in manufacturing plus tradable service industries.
When taking our five countries in isolation, the coe�cients are 0.98 for manufacturing but
only 0.34 for manufacturing plus tradable services, which is why we prefer to average over the
two databases when we can.

Constantinescu et al. (2019) deflate their variable, but here we omit this step as this is
unlikely to strongly a↵ect the calculations for the contribution to the slowdown of productivity.
To obtain the “Productivity e↵ect” in the Table, which is the LHS of Eq. 26, we have to make
two choices: the value of �GVC, and the set of industries over which we aggregate (M1).
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Constantinescu et al (2017): 
Foreign VA embodied in exports is correlated to output/worker at the industry-level



2005, and the slowdown in manufacturing is not due to ICT producers specifically. Inklaar
et al. (2019) specifically searched for the best industry taxonomy for the productivity slow-
down, but, except for a pattern of slowdown in o↵shoring industries, are largely inconclusive
for Europe. In addition to manufacturing, studies of the UK place greater emphasis on finan-
cial industries, and also some combination of information and communication services (Riley
et al. 2018, Tenreyro 2018), wholesale and retail trade (Goodridge et al. 2018), oil and gas
(Goodridge et al. 2018, Riley et al. 2018) and professional, scientific and technical services
(Tenreyro 2018). In all, the slowdown for Europe is more widespread across industries.

In line with our results, the reallocation between industries in France, Japan, UK and US
is rarely seen as an important factor (Byrne et al. 2016, Murray 2018, Tenreyro 2018, Cantner
et al. 2018, Nishi 2019), and actually improved labor productivity in the UK (Goodridge et al.
2018, Riley et al. 2018). However, the strong e↵ect of reallocation that we find for Germany
appears missing from the literature, and warrants further research. In line with our results,
the literature o↵ers little evidence that Baumol’s cost disease is strong enough to explain the
productivity slowdown over the fairly short time scales we are considering, although Nishi
(2019) and Duernecker et al. (2019) highlight long-term, secular patterns in Japan and the US.

In summary, reallocation fails to explain the pervasive productivity slowdown, which is
therefore due to a decline in at least some industries. Indeed, some industries are more a↵ected
than others, with manufacturing being a strong contributor to the slowdown due to both its
decline in productivity and its relatively large size. High contributions from other industries
appear more country-specific, although the evidence suggests that the current slowdown may
reflect a pause in the adjustment of productivity towards higher levels initiated by the ICT
revolution.

2.3 Organization of the rest of the paper

From our analysis so far, the labor productivity slowdown appears to be mostly driven by a
slowdown of TFP and capital deepening, with this slowdown across all industries, although
with interesting industry-specific and country specific di↵erences.

As a guide to the organization of the rest of our enquiry, we present a basic extension of the
growth accounting equation. Assuming that true and observed output di↵er, and assuming
that TFP is the sum of a “pure technology” and an “allocative e�ciency” e↵ect, we can write a
(conceptual) extension of Eq. 1 (see Appendix B),
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While Eq. 3 provides a conceptual structure that helps us organize the various explana-

tions that have been put forward in the literature, in practice every section will touch upon
evidence and mechanisms that cut across several terms. For instance, the mismeasurement of
intangibles a↵ects both the right hand side and the left hand side, technology a↵ects TFP as
well as investment, and aging a↵ects resource allocation as well as labor composition.

3 Mismeasurement

In this section, we clarify the main sources of mismeasurement and provide an estimate of the
contribution of mismeasurement to the productivity slowdown, mainly focusing on the US.
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• Business dynamism and job reallocation
• Market power: Concentration, profits and markups
• Productivity dispersion



Business dynamism and job reallocation
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Market power 1: Concentration

• Issues in measuring
• Market definition
• (especially geographic)
• Denominator when using 

firm-level datasets

• Issues in interpreting: Good or 
bad?
• Natural monopolies
• Barriers to entry
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Figure 1: Recent trends in labor productivity. Data from the Long-Term Productivity Database
(Bergeaud et al. 2016, 2021).

While there is some truth in the fact that the current low productivity growth rates simply
reflect a more “normal” growth rate for a set of economies that are now all “frontier”, the
current slowdown goes beyond this. In Appendix A.2 we show two things. First, there was no
convergence in the 1996-2005 decade, so slower convergence cannot explain the slower rates
in Europe after 2005 compared to 1996-2005. Second, while it is true that the frontier may be
returning to more “normal” rates of growth after the 1996-2005 IT boom, the rates of labor
productivity growth in all countries are still broadly speaking lower than at any time in the
20th century, and are low in all the five countries we study at the same time. Thus, while we
see part of the slowdown as simply reflecting the fact that all five advanced economies are now
more or less frontier economies progressing at a “normal” rate, the rates observed are very low
by historical standards and appear surprising in a context of technological transformations.
That said, throughout the paper, we examine the role of both secular trends, such as aging and
structural change, and cyclical or market phenomena, such as declines in investment.

Major theories: past and present. Our investigation builds on work which sought to explain
previous slowdowns. Early research emphasized the importance of the relative share of dif-
ferent industries, with, for example, Nordhaus (1972) attributing the 1965-71 slowdown to a
changing industry mix towards industries with a lower productivity level. Baily & Gordon
(1989) argued that there is a one-o↵ e↵ect of technology, where productivity growth is in-
terpreted as an adjustment toward a higher level, while accounting for implementation lags.
Bruno (1982) largely attributed the 1973-79 slowdown to the productivity-reducing adapta-
tion of capital to rising energy costs. Notions of input utilization and mismeasurement were
prominent; for example, it was suggested that energy-intensive capital was being utilized less
intensively and scrapped faster, leading to a decline in the capital services obtained from a
given level of capital stocks (Baily et al. 1981). Sichel (1997) and Baily et al. (1981) examined
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(Bergeaud et al. 2016, 2021).

While there is some truth in the fact that the current low productivity growth rates simply
reflect a more “normal” growth rate for a set of economies that are now all “frontier”, the
current slowdown goes beyond this. In Appendix A.2 we show two things. First, there was no
convergence in the 1996-2005 decade, so slower convergence cannot explain the slower rates
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returning to more “normal” rates of growth after the 1996-2005 IT boom, the rates of labor
productivity growth in all countries are still broadly speaking lower than at any time in the
20th century, and are low in all the five countries we study at the same time. Thus, while we
see part of the slowdown as simply reflecting the fact that all five advanced economies are now
more or less frontier economies progressing at a “normal” rate, the rates observed are very low
by historical standards and appear surprising in a context of technological transformations.
That said, throughout the paper, we examine the role of both secular trends, such as aging and
structural change, and cyclical or market phenomena, such as declines in investment.

Major theories: past and present. Our investigation builds on work which sought to explain
previous slowdowns. Early research emphasized the importance of the relative share of dif-
ferent industries, with, for example, Nordhaus (1972) attributing the 1965-71 slowdown to a
changing industry mix towards industries with a lower productivity level. Baily & Gordon
(1989) argued that there is a one-o↵ e↵ect of technology, where productivity growth is in-
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Figure 3. Capital and pure profit shares. The figure shows the capital share and pure profit
share of gross value added for the U.S. nonfinancial corporate sector over the period 1984 to 2014.
Capital costs are the product of the required rate of return on capital and the value of the capital
stock. Pure profits are gross value added less compensation of employees less capital costs less
taxes on production and imports plus subsidies. Panel A: the capital share is the ratio of capital
costs to gross value added. Panel B: the pure profit share is the ratio of pure profits to gross value
added. Both figures include a fitted linear trend. See Section III for further details. (Color figure
can be viewed at wileyonlinelibrary.com)

Panel B shows the pure profit share of gross value added. The pure profit
share shows a clear and dramatic increase. Consistent with the previous re-
search,10 I find that pure profits were very small in the early 1980s. However,
pure profits have increased dramatically over the past since the early 1980s.
The fitted linear trend shows that pure profits increased from approximately
−5.6% of gross value added in 1984 to 7.9% of gross value added in 2014, an
increase of 13.5pp.

C. Magnitude

The labor share measures the ratio of compensation of employees to labor
productivity:

wL
PYY

= w
PYYL

.

Over the period 1984 to 2014, labor productivity grew faster than labor com-
pensation. The growing gap between labor productivity and labor compensa-
tion is not explained by an increase in capital costs. Back in 1984, every dollar
of labor costs was accompanied by 49¢ of capital costs. By 2014, every dollar
of labor costs was accompanied by only 42¢ of capital costs. Thus, despite the
decline in the labor share, labor costs have increased faster than capital costs.

Since the early 1980s firms have dramatically reduced both labor costs
and capital costs and increased pure profits (all measured as a share of
gross value added). To offer a sense of the magnitude, the value of this

10 See, for example, Rotemberg and Woodford (1995) and Basu and Fernald (1997).
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declining in Japan.
An issue with business or national accounts profit rates is that they do not distinguish

between “pure profits”, and “normal” payments to capital. If we can construct a reasonable
measure of the cost of capital, then we can infer pure profits by substracting labor and capital
costs from income. This is the approach followed by Barkai (2020), using National Accounts
data for the US coupled with estimates of the debt and equity costs of capital. Barkai (2020)
found that the “pure profit” share of income rose from �5.6% in 1984 to 7.9% in 2014, a
substantial increase that more than explains the fall of the labor share, so that the share of
income attributed to “normal payments” to capital, in Barkai’s estimates, is also falling.

Attempting to replicate Barkai’s (2020) methodology for France, Germany, Italy and Spain,
Salas-Fumás et al. (2018) find that, for 1995-2016, the pure profit share of value added rose
only in Germany, while for other countries, the trend is flat, or buried in substantial fluctua-
tions – perhaps unsurprisingly since pure profit is computed as a residual, and evaluating the
cost of capital requires using financial variables, which are notoriously volatile.

In fact, as pointed out by Karabarbounis &Neiman (2019), the income that cannot be traced
directly to labor or capital costs, being a residual, is therefore not necessarily pure profit but
also carries measurement errors from each of the terms. They write

Factorless income = Y �wL� rK,

where rK =
P

j rjKj and rj , the rental rate of type j capital is computed using an extension of
the classic formula of Hall & Jorgenson (1967) for the user cost of capital, and is a function of
depreciation, risk-free rates of return, capital prices, and tax rates on investment and capital.

A key finding of Karabarbounis & Neiman (2019) is that while factorless income has in-
creased in recent years, it is lower today than it was in the 1960’s and 70’s. This makes it
di�cult to link factorless income to the current productivity slowdown, unless we can show
that the source of factorless income has changed over time.

Karabarbounis & Neiman (2019) consider three sources for factorless income: pure prof-
its, mismeasurement of what constitute capital Kj (intangibles in particular may be missing),
and mis-evaluation of rental rates rj . Karabarbounis & Neiman (2019) assume that the labor
share is well measured20. They then compute that to account for all of the factorless income,
unobserved capital would need to be around 30-60% of the entire capital stock, depending on
the period. To explain all of the factorless income using alternative rental rates, the risk pre-
mia would have to have increased substantially since 1980. Overall, Karabarbounis & Neiman
(2019) appear to favor the rental rates explanation, while acknowledging that mismeasured
capital stocks may contribute significantly to factorless income. They remain critical of the
pure profit interpretation, as factorless income is tightly negatively correlated with risk-free
interest rates at both low and high frequency, which they find hard to explain theoretically.

Chen et al. (2018) consider factorless income in the international context, noting the di�-
culty of attributing income from intangibles to national income (even if profit shifting is not
an issue). They start by computing the value added contribution of each industry-country in

20This assumption is in sharp contrast to the findings of Koh et al. (2020), who argue that the labor share decline
in the US can be entirely accounted for by the accounting assumption about factor payments in the case of ambigu-
ous income from intangibles. Specifically, expenses in Intellectual Property Products have been capitalized only
recently, leading to an upward adjustment of GDP. To make up for this increase in GDP computed from the expen-
diture side (GDP = C+I+G+X�M), one must attribute new income to either labor or capital (GDP = wL+rK). The
BEA attributes all income to capital, but Koh et al. (2020) argue that it would have made sense to attribute some of
it to labor, perhaps because R&D workers are paid with equity; reasonable choices for the proportion would have
led to a non-declining labor share.
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not an issue). When considering global value chains, it is possible to compute the value added
contribution of each industry-country in a GVC. Using this decomposition, it is possible to
deduce payments to unmeasured intangibles directly, by assuming that payments to labor are
correctly measured, profits are null, payments to tangible capital can be retrieved using ob-
served volume measures and a standard rental rate (e.g. 4% in their baseline results). Then,
payments to intangibles are simply a residual. Using this method, Chen et al. (2018) found
that the share of payments to intangibles in income is high (about twice that of payments to
tangible capital, 30 vs 15%), and increased substantially during the period 2000-07 (around
3pp), remaining stable after that while the continued decline of the labor share appeared com-
pensated entirely by the increase in payments to tangible capital. The increase in the share
in intangibles in income is most pronounced for durable goods, perhaps because Global Value
Chains fragmentation is easier and has been more intense than for non-durables. More gener-
ally, they conclude that the early 2000’s were exceptional, with a decline of labor costs through
o↵shoring, compensated by an increase in income to intangibles.

In sum, while there is evidence of an increase in the share of payments to capital, it appears
stronger in the US than in Europe, and the sources of this increase are likely to be both pure
profits and also payments to unmeasured capital. Separating the two requires using fairly
volatile financial variables, and/or measuring “unmeasured” intangible capital stocks, so we
can hardly expect precise estimates. This leads us to an alternative approach.

7.2.3 Markups

Before discussing measurement issues and empirical results, we provide simple theoretical
relationships between markups and the other indicators of market power (profits, and con-
centration).

Markups, profit rates and economies of scale. Markups, defined as price over marginal cost
and denoted µ, are directly related to profits rates. For any technology where we can write a
total cost function C(Q), we have (De Loecker et al. 2020, Eq. (15))

⇡ =
PQ �C(Q)

PQ
= 1� AC

µ MC
, (5)

whereMC andAC denote marginal and average unit cost, respectively. If we further write that
the ratio of average to marginal cost, denoted � represents scale elasticity (that is, is greater
than 1 if marginal cost is less than average cost), we have (Basu 2019, Syverson 2019, Barkai
2020)

µ(1�⇡) = � (6)

Thus, under constant returns (� = 1), we can deduce µ if we know ⇡, and the other way around.
Our estimates of the contribution of allocative e�ciency to the productivity slowdownwill rely
on this identity.

To understand the rise of market power in recent decades, however, one would prefer not
to assume constant returns. Specifically, several recent papers have argued that intangible
capital, and particularly information technologies, constitute a fixed cost that also makes it
possible to reduce variable costs (De Ridder 2020). Using firm-level administrative data from
France, Lashkari et al. (2019) find that larger firms have higher IT intensity, suggesting that
the marginal product of IT investment rises with size.

If fixed costs rise and this implies greater economies of scale, firms need to charge a higher
markup over marginal cost to be able to recover their total costs. Eq. 6 reflects this: if
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Figure 2: Distribution of labour productivity in France, 2006-2015. To display as many data points
in the extreme tails as possible, we use log binning for the bottom and top 10% productivity. The plot
shows 99.99% of the entire data.

Fig. 2 shows the distribution of labour productivity for France for the years covered by the data on
a semi-log scale. An important observation is that even though the chart shows 99.99% of observations,
the tails appear relatively “well behaved”. Once the bins mid-points are chosen appropriately, there are
no large fluctuations and one could draw a fairly smooth line through the dots. This suggests that the
common practice of windsorizing (removing e.g. 1% of observations in each tail) removes observations
that are actually well-behaved statistically, rather than being unexpected or strange “outliers” (see e.g.
Nolan (2020, p.196-197) for a discussion).

We note the following five general characteristics of the empirical distribution of the labour produc-
tivity. First, the distribution appears unimodal. Second, the support of the distribution is very large.
Third, the distribution is asymmetric, with a pronounced right skewness. Fourth, the distribution ex-
hibits slowly decaying tails. And fifth, comparing the results for di↵erent years (not shown here), we
find that the shape of the distribution is very persistent, as one would expect.

We now focus on one of the most important of these features: heavy tails.

2.4 Testing for power law tails and infinite variance

We say that the tail of a distribution follows a power-law if its cumulative distribution function F(x)
takes the form

1�F(x) ⇠ L(x)x�↵ , x!1, (3)

where L(x) is a slowly varying function, and ↵ is the tail exponent. This tail exponent regulates the
rate with which the size of extreme values decreases as we increase the sample of extreme values.
Intuitively, the smaller the tail exponent, the slower the frequency of a large event decreases as we
consider increasingly extreme values. Very extreme values will be relatively for frequent than a scenario
with a higher tail exponent. In practice, it also determines whatmoments are finite; anymoment greater
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Contribution to the slowdownnis & Neiman (2019) and Barkai (2020)), an estimate based on production function estimates
(following closely from De Loecker et al. (2020)), and an estimate based on accounting prof-
its (Baqaee & Farhi (2020) assume constant returns to scale, so markups do not need to be
estimated at the margin, and can be retrieved as revenue over total cost).

We retrieve the estimates from Baqaee & Farhi (2020), and use them to compute the con-
tribution of each term to the slowdown in TFP growth between our two periods.

Distorted TFP Allocative E�ciency Technology
User cost of capital

1997-2005 1.44 0.75 0.69
2006-2014 0.33 0.09 0.24
Slowdown 1.11 0.66 0.44
Share of slowdown 100 % 60 % 40 %

Production Function
1997-2005 2.14 0.63 1.51
2006-2014 0.58 0.22 0.37
Slowdown 1.56 0.41 1.15
Share of slowdown 100 % 26 % 74 %

Accounting profits
1997-2005 1.74 0.37 1.37
2006-2014 0.44 0.32 0.12
Slowdown 1.30 0.06 1.24
Share of slowdown 100 % 4 % 96 %

Table 10: Contribution of Allocative e�ciency and Technology to the markup-corrected Solow residual,
for the two periods and for the slowdown, in percentage points. Each block shows the results for a
di↵erent approach to the computation of firm-level markups, see Baqaee & Farhi (2020).

Table 10 shows the results. For each type of markup, the contribution of each term to TFP
growth is reported for the two periods and for the slowdown. Perhaps unsurprisingly, it is
di�cult to arrive at a precise estimate for the contribution of allocative e�ciency; this varies
between almost nothing to up to more than half, depending on the kind of markups used.
All considered, we conclude that a decline in the contribution of allocative e�ciency to TFP
growth has been a substantial reason behind the productivity slowdown.

There are two issues with the estimates in Table 10. First, they were obtained using the
aggregate inputs and output growth data from the original paper (Baqaee & Farhi 2020), taken
from the Fed. However, we may have preferred to use our KLEMS data, or even inputs and
output growth data that has been corrected for mismeasurement. Second, Baqaee & Farhi’s
(2020) decomposition is for the “distorted” Solow residual, rather than the Solow residual we
have computed in Section 2. It turns out that the Allocative E�ciency component does not
depend on the output, capital and labor growth data, but only on the input-output tables from
the BEA and the estimates of markups. Thus, to explain the slowdown of TFP in our data, the
best approach is to read the pp estimates for the column Allocative E�ciency. These are 0.66,
0.41 and 0.06, which we propose to average to give 0.38. In our summary table at the end of
the paper we will use 0.38 as our best estimate, and 0.06-0.66 for the range.

We do not have similar estimates for other countries. We do know, however, that the results
for the US are driven by the fact that markups are increasing and a substantial part of the
increase in markups is due to a between-firm reallocation. We have discussed evidence that
the increase in markups in other countries appears to have been driven less by reallocation

47

results show how a technology shock (for instance) leads to an improvement in aggregate tech-
nology but also to a reallocation of factor and input shares.

Baqaee & Farhi (2020) introduce a general equilibrium model with a production network
and markups, allowing them to quantify both misallocation (that is, the overall distance to an
ideal situation) and the change in allocative e�ciency (that is, the contribution of changes in
resources allocation to TFP growth). They derive an equation that decomposes a distorted (i.e.
markup-corrected) version of the Solow residual into an allocative e�ciency component and a
pure technology component (firm-level TFP growth). Baqaee & Farhi’s (2020) model clarifies
a key point about how the specific empirical pattern of markups relate to misallocation. To
recall, aggregate markups have increased for two main reasons: the top markups firm have
increased their markups, and the top markup firms have gained market shares. These two
e↵ects have di↵erent consequences. On the one hand, the increase of markups at the frontier
has increased the dispersion in markups, making potential gains from removing markups
higher - misallocation, in this sense, has increased. On the other hand, the reallocation of sales
toward high markups, high productivity firms has increased allocative e�ciency.

In a calibration to the US economy, Baqaee & Farhi (2020) find that between 1997 and 2014,
changes allocative e�ciency contributed about half of the growth of TFP.Was this contribution
constant? In other words, if half of cumulative TFP growth was due to contributions from
allocative e�ciency, how much of the slowdown of TFP growth was due to changes in the
contributions of allocative e�ciency? We next address this question.

Baqaee & Farhi (2020) assume a constant return to scale cost function of the form 1
Ai
C((1+

⌧1i )p1, (1+⌧2i )p2, . . . ), whereAi is a Hicks-neutral TFP growth factor, and the wedges ⌧ki can be
thought of as distortions in general (a tax or anything that prevents producer i from consider-
ing the actual price pi , and forces it to consider the distorted prices (1 + ⌧ki )pk instead). They
consider that the wedges come from markups from intermediate producers, allowing them to
calibrate their model using data derived from the recent work on the evolution of markups
reviewed above. Baqaee & Farhi (2020) derive that, under cost minimization, this aggregate
decomposition of TFP holds to first order

� logYt � ⇤̃0t�1� logLt
|                      {z                      }

�Markup-corrected Solow residual

⇡ �̃0t�1� logAt
|         {z         }
� Technology

��̃0t�1� logµt � ⇤̃0t�1� log⇤t
|                              {z                              }

� Allocative E�ciency

, (8)

where Yt is aggregate output, A and µ are vectors of producer-level TFP and markups,
� and �̃ are vectors of revenue and cost-based Domar weights of the producers, and ⇤ and
⇤̃ are vectors of revenue and cost-based Domar weights for factors. Lt is a vector with the
quantity of factors, in practice composition-adjusted labor, and capital (see Appendix D.2 for
details). The revenue-based Domar weights are defined as producer-level sales over GDP,
and the cost-based Domar weights are producer-level total cost over GDP (under constant
returns, revenue is total cost times the markup). When applied to factors, this means that
revenue-based Domar weights are factor shares. Cost-based Domar weights, which are needed
to compute the adjusted Solow residual, are not factor shares, but distortion-corrected factor
shares. Roughly speaking, the key insight here is that if all producers apply a markup along a
supply chain, for a downstream producer, the di↵erence between price and “true cost” (i.e. as
if all its upstream suppliers had no markups) depends on the depth of the supply chain.

Baqaee & Farhi (2020) compute each term of Eq. 8 for the period 1997-2014 in the US,
using input-output data from the BEA, output and input growth data from the Fed, and
three estimates of firm-level markups (using Compustat): an estimate based on estimating
the user cost of capital (from Gutierrez (2017), following an approach similar to Karabarbou-
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results show how a technology shock (for instance) leads to an improvement in aggregate tech-
nology but also to a reallocation of factor and input shares.

Baqaee & Farhi (2020) introduce a general equilibrium model with a production network
and markups, allowing them to quantify both misallocation (that is, the overall distance to an
ideal situation) and the change in allocative e�ciency (that is, the contribution of changes in
resources allocation to TFP growth). They derive an equation that decomposes a distorted (i.e.
markup-corrected) version of the Solow residual into an allocative e�ciency component and a
pure technology component (firm-level TFP growth). Baqaee & Farhi’s (2020) model clarifies
a key point about how the specific empirical pattern of markups relate to misallocation. To
recall, aggregate markups have increased for two main reasons: the top markups firm have
increased their markups, and the top markup firms have gained market shares. These two
e↵ects have di↵erent consequences. On the one hand, the increase of markups at the frontier
has increased the dispersion in markups, making potential gains from removing markups
higher - misallocation, in this sense, has increased. On the other hand, the reallocation of sales
toward high markups, high productivity firms has increased allocative e�ciency.

In a calibration to the US economy, Baqaee & Farhi (2020) find that between 1997 and 2014,
changes allocative e�ciency contributed about half of the growth of TFP.Was this contribution
constant? In other words, if half of cumulative TFP growth was due to contributions from
allocative e�ciency, how much of the slowdown of TFP growth was due to changes in the
contributions of allocative e�ciency? We next address this question.

Baqaee & Farhi (2020) assume a constant return to scale cost function of the form 1
Ai
C((1+

⌧1i )p1, (1+⌧2i )p2, . . . ), whereAi is a Hicks-neutral TFP growth factor, and the wedges ⌧ki can be
thought of as distortions in general (a tax or anything that prevents producer i from consider-
ing the actual price pi , and forces it to consider the distorted prices (1 + ⌧ki )pk instead). They
consider that the wedges come from markups from intermediate producers, allowing them to
calibrate their model using data derived from the recent work on the evolution of markups
reviewed above. Baqaee & Farhi (2020) derive that, under cost minimization, this aggregate
decomposition of TFP holds to first order
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where Yt is aggregate output, A and µ are vectors of producer-level TFP and markups,
� and �̃ are vectors of revenue and cost-based Domar weights of the producers, and ⇤ and
⇤̃ are vectors of revenue and cost-based Domar weights for factors. Lt is a vector with the
quantity of factors, in practice composition-adjusted labor, and capital (see Appendix D.2 for
details). The revenue-based Domar weights are defined as producer-level sales over GDP,
and the cost-based Domar weights are producer-level total cost over GDP (under constant
returns, revenue is total cost times the markup). When applied to factors, this means that
revenue-based Domar weights are factor shares. Cost-based Domar weights, which are needed
to compute the adjusted Solow residual, are not factor shares, but distortion-corrected factor
shares. Roughly speaking, the key insight here is that if all producers apply a markup along a
supply chain, for a downstream producer, the di↵erence between price and “true cost” (i.e. as
if all its upstream suppliers had no markups) depends on the depth of the supply chain.

Baqaee & Farhi (2020) compute each term of Eq. 8 for the period 1997-2014 in the US,
using input-output data from the BEA, output and input growth data from the Fed, and
three estimates of firm-level markups (using Compustat): an estimate based on estimating
the user cost of capital (from Gutierrez (2017), following an approach similar to Karabarbou-
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results show how a technology shock (for instance) leads to an improvement in aggregate tech-
nology but also to a reallocation of factor and input shares.

Baqaee & Farhi (2020) introduce a general equilibrium model with a production network
and markups, allowing them to quantify both misallocation (that is, the overall distance to an
ideal situation) and the change in allocative e�ciency (that is, the contribution of changes in
resources allocation to TFP growth). They derive an equation that decomposes a distorted (i.e.
markup-corrected) version of the Solow residual into an allocative e�ciency component and a
pure technology component (firm-level TFP growth). Baqaee & Farhi’s (2020) model clarifies
a key point about how the specific empirical pattern of markups relate to misallocation. To
recall, aggregate markups have increased for two main reasons: the top markups firm have
increased their markups, and the top markup firms have gained market shares. These two
e↵ects have di↵erent consequences. On the one hand, the increase of markups at the frontier
has increased the dispersion in markups, making potential gains from removing markups
higher - misallocation, in this sense, has increased. On the other hand, the reallocation of sales
toward high markups, high productivity firms has increased allocative e�ciency.

In a calibration to the US economy, Baqaee & Farhi (2020) find that between 1997 and 2014,
changes allocative e�ciency contributed about half of the growth of TFP.Was this contribution
constant? In other words, if half of cumulative TFP growth was due to contributions from
allocative e�ciency, how much of the slowdown of TFP growth was due to changes in the
contributions of allocative e�ciency? We next address this question.

Baqaee & Farhi (2020) assume a constant return to scale cost function of the form 1
Ai
C((1+

⌧1i )p1, (1+⌧2i )p2, . . . ), whereAi is a Hicks-neutral TFP growth factor, and the wedges ⌧ki can be
thought of as distortions in general (a tax or anything that prevents producer i from consider-
ing the actual price pi , and forces it to consider the distorted prices (1 + ⌧ki )pk instead). They
consider that the wedges come from markups from intermediate producers, allowing them to
calibrate their model using data derived from the recent work on the evolution of markups
reviewed above. Baqaee & Farhi (2020) derive that, under cost minimization, this aggregate
decomposition of TFP holds to first order
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where Yt is aggregate output, A and µ are vectors of producer-level TFP and markups,
� and �̃ are vectors of revenue and cost-based Domar weights of the producers, and ⇤ and
⇤̃ are vectors of revenue and cost-based Domar weights for factors. Lt is a vector with the
quantity of factors, in practice composition-adjusted labor, and capital (see Appendix D.2 for
details). The revenue-based Domar weights are defined as producer-level sales over GDP,
and the cost-based Domar weights are producer-level total cost over GDP (under constant
returns, revenue is total cost times the markup). When applied to factors, this means that
revenue-based Domar weights are factor shares. Cost-based Domar weights, which are needed
to compute the adjusted Solow residual, are not factor shares, but distortion-corrected factor
shares. Roughly speaking, the key insight here is that if all producers apply a markup along a
supply chain, for a downstream producer, the di↵erence between price and “true cost” (i.e. as
if all its upstream suppliers had no markups) depends on the depth of the supply chain.

Baqaee & Farhi (2020) compute each term of Eq. 8 for the period 1997-2014 in the US,
using input-output data from the BEA, output and input growth data from the Fed, and
three estimates of firm-level markups (using Compustat): an estimate based on estimating
the user cost of capital (from Gutierrez (2017), following an approach similar to Karabarbou-
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Baqaee & Fahri (2020): Allocative Efficiency contributed about half of TFP growth.
So, did it contribute half of the slowdown? Almost.



2005, and the slowdown in manufacturing is not due to ICT producers specifically. Inklaar
et al. (2019) specifically searched for the best industry taxonomy for the productivity slow-
down, but, except for a pattern of slowdown in o↵shoring industries, are largely inconclusive
for Europe. In addition to manufacturing, studies of the UK place greater emphasis on finan-
cial industries, and also some combination of information and communication services (Riley
et al. 2018, Tenreyro 2018), wholesale and retail trade (Goodridge et al. 2018), oil and gas
(Goodridge et al. 2018, Riley et al. 2018) and professional, scientific and technical services
(Tenreyro 2018). In all, the slowdown for Europe is more widespread across industries.

In line with our results, the reallocation between industries in France, Japan, UK and US
is rarely seen as an important factor (Byrne et al. 2016, Murray 2018, Tenreyro 2018, Cantner
et al. 2018, Nishi 2019), and actually improved labor productivity in the UK (Goodridge et al.
2018, Riley et al. 2018). However, the strong e↵ect of reallocation that we find for Germany
appears missing from the literature, and warrants further research. In line with our results,
the literature o↵ers little evidence that Baumol’s cost disease is strong enough to explain the
productivity slowdown over the fairly short time scales we are considering, although Nishi
(2019) and Duernecker et al. (2019) highlight long-term, secular patterns in Japan and the US.

In summary, reallocation fails to explain the pervasive productivity slowdown, which is
therefore due to a decline in at least some industries. Indeed, some industries are more a↵ected
than others, with manufacturing being a strong contributor to the slowdown due to both its
decline in productivity and its relatively large size. High contributions from other industries
appear more country-specific, although the evidence suggests that the current slowdown may
reflect a pause in the adjustment of productivity towards higher levels initiated by the ICT
revolution.

2.3 Organization of the rest of the paper

From our analysis so far, the labor productivity slowdown appears to be mostly driven by a
slowdown of TFP and capital deepening, with this slowdown across all industries, although
with interesting industry-specific and country specific di↵erences.

As a guide to the organization of the rest of our enquiry, we present a basic extension of the
growth accounting equation. Assuming that true and observed output di↵er, and assuming
that TFP is the sum of a “pure technology” and an “allocative e�ciency” e↵ect, we can write a
(conceptual) extension of Eq. 1 (see Appendix B),

� logyt = �B|{z}
Mismeasurement

(Section 3)

+ (1�↵t)� logkt
|            {z            }
Capital Deepening

(Section 4)

+ ↵t� loght
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+ � logAAlloc
t|       {z       }

Trade and Allocative E�ciency
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+� logATech
t|       {z       }

Technology
(Section 8)

.

(3)
While Eq. 3 provides a conceptual structure that helps us organize the various explana-

tions that have been put forward in the literature, in practice every section will touch upon
evidence and mechanisms that cut across several terms. For instance, the mismeasurement of
intangibles a↵ects both the right hand side and the left hand side, technology a↵ects TFP as
well as investment, and aging a↵ects resource allocation as well as labor composition.

3 Mismeasurement

In this section, we clarify the main sources of mismeasurement and provide an estimate of the
contribution of mismeasurement to the productivity slowdown, mainly focusing on the US.
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• Business dynamism and job reallocation
• Market power: Concentration, profits and markups
• Productivity dispersion



Technology: pessimists vs optimists

Overall R&D effort does not appear to have slowed down massively,
• But it is more focused on medical sciences
• And originates more from the corporate sector

Research productivity:
• Theory: Fishing out from higher shoulders vs combinatorial explosion
• Data: Increasing number of scientists to achieve constant rate of 

progress
Lags in diffusion of the new GPT
• Theory based on history is compelling: Complementary investment 

(from firms and government) take time
• But data shows differences with previous periods: Business dynamism 

and investment rates are low



Conclusion 1: US

US (pp) US, % of
slowdown

Range, % of
slowdown

Section

Total slowdown 1.61 100 2
Capital: Financial crisis 0.35 22 [11,33]1 4
Capital: Secular trends 0.35 22 [11,33]1 4
Labor composition -0.01 0 [-10,22]2 5
TFP: Mismeasurement 0.21 13 [0,25]3 3
TFP: Spillovers from intangibles 0.28 17 [0,25]4 4.3
TFP: Trade 0.13 8 [0,16]5 6.3
TFP: Allocative e�ciency 0.38 23 [3,41]6 7.4
Total ‘explained’ 1.7 105 [15,195]7

Table 11: Summary of results for the US.
1 Based on splitting between secular trends and financial crisis on a 25%-75% or 75%-25% basis, rather
than on a 50%-50% basis.
2 Based on cross-country variation in Table 2.
3 Based on our judgement.
4 Based on judgement, considering cross-country variation from Table 8 and results from other datasets
and other studies.
5 Range based on upper and lower bound estimates from Table 9.
6 Estimate based on the minimum and maximum estimates from Table 10.
7 Based on summing up lower and upper bounds. Note that this leaves some potential for under or
over explanation of capital deepening.

hypotheses including changes to corporate governance, and the weakening of competition.
There is also a recognition that intangible investment, due to its higher potential for spillovers,

may a↵ect labor productivity through TFP, that is, above and beyond its impact through cap-
ital deepening. Reusing published elasticities, we find that the slowdown in intangible assets
accumulation may have had a substantial e↵ect on the TFP slowdown.

Conventional growth accounting finds almost no role for a decline of human capital accu-
mulation in the US, and a weak role at best elsewhere. But several labor-related mechanisms
may have a↵ected TFP, including aging and labor market institutions.

A key feature of the last two decades is the fast growth of global trade after 1995, and its
collapse during the financial crisis. Any positive e↵ect of trade would therefore translate into
a productivity slowdown, and we do indeed find substantial e↵ects.

A large part of the current discussion on the productivity slowdown centers on busi-
ness dynamism and competition, documenting trends such as declining entry-exit, increasing
markups and concentration, and increasing divergence of the most productive firms. There
is no consensus in the literature as to whether these trends are intrinsically good or bad for
productivity and welfare, as concentration can reflect output-restricting dominant positions
or a better allocation of resources to highly productive firms in an economy where firms are
increasingly operating under increasing returns to scale, due in particular to the increasing
prevalence of intangible investment. We do not attempt to settle this debate, but to reflect the
potential importance of these trends we use recently developed estimates of the contribution
of allocative e�ciency to TFP growth that are calibrated on firm-level markup time series.
We find that increasing allocative e�ciency was a stronger contributor to TFP growth in the
decade prior to 2006, implying that the lower contribution of increasing allocative e�ciency
to TFP growth explains a substantial part of the TFP slowdown.
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Conclusion 2: All countries

Although technological change underlies many of the patterns discussed in Sections 3-7,
we have not presented an estimate of the contribution of technology on its own to the slow-
down. It is possible that the new technologies being currently introduced are simply less
transformative and less productivity-enhancing than past innovations. But the opposite may
also be the case: new technologies mean that our economies require far reaching renewal and
higher levels of investment and institutional reforms are necessary before the productivity
enhancing impact of the new technologies are widely observed.

Table 11 includes estimates of a plausible range of values for each of the explanation. While
the methods to choose these ranges are debatable, of course, we have aimed to make transpar-
ent assumptions. Rather than being proper estimates of uncertainty, they should serve as a
reminder that when producing these estimates we have found that di↵erent methods yielded
di↵erent results, and that we sometimes observed cross-country variations that contradicts
our scope criterion. Looking at the ranges, we see that we can easily over- or under-explain the
slowdown by a large amount. This reflects the fact that we over- or under-explain TFP growth
in the first place. “Slowdown” calculations are based on a di↵erence between two means of
noisy growth rates, each computed using around 10 observations, so we cannot expect much
precision in our estimates. To further put these estimates in context, it is helpful to realise
that while labor productivity estimates are fairly comparable across databases, the labor share
and the contributions of TFP and capital deepening vary substantially; it is not unusual, for
instance, that TFP estimates vary by up to 1pp (Gouma & Inklaar 2021).

France Germany Japan UK US
Capital: Financial crisis1 0.04 0.27 0.40 0.26 0.35
Capital: Secular trends1 0.04 0.27 0.40 0.26 0.35
Labor composition1 -0.09 0.17 0.04 0.39 -0.01
TFP: Mismeasurement2 0.21 0.21 0.21 0.21 0.21
TFP: Spillovers from intangibles3 -0.07 0.06 0.48 -0.01 0.28
TFP: Trade4 -0.00 0.30 0.52 0.46 0.13
TFP: Allocative e�ciency5 0.42 0.09 -0.01 0.35 0.38
TFP, to explain1 1.01 0.23 -0.02 0.84 0.91
TFP ‘explained’ 0.56 0.67 1.20 1.02 1.00
Total slowdown 0.99 0.94 0.82 1.75 1.61
Total ‘explained’ 0.54 1.38 2.05 1.93 1.70

Table 12: Summary of results for all countries.
1 Based on Table 2.
2 Assuming the same pp as in the US.
3 Based on Table 8.
4 Based on Table 9.
5 Assuming the same % of the TFP slowdown as in the US.

Keeping this mind, we report the summary results for our five countries in Table 12. For
mismeasurement, we assume that the same bias than the one we computed for the US (0.21
pp) applies to all countries, reflecting our prior that all these countries have relatively similar
economic structure and statistical systems. For allocative e�ciency, we assume that, since it
explains about 42% of the US TFP slowdown, it would explain 42% of the TFP slowdown of
other countries. Both assumptions are again debatable, of course.

While the sum of explanations for the US roughly matches what needs to be explained,
Table 12 shows a substantial under-explanation for France (and entirely from assuming simi-
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