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Appendix

A Additional results on the aggregate slowdown

A.1 Slowdown and missing GDP

In the spirit of Syverson (2017), to highlight the consequences of slowing productivity, we
compute what GDP would have been, should the productivity slowdown not have occurred.
Formally, labor productivity growth between two periods t and t � 1 is

gt ⌘ � logyt = log
Yt
Lt
� log Yt�1

Lt�1
,

where Y denotes real value added (labeled VA Q by KLEMS), L units of labor, in our case hours
worked (H EMP), and � is the first di↵erence operator. KLEMS 2019 provides the labor pro-
ductivity growth rates (LP1 G) directly for our five countries, although certain years may be
missing in specific instances. Since the data for (Y/L) generally starts in 1995, the first ob-
served growth rates in France, Germany and the United Kingdom are in 1996. However, data
on productivity growth rates for the United States only start from 1998, while in Japan there is
an observation for 1995. The data for labor productivity growth extend to 2017, with another
exception for Japan, for which data end in 2015.

With these caveats in mind, we compute labor productivity growth for our five countries
by averaging the growth rates across all years in the base period (0), 1996-2005, using

g(0) ⌘
1
T(0)

2005X

t=1996

gt, (9)

where T(0) = 2005 � 1996 + 1 = 10. These values are listed in the first column of Table 1,
multiplied by 100 to denote percentage points (pp).

For the period 2006-2017 (or 2015 in the case of Japan), denoted (1), the realized average
rate of labor productivity growth is defined as

g(1) ⌘
1
T(1)

2017X

t=2006

gt, (10)

where T(1) = 2017 � 2006 + 1 = 12. In the third column, we compute the slowdown in labor
productivity growth as the di↵erence between the two average growth rates,

Slowdown ⌘ g(0) � g(1).

In column four, we calculate GDP per capita in 2017 (2015 for Japan) as

GDP per capita2017 ⌘
Y2017
N2017

, (11)

where N2017 is the mid-year population count taken from the Conference Board’s Total Econ-
omy DatabaseTM (The Conference Board 2020) for each country24.

24https://conference-board.org/data/economydatabase, version July 2020.
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To calculate “missing GDP”, in column five, we write a counterfactual GDP per capita in
2017 in terms of a counterfactual level of labor productivity,

Ỹ2017
N2017

=
Y2017
N2017

Ỹ2017
Y2017

=
Y2017
N2017

ỹ2017
y2017

, (12)

using a tilde to denote a variable’s “counterfactual” and because L̃ = L. The labor productivity
levels were the same until 2005, so

ỹ2017
y2017

=
y2005 exp

⇣
g(0)T(1)

⌘

y2005 exp
⇣
g(1)T(1)

⌘ = exp
⇣
(g(0) � g(1))T(1)

⌘
,

since g̃(1) = g(0) is the growth rate that would have happened had labor productivity growth
continued on its 1996-2005 trend after 2005. Substituting this back into Eq. 12, we have

Ỹ2017
N2017

=
Y2017
N2017

exp
⇣
(g(0) � g(1))T(1)

⌘
, (13)

Taking stock, we compute the “missing GDP” in 2017 (again, 2015 for Japan) as

Missing GDP per capita2017 ⌘
Ỹ2017
N2017

� Y2017
N2017

=
Y2017
N2017


exp

⇣
(g(0) � g(1))T(1)

⌘
� 1

�
,

using Eq. 13, and the values defined in Eqs. 9,10 and 11. Finally, note that volume indices
for real GDP are indexed to 2010 prices in KLEMS. We convert GDP and “missing GDP” per
capita to 2017 prices by multiplying by the price index (VA PI) for 2017, divided by 100, or
equivalently by taking directly nominal values (VA), instead of volumes in 2010 prices. The
results are in the fifth column of Table 1.

In principle, for the purpose of constructing Table 1, using data from the Total Economy
DatabaseTM would have been better due to its larger time coverage. We have constructed such
a table and it does not change our narrative very much. The slowdown (2006-2017 compared
to 1996-2005, for all countries) ranges from 0.68 (Germany) to 1.77 (UK). We prefer to use EU
KLEMS 2019 throughout the paper for consistency.

A.2 Long term trends and convergence

Productivity slowed down in advanced economies when comparing post 2005 against 1996-
2005. For Europe, can this simply reflect the fact that Europe’s productivity growth has de-
clined for decades as it achieved convergence to the US? And for the US, can this simply reflect
the fact that 1996-2005 was an exceptional decade, and the US is now back to a more “normal”
rate of productivity growth?

Let us start with convergence. Figure 6 shows that European countries and Japan had
converged or stopped converging after 1990. The growth rates of all economies were more or
less synchronized after this. Thus, the slowdown in Europe between 1996-2005 and 2006-2017
is not due to a lower contribution of convergence factors.
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Figure 5: Long term trends in labor productivity. Data from the Long-Term Productivity Database
(Bergeaud et al. 2021).
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Figure 6: Convergence of productivity 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
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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), see Figure 5. Table 13 shows average labor
productivity 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, especially 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).

To sum up, we contend that that there is still, indeed, a productivity slowdown. There
is some merit in the argument that all five advanced economies are now more or less at the
frontier, and that low growth rates at the frontier are “normal”. But the particularly low rates
observed (less than 1%), in a context of very salient technological transformations, merits a
detailed investigation, as we attempt to provide here.

Finally, one can ask: is productivity still slowing down? Is there evidence of a negative
trend within the “slow decade”? Figure 1 and standard regressions do not suggest that this is
the case, but we refrain from investigating this further.

B Conceptual framework

The paper computes estimates of the mismeasurement bias, as well as other explanations of
the productivity slowdown. In the absence of a complete theoretical framework that would
lead to a precise and additive decomposition, we are unable to identify the extent to which the
various e↵ects that we report “overlap”.

In this Appendix, we make some progress for one specific estimate: mismeasurement. If
GDP growth is mismeasured, does it imply that all terms of the growth accounting decompo-
sition are mismeasured, and if so, in which proportion?

For this Appendix let us adopt the shorthand x̂ ⌘ � logx, also omitting the subscript t. Let
TFP be measured from observed data as in Eq. 1

â = ŷ �↵ĥ� (1�↵)k̂, (14)

where ↵ is the labor share
↵ ⌘ wL

PY
. (15)
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We assume that true output grows faster than measured output

ŷ⇤ = ŷ +B, B > 0, (16)

but we do not know a priori the sign of the bias for capital deepening (see also Crouzet &
Eberly (2021)),

k̂⇤ = k̂ +D, D Q 0. (17)

The assumptions above are motivated by what we discuss in the mismeasurement Section (3):
part (and only part) of the output mismeasurement is due to mismeasurement of investment,
either because intangible investment is wrongly treated as intermediate, or because the defla-
tors for investment goods are biased.

Now, can we express measured TFP as a function of true TFP and a mismeasurement bias?
True TFP is defined as

â⇤ = ŷ⇤ �↵⇤ĥ� (1�↵⇤)k̂⇤, (18)

where the labor share is defined using true output,

↵⇤ ⌘ wL
P⇤Y ⇤

. (19)

This assumes that labor income wL is always well measured25 even when output is mismea-
sured, as assumed in Crouzet & Eberly (2021). Now, inserting the definition of true output
(16) and true capital deepening (17) in the definition of true TFP (18), solving it for ŷ and
substituting the definition of observed TFP (14), we find

â = â⇤ �B + C, (20)

where
C ⌘ (↵ �↵⇤)(k̂ � ĥ) + (1�↵⇤)D. (21)

Eqs. 20-21 show that we cannot simply remove the mismeasurement bias B from observed
TFP â, because of the term C, which includes two independent terms: first because of mis-
measurement of capital deepening, and second because mismeasurement of output implies
mismeasurement of the labor share (even if there was no mismeasurement of capital deepen-
ing (D = 0)).

So, can we ignore C, and report all the mismeasurement bias as an explanation for the
TFP slowdown only? First of all, the term (1 � ↵⇤)D may not be significant, because even if
investment is mismeasured, the e↵ect on the growth rate of capital deepening is ambiguous,
so that D may not be large, let alone change very much between the two decades. For instance,
a potential source of mismeasurement of the growth rate of capital services would be a mis-
measurement of intangibles. This would a↵ect ↵ � ↵⇤ as well as D. Fortunately, EU-KLEMS
2019, Corrado et al. (2016) and Crouzet & Eberly (2021) have looked into this in detail. There
is indeed a bias, but it is small. If we consider the growth accounting results performed using
EU-KLEMS’s intangibles-extended accounts, Table 17, we find that the contribution of TFP to
the slowdown is very similar to what it is using national accounts data, Table 2. In the main
text (Table 5) we report the bias due to the mismeasurement of intangibles additively, with no
discussion of whether it overlaps with the biases to the deflators; this simply reflects our view
that uncertainty around the biases themselves is far larger than these overlaps.

25which is not true if some ambiguous income is wrongly attributed to capital, as suggested by Koh et al. (2020).
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Second, the factor (k̂ � ĥ) in the first term may indeed be important to us, because ĥ is usu-
ally small, so the slowdown in k̂ will translate almost one-to-one into a slowdown of (k̂ � ĥ).
The key question then is whether (↵�↵⇤) is large. A crucial point is that the di↵erence between
↵ and ↵⇤ comes from the mismeasurement of nominal income. As we have seen in Section 3,
there are indeed uncertainties with the GDP boundary, so it is conceivable that nominal in-
come is mismeasured. But the key issue here is the mismeasurement of the labor share, so the
main relevant source of mismeasurement is mismeasurement of output that would not simul-
taneously a↵ect measurement of labor income. For instance, according to the SNA guidelines,
statistical agencies are supposed to evaluate the informal economy by running household sur-
veys to understand not only how much output is missing, but also the hours worked, the
number of employees and their skills. If they miss part of output, they would also miss part
of labor income, so the e↵ect on the mismeasurement of the labor share is ambiguous and
unlikely to be high.

Eventually, and for simplicity, Tables 11 and 12 report mismeasurement as an explanation
for the TFP slowdown only, although the discussion above suggests that part of mismeasure-
ment should change the contribution of capital deepening.

The last step to get Eq. 3 is that we further assume that true TFP growth â⇤ can be split into
allocative e�ciency and “Technology” – see Section 7.4. This leads to (from Eq. 20)

â = âalloc + âtech �B. (22)

Substituting Eq. 22 into the standard growth accounting equation (Eq. 1), and switching back
to the notation � logx = x̂ gives Eq. 3 in the main text.

C Additional results on labor productivity decompositions

C.1 Evidence from other studies

Table 14 synthesizes the results of existing growth accounting studies on the recent produc-
tivity slowdown. Not all studies use comparable breakdowns in years; many, for example, will
compare productivity growth pre- and post-2007, instead of 2005. Not all studies use compa-
rable data on inputs either: notable di↵erences emerge when calculating the contributions of
labor composition or ICT capital in isolation. We make an arbitrary judgement on the contri-
bution to the slowdown based on the result of a given paper and a given input, from high (++),
modest (+), negligible (0), to worsening (–) the slowdown. When a given input does not feature
in the study, we leave the entry blank; this means that a study which only considers non-ICT
capital growth will have the corresponding entry filled, even though their aggregate capital
measure may well include ICT capital, which we can only leave blank. We also record the data
used by these various studies, as well as other idiosyncrasies, such as country aggregates that
often appear for European countries.

Broadly speaking, Table 14 confirms our results in Section 2: TFP is the main source of the
slowdown, except in Japan, while capital deepening is also important, but labor composition
is not found to explain much.
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Data Labor Non-ICT ICT TFPComposition Capital Capital
France
van Ark (2016a) TED + + + ++
Cette et al. (2016) LTPD 0 ++
Fernald & Inklaar (2020) KLEMS 17,12b, PWTc 0/– +/0d ++
Gordon & Sayed (2019) KLEMS 17,12a – ++ 0 ++
Oulton (2019) KLEMS 17 ++ ++
Inklaar et al. (2019) KLEMS 17 + ++

Germany
van Ark (2016a) TED – + – ++
Cette et al. (2016) LTPD 0 ++
Baily et al. (2020) OECD ++ +
Fernald & Inklaar (2020) KLEMS 17,12b, PWTc 0/– +/0d ++
Gordon & Sayed (2019) KLEMS 17,12a – ++ 0 ++
Oulton (2019) KLEMS 17 ++ ++
Inklaar et al. (2019) KLEMS 17 + 0

Japan
Baily et al. (2020) OECD ++ +
Jorgenson et al. (2018) KLEMS, NSA ++ –

UK
Riley et al. (2018) NSA – + ++
Goodridge et al. (2018) NSA – +e ++
Tenreyro (2018) NSA 0 ++ ++
van Ark (2016a) TED + + + ++
Cette et al. (2016) LTPD + ++
Fernald & Inklaar (2020) KLEMS 17,12b, PWTc 0/– +/0d ++
Gordon & Sayed (2019) KLEMS 17,12a – ++ 0 ++
Oulton (2019) KLEMS 17 ++ ++
Inklaar et al. (2019) KLEMS 17 ++ ++

US
Baily & Montalbano (2016) NSA 0 ++ ++
Murray (2018) NSA 0 + ++
van Ark (2016a) TED + + + ++
Cette et al. (2016) LTPD + ++
Baily et al. (2020) OECD + ++
Gordon & Sayed (2019) KLEMS 17,12 0 ++ + ++
Oulton (2019) KLEMS 17 ++ ++
Inklaar et al. (2019) KLEMS 17 ++ ++

a Aggregated as EU-10 b Aggregated as EU-8 c Aggregated as EU-15 d Calculated as the capital-output ratio e A
separate intangible capital term yielded a negligible (0) contribution.
Data sources, and their shorthands, are: one or more country-specific national statistical agencies (NSA), Total
Economy Database (TED), Long Term Productivity Database (LTPD), Penn World Tables (PWT), OECD Statistics
(OECD), and various vintages of EU KLEMS (KLEMS 1X). The contributions of proposed sources to the slowdown
are denoted by a symbol; high (++), modest (+), negligible (0), worsening (–). A missing component within a paper
is reflected by a blank entry.

Table 14: Proposed sources for the labor productivity growth slowdown from 13 growth accounting
studies with diverse data sources
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C.2 Contributions of TFP and capital deepening using the OECD’s Productivity
database

� logyt � logAt (1�↵t)� logkt

France

1995-2005 1.74 0.96 0.77
2006-2017 0.71 0.15 0.55
Slowdown 1.03 0.80 0.22
Share 1.00 0.78 0.21

Germany

1995-2005 1.54 0.79 0.74
2006-2017 0.87 0.63 0.23
Slowdown 0.68 0.17 0.51
Share 1.00 0.24 0.76

Japan

1995-2005 2.11 0.84 1.25
2006-2017 0.75 0.48 0.27
Slowdown 1.36 0.36 0.98
Share 1.00 0.27 0.72

United
Kingdom

1995-2005 2.22 1.73 0.45
2006-2017 0.47 0.09 0.37
Slowdown 1.75 1.64 0.08
Share 1.00 0.94 0.05

United
States

1995-2005 2.27 1.36 0.88
2006-2017 1.06 0.46 0.59
Slowdown 1.21 0.90 0.29
Share 1.00 0.75 0.24

Table 15: Growth accounting results using OECD Productivity data.

Table 15 shows the results. The most noticeable di↵erence with EU KLEMS is the substantially
smaller slowdown of capital deepening for the US. The OECD data (OECD 2021c) slightly
mitigates the result from KLEMS that the source of the slowdown is only TFP in France and
only capital deepening in Japan.
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C.3 Contributions of industries and reallocation using the OECD’s STAN

Total Manufacturing
Wholesale, Financial Information

Other ReallocationRetail and and Insurance and
Repair Activities Communication

France

1996-2005 1.61 0.62 0.16 0.09 0.23 0.49 0.02
2006-2015 0.67 0.27 0.09 0.06 0.11 0.21 -0.08
Slowdown 0.94 0.35 0.07 0.03 0.11 0.28 0.10
Share 1.00 0.37 0.07 0.03 0.12 0.30 0.11
Germany

1996-2005 1.87 0.69 0.31 -0.08 0.17 0.45 0.33
2006-2015 0.87 0.39 0.16 0.06 0.21 0.14 -0.09
Slowdown 1.01 0.30 0.15 -0.13 -0.04 0.31 0.42
Share 1.00 0.30 0.15 -0.13 -0.04 0.30 0.42
United Kingdom

1996-2005 2.18 0.50 0.17 0.27 0.31 0.66 0.27
2006-2015 0.48 0.14 0.18 0.00 0.08 -0.18 0.26
Slowdown 1.70 0.36 -0.01 0.27 0.23 0.84 0.01
Share 1.00 0.21 -0.01 0.16 0.14 0.50 0.01
United States

1996-2005 2.36 0.91 0.56 0.32 0.27 0.40 -0.10
2006-2015 0.97 0.25 0.08 0.09 0.22 0.45 -0.11
Slowdown 1.39 0.66 0.49 0.24 0.05 -0.05 0.01
Share 1.00 0.47 0.35 0.17 0.03 -0.03 0.01

Table 16: Industry decomposition for the slowdown in labor productivity growth pre- and post-2005
using OECD’s STAN data.

As a robustness check for the industry level decomposition in labor productivity growth, we
reproduce the decomposition using data from the OECD’s STAN database (OECD 2021a), in
Table 16. The downside is that hours worked data for Japan are missing, and the produc-
tivity series generally do not extend beyond 2015. Despite these shortcomings, results from
the industry-level decomposition, using the same method of Tang & Wang (2004), are almost
identical to those derived from the KLEMS 2019 data, visible in Table 3.
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C.4 Contribution of factors andTFPusingKLEMS intangibles-augmented database

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

France

1996-2005 1.70 1.20 0.20 0.30
2006-2017 0.75 0.20 0.15 0.40
Slowdown 0.95 1.00 0.05 -0.09
Share 1.00 1.05 0.05 -0.10

Germany

1996-2005 1.88 1.12 0.61 0.15
2006-2017 0.92 0.86 0.08 -0.03
Slowdown 0.96 0.26 0.53 0.17
Share 1.00 0.27 0.55 0.18

Japan

1996-2005 1.75 0.14 1.29 0.33
2006-2015 0.85 0.22 0.35 0.28
Slowdown 0.90 -0.08 0.93 0.05
Share 1.00 -0.09 1.04 0.05

United
Kingdom

1996-2005 2.25 1.23 0.65 0.37
2006-2017 0.52 0.31 0.23 -0.02
Slowdown 1.73 0.92 0.42 0.39
Share 1.00 0.53 0.24 0.22

United
States

1998-2005 2.53 1.21 1.16 0.16
2006-2017 0.95 0.33 0.46 0.17
Slowdown 1.57 0.88 0.70 -0.01
Share 1.00 0.56 0.44 -0.00

Table 17: Sources-of-growth decomposition using the intangible-extended (“Analytical”) dataset from
EU-KLEMS 2019 (Stehrer et al. 2019). The “Analytical” dataset includes extra intangible capital in the
growth of the capital stock, and updates output measures to account for the additional investment into
intangible capital.

The 2019 release of KLEMS includes two databases for growth accounting. The first, termed
“Statistical”, is used in Table 2. The second, termed “Analytical”, recomputes national account-
ing identities using the extended asset boundary (see Table 6). It is essential to use a database
where all the accounting is redone consistently, because converting expenses into investment
implies a change to several quantities, present on both sides of the growth accounting equa-
tion: investment, capital stocks, GDP, and the labor share (see e.g. Appendix B, Corrado et al.
(2009), Crouzet & Eberly (2021) and Brynjolfsson et al. (2021)).

D Computation of selected contributions to the productivity slow-
down

D.1 Contribution of trade to the productivity slowdown

Constantinescu et al. (2019) estimate the elasticity of industry-level labor productivity to back-
ward linkages. Here, we compute the slowdown in the growth of backward linkages, and use
Constantinescu et al.’s (2019) elasticities to estimate the contribution to the productivity slow-
down. Because these elasticities are industry-level, an important question is whether we con-
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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
linkages 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 destina-
tion 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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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 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 sum 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 possible.

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 Table 9, 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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Choice of industries. Constantinescu et al. (2019) consider only manufacturing industries
in their baseline, but add tradable services in a robustness analysis. If backward linkages have
slowed down in all industries, the more industries we consider, the stronger our estimated ef-
fect. We take a lower-bound scenario with manufacturing industries only, and an upper bound
scenario with manufacturing and tradable services industries. We calculate backward linkages
using the industries included in the regression analysis of Constantinescu et al. (2019), which
are denoted in bold and italics in their Table A2. This is straightforward when computing
aggregates from the 2013 vintage. For the 2016 vintage, we pick industries corresponding to
those listed by Constantinescu et al. (2019) using the concordance table provided in theWIOD
manual accompanying the database (Gouma et al. 2018, Section 5).

Choice of �GVC. In their preferred specification, Constantinescu et al. (2019) use an instru-
mental variable for log backward linkages, which averages value added from Germany, Japan
and the United States, embodied in exports of three countries that are closest in income per
capita to country i in question. In this specification, seen in columns 4 and 7 of their Table 2,
they provide an estimate of �GVC = 0.159(0.042) when considering manufacturing industries
only, and �GVC = 0.245(0.135) when considering manufacturing and tradable services. These
are the largest coe�cients they report. In other specifications, they find elasticities as low as
�GVC = 0.0338(0.0130) (column 6). Because there are large uncertainties, and our goal is to try
to find upper and lower bounds rather than precise estimates, we apply the lowest coe�cient
in the manufacturing-only case, and the highest coe�cient in the manufacturing plus trad-
able services case. This provides a reasonable best and worst case contribution of trade to the
slowdown, with the exception of Japan where there has been a perceptible acceleration of the
growth of linkages when considering Manufacturing only.

Finally, in Eq. 3 and in the summary table in the Conclusion, we consider that the contri-
bution of trade to the productivity slowdown is through TFP. This is of course debatable, but
we note that Eq. 24 used by Constantinescu et al. (2019) controls for capital per employee,
so that we can also think of it as an estimate of the contribution of trade to a production
function-based estimate of TFP.

D.2 Contribution of allocative e�ciency to the TFP slowdown

Baqaee & Farhi (2020) introduce a decomposition of markup-corrected TFP into two terms:
a term (itself composed of two terms) that relates to changes in allocative e�ciency, and a
residual. Baqaee & Farhi’s (2020) model is a general equilibrium model with an input-output
structure and exogenous distortions, modelled as markups.

To implement their model empirically, Baqaee & Farhi (2020) estimate firm-level markups
(using three di↵erent methods), and assume that firms in the same sector have the same pro-
duction function, up to the Hicks-neutral TFP shifters, allowing them to use sector-level input-
output tables. If markups are aggregated adequately (i.e. as harmonic averages), the firm-level
model can then be implemented at the sectoral level directly.

Here we take sector-level markups from the replication files of Baqaee & Farhi (2019b), and
re-implement their sector-level derivation of the growth accounting results. This allows us to
obtain year-specific decompositions which we need to estimate the contribution of allocative
e�ciency to the TFP slowdown, rather than to cumulative TFP growth as in the original paper.

Baqaee & Farhi (2020) implement their decomposition empirically as follows. We assume
that there are two factors, labor and capital, and we assume that payments to labor are ob-
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servable directly but payments to capital are not observable directly, because Gross Operating
Surplus (GOS) includes pure profits and “normal” payments to capital.

Under constant returns to scale, marginal and average costs are the same, so price is the
markup times the average cost per unit P = µTC

Y , denoting Total Costs by TC. Since total
profits are defined as total sales minus total costs, ⇡ = PY �TC, we have

µ =
1

1�↵⇡
, (27)

where ↵⇡ ⌘ ⇡
PY is the share of profits in sales.

Now, if we define

GOS = PY � (Intermediate costs +wL) = VA�wL = ⇡ + rK,

where VA is Value Added and rK is the user cost of capital, we have GOS
PY = ⇡

PY + rK
PY . If we define

the share of capital costs in sales as ↵K = rK
PY , then using Eq. 27, we have

↵K =
GOS
PY

�
 
1� 1

µ

!
. (28)

We estimate ↵K using Eq. 28, where GOS is line V003 in the BEA Tables (“Gross Operating
Surplus”) and PY is Gross Output (column “Total Commodity Output”), and µ is a vector of
sales weighted industry-level (harmonic) average markups. Finally ↵L = wL

PY is computed by
reading wL directly from line V001 “Compensation of employees” (Note that the line V002
“Taxes on production and imports, less subsidies” is not considered).

If ↵K , ↵L are the shares of factors into sales, we can easily define the shares of factors and
profits into total costs ,

↵̃K =
rK
TC

=
rK

PY/µ
= µ↵K , (29)

↵̃L = µ↵L. (30)

We can construct a (N + F)⇥ (N + F) matrix where on a line i, the first N entries show the
intermediate expenses and the last F entries show the factor expenses of producer i. The row
sums of this matrix are the total costs of producers, and the column sums are the total sales of
the producers. Crucially, these vectors di↵er in general, because of pure profits/markups. We
denote by ⌦̃ the row-normalized version of this matrix, where an entry ⌦̃ij is the share of j
(which is either an intermediate input or a factor) into i’s total cost. We use the notation

⌦̃ =
"
⌦̃p ⌦̃f

0 0

#

to distinguish parts of the matrix relating to intermediates and to factors. The N ⇥ 2 matrix of
shares of factors into costs simply concatenates the column vectors defined in Eqs. 29-30,

⌦̃f = [↵̃K ↵̃L]. (31)

Now, to get ⌦̃p from the BEA Input-Output tables, we take the “Use of Commodities by
Industries, Before Redefinitions (Producers’ Prices)” table, transposed, and keep only N = 66
industries as in Baqaee & Farhi (2020). This gives theN ⇥N table X where Xij are the expenses
of producer i on a product sold by j .

14



If we row-normalize X to define X̄, we have X̄ij =
Xij

ICi
, where ICi is the total intermediate

cost of i. Thus, by definition of ⌦̃ij , we have

⌦̃ij =
Xij

TCi
= X̄ij

ICi

TCi
. (32)

By definition ICi = TCi �rKi �wLi.Dividing this through by TCi , using rKi/TCi = ↵̃Ki
from Eq.

29 (and similarly for labor), and rearranging, we have

ICi

TCi
= 1� ↵̃Ki

� ↵̃Li , (33)

so that substituting Eq. 33 into 32, we have ⌦̃ij = X̄ij (1� ↵̃Ki
� ↵̃Li ), which in matrix form reads

⌦̃p = diag(1� ↵̃K � ↵̃L)X̄. (34)

The revenue-based Input-Output matrix, which gives the share of producer j in i 0s sales, is
related to ⌦̃p by

⌦p = diag(1/µ)⌦̃p. (35)

Similarly for factors (in practice labor and capital),

⌦f = diag(1/µ)⌦̃f . (36)

We define the N ⇥ 1 vector b as the share of an industry in final demand bi =
piyi
GDP, which

we read from the column “Total Final Uses (GDP)” of the BEA tables.
Now that we have ⌦̃p (Eq. 34) and ⌦̃f (Eq. 31), we can define their Leontief inverses

 ̃p = (I � ⌦̃p)�1 and p = (I �⌦p)�1. From these we can obtain all the cost- and revenue-based
Domar weights for intermediates and for factors, needed for the decomposition. The revenue
based Domar weights for intermediates, �i =

piyi
GDP, are actually not needed but it is interesting

to note that one can show � = b0 p. Similarly, the factor shares rK
GDP and wL

GDP are equal to

⇤ = b0 p⌦f . (37)

Note that these do not sum up to 1, since income is also allocated to pure profits.
The cost-based Domar weights are given by

�̃ = b0 ̃p, (38)

and the cost-based factor shares (which do sum up to 1) are

⇤̃ = b0 ̃p⌦̃f . (39)

Let us assume that we observe output growth � logYt , and the vector of inputs growth
� logLt = [� log L̄t ,� logKt], where L̄t is composition-adjusted labor inputs, and K is capital
services. Then, using the quantities defined in Eqs. 37, 38, 39, together with the markups µ,
we can perform the decomposition (Proposition 1 in Baqaee & Farhi (2020), Eq. 8 in the main
text, reproduced here for convenience)

� 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

,
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by computing the LHS and the last two terms of the RHS corresponding to changes in alloca-
tive e�ciency. The first term on the RHS, corresponding to the change in “Technology”, is
estimated as a residual.

To perform the decomposition, Baqaee & Farhi (2020) use inputs and output growth data
from Fernald (2014), and we reuse these. We reproduced exactly Fig. IV, A.1.A and A.2.A
in Baqaee & Farhi (2020), and also checked the results of the decomposition when assuming
� logµ = 0. In this case, if we fix µ at its initial value in 1997, allocative e�ciency makes a
very small negative contribution. If we fix µ = 1, allocative e�ciency makes no contribution,
as expected.
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