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1 Introduction

Total Factor Productivity (TFP) growth is among the most important variables in macroeconomics,
playing a crucial role for both short and long-run phenomena. The concept is due to Solow (1957), who
defined TFP growth as the change in output that cannot be attributed to changes in factor inputs. Despite
this clear definition, computing actual TFP growth rates is subject to several measurement challenges,
regarding inputs, outputs and the production functions relating inputs to outputs.

To overcome these issues, Solow (1957) proposed a simple method. Solow noted that if firms minimize
costs and do not make profits, the output elasticity of the production function with respect to a given
input equals that input’s factor share. Thus, one can compute TFP growth as the difference between
output growth and a weighted average of input growth rates, weighting each input by its factor share. This
simple way of computing “Solow residuals” is still widely used in the literature. In the 2000s, the state
of the art for TFP estimation was further advanced by a series of papers by Basu, Fernald and Kimball
(Basu and Fernald, 2001; Basu, Fernald and Kimball, 2006). Basu, Fernald and Kimball (henceforth,
BFK) extended Solow’s method in order to account for unobserved fluctuations in capacity utilization.
Using a dynamic model, they showed that under some assumptions, fluctuations in hours per worker are
one-to-one related to fluctuations in capacity utilization, and can therefore be used as a proxy for the
latter. This method underlies the widely used series for capacity-adjusted quarterly TFP growth in the
United States introduced by Fernald (2014b).

These methods have greatly enhanced our understanding of TFP dynamics. However, they also rely
on strong assumptions, which may not always hold. To relax these assumptions, we develop a more
general model-based estimation method that does not rely on first order approximations, and allows us
to accommodate non-zero profits and non-negligible adjustment costs. Moreover, we show that hours per
worker may be a problematic utilization proxy in some cases. Thus, we instead rely on a new model-based
proxy with more attractive properties. We use our method to compute industry-level and aggregate TFP
growth rates for the United States and the five largest European economies over the period 1995-2016,
and show that our estimates suggest substantially different TFP dynamics than the standard methods.

Following the Solow-BFK tradition, our analysis is based on a simple dynamic model which assumes
that firms minimize costs and take input prices as given. The first new element in our paper regards

profits. While Solow and BFK assume that long-run economic profits are zero, recent studies present



mounting evidence for positive profits (Gutierrez and Philippon, 2017; Gutierrez, 2018; Grullon et al.,
2019; Barkai, 2020). Positive profits create a wedge between output elasticities and factor shares. We use
industry-level profit shares estimated by Gutierrez (2018) to compute this wedge, and find that in most
countries and industries, the zero-profit assumption underestimates the output elasticity of labour and
materials, and overestimates the output elasticity of capital. This is important, as capital tends to grow
faster than other inputs in the long run, and is less volatile over the business cycle. Thus, the zero-profit
assumption underestimates TFP growth in the long run, and overestimates its volatility and cyclicality.

The second new element in our paper regards adjustment costs. Adjustment costs for capital and
employment are important in many business cycle models, and constitute the leading explanation for why
firms change their level of capacity utilization over time. Furthermore, adjustment costs matter for TFP
measurement, as they change the effective growth rate of capital or labour inputs in periods with large
changes in investment or hiring (e.g., during the recovery from a deep recession, or in the early years
of a new industry). Nevertheless, Solow and BFK assume that adjustment costs are either inexistent or
negligible.! In our paper, we instead structurally estimate adjustment cost functions. Precisely, we use
our dynamic cost minimization model, and rely on the observed volatility of capital and employment to
identify the parameters of the adjustment cost functions for these inputs.

Finally, the third new element in our paper regards unobserved fluctuations in capacity utilization.
Researchers have long acknowledged that capital stocks and hours worked do not fully reflect actual inputs
into production. For instance, firms typically use their capital equipment less and workers perform less
tasks per hour of work during a recession. As these changes are not reflected in standard input measures,
Solow residuals have a pro-cyclical bias.? To account for this, BFK use changes in hours per worker
as a utilization proxy, arguing that - under some assumptions - cost-minimizing firms adjust hours per
worker proportionally to other unobserved production factors. However, we show that this proxy may
be problematic if there are shocks to the relative cost of hours per worker with respect to unobserved
production factors, or if average hours per worker fluctuate because of composition effects. We therefore

propose an alternative proxy: capacity utilization rates measured by firm surveys. These surveys ask

'Precisely, BFK assume that industries are close to a Balanced Growth Path on which marginal adjustment costs are zero.
2Solow was well aware of this issue. To correct for it, he assumed that the fraction of capital not used in production
was equal to the unemployment rate: “What belongs in a production function is capital in use, not capital in place. [...]
Lacking any reliable year-by-year measure of the utilization of capital I have simply reduced [the capital stock] by the fraction
of the labor force unemployed in each year, thus assuming that labor and capital always suffer unemployment to the same
percentage. This is undoubtedly wrong, but probably gets closer to the truth than making no correction at all” (Solow, 1957).



firms to report the ratio between their actual output and their full capacity output. We show that in
our model - under some assumptions - this measure is proportional to changes in unobserved production
factors, making it an ideal proxy. Furthermore, it does not require assumptions on relative factor prices.?

To implement our new proxy and obtain our final industry-level estimates of TFP growth, we run
an instrumental variable (IV) regression of a modified Solow residual (taking into account profits and
adjustment costs) on changes in the capacity utilization survey. The residual term of this regression is
our estimate of TFP growth. This estimation approach follows the one proposed by BFK, but as explained
above, both the Solow residual and the utilization proxy are computed differently. Using data from the
BLS and from EU KLEMS, we then estimate industry-level and aggregate TFP growth rates for the
United States and the five largest Furopean economies.

For the United States, our method implies that aggregate TFP increased by 26.8% between 1995
and 2018, a substantially higher number than the 23.0% suggested by the BFK method. This change
is entirely due to our assumption on profits: positive profits lower our estimate for the output elasticity
of capital, but capital grew substantially faster than other inputs during the period. We also find that
the widely noted slowdown in US TFP growth (Fernald, 2014a; Gordon, 2016) has been more gradual
than suggested by standard methods. Again, this is due to the fact that we revise the output elasticity
of capital downwards, and capital fell less than other inputs around the Great Recession. Thus, while
the Solow residual or the BFK measure suggest an abrupt slowdown around the year 2005, we find that
annual TFP growth decreased from 1.9% per year between 1995 and 2005 to 0.9% between 2005 and
2010, and 0.0% between 2010 and 2018. This suggests that there has been a further drop in US TFP
growth after the Great Recession. While profits are crucial, we find that adjustment costs have only a
small effect on our estimates. Finally, relying on our survey proxy or the BFK hours per worker proxy
for the utilization adjustment delivers very similar results for the United States.

In Europe, we find that TFP was essentially flat during the Great Recession and Euro crisis, while the
Solow and BFK methods suggest a substantial decrease. These results are in part driven by our assump-
tions on profits, in line with our results for the United States during the Great Recession. Adjustment
costs, in turn, only have small effects on aggregate outcomes. The main difference with respect to the
United States is that the utilization proxy now also plays a crucial role. In several countries (e.g., Spain,

France and the United Kingdom), changes in labour composition or shocks to labour market institutions

3This is a potential advantage over hours per worker, but also over other possible proxies (e.g., electricity use).



generate fluctuations in hours per worker that are unrelated to utilization. Therefore, the BFK utilization
adjustment regressions deliver insignificant or problematic results in these countries. Our survey measure
is more robust, and delivers TFP series that are less volatile and less cyclical. For instance, our series for
aggregate TFP growth in Eurozone countries has a standard deviation that is only half as large as the one
of the BFK measure, and its correlation with real value added growth is 0.13, against 0.57 for the BFK
measure. Thus, while hours per worker may be a good utilization proxy in the United States, our survey

measure appears more suitable for measuring changes in unobserved capacity utilization in Europe.

Related literature Our paper is related to a large literature on productivity measurement. Following
Solow (1957), researchers have assembled large industry-level growth accounting datasets with many
production factors, and used these to compute Solow residuals. Leading examples for this approach are
the KLEMS project (O’'Mahony and Timmer, 2009) or the studies of Jorgenson et al. (2012) for the
United States. These detailed and high-quality datasets are the basis for our empirical work. However,
their Solow residual measures do not consider profits, adjustment costs, or changes in factor utilization.*

There is a large literature on each of these aspects. As noted above, the need to adjust TFP growth
for changes in capacity utilization was already recognized in Solow (1957). In later research, Costello
(1993) and Burnside et al. (1995) propose electricity consumption (and, in the latter case, also hours per
worker) as a proxy for capital services.” Imbs (1999) develops a alternative model-based methodology,
and Field (2012) proposes to rely on the unemployment rate. Currently, the BFK method is the leading
approach on this issue. Its application has been largely limited to US data, with only two exceptions that
we are aware of. Inklaar (2007) uses the BFK method for European countries and finds that the resulting
TFP measures remain strongly procyclical. He interprets these results as showing that hours per worker
are not a relevant utilization proxy in Europe, but does not propose an alternative.® Huo et al. (2020) use
the BFK method to calculate utilization-adjusted TFP series for a large panel of countries (imposing that

the relation between hours per worker and utilization is the same in all countries). Our main contribution

4TFP measurement obviously faces many other challenges that we do not deal with in this paper. For instance, we abstract
from issues relating to the measurement of output growth in the presence of quality improvements and new products (Boskin
et al., 1996; Aghion et al., 2017). We also do not directly deal with intangible capital (Corrado et al., 2012). However, we
do use the latest release of the EU KLEMS dataset, which makes some efforts to deal with this latter issue.

®The major difference between their approach and BFK is that Burnside et al. (1995) assume a unit elasticity between
changes in hours per worker and capital utilization, while BFK estimate this elasticity.

SPlanas et al. (2013) propose a statistical filtering method to extract trend TFP growth for European countries (also
relying on capacity utilization surveys). This approach differs from BFK and from our paper by the fact that it uses a
statistical model instead of the economic structure imposed by a cost minimization model.



with respect to these studies is to propose a new model-based proxy, taken from firm surveys. Our proxy
does not require assumptions on relative factor prices, is robust to changes in labour composition and
labour market institutions, and appears to be relevant across a large range of countries.

Adjustment costs have also received some attention in the literature, especially regarding the issue
of TFP measurement in new industries (Berndt and Fuss, 1986; Brynjolfsson et al., 2018). For instance,
Basu et al. (2001) compute a TFP series for the United States which takes capital adjustment costs into
account. While they calibrate a capital adjustment function using external evidence and assume that there
are no adjustment costs for labour, we structurally estimate capital and labour adjustment costs by using
information on factor prices and input volatility. Finally, several recent papers have noted that positive
profits affect TFP measurement (Karabarbounis and Neiman, 2019; Meier and Reinelt, 2020). These
approaches are limited to aggregate data. To the best of our knowledge, we are to first to use detailed
industry-level estimates, and to point out that doing so has major implications for the chronology of TFP
growth around the Great Recession. Furthermore, we develop TFP measures that jointly account for
profits, adjustment costs and utilization, instead of dealing with each of these issues separately.

The remainder of this paper is structured as follows. Section 2 lays out the dynamic cost minimization
model that is the basis of our analysis. Section 3 describes our method of TFP estimation, and explains
how it differs from standard methods. Section 4 presents the data that we use for our analysis. Section 5
presents our estimates for output elasticities, adjustment costs and utilization adjustments, and Section 6

analyses our final results for TFP growth rates. Section 7 concludes.

2 A workhorse model

2.1 Assumptions

Production technology We assume that in each industry, a representative firm produces output Y;
by using capital IA(/t, quasi-fixed labour Lg;, variable labour Ly ;, and materials M;. Inputs are combined

with the production function

Y; = ZtF (f(/taLF,tvLV,taMt) ’ (1)

where Z; is a Hicks-neutral production shifter to which we refer as TFP. Note that accounting for two

types of labour will become important when we discuss the potential limitations underlying the use of



hours per worker as a utilization proxy.”

Capital and quasi-fixed labour are subject to internal adjustment costs. The capital input holds

- ()

where K is the book value of the capital stock, I; is investment, and ¢ is a positive parameter. ® is an
inverse-U shaped function with a maximum at 0, implying that if the firm chooses an investment rate
different from ¢, its effective capital input is lower than the book value of its capital stock. Similarly, the

quasi-fixed labour input is given by

A
Lpy = EpyHpNp,¥ ( ~ UL w) : (3)
Fit—1

We define quasi-fixed labour as the labour input provided by workers with permanent and full-time
contracts. Np; stands for the number of such workers, Hr; for the number of hours worked by each of
them, and Ef; for the number of tasks each worker undertakes in one hour (“worker effort”). Just as for
capital, there are internal adjustment costs, captured by the function W, which is also inverse-U shaped
and has a maximum at 0. Adjustment costs depend on the difference between the hiring rate (defined as
the ratio of new hires Ap; to last period’s employment) and the parameter 1.

Finally, the variable labour input is defined as the labour provided by workers with either temporary
or part-time contracts, and given by

Lyi= EviHyiNyy, (4)

where Ny, Hy,; and Ey,; stand for the employment, hours and effort of these workers. Note that there
are no adjustment costs for variable labour, reflecting the fact that it is easier for firms to adjust their
temporary or part-time workforce than their full-time, permanent workforce.

Note that our specification of the production technology does not have an independent role for the
utilization rate of capital. This captures the idea that capital goods (machines, buildings, patents...) do
not produce by themselves. Thus, their utilization rate depends on all other inputs. For example, the
utilization rate of a machine depends on how often workers use it, how much electricity it consumes, and

how many material inputs it receives. The utilization rate of a bank office depends on how many clerks

"To simplify notation, we drop industry subscripts whenever this does not cause confusion.



work in the office, and on how many customers they serve within an hour. As the utilization rate of
capital is a function of all other inputs, it does not appear in the reduced-form production function shown
in Equation (1).

If production and adjustment cost functions were known, and output and all inputs were observable,
one could immediately read off TFP growth from Equation (1). In reality, however, production and
adjustment cost functions are unknown, and some inputs such as worker effort are not observable.®

The classical approach to TFP measurement, pioneered by Solow (1957) and extended by Hall (1988)
and Basu et al. (2006), overcomes these issues by imposing additional assumptions. Most importantly, it
assumes that firms minimize costs and are price-takers in input markets. We follow this general framework,
and thus start by laying out a dynamic cost minimization problem that will be at the heart of our analysis.

This allows us to discuss both standard methods and our deviations from them.

Cost minimization We assume that the firm minimizes the discounted sum of production costs for
any possible sequence of production (Y;),cy, subject to stochastic shocks to TFP and to input prices. Its

cost minimization problem is then
+o0 1 t
min Eq lz (1+7‘) (wF,tFF (Hpt) Npg +wy v (Hyye) Ny + qreAr (Erg) He i NEy
t=0

+aqviAv (Evy) Hy Ny + Parg My + PI,tIt>]

such that Yy = ZiF (K (gl = ¢) , Bry HeoNeg® (5,2 =), By Hyy Nvg, M)

F

Npt=(1—=06n,) Np—1 + Ay,
K, =(1-06g)Ki—1+ L.
(5)
Firms discount profits at the constant real interest rate r, and all input prices are stated in real terms.
The total cost in period ¢ is composed by the cost of materials, Pyr¢M; (where Pyr; stands for the price
of materials), the cost of investment, P;I; (where Pr; stands for the price of investment goods), and
labour costs. The firm owns the capital stock, which depreciates at an exogenous rate dx. It also faces
an exogenous separation rate dy, for its quasi-fixed workforce.

For each type of labour ¢ € {F, V'}, costs have two components. The first component, wy+I'y (Hy ) No,

8 Again, as we assume that the utilization rate of capital is a function of all inputs, changes in capital utilization do not
create measurement problems as such. Problems only arise because some inputs, such as worker effort, are not observable.



depends on employment and hours per worker. I'y is an increasing and convex function, capturing the
fact that workers need to be paid more when they work longer hours (because of overtime premia, etc.).
wy, is a stochastic shifter of this cost function, capturing changes in hourly wages which are not due to
changes in hours per worker. The second component is an additional cost for increasing effort per hour
worked, qo¢A¢ (Eyt) HotNei. We stay as agnostic as possible with respect to this cost. We just assume
that it is proportional to total hours worked, and increasing and convex in effort (i.e., Ay is increasing

and convex). Effort costs are also subject to a stochastic cost shifter gz ;.

Functional forms In order to explicitly solve the model, we need to assume functional forms for the
production function F' and the cost functions I'y, Ay, ® and ¥. We assume that the production function

is Cobb-Douglas with constant returns to scale:
—~ —~\ K F 14
F Ky, Lig, Ly, My) = (Ki) ™ (Lpg)®® (Lyg)*® (M)

where ai + af + ag 4+ apr = 1. While this is obviously a strong assumption, it follows most of the
literature, as we discuss in Section 3.

The cost functions for hours and effort are given by
Lo (Hpy) =1+ br, (Het)™,

Ao (Epy) =bp, (Ege)™ .

The intercept in the function I'y implies that firms need to pay workers even if they work zero hours, and
is needed for the choice of hours per worker and employment to be well defined on the Balanced Growth
Path (BGP).? Note also that we assume the curvature of the two cost functions to be the same for the
quasi-fixed and the variable part of labour input.

Finally, we assume that the adjustment cost function for capital is

c1>( - —¢)_ l_ag(Kil_qﬁ)Q if g < ¢

K 2 ’
t—1 1_a$(Kft_1—¢) if = >¢

9We define our model’s BGP solution as the solution obtained when output, TFP and factor prices grow at a constant
rate. Appendix A.1 provides further details, and shows that hours per worker and effort per hour are constant on the BGP.



where we set ¢ to be equal to the BGP investment rate. Accordingly, marginal adjustment costs are zero
on the BGP. The adjustment cost function for quasi-fixed employment W is specified exactly analogously
to ®. These quadratic adjustment cost functions are in line with the typical specifications used in the

literature (see, e.g., David and Venkateswaran, 2019).

2.2 Optimal input choices

Given our functional form assumptions, we can now write down the first-order optimality conditions for
the cost minimization problem specified in Equation (5). The first-order condition for materials is

Y,

E’ (6)

PM,t = Aoy

where )\; is the Lagrange multiplier on the output constraint (which is equal, by definition, to the marginal
cost of output in period t). Equation (6) states that the firm equalizes the marginal cost of materials,
P4, to their marginal benefit. The marginal benefit of buying materials is that this relaxes the output
constraint by « M% units, which is valued at the marginal cost ;.

We get analogous expressions for hours and effort of both types of workers:

Y

(we L'y (Het) + quile (Egt)) Noy = /\tO/Lﬂ,
it

Y,
QZ,tA/e (Eé,t) He,tNe,t = )\t@%ﬁz, (8)

for ¢ € {F,V}. Finally, variable employment is pinned down by

Y;

wy L'y (Hyy) + queAv (Bvy) Hyy = AtaXW-
it

As shown in greater detail in Appendix A.1, capital and quasi-fixed employment choices are pinned

down by two Euler Equations. The Euler equation for capital is

K, q>;> Yy 1

Pry=X|1 —
Lt t( +Kt_1(I)t K, 147

K1 \2 @, arY;
E, <(1 51) Prass — A ( t+1> t+1 OK t+1> )

K; D1 Ko

This equation shows that the firm equalizes the marginal cost of investment (the price of investment goods)



to its marginal benefit, composed of three terms. First, investment relaxes the output constraint, and
this is valued at the marginal cost A;. Second, investment leaves the firm with (1 — dx) units of left-over
capital in the next period, valued at next period’s price of investment goods. Third, investment affects
future capital adjustment costs. When the firm expects to invest more than the BGP rate tomorrow
(implying ®;,; < 0), investment today lowers tomorrow’s adjustment cost. However, when the firm
expects to invest less than the BGP rate tomorrow (implying ®;,, > 0), investment today requires a
costly reversal tomorrow.

The Euler equation for quasi-fixed employment follows a similar logic, and is given by:

wpl'r (Hp) + qriAp (Epg) Hry =

10
M (14 pitgt) ot 1, (A (NFm)? isy ap Vit (10)
t Npi—1%Y:) Npg I+r =t \ M+1\ "Np, Vir1 Npgr1 )

The firm equalizes the marginal cost of hiring a quasi-fixed worker to the sum of the flow benefit of
higher employment on the output constraint, and the continuation value (or cost) of higher employment
on future employment adjustment costs. There is, however, no capital value of employment, as the firm

needs to pay its workforce again in every period.

Taking stock Using our functional form assumption for the production function, we can express TFP

growth as

dZy = dY; — |ax (dK; +d,) + of (dBr + dHpy + dNpg + d,) )
JrOé‘[{ (dEV,t + dHV,t + dNV,t) + O[Mth] .

where dX; = In X; — In X;_; for any variable X;. Equation (11) summarizes the challenges that need
to be overcome in order to measure TFP growth: while growth in output, the capital stock, hours per
worker, employment and materials are observable in many standard datasets, the output elasticities c«,
the adjustment cost functions ® and ¥, and the changes in worker effort dE are not.

In the Solow-BFK tradition, these unobservable quantities are disciplined by using the optimality
conditions of the firm’s cost minimization problem and further assumptions on firm behaviour. In the

next section, we discuss these standard methods, and show how our method deviates from them.
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3 Measuring TFP growth

3.1 Standard methods

In this section, we describe the BFK method, which nests the classical Solow (1957) method. To streamline
the discussion, we present these methods in the context of our model. In particular, we note that the
BFK estimation equation can be obtained by imposing four simplifying assumptions on our model: the
industry is always in the vicinity of the BGP, profits are zero on the BGP, all labour inputs are quasi-fixed,

and the relative price of effort with respect to hours per worker is constant.'®

Adjustment costs and output elasticities As the industry is always in the vicinity of the BGP, and
marginal adjustment costs are zero on the BGP, changes in adjustment costs (d®; and d¥;) are zero up
to the first order, and can be ignored. Evaluating the first-order conditions for materials and employment

on the BGP, we then get

* Pf\%,tM{k
"Ry

= ayr, (12)

(wp T (Hp) + a A (Ef) Hy ) N,
FyY;

m =af, forte{FV}, (13)

where we denote by p* = I:i* the industry-level markup. Summing up Equations (12) and (13), and using
t

the constant returns to scale assumption, we get

P My + Sgeqmvy (i D7 (H)) + a5, A7 (Bf) H] ) N,

=1- . 14
Pt*Y;* aK ( )

/,L*

BFK assume that BGP profits are zero, which implies y* = 1.1 Then, Equations (12) to (13) show
that the output elasticities o of materials and labour are just equal to the BGP factor shares of these

inputs (that is, the long-run average of the ratios between spending on these inputs and sales, easy to

YBasu et al. (2006) specify a dynamic cost minimization model which is similar, but not identical, to the one presented
in Section 2. However, if we impose the four simplifying assumptions stated above, as well as constant return to scale, we
obtain a measurement equation that is identical to the one in their paper. Two further points are worth noting. First, while
Basu et al. (2006) allow for non-constant returns to scale, their results provide strong evidence for constant returns to scale,
and BFK impose this assumption from the outset in later work (Basu et al., 2013; Fernald, 2014b). Second, while we directly
assume that production is Cobb-Douglas, BFK impose this restriction implicitly. Indeed, they consider a log-lineariziation of
a generic production function around the BGP, making their effective production function log-linear with constant elasticities
(i.e., Cobb-Douglas). We discuss the exact differences between our and BFK’s model in Appendix A.4.

""Constant returns to scale imply that pu* = =, where 7* is the profit share of gross output.
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compute in standard datasets). Once we know the factor elasticities of materials and labour, the factor
elasticity of capital can be deduced as a residual from Equation (14).

Abstracting from unobservable changes in worker effort, these results imply that we can measure TFP
growth as a standard Solow residual. That is, as advocated by Solow (1957), TFP growth is just the
difference between output growth and a weighted average of input growth rates, weighting each input by
its factor share.!> However, as we abstract from changes in worker effort, this measure is biased. The

BFK method is designed to correct this bias, and we discuss the way it does so in the next paragraph.

Accounting for unobserved changes in worker effort To capture unobserved changes in worker
effort, BFK propose a proxy method which relies on the optimality conditions of the firm’s cost minim-
ization problem. Combining Equations (7) and (8), we get
1 cr — 1
dE@,t = Cf (d'wg’t — dq&t) + TdH&t, for ¢ € {F, V} . (15)
A A

Therefore, the total unobserved effort holds

V4
(6%
ajdEpi+ajdBy; = ) (L (dwey — dge ) + af, "

—1
o ng,t> . (16)
te(v,ry \ A ¢

BFK assume that all labour inputs are quasi-fixed (i.e., o) = 0) and that the relative price of effort

with respect to hours per worker is constant (i.e., dw; = dg;). Then, Equation (16) simplifies to

cr — 1

dE; = dH;, (17)

CA

where F,; stands for aggregate effort and H; stands for aggregate hours per worker. That is, there is a
linear relationship between changes in effort and changes in hours. As a result, BFK can rewrite Equation
(11) as

dYy — (sxdKy + sp, (dHy + dNy) + sypdMy) = BpdHy + dZy, (18)

Cr—l
CA

where g = af, and s%, s}, and s}, are BGP factor shares. The left-hand side of this equation is

12To obtain this result, Solow disregarded adjustment costs from the outset and assumed perfect competition. Then, in
a much simpler setup, he also obtained the result that output elasticities are equal to factor shares. BFK consider a more
complicated dynamic setup in order to create a role for unobserved fluctuations in utilization, which their method is then
designed to address.
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a standard Solow residual. OLS estimation of the unknown coefficient S faces a simultaneity issue, as
input choices depend on TFP growth. Thus, BFK estimate Equation (18) with instrumental variables,
using oil price shocks, fiscal policy shocks and monetary policy shocks as instruments for changes in hours

per worker. The residual of this IV regression is their measure of TFP growth dZ;.

Discussion The standard methods for estimating TFP growth have greatly advanced our understand-
ing of productivity dynamics. However, as the above discussion makes clear, they also rely on strong
assumptions. In our paper, we aim to relax three assumptions that appear particularly relevant.

First, Equations (12) and (13) show that if firms make positive profits, the Solow-BFK estimates for
output elasticities are biased downwards for materials and labour, and upwards for capital. As capital
growth tends to be less volatile than material or labour growth, this could induce a procyclical bias for
TFP. Moreover, as capital tends to grow more than other inputs in the long run, the same bias could lead
to an underestimation of long-run TFP growth.

Second, the Solow-BFK assumption of zero or negligible adjustment costs could underestimate TFP
growth during large increases in investment or hiring, e.g., during the recovery from a major recession or
in the early years of new industries.

Third, relying on hours per worker as a utilization proxy may be problematic in some cases. Indeed,
Equation (15) indicates several issues. For one, if there are shocks to the relative price of hours per worker
with respect to worker effort, there is no longer a perfect correlation between both variables. Moreover,
when there are different types of workers, as in our model, aggregate hours per worker become subject to
composition effects. To make this latter point more concrete, we assume for a moment that the relative

price of hours per worker with respect to worker effort is 1, and rewrite Equation (16) as

1 H, H,
oFdBp, + oV dEy, = L ardH, —ofd| =t ) —aVa|—=t)). (19)
cA Hpy

This shows that in the presence of worker heterogeneity, the BFK proxying equation contains two extra

terms, d ( I_;I;t) and d ( If\/tt) These terms are non-zero if aggregate hours per worker do not move in
line with hours per worker for both categories (which could happen if hours and/or employment levels
for both categories react differently to shocks). Depending on whether such changes are correlated with
changes in aggregate hours per worker and TFP shocks, this could either introduce a bias or at least some

noise in the estimation equation.
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Figure 1: Relative hours per worker
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Figure 1 plots and

for the six countries analysed in this paper, aggregating hours and

employment across all industries. This figure shows that there are permanent differences in hours per

worker between categories, as quasi-fixed workers (i.e., workers with a permanent and full-time contract)
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work longer hours. Second, aggregate hours per worker do not move symmetrically to hours per worker

Hy
Hpy

falls and the ratio If/tt increases during the

for each category. For example, in Spain, the ratio
Great Recession and Euro crisis. That is, aggregate hours per worker fall more than the hours of full-time
and permanent workers, but less than the hours of workers on temporary or part-time contracts. This
is consistent with the latter workers working lower hours in general, and being the first to lose their job
during the crisis. Such systematic composition effects could introduce a bias in the BFK estimation.

All three measurement issues raised above may have important effects on estimated TFP growth rates.

The next section presents our estimation method and describes how it deals with these issues.

3.2 Our TFP estimation method

Our estimation method allows for non-zero profits and adjustment costs, and introduces a new proxy for
unobserved changes in worker effort. We first discuss our approach with respect to each of these issues
in isolation, and then present our full estimation algorithm. Here, we focus on conceptual issues, while

Section 4 contains further details on data and implementation.

Profit shares and output elasticities Equations (12) to (14) show that in each industry, output
elasticities depend only on BGP factor shares and BGP markups. To compute the latter, we rely on
industry-level estimates for profit shares from Gutierrez (2018).13 Taking simple averages of profit shares
over time, we obtain an estimate for BGP profit shares 7*, and thus for BGP markups p*. Combining
this with standard data on factor shares, Equations (12) to (14) pin down our estimates for the output

elasticities a;y, ag, af and ag.

Adjustment cost functions Our functional form assumptions imply that adjustment cost functions
for capital and quasi-fixed employment depend on four parameters, ag, ag, ag and c@. We determine
these parameters by structurally estimating our dynamic cost minimization model.

To do so, we assume that shocks to output, TFP and input prices follow a multidimensional Markov
process, which we estimate from the data. We then compute model-implied input choices and compare
the standard deviations of input growth rates in the model and in the data. In particular, we target the

standard deviations of capital growth and quasi-fixed employment growth. Intuitively, these volatilities

13 As explained in greater detail in Section 4, Gutierrez uses the Jorgenson (1963) method to estimate rental rates of capital.
He can then compute capital shares, and determine profit as the fraction of gross output not paid to any production factor.
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identify the magnitude of adjustment costs: for example, all else equal, a high volatility of capital growth
in the data implies low capital adjustment costs. Given our estimates for adjustment cost parameters, we

then use data on capital and quasi-fixed employment growth to compute the series d®; and dWy.

Utilization adjustment To proxy for unobserved changes in worker effort, we rely on firm surveys
on capacity utilization. Such surveys are well-established in many countries. In the United States,
the Census Bureau regularly asks plants to compute their capacity utilization rate, defined as the ratio
between current output and full capacity output. Full capacity output is defined as “the mazximum level
of production that [...] could reasonably [be] expect[ed] under normal and realistic operating conditions
fully utilizing the machinery and equipment in place”.'* European surveys, coordinated by the European
Commission, instead ask firms to directly provide an estimate of their capacity utilization rate.'®

To map this survey to changes in worker effort, we need to define full capacity output in our model.
We assume that for every industry, full capacity output is the output obtained with (i) the current level
of capital and quasi-fixed employment, (ii) the BGP level of effort and hours per worker and (iii) a level of

other variable inputs that is scaled up proportionally to overall production. The third condition implies

1%
NFull Full \ TN Full Full \ 7M
that there are constants fy]‘\/, and ~s which hold N‘:},tt = (Yth ) and M]\Z = (Yth ) . With these

assumptions, the survey capacity utilization measure in our model is

v F V.V
gModel _ Yi — EyHy, oL EpiHp, o Y: apyytomym o0
t YtFull E‘*/H‘)’} E;HZ_' }/tFull

From this, it is easy to deduce that changes in worker effort satisfy
aydEy; + o dEpy = (1 —a¥yk - oeM’yM) dsMede! _ oV dHy,; — of dHp,. (21)

This equation shows that the survey can be used as a proxy for unobserved changes in worker effort. In

particular, we can rewrite Equation (11) as

dY; - [ax (dK, + d®;) + af (ANg + dW,) + af dNv, + andM;| = BedSP™ + dZ,  (22)

“The Census questionnaire (https://www2.census.gov/programs-surveys/gpc/technical-documentation/
questionnaires/instructions.pdf) also specifies that to compute full capacity output, respondents should consider
an unchanged capital stock, a “number of shifts, hours of plant operations, and overtime pay [that] can be sustained under
normal conditions and a realistic work schedule”, and that “labor, materials, utilities, etc. are fully available”.

5For an example of a European survey, see https://www.ifo.de/DocDL/ifo_Beitraege_z_Wifo_88.pdf.
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where g =1— a‘L/fyX, — apyym- This is our analogue to the BFK estimation equation (18). Following
BFK, we estimate the utilization adjustment coefficient g with an IV regression, and take the residual
of this regression as our estimate of TFP growth. Instruments and further implementation details are
discussed in Section 4.

Equation (22) summarizes our method. Compared to BFK, we differ both with respect to our measure
of non-adjusted TFP growth (the left-hand side of the equation) and our utilization proxy. First, our
left-hand side variable takes into account profits (through the output elasticities o) and adjustment costs.
Furthermore, it does not include changes in hours per worker. Indeed, according to our model, the
survey already fully reflects changes in hours per worker, so that including them would amount to double-
counting. In Section 4, we consider a robustness check for this assumption. Second, as argued above,
we believe that our survey-based utilization proxy may have advantages over hours per worker (or other

proxies), as it is unaffected by shocks to relative factor prices or composition effects.

The estimation algorithm Our structural estimation of adjustment costs and our utilization ad-
justment regression are not independent: to estimate adjustment cost functions, we need to know TFP
shocks, and to estimate our utilization adjustment regression, we need to know adjustment cost functions.
Therefore, our estimation uses an iterative algorithm described below.

Step 1 We make an initial guess for the parameters of the adjustment cost functions. With this, we
compute the left-hand side of Equation (22) and run an IV regression to obtain a preliminary estimate
for the utilization adjustment coefficient B¢ and TFP growth rates dZ;.'6

Step 2 Now, we jointly estimate the adjustment cost parameters ag, a;f, ay and a$. We also
estimate the curvature parameters for the effort and hours cost functions, ¢y and cr, as there is no
external evidence to discipline these parameters. Our estimation targets eight moments: the standard
deviation of capital growth (unconditional, and for positive/negative observations, in order to identify
asymmetries in the capital adjustment cost function), quasi-fixed employment growth (unconditional, and

for positive/negative observations), growth in hours per worker and growth in the capacity utilization

*
Ky K
Ke—1 Ky

2
%Our functional forms imply that ®; = 1 — a ( ) if capital growth is lower than its BGP value, and

N
o, =1-a} (Kljil - Kii;) if capital growth is higher than its BGP value. We assume that the BGP growth rate of

*

capital is equal to the average growth rate observed in the data. Thus, in order to compute d®;, we only need data

Kt
) Kfffl )

on capital growth. The same expressions apply for d¥,, which only depends on quasi-fixed employment growth.
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survey.l” Here, we only briefly sketch the structural estimation algorithm. Appendix A.2 provides further
details. Our procedure follows three steps.

(a) We determine the series of output, TFP and input price shocks faced by the firm during the sample
period. We directly take series for output Y;, material prices Pys; and investment good prices Pr; from
the data, and we have obtained a series for TFP Z; in Step 1. However, wage and effort cost shifters (wy;
and gy+) are not observable. In order to discipline these, we assume that cost shifters for both categories
of workers are perfectly correlated. Our model then imposes a relationship between (observable) changes
in the wage bill, employment and hours, and (unobservable) wage shifters, which we use to compute the
latter. Finally, we assume that effort cost shifters are constant throughout. These assumptions yield the
path of shocks faced by the firm over the sample period. To discipline expectations, we assume that shocks
follow a discrete multidimensional Markov process, whose parameters we estimate from the realizations
during the sample period.

(b) Given our estimates for output elasticities, the current guess for adjustment cost parameters,
calibrated values for the parameters r» and dx, and the stochastic process for shocks, we solve our model,
using a Generalized Stochastic Simulation Algorithm inspired by Maliar et al. (2011).'8 This yields a
series for the firm’s optimal input choices given the sequence of shocks observed in the data, which we
use to compute the standard deviation of input growth rates predicted by our model.

(c) If the distance between standard deviations in the model and in the data is sufficiently small, the
estimation has converged. Otherwise, we update our guess for parameters and return to Step (a).

Step 3 If the adjustment cost parameters obtained in Step 2 are sufficiently close to our guess in
Step 1, the algorithm has converged. If not, we update our guess for the adjustment cost parameters and
return to Step 1.

This completes the description of our estimation method. We are now ready to study its implications
for industry-level and aggregate TFP growth in the United States and in Europe. The next section

discusses the data that we use, as well as some further implementation details.

7To solve our model, we express all variables in deviations from their BGP values, and compute growth rates by using
log changes (see Appendix A.2). To be consistent with this, we compute data growth rates in the same way, defining the
BGP growth rate of a variable to be equal to the sample average growth rate. To compare model and data for the capacity
utilization survey, we rely on Equation (21). We compute the standard deviation of ay (dEv,: + dHvs) + of (dEFpt + dHFpy:)
in our model, and compare it to the standard deviation of BsdSP*?*, where (s is the coefficient estimated in Step 1.

8We set r = 0.03, and calibrate dx using data on capital depreciation rates from EU KLEMS. As shown in Appendix

A.2, other model parameters are irrelevant for input growth rates, and therefore do not need to be calibrated.

18



4 Data and implementation details

4.1 Data sources

We estimate TFP growth for the United States and for the five largest European economies (Germany,
Spain, France, Italy and the United Kingdom). In this section, we briefly describe our main data sources.

Appendix B contains further details, as well as plots of key variables.

Growth accounting data Growth accounting data for European countries comes from the November
2019 release of EU KLEMS (O’Mahony and Timmer, 2009; Adarov and Stehrer, 2019).' EU KLEMS
provides annual industry-level data for the growth rates of output, inputs and factor prices between 1995
and 2016, as well as factor shares and capital depreciation rates. We restrict our attention to the non-farm,
non-mining market economy, leaving us with 19 distinct industries.

For the United States, we use industry-level multifactor productivity data provided by the Bureau of
Labor Statistics (BLS), which contains the same type of information as EU KLEMS.2? We aggregate the

60 industries in the dataset to 21 broader industries, comparable to the ones in the European data.

Labour composition While KLEMS and the BLS productivity data provide time series for employ-
ment and hours worked, they do not contain information on the two worker types considered in our
paper (i.e., workers with full-time and permanent contracts, and workers with part-time or temporary
contracts).?! Therefore, we need to rely on other data sources.

For European countries, we use micro-level data from the European Union Labour Force Survey (EU
LFS), which allows us to compute the share of employment and total hours worked represented by both
categories. We then apply these shares to the KLEMS data on employment and total hours worked to
obtain time series. Our estimation also requires information on the relative BGP wages of quasi-fixed and
variable labour, for which we rely on the European Union’s Structure of Earnings Survey (EU SES). As
there are no comprehensive time series on wages for both categories, we use the average hourly wages of
workers with limited and unlimited duration contracts in 2006, roughly the midpoint of our sample.

In the United States, there is no strong distinction between permanent and temporary work contracts.

Therefore, we just identify quasi-fixed labour with full-time employment, and variable labour with part-

YEU KLEMS data can be downloaded at https://euklems.eu/.
20BLS data can be downloaded at https://www.bls.gov/mfp/mprdload.htm.
ZIKLEMS does contain a split of employment by gender, education and age, but not by type of contract.
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time employment. We use micro-level data from the BLS Current Population Survey (CPS) to compute
the share of full-time and part-time workers in employment and hours worked and apply these shares
to the BLS productivity data to obtain time series. Information on the relative wage of full-time and

part-time workers also comes from the BLS.

Profit shares Our profit shares come from Gutierrez (2018), who estimates industry-level profit shares
for European countries (with KLEMS data) and the United States (with BEA data). Following Jorgenson
(1963), Gutierrez estimates an industry-specific rental rate of capital by using an arbitrage condition that
equalizes the return to capital in a given industry (depending on the rental rate, the relative price of
investment goods, and depreciation), to the “normal” return on another asset (defined as the sum of the
risk-free rate and the spread on corporate BBB bonds). Knowing the rental rate, one can easily compute
the profit share as the share of gross output that is not paid to labour, materials or capital. For each
industry, we define the BGP profit share as the average of annual profit shares over our sample period.
Table 1 lists average industry-level BGP profit shares (weighted by value added) for all countries of
our sample. Profit shares are high in the United States, Spain, France and Italy, and low in Germany

and in the United Kingdom.??

Table 1: Profit shares

United  Germany  Spain France Italy United
States Kingdom
Average profit share 5.7% 2.2% 6.2% 5.0% 6.6% —1.2%

Notes: Annual industry-level profit data is from Gutierrez (2018). We compute an average of annual profit shares to obtain
BGP values. The table reports a value added weighted average across all industries in a country.

Capacity utilization surveys For European countries, our survey measure of firm capacity utilization
comes from the European Commission’s Harmonised Business and Consumer Surveys. We mainly rely
on the quarterly manufacturing survey, which asks firms “At what capacity is your company currently
operating (as a percentage of full capacity)?”. The Commission provides quarterly time series for 24
manufacturing industries, which we aggregate up to the yearly frequency using simple averages, and to

EU KLEMS industries by using value added weights.

22Gutierrez finds negative profit shares in some industries. While this is a priori no issue for our methodology, we show in
Section 6.4 that our results are virtually unchanged if we assume that profits shares are bounded below by zero.
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For the United States, we use the Federal Reserve Board’s reports on Industrial Production and Ca-
pacity Utilization. These are mainly based on the Census Bureau’s Quarterly Survey of Plant Capacity,
which asks plants to report their current level of production and their full production capacity, defined as
“the maximum level of production that this establishment could reasonably expect to attain under normal
and realistic operating conditions fully utilizing the machinery and equipment in place”. Capacity utiliza-
tion is defined as the ratio between current and full production. The Federal Reserve provides time series
for 17 manufacturing industries, which we aggregate to BLS industries with value-added weights.

These two surveys do not cover the non-manufacturing sector. However, the European Commission has
been conducting a separate survey on capacity utilization in service industries since 2011 (see Appendix
B.3 for further details). For our baseline results, we use this service data in all years in which it is available,
and backcast the industry-level series by projecting them on average capacity utilization in manufacturing
for all earlier years. In the United States, there is no independent data for service industries, and we use
the manufacturing average as a proxy for all non-manufacturing industries.

Table 2 shows that in Europe, average capacity utilization in service industries is strongly correlated

with average capacity utilization in manufacturing. This fact provides support for our backcasting method.

Table 2: Capacity utilization in manufacturing and services

Germany  Spain France Ttaly United
Kingdom
Correlation coeff. 0.75 0.83 0.68 0.67 0.61
Observations 27 25 24 31 25

Notes: The table gives the correlation coefficients between the quarter-on-quarter growth rates of average capacity utilization
in service industries and average capacity utilization in manufacturing, over the period in which there is data for both.

Instruments Our baseline estimation uses four instruments: oil price shocks, monetary policy shocks,
economic policy uncertainty shocks, and shocks to financial conditions. Recall that in order to valid,
instruments should be correlated with changes in our utilization proxy, but uncorrelated with TFP shocks.

Following Basu et al. (2006), we compute oil price shocks as the log difference between the current
quarterly real oil price and the highest real oil price in the preceding four quarters. We define the annual
oil price shock as the sum of the four quarterly shocks, and use the shock in year ¢ — 1 as an instrument

for changes in utilization in year .
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For members of the European Monetary Union, we take monetary policy shocks from Jarocinski and
Karadi (2018), who rely on surprise movements in Eonia interest rate swaps after ECB policy announce-
ments to identify monthly monetary policy shocks starting in March 1999. We take simple averages of
these shocks to obtain an annual series.?> For the United Kingdom, we follow Cesa-Bianchi et al. (2016),
who identify monetary policy shocks through changes in the price of 3-month Sterling future contracts
after policy announcements by the Bank of England. Finally, for the United States, we use narratively
identified monetary policy shocks from Romer and Romer (2004), as updated in Wieland and Yang (2016).
For all countries, we use the shock in year t — 1 as an instrument for changes in utilization in year t.

For economic policy uncertainty (EPU), we use the measure of Baker, Bloom and Davis (2016). In
Europe countries, this measure is a monthly index based on newspaper articles on policy uncertainty. In
the United States, EPU also considers the number of federal tax code provisions set to expire in future
years and disagreement among economic forecasters. For all countries, we use the log change in the EPU
index in year ¢t — 1 as an instrument for changes in utilization in year t.

Finally, we measure financial conditions using the excess bond premium introduced by Gilchrist and
Zakrajsek (2012).2* This measure is computed as the difference between the actual spread of unsecured
bonds of US firms and the predicted spread based on firm-specific default risk and bond characteristics.
Thus, it captures variation in the average price of US corporate credit risk, above and beyond the com-
pensation for expected defaults. We aggregate the monthly excess bond premium to its annual average,

and use its change in year t — 1 as our instrument for changes in utilization in year t.

Data availability Table 3 summarizes data availability. Note that the binding constraint on extending
our time series backwards is data on labour composition (the EU LFS and BLS series start in 1995) and

on capacity utilization (European surveys start between 1991 and 1994).

Table 3: Data availability

United  Germany  Spain France Italy United

States Kingdom
First year 1995 1995 1995 1995 1995 1995
Last year 2018 2016 2016 2016 2015 2016

Notes: This table lists all years for which we observe growth rates of output, inputs, input prices and capacity utilization.

ZMoreover, we backcast monetary policy shocks for the years 1995-1999 by projecting them on the other instruments.
Our results are unchanged when we instead estimate our regressions for a shorter time period starting in 1999.
24 An updated time series for this measure is available at http://people.bu.edu/sgilchri/Data/data.htm.
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4.2 Implementation details and aggregation

Pooled estimation and detrending We estimate industry-level TFP growth rates by using our
method described in Section 3.2. Two implementation details are worth noting.

First, to increase the statistical power of the estimation, we follow BFK and divide industries into three
broad sectors (durable manufacturing, non-durable manufacturing, and non-manufacturing), assuming
that all industries in a sector j share the same utilization adjustment coefficient Bg.

Second, while hours per worker are stationary in our model, they have a downward trend in the data.
We assume that only cyclical variation in hours per worker is reflected in firms’ answers to the capacity
utilization survey, while long-run trends are not. Thus, we include long-run trends in hours per worker
(but not cyclical changes) in our left-hand side measure of non-adjusted TFP growth. Just like BFK (who
face the same issue when using hours per worker as their utilization proxy), we detrend the logarithm of
hours per worker with a Christiano and Fitzgerald (2003) band-pass filter, isolating frequencies between
2 and 8 years, and take the first differences in the resulting series as our measure of cyclical changes.?

Summing up, to implement Equation (22), we pool all industries i of sector j, and estimate

Ay}, — dX}, = k] + BLASIP™ + €],
where dX7, = ade, (dK7, +d®],) + af7 (dN7,, + W], + dH}], ) (23)
tay? (ANY,, + dHE],) + o,

In this specification, x7 is a dummy variable for industry i of sector j, and dH Zﬁ stands for the trend

growth of hours per worker of category £. We estimate the coefficient 5% by using the instruments listed
in Section 4.1. Our measure of TFP growth for industry ¢ is then given by dZZ-]; . = Iﬁg + egi.
For comparison purposes, we also estimate TFP growth using the BFK method for all industries and
countries in our sample. To that effect, we estimate
AV}, — dX}PTE = k] + pldH]T + €],

7/1

. o , . , A (24)
where dX7N = sl di, + s (AND, + dHY,) + shyd M

The left-hand side of the BFK estimation equation is a standard Solow residual. On the right-hand side,

cyclical changes in hours per worker dHZ-J;}C (computed with a band-pass filter) serve as the utilization

25In the United States, the capacity utilization survey also has a downward trend (Pierce and Wisniewski, 2018). Thus,
we also detrend it, using again the band-pass filter. European surveys do not have a trend.
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proxy. We estimate the utilization coefficients ﬂfq with the same instruments as in our baseline.

Aggregation We compute aggregate TFP growth rates by using Tornqvist weights. The Tornqvist
weight for industry ¢ in year t is the average of the ratios of industry gross output to aggregate value
added in year t — 1 and year ¢t. Baqaee and Farhi (2019) show that this aggregation is problematic if the
economy is distorted (e.g., if profit shares are heterogeneous across industries) and production factors are
mobile. Thus, our results can be understood as a benchmark applying if all factors are industry-specific,
an assumption which is likely to hold in the short and medium-run. Moreover, Bagaece and Farhi (2019)
show that the dispersion of profit shares across industries is substantially smaller than within industries.

We are now ready to discuss our results, starting with our estimates for output elasticities, adjustment

costs and utilization adjustment coefficients.

5 Estimation results

5.1 Output elasticities

Table 4 lists average industry-level output elasticities and factor shares. In each country, industry-level

variables are aggregated using value-added weights.

Table 4: Average output elasticities and factor shares

United Germany Spain France Italy United
States Kingdom
Materials
Output elasticity 0.46 0.53 0.56 0.56 0.60 0.51
Factor share 0.44 0.52 0.53 0.53 0.56 0.51
Quasi-fized labour
Output elasticity 0.33 0.29 0.24 0.30 0.27 0.31
Factor share 0.32 0.28 0.22 0.28 0.25 0.31
Variable labour
Output elasticity 0.05 0.05 0.09 0.05 0.04 0.03
Factor share 0.05 0.05 0.09 0.05 0.04 0.03
Capital
Output elasticity 0.15 0.13 0.10 0.08 0.09 0.15
Factor share 0.20 0.15 0.16 0.13 0.15 0.14

Notes: Reported values are value-added weighted averages across all industries. Values may not add to 1 due to rounding.
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As we have shown previously, profit shares are positive in most industries. Therefore, our estimates
for output elasticities of materials and labour are higher than their respective factor shares, and our
estimates for output elasticities of capital are lower than capital shares. Table 4 indicates that the largest
differences occur in the United States, Spain, France and Italy, where profit shares are highest.

These differences are important. Indeed, in most countries, capital grows faster than other inputs
in the long run, and contracts less than other inputs during recessions. Therefore, a lower estimate for
the output elasticity of capital leads to higher estimates of TFP growth both in the long run and during

recessions. As we will show in Section 6, these considerations significantly alter TFP dynamics.

5.2 Adjustment costs

Table 5 lists our estimates for adjustment costs to capital and quasi-fixed employment, as well as for the
curvature of the cost functions for hours per worker and worker effort. Again, we report a value-added
weighted average of industry-level estimates for each country. Table 6 summarizes the fit of the estimation,
and shows that our dynamic cost minimization model generally manages to generate volatilities which

are close to the ones observed in the data.

Table 5: Estimated adjustment cost parameters

United Germany Spain France Ttaly United

States Kingdom
Capital, down (ag) 4.6 2.6 3.7 4.4 4.1 6.0
Capital, up (a}) 3.3 1.9 5.0 6.0 3.3 4.3
Quasi-fixed empl., down (ay,) 0.5 0.9 1.4 0.8 1.2 0.8
Quasi-fixed empl. up (ag) 0.6 0.7 1.5 0.8 1.8 1.6
Curvature of hours cost 4.1 4.0 4.2 3.4 4.1 4.1
Curvature of effort costs 4.4 3.7 4.5 4.1 2.6 4.1

Notes: Reported values are value-added weighted averages across all industries in a country.

Several features are worth noting. First, capital adjustment costs are higher than quasi-fixed em-
ployment adjustment costs. This is in line with the existing literature (Basu et al., 2001; Hall, 2004),

and a direct consequence of the empirical fact that capital is less volatile than quasi-fixed employment.?

26German manufacturing is the major outlier to this pattern. We find essentially zero capital adjustment costs in this
sector, because its capital series are highly volatile (see Figure A.4 in the Appendix). This reflects problems with the
underlying data: as the KLEMS team has confirmed to us in private correspondence, German industry-level capital data
relies on extrapolations of aggregate series, and is therefore less reliable. Future KLEMS updates should resolve this issue.
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Second, while estimates are positively correlated across countries, there are also interesting differences.
For instance, we find that the United States has the lowest employment adjustment costs. This may reflect

some structural features of the US labour market, such as weaker employment protection legislation.

Table 6: Standard deviations of input growth in the model and in the data

United Germany Spain France Italy United
States Kingdom
Capital, data 2.3 3.4 3.2 1.4 2.2 2.2
Model (pp difference) 0.4 1.0 0.7 0.3 0.5 0.9
Quasi-fixed emp., data 4.7 2.8 4.9 2.5 2.6 2.7
Model (pp difference) 1.9 0.8 0.3 0.6 0.4 0.6
Quasi-fixed hours, data 1.8 1.8 1.1 1.2 1.5 1.4
Model (pp difference) 0.6 0.6 0.8 0.3 0.6 0.3
Utilization, data 0.4 1.1 0.2 0.6 1.0 0.9
Model (pp difference) 0.4 0.6 0.5 0.1 0.5 0.4

Notes: This table lists the standard deviations of the growth rates of capital, quasi-fixed employment, quasi-fixed hours
per worker and utilization (computed as BsdSP #%2) in the data. The reported values are value-added weighted averages
across all industries in a country. All growth rates are expressed as log changes, multiplied by 100. The table also shows the
average absolute percentage-point difference between the data values and their model equivalents. Utilization in the model
is computed as o (dEv: +dHvy) + af (dEFpt + dHFyz).

To fix ideas on the magnitude of the estimated adjustment costs, note that our functional form

assumptions imply ®; = 1 — ag ( Kfﬁ - — Kfz 1>2_ Thus, for ag = 4 (roughly the median estimate of
capital adjustment costs in Table 5) and a 2 percentage point deviation of capital growth from its BGP
trend (roughly the median standard deviation of capital growth in Table 6), we obtain that adjustment
costs reduce capital input by a modest 0.16%. This suggests that during normal times, adjustment costs

have minor effects on output growth (and thus on estimated TFP). We return to this issue in Section 6.3.

5.3 Utilization adjustment regressions

Table 7 lists the estimates for our survey-based utilization adjustment coefficients g, as specified in
Equation (23). Estimates are positive in all countries and sectors, and tend to be lower in the non-
manufacturing sector. According to our model, positive estimates imply that changes in the survey are
positively correlated with changes in worker effort: when firms report low capacity utilization, workers
perform fewer tasks per hour of work. Therefore, we need to adjust TFP growth upwards in years in which

the survey indicates falling capacity utilization, and downwards in years in which the survey indicates
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Table 7: Utilization adjustment regressions (survey-based utilization proxy)

United Germany Spain France Italy United
States Kingdom
Non-durable manufacturing
BS 0.224*** 0.562%** 0.076* 0.070 0.400*** 0.119*
Standard error (0.08) (0.063) (0.042) (0.064) (0.074) (0.066)
Observations 115 105 105 105 100 105
First-stage F-statistic 19.6 24.5 11.7 23.3 10.8 7.0
Durable manufacturing
Bg 0.296*** 0.392%** 0.096** 0.255*** 0.337*** 0.228***
Standard error (0.056) (0.043) (0.046) (0.055) (0.031) (0.049)
Observations 161 105 105 105 100 105
First-stage F-statistic 32.4 74.8 10.6 35.5 35.5 21.3
Non-manufacturing
Bs 0.106 0.122* 0.098 0.203*** 0.201%** 0.376***
Standard error (0.084) (0.064) (0.167) (0.049) (0.057) (0.112)
Observations 207 189 189 189 180 189
First-stage F-statistic 76.1 134.4 15.5 81.7 60.3 10.0

Notes: This table reports the estimates for utilization adjustment coefficients Bs, estimated using 2SLS on Equation (23).
Instruments for survey capacity utilization are oil, monetary policy, economic policy uncertainty and financial shocks, as
described in Section 4.1. Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.

rising capacity utilization. It is also worth noting that the first stage of our IV regressions performs well,
with F-statistics that are above the critical threshold value of 10 in almost all cases. Thus, instruments
appear to be relevant for almost all countries and sectors.

For comparison, Table 8 reports our estimates for the utilization adjustment coefficients Sy estimated
using the BFK method, as specified in Equation (24). In the United States, Germany and Italy, we
find the expected results, i.e., positive and significant utilization adjustment coefficients (even though F-
statistics are somewhat lower than in the regressions using the survey proxy). Results for other countries
are more problematic. This is most striking in Spain and in the United Kingdom, where we find a
weak first stage (with F-statistics below 3 in all sectors), and utilization adjustment coefficients that
are mostly insignificant, and even negative in some cases. Negative estimates imply that firms increase
unobserved worker effort when they reduce hours per worker. This is inconsistent with the BFK model,

which emphasizes a positive comovement of hours per worker and unobserved utilization margins.
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Table 8: BFK utilization regressions (hours per worker-based utilization proxy)

United Germany Spain France Italy United
States Kingdom
Non-durable manufacturing
Bu 0.949** 0.743*** —2.407 0.217 0.580*** 0.802
Standard error (0.375) (0.134) (1.785) (0.221) (0.145) (0.820)
Observations 115 105 105 105 100 105
First-stage F-statistic 8.3 65.5 0.4 14.5 23.3 0.6
Durable manufacturing
Bs 1.808*** 0.845*** 0.872 0.685*** 0.617** 2.229**
Standard error (0.435) (0.068) (0.666) (0.163) (0.070) (1.073)
Observations 161 105 105 105 100 105
First-stage F-statistic 11.6 114.1 1.4 34.4 39.4 1.2
Non-manufacturing
Bs 1.505* 0.752** —2.021* 0.706** 0.230 1.900
Standard error (0.776) (0.317) (1.174) (0.328) (0.333) (2.634)
Observations 207 189 189 189 180 189
First-stage F-statistic 8.1 33.4 2.9 8.7 4.9 0.2

Notes: This table lists the estimates for utilization adjustment coefficients Sy, estimated using 2SLS on Equation (24).
Instruments for hours per worker are oil, monetary policy, economic policy uncertainty and financial shocks, as described in
Section 4.1. Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.

To understand the origins of these issues, Figure 2 plots time series for both the BFK hours per
worker utilization proxy, and our survey-based utilization proxy. These series are strongly correlated
in the United States and (to a somewhat lesser extent) in Germany and in Italy. These are precisely
the countries in which the BFK regressions appear to perform best. In contrast, in Spain, France and
in the United Kingdom, both series are substantially different. In these three countries, the survey is
strongly procyclical. However, Spanish hours per worker are countercyclical, falling during the 2000-2007
boom and rising during the Great Recession. This may be due to composition effects. Indeed, temporary
and part-time work contracts are particularly prevalent in Spain. The employment of these workers
is highly cyclical, and they typically work low hours. This tends to make aggregate hours per worker
countercyclical. In the United Kingdom, hours per worker also appear to be somewhat countercyclical,
and show some erratic variation during the 2000s. Finally, in France, hours per worker exhibit some large
variation in the mid-2000s, which appears unrelated to the business cycle and is probably due to the
implementation of the 35-hour work week (mandatory for all firms from January 2002, but weakened by
subsequent reforms). As we discussed in Section 3.1, composition effects or shocks to the cost of hours

per worker reduce their effectiveness as a utilization proxy.
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Figure 2: Hours per worker and survey-based capacity utilization
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Notes: This figure plots changes in aggregate (detrended) hours per worker, and changes in aggregate capacity utilization.
Capacity utilization surveys are aggregated across industries using value-added weights. Shaded areas mark recessions,
defined in Appendix B.6.

Summing up, our estimation results suggest that the relevance of hours per worker as a utilization
proxy is country-specific. In some countries (including the United States, for which BFK developed this
proxy), hours per worker deliver positive and significant utilization adjustment coefficients, and have a

reasonably strong first stage. In these countries, BFK regression results also appear to be qualitatively
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in line with our survey-based regression results (we turn to a quantitative assessment of this issue in Sec-
tion 6.3). In other countries, such as Spain or the United Kingdom, hours per worker deliver insignificant
and sometimes counter-intuitive results. In contrast, our survey-based measure performs more evenly
across countries. This suggests that it may be a more robust proxy, possibly because it is not affected by

shocks to relative factor prices or country-specific idiosyncrasies in labour market institutions.

6 TFP growth in the United States and in Europe
6.1 Aggregate TFP growth

We are now ready to analyse the implications of different estimation methods for TFP dynamics. To
begin, Figure 3 shows cumulated aggregate TFP growth rates for the United States and for an aggregate
of the four Eurozone countries in our sample.?” Dotted black lines refer to a standard Solow residual,

red dashed lines refer to the measure obtained with the BFK method, and full green lines refer to the

measure obtained with our method.

Figure 3: Cumulated TFP growth in the United States and in the Eurozone
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Notes: This figure plots cumulated TFP growth, normalized to 0 in the first year of the sample for each country. Shaded
areas mark recessions, defined in Appendix B.6.

Figure 3 illustrates some important trends that hold for all TFP measures. First, cumulated TFP

growth between 1995 and 2015 was substantially higher in the United States than in the Eurozone. Second,

2TEurozone TFP growth is computed as a value-added weighted average of the TFP growth rates of Germany, Spain, Italy
and France.
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there was a marked slowdown in TFP growth in the second half of the sample, both in the United States
and in the Eurozone. Both of these trends have been widely noted (see, e.g., van Ark et al. (2008) or
Bloom et al. (2012) for the first, and Fernald (2014a) and Gordon (2016) for the second).

However, Figure 3 also indicates important differences between the three TFP measures. In the
United States, we find that TFP grew by a cumulated 26.8% between 1995 and 2018, rather than the
23.0% implied by the series obtained with the BFK method. Moreover, our series suggests that the
slowdown in TFP growth was more gradual than the one implied by the standard measures. Indeed,
the Solow residual and the BFK measure both suggest a sharp break in TFP growth around the year
2005. Our measure instead implies that TFP growth remained relatively robust between 2005 and 2010
(and especially between 2007 and 2010), falling to essentially zero only after 2010, i.e., after the Great
Recession. This suggests that the Great Recession played some role for the productivity slowdown.?® We
will investigate the origins of these differences between TFP series in Section 6.3.

In the FEurozone, Figure 3 indicates that our measure of TFP growth is substantially less volatile and
less cyclical than the other two. In particular, we find that Eurozone TFP is essentially flat during the
Great Recession and the Euro crisis, while the Solow residual and the BFK method indicate a strong fall
and a subsequent recovery. Again, we will investigate the sources of these differences in Section 6.3.

Aggregate Eurozone TFP masks a lot of underlying heterogeneity. Figure 4 plots cumulative TFP
growth in individual Eurozone countries, as well as in the United Kingdom. Again, some trends are
common to all TFP measures, such as the widely noted long-run decline of TFP in Italy and Spain, and
the better performance of the United Kingdom and Germany (Gopinath et al., 2017; Garcia-Santana
et al., 2020; Schivardi and Schmitz, 2020). However, there are also striking differences between series.
For instance, in Spain and Italy, standard methods suggest a fall in TFP by more than 5 percentage
points between 2008 and 2013, while we find TFP to be virtually unchanged. This effect is particularly
striking for Italy, where our method results in a substantial upward revision of TFP growth over the
sample period. We find a similar effect in France, even though French TFP still declines during the Great
Recession. Finally, the BFK series for the United Kingdom is very volatile, driven by the large BFK
utilization adjustment coefficients shown in Table 8, while our measure is substantially smoother.

Table 9 summarizes the medium and long-run properties of TFP series in a more formal way, by

28 A potential mechanism accounting for this effect could be the drop in technology adoption and R&D investment observed
during the recession (Anzoategui et al., 2019; Queralto, 2019).

31



listing average growth rates during the whole sample and for selected subperiods. The first panel of the

table shows that our method implies higher average TFP growth rates than the Solow residual or BFK

in several countries, especially in the United States, France and Italy.

Figure 4: Cumulated TFP growth in European countries
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The second panel shows our TFP growth rates over subperiods, confirming the insights conveyed by

Figure 3. In the United States, we find a gradual TFP slowdown: annual TFP growth decreased from
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1.9% per year between 1995 and 2005 to 0.9% between 2005 and 2010, and 0.0% between 2010 and 2018.
In contrast, the BFK measure declines more sharply from 1.8% per year in 1995-2005 to 0.4% in 2005-2010
and 0.1% in 2010-2018. For the Eurozone, in turn, there appears to be a relatively abrupt TFP slowdown
after 2007. Aggregate TFP growth for the Eurozone declines from 0.5% per year before 2007 to 0.0% per
year after 2007. There are, however, notable exceptions for Spain and Italy, where the Great Recession

actually seems to end or at least dampen a long-run TFP decline.

Table 9: Average TFP growth rates

United  Eurozone Germany  Spain France Italy United
States Kingdom
Average TEP growth, full sample
Solow residual 0.92 0.24 0.97 -0.70 0.16 -0.36 1.01
BFK method 0.90 0.22 0.98 -0.61 0.10 -0.37 1.03
Our method 1.03 0.30 0.92 -0.62 0.25 -0.15 0.95
Average TEFP growth, our method, subperiods
1995-2005 1.89
2005-2010 0.88
2010-2018 0.05
1995-2007 0.49 1.19 —0.93 0.80 —0.22 1.67
2007-2015 0.02 0.51 —0.31 —0.39 0.05 —0.02

Notes: TFP growth rates are expressed as log changes multiplied by 100.

Finally, Table 10 summarizes the cyclical implications of our results. The first panel lists the standard
deviations of different TFP series (expressed as a fraction of the standard deviation of real value added
growth in the respective country). In the United States, standard deviations are roughly identical across
TFP series. However, for all five European countries, our TFP series is less volatile than the Solow
residual or the series obtained with the BFK method. Differences are often substantial: for the Eurozone
as a whole, the standard deviation of our TFP measure is only one third as large as that of the Solow
residual, and half as large as that of the BFK series.

The second panel of Table 10 shows that the Solow residual is strongly procyclical in all countries
(with the exception of Spain). Our TFP measure is in turn roughly acyclical: the correlation coefficient
of TFP and real value added growth is 0.13 in the United States and in the Eurozone, and 0.24 in the

United Kingdom. While the BFK series is also less correlated with the cycle than the Solow residual,

33



there is a substantial discrepancy in the Eurozone, where the BFK series remains quite cyclical. This
result (as well as our finding on volatilities discussed above) is consistent with the idea that in Europe,
the BFK hours per worker proxy does not fully control for unobserved cyclical changes in worker effort,
while our survey proxy is more successful at accounting for them. Relatedly, the third panel of Table 10
shows that the correlation between our measure of aggregate TFP growth and the one obtained with the

BFK method is highest in the United States.

Table 10: Cyclical behaviour of different TFP measures

United  Eurozone Germany  Spain France Italy United
States Kingdom
Standard deviation (rel. to real VA growth)
Solow residual 0.65 0.66 0.75 0.33 0.75 0.67 0.67
BFK method 0.56 0.39 0.43 0.34 0.86 0.46 1.33
Our method 0.66 0.19 0.34 0.30 0.49 0.34 0.66
Correlation with real VA growth
Solow residual 0.52 0.92 0.95 0.29 0.87 0.80 0.83
BFK method 0.15 0.57 0.33 0.15 0.54 0.57 0.29
Our method 0.13 0.13 0.24 —-0.23 0.39 0.03 0.24
Correlation between TFP measures
BFK TFP, Our TFP 0.75 0.46 0.49 0.54 0.39 0.48 -0.28

Notes: TFP growth rates are expressed as log changes multiplied by 100.

6.2 Sectoral TFP growth rates

Figure 5 illustrates sectoral differences in TFP growth, by plotting US and Eurozone TFP growth in non-
durable manufacturing, durable manufacturing and outside of the manufacturing sector.? In all countries,
TFP growth is highest in durable manufacturing.? In the United States, differences between sectoral TFP
series obtained with different estimation methods mirror the aggregate differences shown in Figure 3. In
the Eurozone, there is more heterogeneity: we find that the TFP slowdown in manufacturing only sets in
around 2010, while non-manufacturing TFP starts declining around 2007 (although our measure indicates
a much smaller decline than the Solow residual or the BFK measure). As non-manufacturing represents

most of economic activity, this drives the aggregate dynamics shown in Figure 3.

29Gectoral growth rates are aggregated by using Tornqvist weights of industry gross output over sectoral value added.
39Tn the United States, this is driven by the exceptional TFP growth of a single industry, Computer and Electronic products
manufacturing (see Houseman et al., 2014).
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Figure 5: Sectoral TFP growth in the United States and in the Eurozone
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Notes: This figure plots cumulated TFP growth, normalized to 0 in the first year of the sample for each country. Shaded
areas mark recessions, defined in Appendix B.6.

The brief discussion in this section can obviously not do justice to the richness of TFP patterns across
all industries. Appendix C provides further details, by plotting industry-level time series for all countries.

So far, we have shown that our estimation delivers TFP dynamics that differ from those obtained with
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standard methods. In the next section, we investigate which of our method’s three novel aspects (profits,

adjustment costs and the new utilization proxy) matter most for these differences.

6.3 Decomposing differences between TFP estimates

To analyse the sources of differences between the three TFP measures discussed above, we separately

consider each of the three new aspects introduced in our paper.

Profit shares Figure 6 illustrates the impact of our assumptions on profit shares. To do so, we compare
our baseline measure of aggregate TFP growth with an alternative measure obtained when setting profit
shares to zero (i.e., assuming that output elasticities are equal to factor shares, but keeping adjustment
costs and the utilization adjustment coefficients Bg at their baseline values).

In countries with high profit shares (such as the United States), there are important differences
between the two series. As discussed earlier, profits reduce the output elasticity of capital and increase
the output elasticities of other inputs. However, capital generally grows faster than other inputs in the
long run. For instance, in the United States, capital grew on average by 2.4% across all industries during
our sample period, while labour input grew by 0.2% and material input by 1.2%. Thus, reducing the
output elasticity of capital attributes less of output growth to capital and more to TFP.3! In total, our
baseline estimate for cumulative TFP growth during 1995-2018 is 4.0 percentage points higher than the
zero-profit estimate (while the difference between our baseline and the BFK series was 3.8 percentage
points). There is also a cyclical dimension to this issue, as capital fell less than other inputs during the
Great Recession. Thus, during 2007-2010, our estimate for cumulated TFP growth for the United States
is 1.3 percentage points higher than the zero-profit estimate. This largely explains why we find a more
gradual TFP slowdown than the BFK series (the difference between our baseline series and BFK during
2007-2010 is 1.7 percentage points). In other words, in the United States, accounting for non-zero profit
shares alone explains almost all differences between our TFP series and the one obtained with the BFK
method.

In Italy and Spain, profits are also high, and we also find that capital fell less than other inputs during
the Great Recession. Accordingly, our series implies higher TFP growth than the zero-profit series during

the recession. In France, capital evolved more in line with other inputs, so that there are only small

31This point is also made by Karabarbounis and Neiman (2019), using aggregate data and a different estimate for profit
shares. However, they do not compute industry-level or aggregate time series.
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differences between both series. Finally, in countries with low profit shares (Germany and the United

Kingdom), our assumptions on profits have only minor effects.3?

Figure 6: The impact of non-zero profits on estimated TFP growth
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32In Germany, capital grew slowly between 1995 and 2016 (only 0.4% per year, against 0.04% for labour and 2.8% for
materials). Therefore, taking into account positive profit shares actually revises German TFP growth estimates downward.

37



Adjustment costs Figure 7 illustrates the impact of our assumptions on adjustment costs. They
compare our baseline measure of TFP growth to an alternative measure obtained when setting adjustment

costs to zero (i.e., assuming d®; = d¥; = 0), but keeping output elasticities and the utilization adjustment

coefficients Bg at their baseline levels.

Figure 7: The impact of adjustment costs on estimated TFP growth
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The aggregate impact of adjustment costs is limited. Indeed, while adjustment costs are most im-
portant for capital, capital is also not very volatile and has a low output elasticity. As we have shown
in Section 5.2, with typical values for adjustment costs and changes in capital growth, adjustment costs
lower capital input by just 0.16%. As the capital elasticity is around 0.15 in most industries, the impact
of this change on output (and therefore on TFP) is roughly 0.02%. The only country in which adjustment
costs have a modest impact is Spain, which combines significant employment adjustment costs and a very
large fall in employment during the Great Recession. While the United States also experienced a large

drop in employment, its estimated adjustment costs are much lower, and so this effect is negligible.

Utilization adjustments Figure 8 compares our baseline measure of TFP growth to an alternative
measure obtained by using changes in hours per worker as a utilization proxy (i.e., keeping output elast-
icities and adjustment costs at their baseline levels, but estimating Equation (23) by using dHf ’tC rather
than delv’tData as the right-hand side variable).33

Strikingly, Figure 8 shows that for the United States, both series virtually coincide. That is, conditional
on taking into account non-zero profits and adjustment costs, using either hours per worker or capacity
utilization surveys as a proxy for unobserved changes in worker effort is virtually equivalent.?* In Europe,
however, the two proxies are clearly not equivalent. In all European countries, our baseline measure
appears to be less volatile and less cyclical than the one obtained by using the hours per worker proxy.
These differences become especially apparent during the Great Recession and the Euro Crisis.

Table 11 confirms these impressions, by listing the standard deviations of both series (expressed as a
fraction of the standard deviation of real value added growth), their correlation with value added growth,
and their correlation among each other. Both series of TFP growth virtually coincide for the United
States, where their correlation coefficient is 0.85. In Europe, however, there are large differences. For the
Eurozone as a whole, our baseline series is only half as volatile than the alternative series using hours
per worker, and its correlation with the business cycle is only 0.13, against 0.51 for the hours-per-worker
alternative. Together with the evidence on the limitations of hours per worker as a utilization proxy in

Europe presented in Sections 3.2 and 5.3, this suggests that in European countries, the capacity utilization

33Moreover, to compute the alternative measure, our left-hand side variable includes changes in hours per worker (w'hich
were excluded before, as they are already reflected in the capacity utilization survey). That is, we now define dXi]’t =
O‘Zm (ng,t + d‘b?,t) + O‘ILZJ (lejri,t + dq]i,t + dHJFi,t) + O‘Zij (dN\]/i,t + dH\J/i,t) + a?\/lidMi],t'

34Tt does appear that the survey proxy implies faster TFP growth in the immediate aftermath of recessions, but differences

are very small.
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survey is a better proxy for unobserved changes in worker effort than hours per worker.

Figure 8: The impact of different utilization proxies on estimated TFP growth
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Profit shares and adjustment costs are kept at their baseline values. Shaded areas mark recessions, defined in Appendix B.6.

In particular, the correlation between our baseline series and the one obtained with the hours per

worker proxy is lowest in France and in the United Kingdom, two countries in which the series for hours
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per worker appeared to have some problematic properties. It is highest in Spain, but as we noted earlier,

this is due to the combination of countercyclical hours per worker and negative utilization adjustment

coefficients, two facts that are hard to square with the BFK method.

Table 11: Cyclical properties of TFP series with different utilization proxies

United  Eurozone Germany  Spain France Italy United
States Kingdom
Standard deviation (rel. to real VA growth)
Baseline 0.66 0.19 0.34 0.30 0.49 0.34 0.66
Hours per worker proxy 0.55 0.36 0.43 0.28 0.81 0.44 1.17
Correlation with real VA growth
Baseline 0.13 0.13 0.24 —0.23 0.39 0.03 0.24
Hours per worker proxy 0.17 0.51 0.30 —0.07 0.53 0.55 0.35
Correlation between TEFP measures
Baseline, Hours proxy 0.85 0.49 0.51 0.82 0.43 0.51 —0.24

Notes: TFP growth rates are expressed as log changes multiplied by 100.

6.4 Robustness checks

Before concluding, we briefly verify whether our results are sensitive to reasonable variations of our various

implementation assumptions. Table 12 shows the correlation of the aggregate TFP series obtained in the

robustness checks with the baseline series.

Table 12: Robustness checks: correlations with baseline series

United  Eurozone Germany Spain France Italy United

States Kingdom
(1) No negative profits 0.97 0.84 0.95 0.90 0.90 0.70 0.79
(2) Dep. var. includes hours 0.88 0.79 0.86 0.93 0.82 0.70 0.73
(3) Survey lin. detrended 0.96 0.92 0.99 0.97 0.98 0.72 0.83
(4) Man. avg. for services 1.00 0.96 1.00 0.98 0.98 0.85 0.88
(5) No uncertainty 1.00 1.00 1.00 1.00 1.00 1.00 0.96
(6) No uncertainty, mon. pol. 0.99 0.90 0.96 0.97 0.96 0.71 0.82

Notes: All correlations refer to growth rates, stated in log differences.

In line (1), we reconsider profit shares. As Table 1 shows, estimated profit shares are sometimes

negative. While this is not inconsistent with our estimation method, we set all negative profit shares to

zero as a robustness check. The resulting series are strongly correlated with our baseline, as negative
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profit shares are generally close to zero.

In line (2), we reconsider our interpretation of the capacity utilization survey. In the baseline, we follow
our model, which suggests that answers to the survey include cyclical variation in hours per worker (which
is why the dependent variable of our estimation equation (23) does not include this cyclical variation).
Here, we abstract from this and instead use as dependent variable a measure of unadjusted TFP growth
that includes cyclical variation in hours per worker.3?

In lines (3) to (4), we consider different specifications for the survey proxy. In line (3), instead of
detrending only the survey for the United States with a band-pass filter, we detrend the surveys for all
countries using a linear filter. In line (4), we use the average of the manufacturing survey as a proxy for
capacity utilization in non-manufacturing industries throughout. This latter robustness check does not
affect our numbers for the United States, where we already use the manufacturing average in the baseline.

Finally, in lines (5) and (6), we consider robustness checks with respect to the instruments included
in our IV estimation. In line (5), we drop the economic policy uncertainty instrument, and in line (6), we
drop both economic policy uncertainty and monetary policy shocks.

For all robustness checks, the resulting TFP series are highly correlated with the baseline estimates,
showing that our findings are robust to reasonable variations regarding the implementation details of our

method. Appendix C.2 provides further details.

7 Conclusions

In this paper, we have proposed new estimates for industry-level and aggregate TFP growth. Our estim-
ates take into account economic profits and adjustment costs, and rely on a new survey-based proxy for
unobserved changes in factor utilization. We find that TFP growth in the United States between 1995 and
2018 was higher, and that the slowdown in TFP growth in recent years was more gradual than what is
suggested by standard methods. These differences are almost exclusively driven by the fact that we adjust
output elasticities for non-zero profits. In Europe, our estimated TFP growth series are substantially less
volatile and less cyclical than the ones obtained with standard methods. Here, differences are due both
to our adjustment for non-zero profits and to our use of a survey-based proxy for factor utilization, which

appears to be more relevant in Europe than the hours per worker proxy used by standard methods.

% That is, we set dX7, = o), (dK7, + d® ) + a7 (ANZ, , +dV!, + dHL, ) + af! (AN}, , + dHY, ) + o, dM,.
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Our estimation method can easily be generalized to other countries or time periods, as it only requires
standard growth accounting data, survey-based data on capacity utilization, and an estimate of profit

shares.?® This could yield further insights into the dynamics of TFP growth around the world.
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A Model Appendix

A.1 Further details on the model solution
A.1.1 Euler Equations
The problem described in (5) admits the following Bellman Equation:
V(Ki—1,Npi—1,X:) =min(wpd'r (Hpe) Npt +wyl'v (Hye) Nve + qreAr (Ere) HpeNpy
E(V(K:,Nps, X
+aqvAv (BEvye) HyyNvy + Py My + Prgdy + o(V (Kt Ne Hl)))

1+7r
A
such that Y, = ZiF (K@ (f = @) BpgHp NpgW (22 — ), By Hyy Ny, My )
Npy=(1—06n)Npi—1+ Ag,

Ky =(1—-06kg) K1 + 1.

(A.1)
where X = (Z;, Y, wpe, wyt, qrg, qve, Pare, Pr¢) is a vector containing all exogenous state variables.
The first-order condition for next period’s capital is

1 6‘/t+1 Kt / O‘KY}/
P E =P 0] A2
ot (G) = (oo 2 0) Ry (4-2)
where we denote 82)/;{* L= g[‘é (Kt, Npt, X¢41). For next period’s quasi-fixed employment, we get
1 Vi1 Npy o\ o1Ye
wpl'p (Hpt) + qriAp (Epe) Hpy + E =M | Uy + . . A3
Ftl F ( F,t) qFti\F ( F,t) Ft 147 t (aNF,t t t NF7t—1 t NF7t\I}t ( )

Next, we can derive the envelope conditions for the problem. These are given by

81/} Kt 2 /OCK}/t
=—(1-— P, o, A4
0K 1 (1= 0r) Pro+ X (Kt—1> e (44)
oV, ( N, )2 , oty
=\ v A5
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Using these envelope conditions to substitute out the derivatives of the value function in the first-order
conditions, we immediately obtain the Euler equations shown in Equations (9) to (10).

A.1.2 The Balanced Growth Path solution

As stated in the main text, the BGP is defined as a situation in which output, TFP and factor prices
grow at a constant rate forever, and the relative price of hours per worker with respect to worker effort is
constant. Note that a BGP does not require output, TFP and factor prices to grow at the same rate. As
we show in this section, the firm chooses capital, employment and materials to grow at a constant rate
on the BGP, and hours per worker and effort per hour to be constant.

On the BGP, the first-order condition for materials becomes

*

t
<
M;

Py = am; (A.6)

This condition must hold both at time ¢ and at time ¢ + 1. Dividing the expressions in both periods by
each other, we get
dM* = d\* +dY™ — dPyy, (A7)
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where dr* = Inxj,; — Inx} stands for the balanced growth rate of variable x.
The first-order condition for hours becomes

*

* * * * * * * Y
wy Ty (H}) Njy 4 a4 Mo (E7) Njy = af A ﬁv (A.8)
¢

for ¢ € {F,V}. Using our assumption that i, it — q’“’q’i—“, this implies
2,

[,t
AN} = d\* + dY™* — dwj. (A.9)

The Euler equation for capital investment becomes

" — 0K Y
Pf, (1 5 dPI> = aK)\tK—t;, (A.10)

where we have used the fact that ®* = 0. This equation implies
dK* =d\* +dY™* —dPy. (A.11)
Finally, the output constraint implies that
dY* = dZ* + agdK* + of AN} + o AN + aprdM*. (A.12)
Combining Equations (A.7), (A.9), (A.11) and (A.12), we get
d\* = adP} + of dw} + o dw}y + ayrdPyy — dZ*. (A.13)

Because of constant returns to scale, growth in marginal cost does not depend on output growth. Replacing
Equation (A.13) into Equations (A.7), (A.9) and (A.11) then yields the balanced growth rates of capital,
variable and quasi-fixed employment and materials as a function of parameters.

Hours and effort are constant on the BGP. To see this, note that the optimal choice of employment
holds

*

wi Ve (H7) + af Ao (B7) HY = o N -, for €€ {F,V}. (A.14)
r:
Combining Equation (A.8) with Equation (A.14), we get
I, (H}) Hf
e ¥ A5
re (1) A

which pins down the BGP level of hours per worker. This condition is intuitive. As there are no adjustment
costs on the BGP, employment and hours enter the production function exactly symmetrically. The
elasticity of the wage bill with respect to employment is 1 by definition, so the firm chooses hours such
that the elasticity of the wage bill with respect to hours is 1 as well. With our chosen function form,

1

- — 1 )7
£ \br, (er — 1) ‘

Finally, on the BGP, the first-order condition for effort is

*

. 0 Yy
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Combining this with the previous results, we get

1
e ((Whe breer (H7)T
T\, barlea—1)

A.2 Numerical solution of the model

This section describes how we solve our model. Section A.2.1 restates all optimality conditions in devi-
ations from the BGP, in order to obtain a stationary problem. Section A.2.2 describes our assumptions
regarding the stochastic shock process faced by the firm. Section A.2.3 describes the solution algorithm,
and Section A.2.4 discusses some features of the obtained policy functions.

A.2.1 Normalized optimality conditions

For any variable X, we denote )?t = % Then, the first-order conditions for materials, hours and effort
t

become

— Y
M, =21, (A.17)

Py
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CA CA
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The first-order condition for the hiring of variable workers is
cp —1 cr —1 1 /~ ¢ 1 . - ~ e\ -~ ~
( A wvt ( - +— (Hv,t) F) + —qvHvy (Ev,t) )Nv,t = \Y:. (A.20)
CA cr cr CA

By combining Equations (A.18) to (A.20) for variable labour inputs, it comes that ﬁv,t = 1. This is

unsurprising: as there are no adjustment costs to employment, there is no reason for firms to vary hours
1

Vit
effort of variable workers only changes when there are shocks to the relative cost of effort. In the absence
of such shocks, the firm also leaves variable workers’ effort levels unchanged, carrying out all adjustments

per worker for variable workers. The effort of variable workers is given by EV¢ = ( %V’t “*. That is,

through the employment margin.
The Euler equation for investment becomes

~ 1— 6K N\ D - 1- 5K *
Pre—— e E, (eXP(dPI)PI,tH) = (1 R eXP(dPI)> :
—~ ~ ~ —~ 2 ~ ~
K; o)\ \Y, 1 K /D VI %
1+ exp (dK*) —1 —t | 22t — E, | exp (2dK* 4 dpy) [ =L | L 2eliid] (A.21)
Ki1®) K, 1+7 Ky Qi1 Ky

The Euler equation for hiring of quasi-fixed workers becomes

CAfl,\ Cpfl 1 o~ cr 1,\ - ~ CA
W ( + — (HFt) > + —qriHpy (EFt) =
CA cr cr CA

~ ~ ~ ~ 2 ~ ~
N U\ \Y; 1 N, U M1 Yy
1+ exp (dNp) —2L —t) 2120 E; | exp (2N} + dw) | =2 ) L 2T (A 99)
F r o U1 N
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Finally, the output constraint can be rewritten as

Y, =7 (k\tq)t)w{ (Ev,tlffv,tﬁv,t)aZ (EF,tﬁF,tNF,t‘I’t) (Mt)aM . (A.23)

At this point, it is useful to note that by replacing Equations (A.17) to (A.20) into the output constraint
(A.23), we get

71 —
~ ~ i;;f Acﬁgl/\% o =~ am = —aK AZ?;Al c—1 i or aptoa el
M= (| = (@t @) (Pae) (K@) (Nea)™ @y we :

t
(A.24)
= cr+cp—1

where ¢ cren th/} captures the cost of output in period ¢, valued at the margin. This cost
is decreasing in the quasi-fixed capital and employment stocks, and increasing in output and the price
of variable inputs. The parameter ¢ captures how variable the quasi-fixed labour input actually is. If
cr = cp = 1, ¢ = 1: the marginal cost of increasing hours and effort is constant, and therefore, it is as
if quasi-fixed labour were variable (the firm will only adjust hours and effort, and not employment). If
instead cp,cp — +00, ¢ — 0: hours and effort margins are infinitely costly, so the firm never uses them,
and all changes to quasi-fixed labour input entail adjustment costs.

Equation (A.24) is useful because it allows us to reduce the number of exogenous state variables.
Indeed, substituting this equation into the Euler equations for capital and quasi-fixed employment, we
can remark that only four exogenous state variables appear in these equations: ]3”, Wrt, qr¢ and

~ A=t 1\ YL

~ - ~ (03

B; = % (@V?‘ (jf/t> (PM7t> M which is a summary statistic for the effect of shocks to output, TFP
t

and variable input prices.?” Thus, the firm only needs to form expectations with respect to these four

variables.

A.2.2 Stochastic shock processes

Time series for shocks We directly observe time series for the growth rates of output Y;, material
prices Py and investment good prlces Prt, and we estimate growth rates of TFP dZ;. Using this data,
we construct time series for Yt, PMt, P“ and Zt, assuming that these variables are at their BGP level
in the first period (i.e. Y1 PM 1= PI 1= Z1 = 1) and that their balanced growth rate is equal to the
average growth rate observed over the sample.?®

However, there is no observable series corresponding to the wage shifters w,; and effort cost shifters
Qv in our model. To determine these, we need to use the structure imposed by our model and make
additional assumptions. Let us denote by Wy, the wage bill paid by the firm to employees of type £ in
period t (that is, Wy = we L'y (Hyt) Net + oo (Eet) HeyNot). Then, using Equation (15), we get that
the total wage bill Wy holds

Wim 3 (G (o (1= eve(m)")) ). (A.25)

Le{V,F}

Imposing the assumption wy; = Wr, Equation (A.25) shows us that we can use data on the wage bill,
employment and hours per worker of both types of labour, and the BGP wage bill shares, to deduce a

3"Note that the endogenous intratemporal variables appearing in the Euler Equation for employment (hours and effort)
are in turn only functions of these four exogenous state variables, and of the level of capital and quasi-fixed employment.
38Under these assumptions, it is straightforward to see that X; = exp (dX¢ — dX™) X¢—1.
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time series for wage shifters.?> Obviously, these results are conditional upon the parameters cr and cy.
Finally, regarding effort cost shocks, we impose ¢y+ = ¢ = 1. This reduces the number of exogenous
state variables in our problem to just three: Pr;, Wr;, and B;.

Estimating a driving process Given the time series obtained above, we can now compute the series
for the composite variable Et. We then estimate a first-order VAR for the three exogenous state variables
]3”, Wr,, and By, and approximate this VAR with a multidimensional Markov chain, using six grid points
for every exogenous state variable.

A.2.3 Solution algorithm

We solve our model using an algorithm inspired by the Generalized Stochastic Simulation Algorithm
(GSSA) developed by Maliar et al. (2011). The key insight of this methodology is that one can achieve
important gains in speed by computing policy functions only in the most relevant regions of the state
space. To further speed up the code, we precompute expectations as suggested in Judd et al. (2017).

In the algorithm, policy functions for capital and employment are approximated by polynomials,
defined by their degree D and a vector of parameters bx and by. To solve for these polynomials, we use
the following steps.

Initialization

(a) Set a simulation length 7" and draw a realization (5(\ t)tT . for the path of exogenous state variables.
We choose T' = 100/000. )

(b) Choose an initial condition for the state variables, K_iand N F,—1 . We initialize these variables
at their BGP levels, such that f(\_l = ]VF,_l =1.

(c) Make a first guess for the path of the endogenous state variables, (f(\t(l)> and ( 1(;12) The
superscript in brackets stands for the current iteration.

Loop, Step 1 - Evaluate terms in the Euler Equations

(a) Given the path of the endogenous and exogenous state variables, Equation (A.24) pins down the level
of Xt}A’,; in every period. Then, we use Equations (A.18) to (A.19) to compute ITIFJg and EF,#

(b) With this, all we need to know in order to evaluate the Euler equations for capital and quasi-
fixed employment are two expectations, which we denote by E;(Qx++1) for capital and E; (Qnp 41)
for employment. These expectations are costly to compute, and we therefore follow Judd et al. (2017)
in first approximating the integrand with a polynomial in Kt, N F¢ and X, ++1, and then computing the
expectation of this polynomial. To do so, we start by computing the current path of the integrands,

Q and Q(i) . Then, for capital, we find the coefficients cx which solve
( Kt+1> ( NF,t+1)
Cci = arg I](;l}l(n H(Q Kit1) — P ((Et(iﬂ)) ) (Ng:l)) , ()A(,gfll)) ,cK) H . (A.26)

This is essentially a regression problem, in which we find the polynomial which most closely approximates
(Q Kt +1> To solve the problem, we use an RLS-Tikhonov method, with a penalty parameter of —5 (see

Maliar and Maliar, 2014). We proceed in the same way for (Q%L,t +1)'

39Recall that our model is stated in real terms. Thus, we convert material prices, investment good prices and the wage
bill in our data into real series as well, by using the price deflator for the final output of the industry.
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(c) Using the polynomial functions obtained in (b), we compute the expectations E; (Qx++1) and
E; (@nt+1). As pointed out by Judd et al. (2017), doing so is not very costly, as K; and NF’t are known

at time ¢, and expectations of functions of exogenous state variables can be precomputed.*’
Loop, Step 2 - Calculate Euler Equation errors

We can now update our guess for the endogenous state variables, using the Euler Equations. For capital,
we set

dP* —~ K@) @(l)/ /\(l) Y;
=), ((1—5K>Pz,t+1—(1— Lo exp (dPy) (exp (dK*) ;z;) A)
t

ol K

Tonew __
K" =

= +
Pry

RO 0 3007,
(1 - 1+r exp (dpl)) (<1+GXP (dK™) f((tw q:(z)> If*((wt) .
2 2 2 RY, (A27)

)

Pry

where expectations are computed as described in Step 2. Note that if the Euler equation holds,
R\wa = f(\t(z). Instead, when the marginal benefit of capital today is larger than its marginal cost (i.e.,
when the ratio in Equation (A.27) is larger than 1), our guess for capital today is adjusted upwards, and
when the marginal benefit of capital today is smaller than its marginal cost, it is adjusted downwards.
Likewise, for quasi-fixed employment, we get

2 .
N OTANNOE 5(4) OIENOIES
N N7 XY vt ALY,
1 +exp (dN*) e L — B | exp (2dN* + dw?* f 1 A1t
F N(i) \I/(z) N(Z) 1+T’ F \I}('L) N(")
new Fit—1 t Fit t+1 F,t+1 - (z)
N e =
t ~ CA Ft
’ -1~ 71 i P N ;
C%A WE (CFCF < (7)) ) qFtHFt ( F )t)

(A.28)
where an analogous logic applies.*!

40T6 illustrate this, consider a simplified case with only one endogenous state variable (IAQ) and two exogenous state
variables (B and Pr:). Then, computing the time-t expectation of a two-dimensional polynomial in Ky, Biy1 and Priq1,
we get

E, (Co + le?t + 82§z+1 + C3ﬁ1,t+1 + 641?,52 + CSB\EJ,»l + CGﬁE,tH + C7I?t§t+l + Csl?tﬁl,t+1 + 09§t+1ﬁ1,t+1)
= co + C1IAQ + c2E <§t+l) + c3E (ﬁl,t+l) + C4f?t2 + csE (§t2+1) + ceEt (ﬁjz,H.l) + 071?151&5 (§t+1>
+08IA(z]Et (ﬁl,t-H) + coEt (§t+1131,t+1)

Thus, to compute the expectation, we only need to know the time-t expectations of all polynomial terms in the exogenous
state variables. These can easily be computed once at the beginning of the loop.

4I'Note that as we have directly constructed a series for Wr ¢, we have not yet computed a value for dw}. However, doing
so is straightforward: assuming that dwy = dwy,, we get that dNp = dNy, = dN™, and dwy = dW™* — dN™.
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Loop, Step 3: Update the guesses and assess convergence

(a) We now update the guess for the policy functions, using
p+D) = gpNew (1 — &) v, (A.29)

where £ = 0.05 is a dampening parameter and v stands for the vector of endogenous state variables.
(b) We can now assess whether the loop has converged, by checking whether the condition

vtNew _ ,Ut(z)
(@)

t=1 \ve{K,Np} Uy

<107° (A.30)

holds. If this holds, the loop has ended, if it does not, we go back to Step 1.

Note that this application of the GSSA algorithm differs from the one presented in Maliar et al. (2011)
in that we iterate on the path of endogenous variables, while Maliar et al. iterate on a polynomial policy
function. We find that this deviation considerably speeds up computing time in our application, but our
results do not change when we use the Maliar et al. policy function iteration instead.

For convenience, we do not draw shocks to exogenous state variables for the first periods, but impose
that they correspond to the exact realization of shocks in the data. Thus, we can read off our model’s
predictions for the path of inputs directly for the solution for these first periods.

A.2.4 Model solution: illustrations

Figure A.1 illustrates the solution of the problem for a given set of parameter values.

Figure A.1: Policy functions
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Policy functions are increasing in the past level of capital/employment, (slightly) concave, and have
slopes smaller than 1 (meaning that in the absence of shocks, firms tend to revert to the BGP). Higher
adjustment costs increase the slope of the policy functions, as firms optimally choose to adjust less, i.e.
keep capital/employment closer to their previous levels. The two lower panels of the figure show the
optimal choice of capital/employment as a function of the variable B, (roughly speaking, output, keeping
fixed material prices and part-time labour prices). Again, policy functions are increasing and concave,
and now higher adjustment costs make them flatter, as firms react less to output shocks.

A.3 The structural estimation algorithm

This section provides further details about our structural estimation of the adjustment cost parameters
ag, a;f, ag and a$, and the curvature parameters for the effort and hours cost functions ¢y and cr.

To perform the structural estimation, we use a Differential Evolution algorithm for MATLAB, devel-
oped by Markus Buehren and available for download at https://it.mathworks.com/matlabcentral/
fileexchange/18593-differential-evolution, to find the parameter set that minimizes the distance
function

|Moment,, (Data) — Moment,,, (Model)| ) . (A.31)

8
D=
mZ::1 (0.5 - (Moment,, (Data) + Moment,, (Model))

The eight data moments that we target are the standard deviation of capital growth (unconditional
and conditional on positive or negative observations), quasi-fixed employment growth (unconditional and
conditional on positive or negative observations), hours per quasi-fixed worker growth, and growth in the
capacity utilization survey (measured as BsdSP*? in the data).

For each set of adjustment cost parameters and curvature parameters, we first compute the corre-
sponding series of wage shifter shocks and estimate the Markov process for exogenous state variables, as
described in Section A.2.2. We then solve for the policy functions of the firm, compute its optimal input
choices given the path of shocks observed over the sample period, and use the latter to compute the model
equivalent of our data moments.

A.4 Differences between our model and BFK

Our model in Section 2 differs from Basu and Fernald (2001) and Basu et al. (2006) in several dimensions.
These differences are mostly not fundamental: if we impose the simplifying assumptions discussed in the
main text, both models deliver the exact same TFP measurement equation. In this section, we briefly
review the non-essential differences between the two models.

Production function We assume that production is Cobb-Douglas. BFK instead consider a general
production function, but log-linearize it around the BGP. This makes their effective production function
log-linear with constant elasticities (i.e., Cobb-Douglas).

Internal adjustment costs In our model, adjustment costs are internal, reducing the effective capital
and labour input of the firm. In BFK, adjustment costs are external, i.e., akin to another type of material
spending for firms. As BFK assume that adjustment costs are negligible, this is obviously irrelevant for
their results. In Basu et al. (2001), where the authors do not consider non-negligible adjustment costs,
they also model them as internal.

Factor utilization BFK consider the utilization rate of capital U; as an independent production factor.
Capital utilization has a wage cost, so that the wage bill is w,G (Hy, E;) V (Uy) Ny, where G and V are
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convex functions capturing the costs of increasing hours per worker, effort and utilization. As noted in
the main text, our model instead considers the utilization rate of capital as an outcome that depends on
the relative use of labour and materials with respect to the capital stock. Intuitively, this captures the
idea that machines and buildings do not produce by themselves. For example, the utilization rate of a
machine depends on how many hours it is operated by workers, how much electricity it consumes, and
how many material inputs it receives. The utilization rate of a bank office depends on how many clerks
work in the office, and on how many customers they serve within an hour. Thus, we consider U; to be a
function of all other inputs, which is why it does not appear in our reduced-form production function F.
Note, however, that these considerations are irrelevant for measurement: the BFK measurement equation
with one unobserved production factor is exactly the same as the BFK measurement equation with two
unobserved production factors.
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B Data Appendix

B.1 Growth accounting data
B.1.1 EU KLEMS

For the five European countries considered in this paper, our main data source is EU KLEMS.

Throughout, we restrict our attention to industries in the market economy, defined by KLEMS as
including all industries except public administration and defence, social security, education, health and
social work, household activities, activities of extraterritorial bodies, and real estate.*?> From this sample,
we further drop agriculture (NACE A), forestry and fishing, mining and quarrying (NACE B), and
manufacturing of coke and refined petroleum products (NACE 19), which leaves us with 19 industries,
listed in Table A.1.

Table A.1: List of KLEMS industries

Industry NACE Code Sector

Food products, beverages and tobacco C10-C12 Non-durable manufacturing
Textiles, wearing apparel, leather and related products C13-C15 Non-durable manufacturing
Wood and paper products; printing and reproduction of recorded media C16-C18 Non-durable manufacturing
Chemicals and chemical products C20-C21 Non-durable manufacturing
Rubber and plastics products, and other non-metallic mineral products C22-C23 Non-durable manufacturing
Basic metals and fabricated metal products, exc. machinery and equipment C24-C25 Durable manufacturing
Electrical and optical equipment C26-C27 Durable manufacturing
Machinery and equipment n.e.c. C28 Durable manufacturing
Transport equipment C29-C30 Durable manufacturing
Other manufacturing; repair and installation of machinery and equipment C31-C33 Durable manufacturing
Electricity, gas and water supply D-E Non-manufacturing
Construction F Non-manufacturing
Wholesale and retail trade; Repair of motor vehicles and motorcycles G Non-manufacturing
Transportation and storage H Non-manufacturing
Accommodation and food service activities I Non-manufacturing
Information and communication J Non-manufacturing
Financial and Insurance activities K Non-manufacturing
Professional, scientific, technical, administrative and support service act. M-N Non-manufacturing

Arts, entertainment, recreation and other service activities R-S Non-manufacturing

Our analysis uses ten KLEMS time series, all defined annually and at the industry-level: nominal gross
output (GO), the price index for gross output (GO_ P), nominal expenditure on intermediate inputs (II),
the price index for intermediate inputs (II__P), the KLEMS index for capital input (CAP__QI), the KLEMS
index for labour input (LAB_ QI), the nominal wage bill (LAB), the total number of persons engaged
(EMP), total hours worked by persons engaged (H_EMP), and the price index for investment goods
(Ip__GFCF).#? The correspondence between KLEMS variables and variables in our model is summarized
by Table A.2.

“2The latter is excluded because, as noted by O’Mahony and Timmer (2009), “for the most part the output of the real
estate sector [...] is imputed rent on owner-occupied dwellings”, making productivity measures hard to interpret.

43For Spain and the United Kingdom, KLEMS does not provide a separate price index for gross output and intermediate
inputs. Therefore, we assume for these countries that price indeces for gross output and intermediate inputs equal the price
index for value added (VA_P). Likewise, Italy does not have separate gross output and intermediate input price indexes for
industry R-S, and we use value-added price indexes here as well.
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Table A.2: Correspondence between KLEMS variables and our model

Model variable KLEMS variable
dY; dGO; — dGO_P,
dM; dlly — dIl_P,
dK; dCAP_QI,
Tt (dNvy + dHv,) + Gt (AN + dHp)  dLAB_Q,
Nv,: + Nr,t EMP;,
HviNv,+ Hr:Nr H_EMP,
Py e My 11,

PrYy GOy

Wy LAB,
PiYy GOy
dPnr¢ dll_P, —dGO_P,
dPr, dlp_ GFCF, — dII_P,
Wt LABt

This correspondence is mostly straightforward, but two variables deserve some further discussion.
First, the KLEMS measure of capital input (CAP_QI) is an aggregate across nine types of capital.
KLEMS computes growth rates at the level of individual capital goods, and then aggregates these up
using the (estimated) shares of each capital good in total capital compensation. In our analysis, we
abstract from this heterogeneity and consider the growth rate of CAP_ QI as the growth rate of one
unique capital good.

Second, the KLEMS measure of labour input (LAB_QI) is also an aggregate across 18 types of
workers (differentiated by gender, three age groups and three education groups). Again, growth rates
of total hours worked are computed at the level of each individual worker, and then aggregated using
compensation weights, i.e. the share of each group of workers in the total wage bill of the industry.
In our model, this measure would be equal to Wy, (dNvy + dHyy) + % (dNFy + dHpy). This is not

Wit
exactly equal to total labour input, which - abstracting from adjustment costs - is instead given by

ﬁ (dNv + dHy)+ % (dNF; + dHF;). As changes in the relative wage bill of the two categories
of workers over time are small, we ignore this difference and use LAB__QI to measure labour (allowing us
to take advantage of the full level of detail available in the KLEMS database).**

Finally, KLEMS provides depreciation rates for each of the nine types of capital goods it covers. In
order to obtain an industry-level depreciation rate dx, we compute an average depreciation rate, weighted
by the share of each type of capital good in the total capital of the industry. Table A.3 lists the obtained
depreciation rates.

Table A.3: Capital depreciation rates

United Germany Spain France Italy United

States Kingdom
Non-durable manufacturing 9.1% 11.1% 9.6% 11.3% 9.7% 9.0%
Durable manufacturing 10.5% 13.1% 10.9% 14.9% 10.6% 10.1%
Non-manufacturing 7.7% 8.3% 8.6% 9.7% 8.0% 6.5%

Notes: This table lists simple averages of industry-level capital depreciation rates across sectors.

44This measure of labour input obviously includes cyclical changes in hours per worker. Thus, to obtain the actual measure
of labour input used in our estimation equation (23), we substract from this cyclical changes in hours per worker (for both
worker categories), computed with a band-pass filter as indicated in the main text.
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B.1.2 BLS

For the United States, we use the industry-level growth accounting database provided by the BLS. The
database can be downloaded at https://www.bls.gov/mfp/mprdload.htm. The original BLS dataset
contains 60 industries, which we aggregate to 21 industries that roughly correspond to the KLEMS
industries. The final 21 industries are listed in Table A.4.

Table A.4: List of industries, United States

Industry NAICS Code Sector

Food, Beverage and Tobacco products 311-312 Non-durable manufacturing
Textile, Apparel and Leather products 313-316 Non-durable manufacturing
Wood, Paper, Printing and related support activities 321-323 Non-durable manufacturing
Chemical and Plastic Products 325-326 Non-durable manufacturing
Nonmetallic mineral products 327 Non-durable manufacturing
Primary and fabricated metal products 331-332 Durable manufacturing
Machinery 333 Durable manufacturing
Computer and Electronic products 334 Durable manufacturing
Electrical Equipment, Appliances, and Components 335 Durable manufacturing
Transportation Equipment 336 Durable manufacturing
Furniture and related products 337 Durable manufacturing
Miscellaneous manufacturing 339 Durable manufacturing
Utilities 22 Non-manufacturing
Construction 23 Non-manufacturing
Wholesale and Retail Trade 42, 44-45 Non-manufacturing
Transportation and Storage 48-49 Non-manufacturing
Information and Communication 51 Non-manufacturing
Finance, Insurance and Real Estate 52-53 Non-manufacturing
Professional, Scientific, Administrative and Technical Services 54-56 Non-manufacturing

Arts, Entertainment, Recreation and related activities 71 Non-manufacturing
Accomodation and Food service activities 72 Non-manufacturing

The BLS growth accounting variables are defined in the same way as the ones in EU KLEMS, so we
keep using the same definitions and correspondences. The only major difference between KLEMS and
the BLS database is that the later does not contain data on employment and hours worked (instead, it
only provides a measure of total labour input, LAB_ QI). Thus, we obtain measures of employment and
hours worked from the Labor Productivity and Costs (LPC) database, another database maintained by
the BLS (available at https://www.bls.gov/1lpc/home.htm).

B.2 Labour composition

Europe To measure labour composition in Europe, we rely on microdata from the European Union
Labour Force Survey (EU LFS).*> The EU LFS provides industry-level annual data on employment and
total hours by contract type (permanent or temporary) and job status (full-time or part-time).#% We

45See https://ec.europa.eu/eurostat/web/microdata/european-union-labour-force-survey for further details on
the survey and data access.

46The industry classification in the LFS is less fine than in KLEMS: the LFS only provides information at the NACE
1-digit level. Thus, we need to assign the same employment and hours split to all industries belonging to a 1-digit NACE
group.
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define quasi-fixed labour as the labour provided by workers with permanent and full-time contracts, and
variable labour as the labour provided by all other workers. Using these definitions, we compute the
employment and hours share of each of the two categories, and apply these shares to the KLEMS levels
of employment and hours worked to obtain a series in levels.*”

The EU LFS does not contain information on wages. Thus, to compute the relative wage bill of both
types of workers, we use data from the European Structure of Earnings survey, provided by Eurostat.
We approximate the relative hourly wage of quasi-fixed workers with respect to variable workers with the
ratio of hourly earnings of workers with “unlimited duration” contracts to the hourly earnings of workers
with “Limited duration, except apprentice and trainee” contracts. As the Structure of Earnings survey is
only carried out every four years, we measure the relative hourly wage just at one point in time, in 2006
(roughly the middle of our sample period).

United States In the United States, there is no direct equivalent to the European notion of permanent
and temporary employment contracts. Therefore, we define quasi-fixed labour as labour provided by
workers with full-time contracts, and variable labour as labour provided by workers with part-time con-
tracts. We obtain time series on employment and hours for these two types of workers from unpublished
occupation and industry tables from the Current Population Survey (CPS), kindly provided to us by the
BLS. Likewise, data on the relative wage of full and part-time workers is also taken from the BLS.

B.3 Capacity utilization surveys

Europe Our European data on capacity utilization comes from the Joint Harmonised EU Programme
of Business and Consumer Surveys.*® All manufacturing data comes from the quarterly Industry survey,
which asks firms “At what capacity is your company currently operating (as a percentage of full capacity)?”
The firm then has to fill out the blank in the following sentence, “The company is currently operating at
% of full capacity”. We obtain an annual measure of capacity utilization by taking a simple average
of these quarterly measures. The survey provides data for 24 NACE industries, which we aggregate to
the 10 KLEMS manufacturing industries by using value added weights.*’

Data for construction firms comes from the Construction survey, which asks firms about the number
of months of activity that they can sustain with current orders and current staff. Our baseline uses this
survey to measure capacity utilization in construction, but our results do not change if we instead use the
average capacity utilization in manufacturing (results are available upon request).

Finally, starting in 2011, the Services Sector survey measures capacity utilization for service industries.
Firms are asked “If the demand addressed to your firm expanded, could you increase your volume of activity
with your present resources? If so, by how much?” The Commission interprets the hypothetical level of
activity that a firm could reach as that firm’s full capacity output (Gayer, 2013). Capacity utilization is
defined as the ratio of current output to full capacity output. We use data from this survey, whenever
available, in our baseline analysis.’® To extend the series for years before 2011, we regress industry-level

4TOur assumptions imply that the change in employment adjustment costs in year ¢ depends on the change in quasi-fixed
employment between year ¢ — 2 and ¢ — 1. Thus, in order to be able to compute TFP growth between 1995 and 1996, we
assume that quasi-fixed employment growth in 1994 was equal to total employment growth. As employment adjustment
costs are negligible in almost all countries and industries, this assumption has no bearing on our results.

183ee https://ec.europa.eu/info/business-economy-euro/indicators-statistics/economic-databases/
business-and-consumer-surveys_en.

49We also perform some limited data cleaning on the original time series. We drop industries with two or more gaps in
the original data, set all values larger than 100% in the original data to 100%, and winsorize the lowest values to the 0.1%
percentile. These changes apply to a very small number of observations.

S0Utilities (D-E) and Wholesale and Retail Trade (G) are not covered, and Financial and Insurance Activities (K) are only
covered in Spain. We assign to these industries the average capacity utilization in all service industries which have data.
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series on average capacity utilization in manufacturing, and use the regression coefficients to backcast the
series. In Section 6.4, we show that our results do not change when using average capacity utilization in
manufacturing for all service industries throughout.

United States US capacity utilization data comes from the Federal Reserve Board’s monthly reports
on Industrial Production and Capacity Utilization (G.17).°! The data is constructed by the Federal
Reserve on the basis of the Census Bureau’s Quarterly Survey of Plant Capacity (QSPC).

The QSPC is carried out at the plant level. Plants are first asked to report the value of current
production: “Report the value of production based on estimated sales price(s) of what was produced during
the quarter, not quarter sales”. Second, they should report their full production capacity, defined as
“the mazximum level of production that this establishment could reasonably expect to attain under normal
and realistic operating conditions fully utilizing the machinery and equipment in place”. In the detailed
instruction that plant managers are given about how they should calculate this number, it is noteworthy
that the Census suggests that “if you have a reliable or accurate estimate of your plant’s sustainable
capacity utilization rate, divide your market value of production at actual operations [..] by your current
rate of capacity utilization [to get full production capacity]”. Finally, firms are asked to report the ratio
between current and full production, which is capacity utilization. Once they have done so, firms are
asked “Is this a reasonable estimate of your utilization rate for this quarter? Mark (X) yes or no. If
no, please review your full production capability estimate. If yes, continue with the next item.” For our
purposes, we use the annual version of the Federal Reserve’s database, which provides data for 17 NAICS
manufacturing industries, as well as for Electric and Gas utilities.

The United States does not have a survey on capacity utilization in service industries. Therefore, we
use average capacity utilization in manufacturing as a utilization proxy for all service industries.

B.4 Instruments

Our instruments for monetary policy and financial shocks are fully described in the main text. Data on
nominal oil prices (used to compute oil price shocks) are from World Bank Commodity Price Data (The
Pink Sheet), and deflated with country-specific CPIs from OECD.Stat.

Our measure of Economic Policy Uncertainy (EPU) was developed by Baker, Bloom and Davis (2016),
and is regularly updated at http://www.policyuncertainty.com. For European countries, the measure
is a monthly index based on newspaper articles on policy uncertainty (articles containing the terms
uncertain or uncertainty, economic or economy, and one or more policy-relevant terms, in the native
language of the respective newspaper). The number of economic uncertainty articles is then normalized
by a measure of the number of articles in the same newspaper and month, and the resulting newspaper-
level monthly series is standardized to unit standard deviation prior to 2011. Finally, the country-level
EPU series is obtained as the simple average of the series for the country’s newspapers, and normalized to
have a mean of 100 prior to 2011.°2 For the United States, measurement is more sophisticated, considering
not only newspaper articles, but also the number of federal tax code provisions set to expire in future
years and disagreement among economic forecasters.

In order to obtain an annual series, we take a simple average of monthly values. In Europe, the index
is available since 1987 for France, 1993 for Germany, 1997 for Italy and the United Kingdom, and 2001
for Spain. If there is no available data for a country during a given period, we use the change in the
European EPU series (which is the simple average of the series of for five European countries considered
in our analysis).

51The data can be accessed at https://www.federalreserve.gov/releases/G17/Current/default.htm.
%2The newspapers used are Le Monde and Le Figaro for France, Handelsblatt and Frankfurter Allgemeine Zeitung for
Germany, Corriere Della Sera and La Repubblica for Italy, and El Mundo and El Pais for Spain.

60


http://www.policyuncertainty.com
https://www.federalreserve.gov/releases/G17/Current/default.htm

B.5 Plots of key variables

The following figures plot some key variables used in our analysis.

To generate these plots, we have

aggregated industry-level growth rates across the three sectors used in our paper (using gross output
weights for gross output, materials and capital, and employment weights for employment).

Figure A.2: Gross output growth
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Figure A.3: Material input growth
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Figure A.4: Capital input growth
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Figure A.5: Employment growth
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B.6 Recession definitions

In all graphs, shaded areas mark recessions. Recession dates are taken from the NBER for the United
States, the Euro Area Business Cycle Network for the Eurozone, and the Conference Board for the United
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Kingdom. We consider a year to be a recession year if at least 6 months of the year are defined as
recession by these institutions.

C Additional results and tables

C.1 TFP growth at the industry level

The following figures plot cumulated industry-level TFP growth rates for all industries in our sample.

Figure A.6: Industry-level cumulated TFP growth, United States, manufacturing
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Cumulated growth

Figure A.7: Industry-level cumulated TFP growth, United States, non-manufacturing
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Figure A.8: Industry-level cumulated TFP growth, Germany, manufacturing
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Figure A.9: Industry-level cumulated TFP growth,

Germany, non-manufacturing
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Industry-level cumulated TFP growth, Spain, manufacturing

Figure A.10
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Figure A.11: Industry-level cumulated TFP growth, Spain, non-manufacturing
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Figure A.12:

Industry-level cumulated TFP growth, France, manufacturing
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Cumulated growth

Figure A.13: Industry-level cumulated TFP growth, France, non-manufacturing
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Figure A.14:

Industry-level cumulated TFP growth, Italy, manufacturing
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Figure A.15:

Italy,DE

Industry-level cumulated TFP growth, Italy,

non-manufacturing
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Cumulated growth

Cumulated growth

Cumulated growth

Figure A.16: Industry-level

United Kingdom,C1012

cumulated TFP growth, UK, manufacturing
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Figure A.17: Industry-level cumulated TFP growth, UK, non-manufacturing

United Kingdom,DE

United Kingdom,F

United Kingdom,G
0,05 i/
0.08 b A
I
1 k3
RSO TN rd 006
s o ST = e
g Vg g g
= —- B £ 004
L=} =1 =}
g g g
E El 2 002
g oosf E E
19} o o
0
= Solow
—==BFK -0.02
01 Our series . 0 Our series
. . . VA . . .
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Year Year Year
United Kingdom,H United Kingdom,| United Kingdom,J
015
oo,
P
2 A
g A AN b 5
z 01r PN v 5
2 N N E 2
5 S \ &
z S z
g s g
H P H H
= v E H E
© 005t i v ! <
‘.I -0.06 |I 1
.; Solow ...|..ﬁ010w
008} ={/BFK
.'-’— Our series =z Our series
o ]
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Year Year Year
United Kingdom K United Kingdom,MN United Kingdom,RS
0.25 77 o8 0
4 0.16
0.2 -0.05
0.14
= = =
g £ 012 g
2 2 2 .01
& 015 & g o
o = 01 o
E £ £
5 I} 5
- = 008 2 015
g 01 g E
3 & 006 s
0.04 -0.2
0.05 waskas Solow == Solow
0.02
==BFK =BFK
Our series 0 025 Our series
0
1995 2000 2005 2010 2015 1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
Year Year Year

76



C.2 Utilization adjustment estimates for robustness tests

Table A.5 lists the estimates for 55 obtained for each of the robustness checks described in the main text.

Table A.5: Results for utilization adjustment regressions across robustness checks

United Germany Spain France Italy United

States Kingdom
Non-durable manufacturing
Baseline 0.224™** 0.562"** 0.076" 0.070 0.400"** 0.119*
(1) No negative profits 0.211*** 0.574™** 0.084* 0.078 0.410"** 0.113*
(2) Dep. var. includes hours 0.157** 0.405*** 0.057 0.006 0.278"** 0.076
(3) Survey linearly detrended 0.179*** 0.562*** 0.076" 0.070 0.400*** 0.119*
(5) No uncertainty 0.227*** 0.572*** 0.053 0.063 0.401*** 0.052
(6) No uncertainty, mon. pol. 0.267*** 0.583™** 0.063 0.115 0.371*** 0.054
Durable manufacturing
Baseline 0.296™*" 0.392"** 0.096™* 0.255"** 0.337"** 0.228"**
(1) No negative profits 0.289*** 0.397*** 0.107** 0.235™** 0.351*** 0.229***
(2) Dep. var. includes hours 0.2427** 0.291"** 0.058 0.197*** 0.242*** 0.213"**
(3) Survey linearly detrended 0.242*** 0.392*** 0.096™" 0.255"** 0.337"** 0.228"**
(5) No uncertainty 0.275"** 0.377"** 0.090™* 0.236*"" 0.333"** 0.206™**
(6) No uncertainty, mon. pol. 0.293*** 0.381*** 0.073 0.298"** 0.333"** 0.222***
Non-manufacturing
Baseline 0.106 0.122* 0.098 0.203*** 0.201*** 0.376™*"
(1) No negative profits 0.077 0.129* 0.104 0.186™** 0.223*** 0.173**
(2) Dep. var. includes hours 0.067 0.121* 0.101 0.164™** 0.161*** 0.212***
(3) Survey linearly detrended 0.066 0.129* 0.076 0.186*** 0.212*** 0.173**
(4) Man. avg. for services 0.106 0.077** 0.042 0.146™** 0.137*** 0.112**
(5) No uncertainty 0.114 0.128" 0.080 0.201** 0.190*** 0.271**
(6) No uncertainty, mon. pol. 0.147 0.073 0.052 0.208*** 0.212** 0.150**
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