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1 Introduction

Aggregate total factor productivity (TFP) is a key determinant of economic performance, both
across countries and over time (Klenow and Rodriguez-Clare, 1997; Caselli, 2005, 2016; Jones,
2016; Bergeaud et al., 2018; Crafts and Woltjer, 2021). Yet TFP is typically measured as a
residual—famously described as “a measure of our ignorance”—capturing the portion of output
not explained by observable inputs. This view has motivated a large literature aiming to uncover
the underlying sources of productivity differences, as illustrated by the title of Prescott’s (1998)
influential paper, “Needed: A Theory of TFP.” More recently, Jones (2016) suggests that the
misallocation literature has emerged precisely to provide the type of theory Prescott called for.
Despite its conceptual appeal, measuring misallocation typically requires firm-level data, which
are available only for a limited set of countries, years, and sectors—most often manufacturing.
This constraint has hindered more comprehensive assessments of the role of misallocation in
shaping TFP.

Against this backdrop, this paper makes two contributions. Methodologically, we develop
a tractable Cournot model with heterogeneous firms that quantifies market-power-driven mis-
allocation using standard macroeconomic data. The novel contribution of our framework lies
precisely in this reliance on macro aggregates for calibration, which enables a comprehensive
assessment of misallocation across both time and space. Empirically, we use the model to
decompose TFP into technology and allocative efficiency components for up to one hundred
countries over the period 1950-2019. These estimates are incorporated into growth and devel-
opment accounting exercises to revisit key facts of economic growth.

Our model builds on the oligopoly framework of Edmond et al. (2023), but focuses on a
tractable special case in which (i) goods are homogeneous within sectors but highly differen-
tiated across sectors; and (i1) barriers to entry are low. Despite these restrictions, the model
remains rich, featuring endogenous entry, firm-level decisions about whether to operate, and
oligopolistic competition among heterogeneous firms. Misallocation arises endogenously be-
cause marginal products are not equalized across firms: more productive firms command larger
market shares, face lower demand elasticities, and therefore charge higher markups. In return,
these stronger assumptions yield a parsimonious and tractable framework.

First, all sectors are identical in equilibrium, so the model can be solved for a single rep-
resentative sector. In contrast, in Edmond et al. (2023), sectors differ ex post due to sampling
variation: although firms draw productivity from a common distribution, the small number of
firms within each sector generates substantial dispersion in realized sectoral productivity. In
our framework, this sampling noise vanishes because equilibrium features a large number of
active firms in each sector. Low entry barriers generate substantial firm entry, while the low
elasticity of substitution across sectoral goods implies weak competitive pressure from other
sectors, allowing many entrants to remain active in equilibrium. Remarkably, however, the

large number of firms does not necessarily eliminate strategic interaction. Perfect competition



arises only when the number of entrants becomes large relative to the inverse of the elasticity
of substitution.

Second, the large number of firms per sector greatly simplifies the entry problem. In equilib-
rium, any individual entrant is negligible relative to the market, so expected profits for entrants
equal the average profits of incumbent firms.

Third, the equilibrium allocation admits a closed-form solution—a distinctive feature that
follows directly from the homogeneity of goods within sectors. This tractability has an im-
portant implication: computing the technology and allocative-efficiency components of TFP
requires only information on the productivity distribution among active firms. The effects of
other parameters—such as the elasticity of substitution—are absorbed by the endogenous pro-
ductivity cutoff that determines firm activity.

This feature is crucial for decomposing TFP using standard macroeconomic data, as the
empirical implementation of the model requires calibrating only the parameters governing the
productivity distribution. In our empirical applications, we follow the heterogeneous-firm lit-
erature (Melitz and Redding, 2015; Edmond et al., 2015, 2023) and assume that firm produc-
tivity follows a Pareto distribution, truncated over a bounded support. Under this assumption,
only three parameters must be calibrated: the lower and upper productivity bounds among ac-
tive firms and the Pareto shape parameter. We discipline the shape parameter by establishing
economically plausible bounds, while the productivity bounds are identified by targeting two
aggregate moments: (i) aggregate TFP and (ii) the cost-weighted average markup.

To compute these target moments using real-world data, we first parameterize the production
function. We assume a constant-returns-to-scale Cobb-Douglas technology with capital and
labor as inputs and set the capital elasticity of output to « = 0.30. This choice is supported
by two pieces of evidence. First, this value is broadly consistent with the cost-based estimates
reported by Vollrath (2024) for the United States. Second, using v = 0.30, our cross-country
estimates of the cost-weighted average markup are broadly consistent with those reported by
Diez et al. (2021) for their sample of 19 countries.

Once « is determined, the two target moments can be computed directly from standard
macroeconomic data. Aggregate TFP is backed out as the residual from the production function,
while the cost-weighted average markup is pinned down by the ratio of the labor elasticity of
output, 1 — a, to the labor income share. This markup formula is consistent with the expression
derived by Hall (1988), which underlies the recent literature on firm-level markup estimation
(De Loecker and Warzynski, 2012; De Loecker and Eeckhout, 2018; De Loecker et al., 2020;
Traina, 2018; Calligaris et al., 2018; Autor et al., 2020; Diez et al., 2021).

Importantly, under the Pareto assumption—and, more generally, for any productivity distri-
bution satisfying scale invariance—allocative efficiency can be inferred solely from the cost-
weighted average markup. In particular, a higher labor share and thus a lower average markup—
indicating fewer distortions—is associated with lower misallocation, with the economy con-

verging to full efficiency as the average markup approaches its competitive, unitary level.



Once allocative efficiency is identified from the markup, the remaining component of TFP—
technology—is pinned down using aggregate TFP data. In this sense, the residual from the
aggregate production function corresponds not to overall TFP but to its technology component,
yielding a cleaner measure of technological progress that is purged of market-power-driven
misallocation effects.

Employing this quantitative strategy, we decompose aggregate TFP into technology and
allocative efficiency components for up to one hundred countries over the period 1950-2019,
using data from the Penn World Table (PWT) 11.0 (Feenstra et al., 2015). We use this decom-
position to revisit key facts of economic growth through three empirical analyses.

First, we reexamine growth in the United States, taken as a proxy for the world income
frontier. We begin by showing that our market-power-driven misallocation estimates are in line
with those obtained from the oligopoly model of Edmond et al. (2023). This evidence provides
an important external validation of our framework, given that their analysis relies on a more
general model calibrated with firm-level data. Turning to the empirical results, we find that
misallocation plays a limited role in long-run productivity growth but can be relevant at shorter
horizons. In particular, allocative efficiency accounts for a substantial share of the variation
in TFP growth across subperiods, whereas the growth rate of the technology component is
relatively stable over time, around 1 percent per year, except for two notable episodes—1954—
1973 and 2000-2007—during which technological progress accelerates to roughly 2 percent
per year.

Second, we conduct a development-accounting exercise using standard success measures
from the literature. We compare the conventional approach—where TFP is treated as the
residual—with an alternative specification implied by our model, in which only the technol-
ogy component plays that role. We find that accounting for market-power-driven misallocation
increases the share of cross-country income variation explained by observables, although the
majority of income differences remains unexplained.

Finally, we investigate economic convergence. The data provide little support for conver-
gence in income or in aggregate TFP, reflecting the absence of convergence in the technology
component. By contrast, we find suggestive evidence of convergence in allocative efficiency,
although this pattern is not uniform across all empirical exercises. These results are consistent
with the view that barriers to international technology diffusion may persist over long peri-
ods, limiting convergence in productivity and income, whereas within-country forces—such as
competition or market integration—may gradually reduce market-power-driven misallocation.

Overall, these findings are robust to using alternative proxies from PWT to measure the
variables of interest; to adopting different plausible calibrations for the Pareto shape parameter
and the capital elasticity «; and to considering either the full sample of countries or a restricted

sample excluding oil producers.



Related literature. From a methodological perspective, our work relates to a growing liter-
ature that embeds oligopolistic market structures into macroeconomic models (Bernard et al.,
2003; Atkeson and Burstein, 2008; Edmond et al., 2015; Peters, 2020; De Loecker et al., 2021;
Wang and Werning, 2022; Martinez and Santos, 2026; Edmond et al., 2023). Among these
contributions, Edmond et al. (2023) is the closest to our paper. Their study quantifies the wel-
fare costs of markups in the United States using an oligopoly model—calibrated with firm-level
data—that incorporates channels beyond misallocation, such as inefficient entry. By contrast,
our focus is on measuring exclusively the contribution of misallocation to TFP dynamics across
countries and over time. On the theoretical side, our model builds on their oligopoly framework
but deliberately restricts attention to a tractable special case. In particular, we consider an envi-
ronment in which many firms compete within each sector while retaining strategic interaction.
This structure yields several analytical simplifications. Entry becomes negligible at the sectoral
level, sectors are identical in equilibrium, and the model can therefore be solved for a single
representative sector, which admits a closed-form solution. Our contribution to this literature is
to develop a framework that can be calibrated using standard macroeconomic aggregates rather
than detailed firm-level data. This feature allows us to quantify market-power-driven misallo-
cation across a broader set of countries and years.

Given our goal of revisiting key facts of economic growth, this study is closely related to
the development economics literature, particularly the strand focused on macroeconomic analy-
ses and development accounting exercises (Klenow and Rodriguez-Clare, 1997; Prescott, 1998;
Caselli, 2005, 2016; Jones, 2016). Jones (2016) serves as our primary reference, offering a
comprehensive overview of economic growth facts, some of which we reexamine here. Our
contribution to this literature lies in providing a systematic assessment of misallocation across
both time and space. In particular, we incorporate allocative efficiency into development ac-
counting exercises over multiple years. Furthermore, we provide evidence on the effects of
misallocation on frontier growth, a topic that has received considerably less attention than the
study of misallocation and development (Jones, 2016).

Our work also shares common ground with the growth-accounting literature that decom-
poses TFP growth into technology and allocative efficiency components (Basu and Fernald,
2002; Petrin and Levinsohn, 2012; Baqaee and Farhi, 2020). Our approach is most closely re-
lated to Baqaee and Farhi (2020), who also measure allocative efficiency as the distance from
the optimal allocation.! Their framework is considerably more general, allowing for arbitrary
elasticities of substitution, returns to scale, factor mobility, and input-output network linkages,
without imposing a specific market structure. As a consequence, its empirical implementation

is highly data-intensive, requiring detailed firm-level information, whereas our framework can

'Measuring allocative efficiency as the distance from the optimal allocation aligns with the prevailing notion in
the misallocation literature. However, alternative concepts exist, particularly in the growth-accounting literature.
As pointed out by Baqaee and Farhi (2020), “the growth-accounting notion of changes in allocative efficiency due
to the reallocation of resources to more or less distorted parts of the economy over time is very different from the
misallocation literature’s notion of allocative efficiency measured as the distance to the Pareto-efficient frontier.”



be implemented using standard macroeconomic data.

Finally, our paper is also related to the literature on misallocation (Restuccia and Rogerson,
2008; Hsieh and Klenow, 2009; Restuccia and Rogerson, 2013). In this literature, misalloca-
tion typically arises from exogenous wedges, whose quantification requires extensive firm-level
data, much like in growth-accounting approaches—particularly Baqaee and Farhi (2020). By
contrast, in our framework misallocation emerges endogenously and can be quantifiable us-
ing macroeconomic aggregates. Moreover, whereas the existing literature typically focus on
explaining cross-country TFP differences—often within the manufacturing sector due to data

constraints—we analyze economy-wide outcomes across both across countries and time.

The remainder of the paper proceeds as follows. Section 2 presents the model. Section 3
outlines the quantitative strategy, and Section 4 describes the data used in the analysis. Section
5 examines productivity dynamics at the global income frontier, proxied by the United States.
Section 6 examines cross-country income differences through a development-accounting per-
spective, while Section 7 investigates economic convergence. Section 8 presents a set of robust-

ness checks, and Section 9 briefly discusses a model extension. Finally, Section 10 concludes.

2 Model

The economy is closed and features a representative consumer with preferences over final con-
sumption, who supplies labor inelastically and owns all firms. The final good is produced
by perfectly competitive firms using highly differentiated inputs from a continuum of sectors.
Within each sector, a large number of heterogeneous-productivity firms produce a homogeneous
good using capital and labor and engage in Cournot competition. There are no fixed operating
costs. Firms enter by paying a sunk cost denominated in monetary terms—assumed to be low—
after which they receive a productivity draw and are randomly allocated to a sector. All firms
exit at the end of the period, rendering firm decisions static.

The remainder of this section lays out the model in detail, focusing on its economic struc-

ture. Formal proofs and derivations are collected in Appendix A.

Households. The model features a representative consumer with preferences over final con-
sumption, who owns all firms and supplies labor inelastically. Since capital takes time to build,
both capital and labor are predetermined at the beginning of each period. This assumption
simplifies the entry problem and allows us to focus on the firm side, where misallocation orig-
inates.> Moreover, it aligns with the concept of misallocation, which concerns the maximum

output attainable given the total amount of inputs available.

2More elaborate household specifications would merely affect the entry decision, altering the precise interpre-
tation of our low-barriers assumption. The main results—such as the expression for misallocation—would remain
unaffected.



Final good producers. Perfectly competitive firms produce a homogeneous final consump-

tion good Y using inputs Y from a continuum of sectors through the CES production function

1 n=1 nnj
y - ( / Yuds) , ()
0

where 7 > 0 denotes the elasticity of substitution across sectors s € [0,1].> We assume that
7 is low—that is, products are highly differentiated across sectors. With the final good taken
as the numeraire, the first-order conditions (FOCs) of the representative final-good producer’s

profit-maximization problem are
ps = (Y/Y)", Wsel01]. 2)

where p, represents the price of goods within sector s, which are homogeneous across all firms

in that sector. Moreover, the zero-profit condition implies
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0

Intermediate goods producers. Within each sector, a continuum of firms produces a homo-

geneous good:

N,
n:/ Yidi. “4)
0
Firm ¢ in sector s has productivity A; > 0 and produces according to

Yy =AaKELL™, (5)

si st

where K; > 0 is the stock of capital, Ly > 0 is the labor employed, and o € (0, 1). Produc-
tivity is drawn from a distribution with density g(A) and cumulative probability G(A), defined
over the bounded support [é, A] C (0,00), where A represents the technology frontier. There
are no operating fixed costs.

Intermediate firms engage in Cournot competition, choosing their output taking as given the
output chosen by the other firms in the sector, as well as the wage w > 0 and the rental cost
of capital » > 0. They face the inverse demand function (2). Since each firm is negligible in
the aggregate economy, it takes final output and the final-good price as given. The FOC for an

intermediate firm is

Nsi
Nsi — 1’

Ds :Mcsz (6)

3Given that firms’ decisions are static, we omit time subscripts for notational simplicity.



where MC;, = (g)a (ﬁ)ka Al_ is the Cobb-Douglas marginal cost of firm ¢ from sector

s, while 7,; = - is the price elasticity of demand faced by a firm with sectoral market share

Ssi = Y4/ Ys. Thus, the firm’s markup is py; = # = (1 - %)_1.4

Assessing the second-order condition (SOC) requires knowledge of the firm’s market share,
which is determined only after solving the equilibrium allocation. We initially assume that the
SOC holds and subsequently verify it using the equilibrium expression for s,;. The condition
is satisfied for all n € (0,1], and also for n > 1, provided it is not too large.” Hence, under
the low-elasticity assumption maintained throughout, Equation (6) represents firm ¢’s optimal
decision for all active firms.

Equation (6) further implies that more productive active firms must have larger market
shares. Since a more productive firm has lower marginal cost, it charges a higher markup—

which can only occur if its market share is larger.

Equilibrium allocation. Since sectors are ex ante equivalent and each contains a large num-
ber of firms—both total and active—they are also ex post equivalent. As a result, in equilibrium,
the productivity distribution is identical across sectors, each represented by the same density
function ¢ introduced earlier. Moreover, from Equations (1) and (3), output and prices satisfy
Y =Y, and p; = 1 for any sector s. The same logic applies to all other equilibrium variables.
Accordingly, we drop the sectoral subscript for the remainder of this section.

In contrast to models with heterogeneous goods, when goods are homogeneous within sec-
tors, some firms may remain inactive even in the absence of fixed costs. Because prices are
equalized within sectors, firms with high marginal costs may not operate profitably. This se-
lection becomes increasingly stringent as the number of firms rises: competition implies that
only sufficiently productive firms can remain active. In particular, when total entry exceeds a
threshold N, not all firms can be simultaneously active.® We focus on the case of low entry
barriers, so that in equilibrium N > N and some low-productivity firms remain inactive. In
that case, let A > A denote the endogenous productivity cutoff for active firms such that a firm
is active if and only if A; > A.” At the cutoff, the marginal active firm produces zero output, so
s(A) = 0 and profits are zero.

We can now solve for the equilibrium allocation. Combining Equation (6), price equaliza-

“This markup expression is standard and remains valid with either a discrete or continuous set of firms be-
cause the only requirement from the sectoral aggregator—Equation (4) in our model—is the marginal contribution
0Y,/0Y;, which equals one in both cases.

SFormally, by Proposition A.4, the SOC holds if 1 € <0, i%;% .

6See Equation (A.3) in Appendix A.1 for a formal definition of N.

"This result is consistent with the oligopoly models of Atkeson and Burstein (2008), Edmond et al. (2015), and
De Loecker et al. (2021), where only a few firms compete in each sector. In these models, the equilibrium set of
active firms is generally not unique—a multiplicity eliminated by ruling out equilibria in which an inactive firm
has a lower marginal cost than an active one. This implies that a firm 7 is active if A; > A and only if A; > A,
since not all firms with productivity exactly A need be active. However, such a situation does not arise with a
continuum of firms, yielding the stated condition.




tion within sectors, and the condition s(A) = 0, we obtain

s(Ag) =si=n(1—A/A) (7

1
"N B, (A7A)] ®

where E, (h(A)) = E(h(A) | A> A) = fj h(A)+ fg})é) dA denotes expectations over active
firms, and N, = N (1 — G(A)) is the mass of active firms.

The equilibrium allocation therefore admits a closed-form solution. This distinctive feature
of our model follows directly from the homogeneity of goods within sectors. With hetero-
geneous goods, price equalization no longer holds, and relative prices would be a nonlinear
function of relative market shares, precluding an analytical solution.

Equation (7) implies that more productive firms have larger market shares and earn higher
profits, while the marginal firm with productivity A produces no output and earns zero profit.
Equation (8) implicitly determines the cutoff A as a function of total entry /N. In particular,
A is increasing in N for N > N: greater entry tightens selection and raises the productivity
threshold. When N7 — oo, productivity dispersion among active firms vanishes as A — A,
and N, — oo. Moreover, when 7 is low, the mass of active firms N, must be large, since
E. (A/A) lies in [0, 1]. This provides an economic rationale for modeling a continuum of firms
within each sector: weak competitive pressure across sectors (low 7) sustains a large number of

heterogeneous active firms.

Aggregate productivity and misallocation. Since intermediate firms face the same factor
prices, optimal input choice implies that they all select the same capital-labor ratio. Let ag-
gregate capital and labor be defined as K = fON K;di and L = fON L;di. Tt follows that
K;/K = L;/L = 0, for every active firm i. Combining this result with Equations (4), (5),

(7), and (8), aggregate output can be written as
Y =AQK*L7, )

where

B, [(4/A)(1 — 4/A)]
E. [(4/A)(1 — 4/4)]

Q (10)
Since goods are homogeneous within sectors and firms have constant returns to scale, the ef-
ficient allocation assigns all inputs to the most productive firm. In this case, {2 = 1, and total
output is Y = AK*L'~“. Consequently, Q € (0, 1] represents the wedge between actual TFP,
AQ, and its efficient level, A, and thus serves as our measure of allocative efficiency. Notably, 2
increases in the cutoff A: as the productivity threshold rises and dispersion among active firms

shrinks, allocative efficiency improves. In the limit as A — A, productivity dispersion vanishes



and the allocation becomes fully efficient ({2 — 1).
-1
Markups. Substituting Equation (7) into u; = (1 — %) yields

(A;) = p = Ai/ A, (11)

so a firm’s markup depends solely by its productivity relative to the marginal firm. The marginal
firm hence charges a unit markup, whereas more productive firms optimally set higher markups.

Equation (11) also implies that the markup distribution is fully determined by the produc-
tivity distribution among active firms. Consequently, knowledge of this distribution is suffi-

cient to compute aggregate markup measures. In particular, consider the cost-weighted average

markups, defined as j = fON (BBt i = fON 0;1;di, where the second equality holds
because every active firm ¢ chooses the same capital-labor ratio, implying K;/K = L;/L = 6,.
As a result,
AQ
= 12
h= (12)

Edmond et al. (2023) argue that the cost-weighted average markup is the most appropriate mea-
sure of the overall level of markups, as it captures the relevant wedge in aggregate employment
and investment decisions.® As we discuss in Section 3, this expression plays a central role in

our quantitative strategy.

Entry decision and free-entry equilibrium. Firms enter by paying a sunk cost f. > 0 de-
nominated in monetary terms. Upon entry, a firm draws productivity A; ~ G(A) and is ran-
domly assigned to a sector s € [0, 1]. This cost can be interpreted as a licensing fee, potentially
rebated to households, though it does not involve the use of real resources (e.g., labor or capital)
and therefore plays no further role in the model. If instead the entry cost were defined in units
of labor, an increase in entry would reduce the labor available for production. Since only labor
actually used in production should enter the aggregate production function, such a formulation
is at odds with standard measures of TFP used in growth and development accounting. By
adopting a monetary entry cost instead, we preserve standard TFP measurement, allowing us to
focus on the role of misallocation in shaping productivity.

The entry decision depends on the expected profit of an entrant. Since all firms exit at the end
of each period, it suffices to compute expected profit over a single period. With a large number
of firms the expected profit of an entrant is simply equal to the average profit of incumbent

firms, 7, as the entry of any single firm does not affect aggregate outcomes. Recalling that

8Edmond et al. (2015) and Baqaee and Farhi (2020) instead rely on the sales-weighted harmonic average
markup. However, as Edmond et al. (2023) point out, when firms share the same returns to scale, these two
measures of aggregate markup coincide. Appendix A.6 provides a formal proof of this equivalence in our model.

10



ps = 1 and Y; = Y for all sectors s, we obtain:

oria (AR A
7=K°L' (T) , (13)
which follows from Equations (7), (8), (9), (10), and (11).

In the free-entry equilibrium, the condition f. = 7 must hold, implicitly defining the total
number of firms as a decreasing function of the entry cost, N(f.). This result follows directly
when 7 decreases with N, but it continues to hold even if 7 is non-monotonic—a theoreti-
cal possibility in our model arising under extreme scenarios. For simplicity, we focus on the
monotonic case in the main text and relegate the general case to Appendix A.8.

Therefore, a large number of entrants—as implied by our assumption of low barriers to
entry—requires a small f,. More precisely, N > N if f, < f., where f. denotes the average
profit of incumbent firms when N = N.°

Naturally, the specific value of f, within its domain (0, fe) plays a critical role: a lower sunk
cost induces greater entry, raising the cutoff A and thereby reducing misallocation, as markups
move closer to one (Equation (11)). In the limit, as f. — 0, we have A — A and Q — 1, as

entry becomes arbitrarily large.

From oligopoly to perfect competition. From the preceding analysis, when barriers to entry
are low—i.e., f. € (0, f.)—the number of firms entering the market is large (N > N), so
some low-productivity firms remain inactive (A > A). The number of firms is large not only
in the sense that not all firms can be simultaneously active; it is also large in absolute terms,
allowing us to represent the distribution of firms using continuous functions. This latter feature
is ensured by the low elasticity of substitution 7, as Equation (8) makes clear.!? Taken together,
these results imply that a large number of firms per sector arises from two ingredients: a low
entry cost f, and a low elasticity of substitution 7).

A large number of firms, however, does not by itself eliminate strategic interaction. Market
power vanishes only when N becomes large relative to 1/n—that is, as nN — +o0.!! This
situation arises when f. — 0, in which case A — A, N, = +oo, u; — 1 for all active firms
i, and €2 — 1. In words, this limiting case corresponds to perfect competition, with infinitely
many active firms all having the same productivity, unit markups, and zero profits—and no

misallocation.

9See Equation (A.12) in Appendix A.8 for the formal definition of f., derived from Equation (13).

10These two notions of “large” become compatible because NN itself is large when 7 is low. See Equation (A.3)
in Appendix A.1.

"'This observation aligns with Equation (6), which shows that a firm with a markup close to one must have a
market share that is small relative to the elasticity of substitution 7. With low elasticity, even a market share close
to zero can generate a high markup.
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3 Quantitative strategy for TFP decomposition

This section outlines the quantitative strategy used to implement the model for decomposing
TFP, for a given country and period, into its two components: technology, A, and allocative ef-
ficiency, 2. From Equation (10), allocative efficiency depends solely on the productivity distri-
bution among active firms. In oligopoly settings, the aggregate misallocation wedge is governed
by the distribution of markups, which in our model can be inferred directly from productivity
through Equation (11). Crucially, the effects of other parameters—such as the elasticity of
substitution 7 or the entry cost f.—are absorbed by the endogenous productivity cutoff A (see
Equation (8)). This distinctive property follows from the model’s assumptions—most notably,
low barriers to entry, homogeneous goods, and the absence of fixed costs—which jointly imply
that one market share is known independently of all parameter values: the marginal active firm
always produces zero output.

As a result, computing misallocation does not require calibrating the full set of structural
parameters. Instead, it suffices to characterize the productivity distribution, which we assume
to be Pareto in the empirical applications. We propose a calibration procedure that identifies
the productivity bounds among active firms, A and A, by targeting two moments: (i) aggregate
TFP, AQ, and (ii) the cost-weighted average markup, /.

After presenting the calibration strategy, we describe how the two target moments are com-
puted using standard macroeconomic data together with the capital elasticity «. We then detail
our choices for o and for the remaining parameter governing the productivity distribution, which

determines the shape of the Pareto density.

3.1 Calibrating the productivity bounds among active firms

We calibrate the productivity bounds A and A, for each period and country, by targeting two
moments: (i) aggregate TFP, A(), and (ii) the cost-weighted average markup, ;.. Formally, the

calibration proceeds as follows:
1. From Equation (12), compute the lower bound as A = AQ/p.
2. Given A from the previous step, recover the upper bound A by solving

_ - Ea (A/A)
MR (A/A) (1 AJA)] (1

which follows directly from Equations (10) and (12).

In the theoretical analysis of Section 2, the upper bound A is treated as exogenous, and
the focus lies on solving for the endogenous cutoff A. Empirically, however, the situation is
reversed. The two target moments pin down the lower bound directly via Equation (12) (step

1), while the main challenge is to recover A by solving Equation (14) (step 2).
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Evaluating Equation (14) requires only moments of the productivity distribution among ac-
tive firms, which depend on the assumed functional form. Following much of the heterogeneous-
firm literature (Melitz and Redding, 2015; Edmond et al., 2015, 2023), we assume that produc-
tivity follows a Pareto distribution with shape parameter £ # 0, truncated over the interval
Ae [é, X} . The associated density is increasing in A for & < —1, constant for £k = —1 (i.e.,
equivalent to the uniform distribution), and decreasing for £ > —1, k # 0. For now, we treat k
as given and return to its calibration in Section 3.3.

Appendix B characterizes the conditions under which Equation (14) admits a solution. In
particular, Proposition B.8 shows that, under a Pareto distribution, a unique solution exists for
all p satisfying (i) ¢ > 1 and (i) k < 2/(p — 1). If u > 1 but & > 2/(u — 1)—a case that
can arise only when k£ > 0—mno solution exists. Accordingly, in the empirical applications,
country-period observations for which these conditions are violated are excluded, as the model
does not admit a well-defined solution in those cases. Similar existence and uniqueness results
can be derived for other productivity distributions.!?

A distinctive feature of the truncated Pareto distribution is that it satisfies scale invariance:
multiplying all productivity levels by a positive scalar leaves the distribution unchanged. Al-
though this property is not technically required for the calibration algorithm to be well defined,
it is highly desirable in practice, since the level of TFP—and thus the absolute productivity level
of all firms—is essentially arbitrary.

Scale invariance has an important implication. The productivity moments appearing in
Equation (14) depend not on the absolute values of the productivity bounds, but only on their
ratio, A = AJA > 1, together with the shape parameter k.'> This allows step 2 of the cal-
ibration algorithm to be implemented first by solving for A, which in turn delivers allocative
efficiency €2 via Equation (10). Hence, estimating misallocation requires only data on the aver-
age markup . TFP data—whose level is arbitrary—does not affect €2, but determines absolute
productivity levels by enabling the separate identification of A and A. In particular, once €2 is
known, the upper bound A follows directly from observed TFP, AQ. In this sense, in our model,
the residual from the production function is not TFP itself, but only its technology component,
A—a cleaner residual, as it is purged of misallocation effects.

The preceding reasoning implies that allocative efficiency (2 can be expressed as a function
of the average markup p. Figure 1 illustrates this relationship for truncated Pareto distributions
with £ = 3,5,9, as well as for the uniform distribution (¥ = —1). Two main features stand
out. First, ) is decreasing in p, with  — 1~ as u — 17. Essentially, this function maps one
measure of distance from the efficient equilibrium into another. While p captures the deviation

of the average markup from its competitive benchmark, p = 1, allocative efficiency 2 reflects

12Proposition B.4 establishes that, for any continuous truncated distribution defined for all A € (A, +o0), a
unique solution exists for all p € (1, limz ., u), and no solution exists for higher average markups. In other
words, A can be recovered provided that 1 lies above one and below an upper bound, which may itself be infinite
and depends on the assumed productivity distribution.

13Closed-form expressions for these moments under a Pareto distribution are derived in Proposition B.5.
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the deviation of aggregate TFP, AS), from its efficient level, A. Economies with markups closer
to unity therefore exhibit higher allocative efficiency.

Second, the mapping between (2 and i depends on the Pareto shape parameter k. Lower
values of k (i) map a given markup p into a higher level of allocative efficiency () and (ii) make

() less sensitive to variations in z.'*
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1.0 1.1 1.2 1.3 1.4 1.5 1.6

Average markup u

—_— k=1 k=3 = k=5 = k=9

Figure 1: Allocative efficiency as a function of the cost-weighted average markup.

3.2 Computing the target moments using real-world data

Both target moments can be computed using standard macroeconomic data together with the
capital elasticity a. Aggregate TFP is backed out as a residual from the aggregate production
function (9): AQ = #

The cost-weighted average markup p is pinned down by the labor income share, defined as
LS = f/—;‘;. Formally, since 1 = fON (%) pidi = fON 0;p1;di and 0; = L;/ L, we obtain

N
L D R e
— i _ ~ \di=—— 15
8 /0 (L)(w/MPLi) LS )
where M PL; denotes the marginal product of labor. At the firm level, this implies p; =
m = 113_—59‘, with LS; = @—;’ representing the firm-level labor share, which corresponds

to the Hall (1988) formula that underlies much of the recent literature on markup estimation

14In the limit, as k — —o0, allocative efficiency converges to its efficient benchmark, 2 — 1, independently of
the average markup :, as shown in Proposition B.9.
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(De Loecker and Warzynski, 2012; De Loecker and Eeckhout, 2018; De Loecker et al., 2020;
Traina, 2018; Calligaris et al., 2018; Autor et al., 2020; Diez et al., 2021).

Unlike this literature, which relies on firm-level estimates to construct aggregate markup
measures, Equation (15) allows the cost-weighted average markup to be computed directly from
macroeconomic data. This is possible because, when markups are weighted by the cost of the
variable input used to compute firm-level markups, the resulting average markup depends only
on aggregates (De Loecker et al., 2020). This simplification does not extend to other aggre-
gate measures, such as the sales-weighted average markup. Importantly, the markup estimates
implied by Equation (15) are consistent with aggregate movements in the labor share by con-
struction, addressing concerns that micro-based markup measures may be difficult to reconcile
with macroeconomic evidence (Basu, 2019).

3.3 Parameter choices

The final step of our quantification strategy is to discuss the parameter choices for (i) the cap-
ital elasticity «, which is required to compute the target moments, and (ii) the Pareto shape

parameter k, which enters the productivity moments appearing in Equation (14).

Capital elasticity. We set the capital elasticity to « = 0.30 in the baseline calibration. This
choice is motivated by two pieces of evidence.

First, in our model, cost minimization implies that o equals capital’s share in total factor

Kr
Kr+Lw

A widely used approach, including in recent work such as Barkai (2020), relies on the user-

costs, that is, o = . Implementing this identity requires estimating capital expenses, K.
cost formula of Hall and Jorgenson (1967) to compute the required rate of return r. Using this
methodology, Vollrath (2024) reports estimates for the US over the period 1948-2018.1° On
average, his baseline user-cost-based estimates imply values of « around 0.28-0.29 (see Table
2, Panel A, in Vollrath, 2024). Given the uncertainty surrounding capital expense estimates,
Vollrath (2024) also proposes plausible bounds for « in the US, based on extreme assumptions
about capital costs. Using data from PWT 11.0, we construct analogous bounds for the global
economy based on aggregate cost shares (Appendix D). The results indicate that our baseline
choice a = 0.30 is plausible, as it lies comfortably within the global bounds (Figure D.1).
Second, building on De Loecker and Warzynski (2012) and De Loecker et al. (2020), Diez
et al. (2021) estimate firm-level markups between 2000 and 2015 for 19 advanced and emerging
economies, accounting for roughly 70 percent of world GDP.'® Their analysis relies on the Orbis

dataset, which covers both privately held and publicly listed firms. Applying Equation (15) at

5In models with input-output linkages, aggregate production elasticities generally depend on the production
network and cannot be recovered from aggregate factor cost shares alone (Baqaee and Farhi, 2020). Accordingly,
the baseline estimates in Vollrath (2024) are obtained by computing capital expenses at the industry level and then
using input-output information to recover aggregate elasticities.

16The 19 countries are Belgium, Bulgaria, the Czech Republic, Denmark, Estonia, Finland, France, Germany,
Great Britain, Greece, Italy, Japan, Korea, Latvia, Portugal, Romania, Russia, Spain, and the United States.
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the group level using PWT 11.0 labor share data, we find that @ ~ 0.31 matches our markup
series for these 19 countries with the cost-weighted average markup series reported in Figure 1
of Diez et al. (2021)."7

Figure 2 illustrates the implications of our baseline choice o = 0.30 for cross-country
cost-weighted average markups. Overall, our estimates are broadly consistent with the series
reported by Diez et al. (2021) for their 19-country sample. While the two series do not coincide
year by year, they deliver the same qualitative conclusion of a mild upward trend over 2000—
2015. Moreover, our estimates for the same 19 countries are only slightly higher on average,
consistent with our baseline choice o = 0.30, which is marginally below the value that best
matches their series (o« ~ 0.31). Turning to the broader non-oil sample, the overall trend
remains roughly similar, but the level is about 5 percent higher, suggesting that global average

markups may exceed those reported by Diez et al. (2021) for their 19-country sample.
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1.22 A

1.20 A

1.18 1

1.16 A1

2000 2002 2004 2006 2008 2010 2012 2014

Non-oil countries 19 countries from DFVS (2021) = DFVS (2021)

Figure 2: Cross-country cost-weighted average markups, 2000-2015. Notes: the blue and red
lines report our estimates of the cost-weighted average markup, computed by applying Equation
(15) at the group level using (i) the baseline « = 0.30 and (ii)) GDP-weighted average labor
shares across countries, based on PWT 11.0 data (variables labsh and cgdpo). The two series
differ only in sample coverage: the blue line includes all available non-oil countries, while the
red line restricts the sample to the 19 economies in the baseline sample of Diez et al. (2021).
The black dashed line reproduces the cost-weighted average markup for this 19-country sample
reported in Figure 1 of Diez et al. (2021).

7Group-level labor shares are computed as GDP-weighted averages across countries. Country-level labor shares
are measured using the PWT labsh variable, while GDP (in current PPPs) is measured using cgdpo.
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Pareto shape parameter. In the absence of a natural point estimate for the Pareto shape
parameter k, we rely on economically plausible bounds. As shown in Figure 1, lower values
of k make allocative efficiency () less sensitive to variations in the average markup p. As a
result, when £ is low, misallocation varies little across countries or over time, regardless of the
observed heterogeneity in markups. Conversely, higher values of k allow for greater variation
in allocative efficiency in response to markup differences. In this sense, the resulting bounds
on k characterize a plausible range for the potential role of misallocation in explaining TFP
differences.

As shown in Section 3.1, under a Pareto productivity distribution a necessary condition for
the calibration algorithm to exactly match the two target moments is & < 2/(u — 1). This
restriction provides a natural upper bound for %, which depends on the magnitude of the cost-
weighted average markup p. Figure 3 presents box plots of the empirical markup distribution
across non-oil countries. These country-level average markups are computed by applying Equa-
tion (15), using PWT 11.0 labor share data and the baseline o = 0.30. The figure indicates that
a markup of ;1 ~ 1.8 lies near the upper tail of the distribution—above the 90th percentile for
most of the sample and close to it in recent years. This value implies k£ < 2/(1.8 — 1) ~ 2.5.

To remain conservative, we set k = 3 as the upper-bound value in our calibration.

i
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Figure 3: Distribution of cost-weighted average markups o across non-oil countries. Notes:
for each country and year, the average markup y is computed from Equation (15), using the
baseline o = 0.30 and PWT 11.0 labor share data (labsh variable). In each year, boxes span the
interquartile range (25th—75th percentiles), the horizontal line denotes the median, and whiskers
extend to the 10th and 90th percentiles. Outliers are not shown.

In contrast, there is no strict mathematical lower bound on k: for any k£ < 0, the cali-
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bration algorithm admits a unique solution as long as p# > 1. The relevant restriction in this
case is economic rather than technical. Values of £ < —1 imply a productivity density that is
upward-sloping, meaning that highly productive firms are relatively abundant. Such a distribu-
tion appears implausible in most empirical settings and contrasts with the common assumption
that highly productive firms are scarce, which is often imposed by assuming that productivity is
drawn from a non-truncated Pareto distribution. We therefore set the lower bound at £ = —1,
which corresponds to a uniform productivity distribution.

Together, these arguments imply that the empirically relevant range for the Pareto shape
parameter is k& € [—1,3]. In the quantitative analysis, we therefore focus on the lower and
upper bounds of this interval, which provide a plausible range for the potential contribution of

misallocation.

4 Data

Our analyses focus on non-oil countries to avoid contamination of our measures of average
markups and allocative efficiency by natural resource rents.'® A country is classified as an oil
producer in a given year if its oil rents account for more than 10 percent of GDP. Data on oil
rents as a share of GDP are obtained from the World Development Indicators (WDI), provided
by the World Bank.

For all other variables, we use data from the Penn World Table (PWT) 11.0, which con-
tains annual information for 185 countries from 1950 to 2023. To avoid the pandemic pe-
riod, we restrict the analysis to 1950-2019. Our empirical exercises include both time-series
(growth) analyses and cross-country (level) comparisons. As emphasized by Feenstra et al.
(2015), national-accounts-based variables are best suited for within-country growth analyses,
whereas variables expressed in current PPPs are preferred for cross-country level comparisons.
Accordingly, we construct separate datasets for growth and level analyses. To balance the trade-
off between using the most accurate variable measures and maximizing sample coverage, we
construct two datasets for each type of analysis: one using the most accurate available proxies
but covering fewer country-year observations, and another with broader coverage but based on
less precise measures.

Altogether, this strategy yields four distinct datasets, summarized in Table 1. Using PWT
data, we measure output (GDP) Y, GDP per capita, capital K, labor L, and the labor income
share LS. We also consider raw employment, denoted by £, measured either by the number of
persons engaged (to maximize coverage) or by total hours worked (when using the best proxies).
Labor L—the input that enters the production function—is defined as raw employment adjusted

for human capital, based on years of schooling and returns to education.

131n oil-producing economies, a substantial share of value added reflects rents from natural resources rather than
returns to reproducible capital or labor. As a result, labor income shares tend to be mechanically low (Feenstra
et al., 2015), which would translate into inflated average markup estimates via ;. = (1 — «)/LS (Equation (15)).
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Table 1: Variable definitions across datasets

Datasets for level analyses Datasets for growth analyses
Broad coverage Best proxies Broad coverage Best proxies
Output, Y Output-side GDP, PPP  Output-side GDP, PPP GDP, NA GDP, NA
(PWT, cgdpo) (PWT, cgdpo) (PWT, rgdpna) (PWT, rgdpna)
GDP per capita GDP per capita, PPP GDP per capita, PPP GDP per capita, NA GDP per capita, NA
(PWT, cgdpolpop) (PWT, cgdpolpop) (PWT, rgdpnalpop) (PWT, rgdpnalpop)
Capital, K Capital stock, PPP Capital services, PPP Capital stock, NA Capital services, NA
(PWT, cn) (PWT, ck) (PWT, rnna) (PWT, rkna)
Raw employment, £/ Persons engaged Persons engaged x hours  Persons engaged Persons engaged x hours
(PWT, emp) (PWT, emp xavh) (PWT, emp) (PWT, empxavh)
Labor, L E x human capital E x human capital E x human capital E x human capital
(PWT, emp x hc) (PWT, emp xavhxhc) (PWT, empxhc) (PWT, emp xavhxhc)
Labor share, LS Baseline labor share Preferred labor share Constructed series Preferred labor share
(PWT, labsh) (PWT, lab_sh2) (see Appendix E)  (PWT, lab_sh2, no imput.)
Oil rents / GDP Oil rents / GDP Oil rents / GDP Oil rents / GDP Oil rents / GDP
(WDI) (WDI) (WDI) (WDI)

Notes: PPP denotes current purchasing power parities. NA denotes constant national prices. “No imput.” indicates
that interpolated and extrapolated observations are excluded.

As shown in Table 1, the datasets based on the best proxies differ from their broad-coverage
counterparts along three dimensions. First, capital K is measured using capital services rather
than capital stocks. Second, raw employment £ and labor L are adjusted for differences in
hours worked. Third, the labor income share LS is measured using the preferred PWT series
(lab_sh2), which assumes that self-employed workers use labor and capital in the same propor-
tions as the rest of the economy (Feenstra et al., 2015).

In the broad-coverage datasets, we instead rely on the baseline PWT labor share series
(labsh) for level analyses and construct an alternative series for growth analyses. This new
series is better suited for measuring labor share growth, in part because it excludes interpolated
and extrapolated observations in PWT data, which can mechanically distort measured growth
rates (see Appendix E for full details). Accordingly, we also exclude such imputed observations
from the preferred PWT labor share series used in the best-proxy growth dataset.

Figure 4 reports the number of non-oil countries for which TFP can be decomposed, by
dataset, value of k, and year, over the 1950-2019 period. As discussed in Section 3.1, we retain
only country-year observations for which the cost-weighted average markup u = (1 — «)/LS
satisfies 4 > 1 and k < 2/(u — 1), as the model does not admit a well-defined solution
otherwise. Several patterns emerge. First, the use of interpolated and extrapolated labor share
observations in level analyses leads to broader coverage relative to growth analyses, particularly
in earlier years. Second, datasets based on the best proxies are available for fewer countries.
Third, coverage is smaller for £ = 3 than for £ = —1, since the condition k£ < 2/(y — 1) always
holds for ;x > 1 when £ < 0, but fails when £ > 0 and y is sufficiently large. In particular,
for i > 1 and k = 3, this condition is equivalent to u < (2 + k)/k ~ 1.67. Finally, coverage
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generally increases over time across all datasets.
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Figure 4: Number of non-oil countries with a valid TFP decomposition, 1950-2019.

In the subsequent sections, we leverage these datasets to revisit key aspects of economic
growth through the lens of the TFP decomposition. As a first exploration of the datasets, Ap-

pendices F and G report scatter plots for levels and growth rates in selected years.

5 Growth at the frontier: US evidence

This section reexamines growth at the world income frontier. Following Jones (2016), we
use the United States as a proxy for the frontier. The analysis relies on the growth dataset
constructed using the most accurate available proxies, which provides coverage for the US
starting in 1954.

The section proceeds in three steps. Section 5.1 validates the model by showing that our
misallocation estimates are in line with those reported by Edmond et al. (2023), who employ
a more flexible oligopoly framework. The remainder of the section is devoted to our empirical
analysis. Section 5.2 reports estimates of average markup and misallocation, while Section 5.3
follows Jones (2016) in conducting a growth-accounting exercise for the US.

Taken together, these analyses assess the contribution of misallocation to both long-run

productivity trends and short-run growth dynamics at the frontier.
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5.1 Comparison with Edmond et al. (2023)

Edmond et al. (2023) estimate misallocation using an oligopoly model calibrated to the US
economy. Rather than committing to a single value for the average markup p, their calibration
considers alternative values of . € {1.05,1.15,1.25,1.35}. Table 2 compares the value-added
aggregate productivity losses reported in their Table 6 with our own estimates for £ = —1 and
k = 3, computed as —(AQ — A)/A=1-Q.

Table 2: Aggregate productivity losses, %

Average markup p

1.05 1.15 1.25 1.35

Edmond et al. (2023) estimates 5.55 6.85 8.89 12.52
(Oligopoly model)

kE=-1 241 6775 1054  13.90
k=3 260 843 1531  23.58

Own estimates

Notes: All entries report aggregate productivity losses (in percent). The first block
reproduces the estimates of Edmond et al. (2023), derived from their oligopoly model;
the second block reports our estimates for alternative values of k, computed as 1 — ().

As shown in Table 2, our estimates closely align with those of Edmond et al. (2023) when
k = —1, particularly for © = 1.15, where the implied productivity losses are nearly iden-
tical. This correspondence is especially noteworthy given that their model is primarily cali-
brated using recent data—a period during which our estimates of ; remain close to 1.15 (Figure
S, first panel). For example, when targeting productivity dispersion—a key determinant of
misallocation—their calibration focuses on concentration measures in 2012, a year for which
we estimate ;o = 1.18.

This evidence provides an external validation for our framework, given that Edmond et al.
(2023) employ a more general oligopoly model calibrated with firm-level data. Moreover, it
suggests that & = —1 is a reasonable assumption for the US. Nonetheless, since £k = —1
represents a lower bound in our model, we also report results for the upper bound £ = 3

throughout the empirical analysis that follows.

5.2 Average markup and allocative efficiency estimates

Figure 5 plots our estimates of the cost-weighted average markup p and the associated allocative
efficiency 2 for the US, under £ = —1 and k = 3. Several features of these series are worth
highlighting.

First, reflecting the long-run decline in the labor income share LS, the average markup
p = (1 — «)/LS exhibits a clear upward trend over time, albeit with distinct phases. In the

early postwar decades, markups fluctuate around 1.10. They rise noticeably in the mid-1970s,
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Figure 5: Cost-weighted average markup and allocative efficiency in the US, 1950-2019.

remaining around 1.15 until the mid-1990s, before declining sharply in the late 1990s. Markups
rise markedly in the 2000s and stabilize around 1.18-1.20 in the 2010s. Overall, this pattern
is consistent with a growing body of evidence documenting a increase in market power among
US firms (e.g., De Loecker et al., 2020)."

Second, since allocative efficiency €2 is a decreasing function of p, its evolution closely
mirrors movements in average markups. Under the £ = —1 specification, allocative efficiency
declines gradually from approximately 0.95 in the 1950s and 1960s to around 0.92 after 2000,
with a particularly pronounced deterioration during the 2000s. This pattern echoes the findings
of Baqaee and Farhi (2020), who document an increase in the distance from the efficient allo-
cation in the US between 1997 and 2015, driven by rising and increasingly dispersed markups.

Finally, consistent with Figure 1, allocative efficiency is higher and more stable for lower
values of k. Quantitative differences across specifications remain relatively modest, especially
in periods of low markups—such as the early part of the sample—when the mapping from p to
(2 is less sensitive to the choice of k.

Taken together, these results highlight a gradual deterioration in allocative efficiency over
time, with important medium-run fluctuations that play a central role in the growth-accounting

analysis that follows.

9Our estimated levels are lower and grow more gradually than those reported by De Loecker et al. (2020).
These differences are consistent with the fact that their sample includes only listed firms, whose markups tend to
be higher and to rise more over time (Diez et al., 2021).
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5.3 Growth accounting

To understand the sources of economic growth, one possibility is to work directly with the
aggregate production function (9). However, this formulation does not deliver a clean separa-
tion of growth components, since capital accumulation is itself partly induced by productivity

growth—as in a standard Solow model. A better alternative, adopted by Jones (2016), is to use

Ve (KT (L) o\l
E‘(n) (E) (A0 "o

which follows from Equation (9) by introducing time subscripts, dividing through by Y,*, and
rearranging terms. In this formulation, growth in output per hour Y;/E, arises through three
distinct channels: (i) changes in the capital-output ratio, captured by ( K,/ Yt)ﬁ; (ii) growth in
human capital per hour, L,/ E;, which in our case corresponds to the PWT human capital index;
and (ii1) growth in labor-augmenting TFP, (XtQt) ﬁ.

As emphasized by Jones (2016), this representation separates the contributions of produc-
tivity and capital in a way that the original production function (9) does not. By working with
the capital-output ratio rather than the capital stock, it mitigates the mechanical comovement
between capital accumulation and productivity.

The first four columns of Table 3 closely replicate the standard growth-accounting results
reported in Table 3 of Jones (2016), based on Equation (16). Over the full sample, output growth
is primarily driven by labor-augmenting TFP, with additional contributions from human capital
accumulation and only a limited role for changes in the capital-output ratio. Looking across sub-
periods, growth is exceptionally strong between 1954 and 1973 amid outstanding productivity
growth, possibly reflecting the long-run effects of the “great inventions” of the late nineteenth
and early twentieth centuries (Gordon, 2000). Driven by TFP dynamics, growth slows markedly
between 1973 and 1995, but accelerates again between 1995 and 2007, coinciding with the dot-
com boom and the diffusion of information technology (Jones, 2016). Finally, TFP and output
growth remain subdued after 2007. According to Fernald (2015), this productivity slowdown
began before the Global Financial Crisis and reflects a retreat from the exceptional, but tem-
porary, I'T-fueled pace of the late 1990s and early 2000s. Similar conclusions are reached by
Byrne et al. (2013).

These results underscore the central role of TFP in explaining economic growth in both the
short and the long run. Our framework allows us to go beyond this well-established conclusion
by decomposing labor-augmenting TFP into technology and allocative efficiency components.
The last four columns of Table 3 report this decomposition for £ = —1 and k£ = 3. In light of
the evidence in Table 2, we focus on the results for £ = —1; nevertheless, our conclusions are
not materially affected when using k£ = 3.

The decomposition reveals that long-run TFP growth is overwhelmingly driven by techno-

logical progress. Between 1954 and 2019, labor-augmenting TFP grows at 1.1 percent per year,
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Table 3: Growth accounting for the US

GDP/hour GDP/hour decomp. Labor-aug. TFP decomp.
Period
_a_ 1 kE=-—1 k=3

Fo®T o @ o
Atz Qe Al QT

1954-2019 1.8 0.2 0.5 1.1 1.2 -0.1 1.2 -0.1
1954-1973 2.6 -0.0 1.0 1.7 1.7 0.0 1.7 0.0
1973-1995 1.3 0.3 0.5 0.5 07 -02 08 -0.3
1995-2000 2.5 0.2 0.3 2.0 1.3 0.7 1.0 1.0
2000-2007 2.1 0.4 0.3 1.4 1.9 -06 22 -0.8
2007-2019 1.0 0.2 0.2 0.6 0.8 -0.1 0.8 -0.2

Notes: Logarithmic approximation of average annual growth rates (in percent).

nearly matching the 1.2 percent annual growth rate of the technology component. Changes in
allocative efficiency play a minor role over this horizon, exerting a small drag on growth, in line
with the gradual deterioration in {2 documented in Figure 5.

Misallocation, however, becomes substantially more relevant over shorter horizons. During
the IT boom, TFP grows rapidly in both 1995-2000 and 2000-2007, but for fundamentally dif-
ferent reasons. From 1995 to 2000, strong TFP growth reflects sizable contributions from both
components—technological progress and improvements in allocative efficiency. By contrast, in
2000-2007, TFP growth is driven entirely by technology, as allocative efficiency deteriorates
throughout the period.

This pattern is consistent with sector-level evidence. Fernald (2015) documents large pro-
ductivity gains in IT-producing industries during 1995-2000, while IT-intensive sectors expe-
rienced only modest improvements. Similarly, Gordon (2000) shows that productivity gains in
1995-1999 were primarily concentrated in computer and semiconductor manufacturing. Given
that I'T-producing sectors accounted for only 4.9 percent of private business value added be-
tween 1988 and 2011 (Fernald, 2015), such sector-specific gains would not mechanically trans-
late into large aggregate TFP growth.

While the magnitude of aggregate TFP growth in the late 1990s may therefore appear dif-
ficult to reconcile with this sectoral evidence, our decomposition helps address this tension.
The pace of technological progress in 1995-2000 is only slightly above its 1954-2019 average,
whereas the unusually high TFP growth during this period is instead driven by rapid improve-
ments in allocative efficiency. This pattern suggests that the late-1990s TFP surge reflects not
only innovation within a narrow set of I'T-producing sectors, but also—and primarily—a more
efficient allocation of resources, consistent with a reduction in the cost of technology adoption.

We find sizable technology improvements only after 2000, consistent with the evidence in
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Fernald (2015) that TFP in large I'T-intensive industries surged in the early twenty-first century.
Remarkably, technological progress is even faster in 2000-2007 than in 1954-1973, despite
higher aggregate TFP growth in the earlier period. Nevertheless, the simultaneous decline in
allocative efficiency during 2000-2007 suggests that these IT-driven technological gains dis-
proportionately accrued to a subset of firms.

This interpretation aligns with the evidence in Autor et al. (2020), who document rising
firm concentration in sales and employment around 2000. A plausible mechanism underlying
this pattern is the growing importance of intangible inputs, such as information technology and
software. When firms differ in their ability to deploy such intangibles efficiently—as supported
by micro-level evidence in De Ridder (2024)—these inputs confer a significant competitive
advantage to some firms, discouraging entry and expansion by others. De Ridder (2024) argue
that this mechanism can jointly account for rising concentration, the temporary acceleration of
productivity growth, and its subsequent slowdown. Related insights are provided by Aghion
et al. (2023).

Altogether, these results suggest that misallocation plays a limited role in shaping long-run
TFP growth, but can have sizable effects over shorter horizons. The I'T-boom period illustrates
how short-run fluctuations in allocative efficiency were quantitatively important. More broadly,
misallocation appears to account for a substantial share of the variation in TFP growth across
subperiods. By contrast, the growth rate of the technology component is relatively stable over
time, hovering around 1 percent per year, except for two episodes—1954—1973 and 2000-
2007—when technological progress accelerates to roughly 2 percent per year. This pattern
is consistent with the interpretation advanced by Fernald (2015), who argues that these two
episodes of rapid productivity growth—rather than the subsequent slowdowns—are the true

unusual events. The slowdowns essentially reflect a return to a more normal growth pace.

6 Cross-country income differences: a development account-

ing exercise

Section 5.3 relies on a growth accounting exercise to identify the proximate determinants of
economic growth in the US, taken as a proxy for the global income frontier. We now turn to
development accounting, applying the same logic to explain cross-country income differences
at a given point in time. This exercise is conducted for each year between 1950 and 2019. As
in Section 5.3, we rely on production function (16) rather than (9), since the former allows for
a clearer separation between the contributions of productivity and capital.2’

As Jones (2016) points out, the capital-output ratio is remarkably stable across countries.

Human capital varies more, as poorer countries tend to exhibit lower levels of educational at-

20In the context of this section, the subscript ¢ in (16) should be interpreted as indexing countries rather than
time.
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tainment, but this variation remains modest relative to the large observed cross-country income
differences. These facts imply that cross-country income disparities primarily reflect produc-
tivity differences, leading to the standard conclusion that income differences are predominantly
attributed to TFP (Caselli, 2005, 2016; Jones, 2016). This raises the question that motivates this
section: does misallocation offer additional insights into cross-country income differences?

To answer this question, we employ standard measures of success from the development-
accounting literature, which are based on a variance decomposition of income across coun-
tries. We compute these measures under two alternative specifications: (i) treating TFP A as
the residual, as in conventional development accounting; and (i1) treating only the technology
component, A, as the residual, consistent with the TFP decomposition implied by our model.
Comparing these two specifications allows us to quantify the role of misallocation in explaining

cross-country income differences.

6.1 Methodology

To assess the extent to which misallocation helps explain cross-country income differences, we

explore the variance decomposition implied by Equation (16):
Var(y) =Var(e) + Var(u) + 2Cov(e, u), (17)

where Var(-) and Cov(-) denote the sample variance and covariance across countries in a given
year. Here, y = In (Y/FE) is the natural log income per unit of raw employment, e represents
the explained component of y—the “observable” determinants in the production function—and
u denotes the unexplained component, i.e., the residual.

We consider two alternative specifications for the explained and unexplained components.
First, as in standard development-accounting exercises, capital and labor are treated as observ-

ables and TFP as the residual. In this case,
a 1
e=In [(K/Y)ﬁ (L/E)] and u=In [(AQ) } .

Second, consistent with our oligopoly model, we include allocative efficiency (2 in the explained

component, so that the residual captures only the technology component of TFP, A. Accord-

ingly,
e=In[(K/Y)" (L/E)Qs| and w=In {Zﬁ} .

For each specification, we use (17) to compute the share of cross-country income vari-

ance accounted for by the observables. We report two standard measures of success from the
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development-accounting literature (Klenow and Rodriguez-Clare, 1997; Caselli, 2005):

successy 527/211;53 (18)
_ Var(e) + Cov(e,u)  Cov(e,y)
successy = Var(y) = Var(y) (19)

Both measures incorporate Var(e) in the numerator, but they differ in their treatment of the co-
variance term in (17). The first measure attributes the entire covariance term to the unexplained
component, whereas the second assigns half of it to the explained component. The latter can
also be interpreted as the OLS slope coefficient from regressing e on y. As emphasized by
Klenow and Rodriguez-Clare (1997), this measure amounts to asking: when income per unit
of raw employment is 1 percent higher in one country, how much higher do we expect the
explained component to be?

High values of these measures indicate that the observables successfully account for cross-
country income differences, while low values imply that the residual plays a dominant role. By
computing these metrics both with and without allocative efficiency 2 included in e, we assess

whether misallocation enhances our understanding of cross-country income differences.

6.2 Results

Figure 6 reports the success measures for the period 1950-2019. The top row uses the level
dataset with broad coverage, while the bottom row relies on the level dataset with best proxies.
Panels in the left column report the first success measure (Equation (18)), whereas those in
the right column report the second measure (Equation (19)). Within each panel, we compare
three specifications for the explained component e. The dashed blue line corresponds to the
standard case in which only inputs enter e. The solid orange and green lines additionally include
allocative efficiency (2 in e, with (2 estimated assuming a Pareto shape parameter of k£ = —1
and k£ = 3, respectively.

For each dataset and year, we impose a common country sample, retaining only non-oil
countries for which a valid TFP decomposition exists under k£ = 3. Consequently, only coun-
tries with 1 < 1 < 1.67 are included in the analysis.?! This restriction ensures comparability of
the series across values of k within each dataset and year.?> Comparisons across datasets or over
time should be interpreted with caution, since sample coverage varies both over time within a
given dataset and across datasets for a given year.

As shown in Figure 6, both success measures increase when misallocation is included in the

explained component e across all evaluated years. This pattern is even more evident in Figure

2
ey
large. In particular, for 1+ > 1 and k = 3, this condition is equivalent to p < % ~ 1.67.

22Qur conclusions are generally robust to allowing the sample to vary with &, using all non-oil countries available

in each case.

2I'The necessary condition k < is always satisfied for £ < 0, but fails for £ > 0 when p is sufficiently
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7, which plots the difference between the measures computed with and without misallocation
included in e. The gains are more pronounced for the first measure, indicating that while mis-
allocation increases both the variance of the explained component (the numerator of Equation
(18)) and its covariance with income levels (the numerator of Equation (19)), the former rises
more sharply.

The gains are generally smaller under £ = —1, typically below 10 percentage points, and
larger under k£ = 3. This difference follows directly from the model’s structure. As shown in
Figure 1, allocative efficiency € is a decreasing function of the cost-weighted average markup
i, and higher values of the Pareto shape parameter £ make ) more sensitive to differences
in p. These properties imply that a higher value of £ (i) increases the cross-country disper-
sion of allocative efficiency (2 and (ii), since the average markup y is negatively related to the
capital-labor composite K“L!~%, strengthens the positive cross-country association between (2
and the remaining observables. Consequently, when allocative efficiency is included in the ex-
plained component e, both the variance of €2 and its covariance with the capital-labor composite
contribute to raising Var(e), and hence the first measure of success. The same mechanisms
help account for the increase in the second measure under £ = 3. Since markups are nega-
tively correlated with income (Figures F.13, F.14, F.15, and F.16 in Appendix F), increases in k
tend to amplify the positive cross-country association between allocative efficiency and income
(Figures F.9, F.10, F.11, and F.12 in Appendix F), thereby raising the numerator of the second
measure, Cov(e, y).

The gains appear stronger when using the dataset with best proxies, roughly doubling rela-
tive to the broad-coverage dataset. However, this pattern largely reflects differences in country
coverage rather than a genuine effect of using alternative measures for the underlying variables.
When we restrict attention to a common country sample across datasets, these higher gains
mostly disappear (Figures H.1 and H.2 in Appendix H). Similarly, the observed evolution of
the success measures over time is sensitive to changes in country coverage. Fixing a common
sample over time typically alters the time-series patterns and can be highly dependent on the
choice of sample window (see Figures H.3 and H.4 in Appendix H, which report results under
a time-invariant country sample from 1960 onwards).

Overall, these results indicate that market-power-driven misallocation plays a meaningful
role in explaining cross-country income differences, particularly under higher values of k. Nev-
ertheless, as shown in Figure 6, the success measures remain relatively low—typically below
50 percent in recent decades, when country coverage is broader. As noted by Caselli (2005), a
common summary of the development-accounting literature is that differences in TFP account
for at least 50 percent of differences in per capita income. Our results suggest that while misal-
location enhances our understanding of income differences, it does not fundamentally overturn
this central conclusion: the majority of cross-country income variation remains essentially un-

explained.
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7 Economic convergence

Section 6 examined the role of misallocation in explaining cross-country income differences
at each point in time. In this section, we maintain a global perspective but shift the focus to
dynamics, assessing whether the data provide evidence of economic convergence.

Jones (2016) evaluates income convergence by relating average economic growth over 1960—
2011 to GDP per capita in 1960 (see Figure 26 of that paper). Since these variables do not ex-
hibit a negative relationship, he concludes that “a simplistic view of convergence does not hold
for the world as a whole.” In Figure 8, we conduct a similar exercise for the periods 1975-1995,
1975-2005, 1975-2015, 1985-2005, 1985-2015, and 1995-2015. In each panel, the y-axis
shows the annual growth rate of GDP per capita for the corresponding period, drawn from the
growth dataset with broad coverage, while the x-axis reports income levels in the initial year of
the period, taken from the level dataset with broad coverage. Each exercise includes all coun-
tries with a valid TFP decomposition under £ = —1 in both the level and growth datasets for the
corresponding period. We distinguish between oil-producing and non-oil-producing countries
in the plots.>* For each period, we estimate cross-country OLS regressions of average annual
income-per-capita growth (in percent) on initial log income-per-capita levels. A negative slope
is therefore indicative of convergence: for example, a coefficient of —0.5 implies that a country
with an initial income level 10 percent higher grows about 0.05 percentage points more slowly
per year on average. The estimated slope coefficients and their statistical significance—for non-
oil countries and for the full set of countries—are reported within each panel. Consistent with
Jones (2016), we find little evidence in favor of income convergence. A negative relationship
between growth and initial income emerges only for the most recent period, 1995-2015.%

Section 6.2 showed that TFP plays a central role in accounting for cross-country income
differences, suggesting that the lack of income convergence may reflect limited convergence in
productivity. We investigate this hypothesis in Figures 9, 10, and 11, which report convergence
assessments for TFP A, the technology frontier A, and allocative efficiency 2, respectively.
These exercises mirror Figure 8; in particular, they rely on the broad-coverage level and growth
datasets, including all countries with a valid TFP decomposition under £ = —1 in both datasets
for the corresponding period. As in the income case, the convergence hypothesis finds little
support for TFP and for its technology component except possibly for the 1995-2015 period,
when poorer countries experienced faster growth amid rapid technological progress. In contrast,
the evidence is consistent with convergence in allocative efficiency. We find a negative relation-
ship between allocative-efficiency growth and its initial level across all evaluated periods for
non-oil countries. A similar pattern holds for the full set of countries, with the exception of the
1985-2005 period.

23 An oil-producing country is defined here as one in which oil rents exceed 10 percent of GDP in any year
within the corresponding period.

24We follow Jones (2016) and evaluate income per capita in this exercise. Using income per unit of raw em-
ployment instead yields very similar results and does not affect the qualitative conclusions.
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A more comprehensive convergence assessment is presented in Figure 12, which reports the
same slope estimates shown in the scatter plots, now computed for each 20-year window start-
ing in 1970, together with their 90 percent confidence intervals. Overall, the evidence reinforces
our main findings. Convergence in income, TFP A(), and the technology frontier A is largely
absent, except possibly in more recent decades. By contrast, the estimates provide evidence
of convergence in allocative efficiency () among non-oil countries, as a negative relationship
emerges in most periods. Moreover, the slope coefficient for non-oil countries is economically
sizable, typically around —2, implying that a 10 percent higher initial level of allocative ef-
ficiency is associated with allocative-efficiency growth about 0.2 percentage points lower per
year on average. For the full set of countries, the estimated coefficients are generally negative
but not statistically significant.

These conclusions are generally robust across datasets and values of k. The absence of
convergence in income, TFP, and the technology frontier holds both for the broad-coverage
datasets under £ = 3 (Figure 13) and for the datasets with best proxies under either £k = —1
or k = 3 (Figures 14 and 15, respectively). Evidence of convergence in allocative efficiency is
also broadly present, particularly for non-oil countries, albeit with an important qualification.
Specifically, under k£ = 3, the estimated slopes tend to lose statistical significance in more recent
decades, especially when using the datasets with best proxies.?’

In sum, the empirical evidence provides little support for convergence in income or in ag-
gregate TFP, with the latter reflecting the absence of convergence in its technology component.
By contrast, we find suggestive evidence of convergence in allocative efficiency, although this
pattern is not uniform across all periods, country samples, datasets, and values of k. Taken
together, these findings suggest that barriers to international technology diffusion persist over
long periods, limiting convergence in productivity and income across countries. At the same
time, within-country forces—such as competition or market integration—may gradually reduce
market-power-driven misallocation. In this sense, allocative efficiency appears more amenable
to convergence than the technology frontier, whose evolution remains closely tied to long-

lasting country-specific factors, including institutions.

8 Robustness checks

Throughout the paper, we have already examined the sensitivity of our results to key modeling
choices. In particular, we considered alternative calibrations for the Pareto shape parameter k
and applied the methodology to different datasets. In this section, we implement two additional

robustness checks.

Z3This pattern is not driven by differences in country coverage across values of k. The evidence continues to
support convergence in allocative efficiency among non-oil countries under & = —1 when the sample is restricted
to countries with a valid TFP decomposition under k¥ = 3. In fact, under this restricted sample, we find consistent
evidence of convergence in ) even when using the broad-coverage datasets for the full set of countries under
k = —1, in contrast to the results reported in Figure 12.
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Figure 12: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 19701999 — datasets with broad coverage (k = —1).
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Figure 13: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with broad coverage (k = 3).
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Figure 14: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with best proxies (k = —1).
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Figure 15: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with best proxies (k = 3).
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A natural concern relates to parameter choices. Having already explored economically plau-
sible bounds for k, we focus here on the capital elasticity «. Although our baseline choice
a = 0.30 is grounded in empirical evidence, some degree of uncertainty inevitably remains.
Accordingly, in our first robustness exercise, we show that the main empirical results are essen-
tially unaffected by alternative plausible calibrations of the capital elasticity.

Second, our cross-country analyses have focused primarily on non-oil countries. An im-
portant question is whether our conclusions extend to the full sample of countries. While the
convergence analysis in Section 7 already addressed this issue, the development-accounting ex-
ercise of Section 6 was conducted exclusively for non-oil countries. Our second robustness

check repeats that exercise for the full sample, yielding qualitatively similar conclusions.

Alternative calibrations of the capital elasticity. Instead of relying on our baseline choice
a = 0.30, we consider two alternative values, « = 1/3 and o = 0.27. As discussed in Section
3.3, we constructed plausible bounds for the capital elasticity in the global economy, in the spirit
of the US bounds proposed by Vollrath (2024). The resulting global and US bounds, reported in
Appendix D, indicate that these alternative values of « correspond to relatively extreme cases
within the plausible parameter space (see Figure D.1).2

The results under these alternative values of the capital elasticity are reported in Appendix
I. Tables I.1 and 1.2 replicate the US growth-accounting exercise presented in Table 3, using
a = 1/3 and o = 0.27, respectively. The results are virtually identical.?’

Figures 1.1 and 1.2 report, respectively, the development-accounting success measures and
the corresponding success gains due to misallocation for « = 1/3. Figures 1.3 and 1.4 present
the analogous results for « = 0.27. As in Figures 6 and 7, both success measures increase when
misallocation is included in the explained component e. The gains are more pronounced for the
first measure and, for both measures, under k¥ = 3 than under £ = —1. Nevertheless, as in the
baseline case, the success measures typically remain below 50 percent in recent decades.

Finally, Figures 1.5, 1.6, 1.7, and 1.8 reassess economic convergence under aw = 1/3 for each
value of k£ and each dataset. The corresponding results for « = 0.27 are shown in Figures 1.9,
[.10, I.11, and 1.12. As in the baseline specification, we find little evidence of convergence
in income, TFP, or the technology frontier. By contrast, the evidence remains consistent with

convergence in allocative efficiency, particularly for non-oil countries and under k£ = —1.

26 Although o = 1/3 is among the most common assumptions in economics (Vollrath, 2024), it lies above the no-
profits upper bound for the US over most of the sample period, falling below this bound only from the early 2000s
onward. This calibration is adopted in Edmond et al. (2023) and is also widely used in development-accounting
exercises (Caselli, 2005, 2016; Jones, 2016).

27 Adopting a higher (lower) value of « shifts the cost-weighted average markup ;= (1 — «)/LS downward
(upward), and therefore shifts allocative efficiency €2 upward (downward). For instance, under £k = —1, we
estimate ) equal to 0.92 for the baseline « = 0.30, 0.94 for « = 1/3, and 0.90 for & = 0.27. However, these
differences primarily reflect level shifts and thus do not materially affect the growth rates of €.
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Non-oil countries versus all countries. Section 7 evaluated economic convergence both for
non-oil countries and for the full sample of countries. Overall, the results are broadly simi-
lar, although the evidence of convergence in allocative efficiency is stronger when attention is
restricted to non-oil countries. By contrast, the development-accounting exercise in Section 6
focused exclusively on non-oil economies.

To assess the implications of extending this analysis to the full sample, Appendix J re-
peats the development-accounting exercise including oil-producing countries. The correspond-
ing success measures and success gains due to misallocation are reported in Figures J.1 and J.2,
respectively. The qualitative conclusions remain unchanged: misallocation generates positive
success gains—particularly for the first measure and under £ = 3—yet the success measures
typically remain below 50 percent in recent decades.

9 Model extension: beyond Cobb-Douglas production func-

tions

Appendix C shows that our main theoretical results do not hinge on the Cobb-Douglas produc-
tion. Instead, they hold for any well-behaved production function with an arbitrary number of
inputs, provided that it satisfies (i) constant returns to scale and (ii) Hicks-neutral productivity.
Under these conditions, the quantitative strategy for TFP decomposition described in Section 3
remains valid. Specifically, given the shape of the productivity distribution, decomposing TFP
requires targeting only two moments: (i) aggregate TFP, A(), and (ii) the cost-weighted aver-
age markup, p. The calibration proceeds exactly as before, following the algorithm described in
Section 3.1. Importantly, the existence and uniqueness results established for the Cobb-Douglas
case in Appendix B continue to hold in this more general setting. In short, the mapping from
the average markup u to allocative efficiency {2—and hence the entire TFP decomposition—
remains unchanged.

The only substantive difference introduced by this generalization concerns the empirical
computation of the target moments. Aggregate TFP is still identified as a residual from the
aggregate production function, although its numerical value depends on the chosen functional
form. Likewise, the cost-weighted average markup p continues to be pinned down by the ratio
of the labor elasticity of output to the labor income share. However, while in the Cobb-Douglas
case this elasticity is constant and equal to 1 — «, under more general technologies, it depends

on relative factor quantities.?8

Z8Naturally, computing these moments requires calibrating the production function. In Section 3.3, we discuss
how this calibration can be performed using cost data in the Cobb-Douglas case, where o = K:i’"Lw. Appendix
C.3 shows how a similar cost-based approach extends to the generalized production function.
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10 Conclusion

This paper develops a tractable Cournot framework that shows how standard macroeconomic
data can be used to discipline models of market power and misallocation. We implement this
framework to decompose aggregate TFP into technology and allocative efficiency components
for up to one hundred countries over the period 1950-2019, and use this decomposition to revisit
key facts of economic growth.

At the world income frontier, proxied by the United States, we find that misallocation plays a
limited role in shaping long-run TFP growth but can have sizable effects over shorter horizons.
During the 2000-2007 period, for instance, the US experienced rapid technological progress
alongside declining allocative efficiency, consistent with the view that the diffusion of infor-
mation technology generated productivity gains, but these were concentrated among a subset
of highly productive firms. More broadly, allocative efficiency accounts for a substantial share
of the variation in TFP growth across subperiods, whereas the growth rate of the technology
component is relatively stable over time, hovering around 1 percent per year, except for two no-
table episodes—1954-1973 and 2000-2007—during which technological progress accelerates
to roughly 2 percent per year.

From a cross-country perspective, accounting for misallocation improves our understanding
of income differences. Both success measures from the development-accounting exercise in-
crease when allocative efficiency is included in the explained component. The gains are larger
for the first measure—which is based on the variance of the explained component—and, for both
measures, under higher values of the Pareto shape parameter k. Nevertheless, these improve-
ments do not fundamentally overturn the central conclusion of the development-accounting
literature: most cross-country income variation remains essentially unexplained.

Finally, we find little support for convergence in income or aggregate TFP. The absence of
TFP convergence reflects a lack of convergence in the technology component, while we find
suggestive—but not uniform—evidence of convergence in allocative efficiency. This pattern is
consistent with the view that barriers to international technology diffusion persist over long peri-
ods, limiting convergence in productivity and income, whereas within-country forces—such as

competition or market integration—may gradually reduce market-power-driven misallocation.
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Appendices

A Model: proofs and derivations

Section 2 presents the model with a focus on its economic content, omitting formal proofs
and derivations. The objective of this appendix is to provide those results. In what follows,
let g,(A) = 5 f’g&) denote the density function of active firms—i.e., for A € [A, A]—with
cumulative distribution function G,.

As a first step, we present a simple but useful mathematical result that serves as a building

block for several key results of the model.

Proposition A.1 Let h be a function of A such that (i) 8}5(2) = 0 and (ii) E, (h(A)) is well
defined. Then,

OB (MA) _  4) B, (h(A)) — h(A)].

Proof. Given a function h satisfying the two conditions in the statement,

S n(A)g(A)dA

OF, (h(A)) _8{— @ ] ~h(A)g(4) (1 = G(A) + | [ H(A)g(A)dA| g(4)

oA 9A [1-GA)°
=ga(A) [E, (h(A)) — h(A)],

OEq (h(A))

a[ I h(A)g(A)dA]

where we use the fact that A = —h(A)g(A), since h does not depend on A. m

A.1 Solving for the equilibrium allocation

Using Equation (6) for any active firms ¢ and 7, and noting that goods are homogeneous with

equalized prices across firms within a sector, we can show that
Ai(n—si)=A;(n—s;), (A.1)

where we drop the sectoral subscript since, as argued in Section 2, sectors are ex ante and

ex post equivalent. Rewriting it as 5t = -1 — - (7 — s;) and summing in j over all active
J J Qg

firms—that is, all firms j with A; > A—we obtain:

1 1
W) = NEaga <1 - Ea<Ai/A>) ' (A2)
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Equation (A.2) implies that not all firms can be simultaneously active when N becomes
sufficiently large: if N, = N — +o00, then s(A) < 0, since A < A. Formally, some firms must

remain inactive if NV exceeds the threshold N, which, from Equation (A.2), is given by

1 1 - 1

In equilibrium, under low barriers to entry, we have N > N and, consequently, some low-
productivity firms remain inactive—that is, A > A. This implies that s(A) = 0, as formally

stated in the next proposition:

Proposition A.2 For N > N, s(A) = 0.

Proof. It is sufficient to show that, for N > N, there exists a productivity cutoff A € [é, Z] such
that s(A) = 0; after all, in that case, neither s(A) > 0 nor s(A4) < 0 could be an equilibrium.
The existence of such A follows from three results: (i) s(4) < 0as A — A; (ii) s(A) > 0
as A — A; and (iii) s(A) is continuous in A. The first result holds because (a) N > N
implies not all firms can be active simultaneously, and (b) s(A) is increasing in A € [A, A].
The second result follows directly from Equation (A.2): as A — A, we have s(A) — 1/N, =
1/[N(1 — G(A))] — +oo. The third result holds because both N, = N(1 — G(A)) and
E.(1/A) are continuous in A; the continuity of the latter stems from its differentiability in A,

as established by Proposition A.1. =

Finally, plugging s(A) = 0 into Equations (A.1) and (A.2), we obtain the expressions shown

in Section 2:

s(A;) =n (1 - A/A;) (7

1
=Ny L= E. (A/A)] ®)

A.2 Entry and the productivity cutoff for active intermediate firms

Equation (8) implicitly defines the productivity cutoff A as a function of the total number of
firms N. The next proposition shows that this function is well defined for N > N, with A

increasing in N—that is, greater entry raises the cutoff A.

Proposition A.3 Equation (8) implicitly defines the productivity cutoff A as an increasing and
well-defined function of the total number of firms N, for N > N. In particular, as N — 400,
we have A — A.
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Proof. Equation (8) can be rewritten as f(A) = (nN)~!, where f(A) = (1-G(4)) [1 — E, (4/A)].

The derivative of this function f is given by

O ()1 B (4] — (1~ () [Ba (1/4) + Agu(4) (B (1/4) ~ 1/4)
ag—(AA) =—(1-G(A)E, (1/A) <0,

where the first line uses Proposition A.1 with h(A) = 1/A. Since f is decreasing in A, any
increase in N must be offset by a higher A to maintain Equation (8) in balance.

To show that a solution exists for all N > N, note first that the equality holds by construction
for N = N (see Equation (A.3)), when A = A. Forany N > N—and hence A > A—asolution
exists because (i) f is continuous in A, as implied by its differentiability, and (ii) f(A) — 0 as
A — A, since both G(A) and E, (A/A) converge to one in that limit.?

Finally, it remains to show that A — A as N — +oo. Note that in this case, f(A) — 0 to
satisfy Equation (8). But we have just shown that this occurs precisely when A — A. Then, the
result follows directly, since A is a well-defined function of N. m

While A increases with [V, the relationship between N and N, is less clear. From Proposi-

tion A.1, we have

9K, (4/A)

T =Ea (1/4) = gu(4) [1 = B (4/4)],

which may be positive or negative depending on the distribution. What we can ensure is that
N, — 400 as N — +o0; otherwise, Equation (8) would not hold, since E, (A4/A) — 1 in this

case.

A.3 SOC for profit maximization of intermediate firms

The profit of an intermediate firm 7 in sector s is given by 7, = (ps — M Cy;) Y, where py is

determined by the inverse demand function (2)—i.e., ps = (Y/ Ys)l/ . Consequently,

aﬂ-si

gy =~ (L/mpsssi+ (ps = MCy) (A4)
827T5i 1 .
gry — LM/ 0+ DpY, se = 2(1/n)p.Y, (A.5)

which implies the following second-order condition (SOC):

2n

si< . A6
° 1+n (A.6)

PTo see that E, (A/A) — 1as A — A, note A/A =E, (A/A) < E, (4/A) <E, (A/4) =1.
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To assess this condition, we consider the model solution for the market share of an active
firm (Equation (7)), derived in Appendix A.1. Using this expression, we show that the SOC
holds for low n > 0, consistent with the assumption used to ensure a high number of active
firms. The next proposition states this low-n condition more precisely, where, once again, we

drop sectoral subscripts since sectors are equivalent in equilibrium.

Proposition A.4 The SOC for profit maximization of intermediate firms holds if n € <0 Hé/A}

T1-A/A T

Proof. To ensure the SOC (A.6) is satisfied, we require = G > Si- From Equation (7), we have
s; < m (1 — é/A), which is a strict inequality since A > é due to N > N. As a result, the
SOC holds for every active firm if

2 1+ A/A
>n(1—A/A) sp< — =2
g 20 /)_”7—1—,4/,4

Since 1 > 0 by assumption, the result follows. ®

Itis worth noting that — A; = > 1; therefore, the SOC always holds for 7 € (0, 1]. Forn > 1,
the SOC is satisfied only if the elasticity is not too large—that is, only if € (1, %). This

result may seem surprising, as in oligopoly models the condition n > 1 is typically sufficient
for the SOC to hold. The key difference here lies in the assumption of a continuum of firms.
In the discrete case, market shares always satisfy s; € (0, 1), which ensures that the SOC holds
for n > 1, since ; f > 1 in this case. However, in the continuous case, s; behaves like a
density function and may exceed one. In fact, one can show that, for a given N, s(A) — +o0
as 7 — +o00. To see this, note from Equation (8) that A — A as 1 — 400, which implies that
NEq(1 — AJA) = 5 = ya—gay — oo Since (1 — AJA) > E,(1 — A/A), it follows that
s(A) =n(l—A/A) — +oo as n — +oo.

A.4 Optimal use of inputs by intermediate firms

Intermediate firms use inputs optimally, taking the same rental prices as given. As a conse-

quence, from the FOCs of the cost minimization problem of an active firm 7, we have

MPL, MPK, ' (1—a), aY,

(A7)

w r wl; rK; o K, w «

L rl—a’

where M PL; and M PK; denote the marginal products of labor and capital for firm i, respec-

tively. Thus, every active firm chooses the same capital-labor ratio. Consequently, from the
above expression, for any firm j and active firm 7, K; = %Lj, which implies

K; K KL

Oki = — = = =
K foN Kjdj foN IL(_ZLjdj foN Ljdj

L;
T Or;. (A.8)
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This allows us to define 0; = 6, = O; for every firm ¢. Given this, we can rewrite Equation
(A.7) as

o Kir B 0, Kr . Kr (A.9)
C Kgr+Liw  0;Kr+6;Lw  Kr+ Lw’ '
meaning « equals the cost share of capital.
A.5 Allocative efficiency: derivation and properties
From Equations (4) and (5), we obtain:
N —
Y = / A KL di = AQK* L', 9)
0
where K = [" Kidi, L = [, Lidi,and Q = [’ 63,6, (4;/A) di.
Moreover,
Y;  AKSLITY A —s(AY)
Ai =— L =" ‘91 = AQ : A.10
W) =7 = Joker= 0 A (A10)
— 1
AQ = , (A.11)
fON s(:ii)dz

where we use (5), (9), and Ox; = 0;; = 0; (Equation (A.8)) to get (A.10), while (A.11) is ob-
tained by summing (A.10) over all firms. Therefore, as in Edmond et al. (2015, 2023), aggregate
productivity is a quantity-weighted harmonic mean of firms’ productivity.

Finally, substituting Equations (7) and (8) into (A.11), we obtain the expression presented
in Section 2:

B, [(4/A)(1 - 4/A)

YL (@A) (1 4/A)

(10)

Using these results, we demonstrate three important properties of allocative efficiency, as

summarized in the following proposition:

Proposition A.5 Allocative efficiency Q satisfies (i) Q € (0, 1], (ii) Q — 1 as A — A; and (iii)

.o . . 80
Q is increasing in A as a1 > 0.

Proof. (i) That Q € (0,1] follows directly from Equation (10), given that A € [A, A] for
all active firms. Alternatively, we can use the definition 2 = fON 09,01 (A;/A) di, since it
implies €2 > 0 and €2 < fON 0%.0;,%di < 1. To verify this last inequality, use the fact that
05,017 = exp (aln(0x;) + (1 — @) In(0r;)) < exp [In(afx; + (1 — a)01)] = abg; + (1 —

«)fr;, applying Jensen’s inequality (since In is concave) and noting that exp is increasing.
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(ii) To establish that Q — 1 as A — A, note from Equation (A.11) that

1= [T san@Ama <07 < [ sy =T/

which implies 1 < lim, Q™ <lim, 5 A/A = 1. Therefore, lim, .z Q = 1.
(iii) To show that €2 is increasing in A, differentiate Equation (10) with respect to A:

90 | Ea(1/A) - A% [B,(1/4) - AE,(1/4%)]

04 A[E,(1/4) - AE,(1/4%)

[1— AF,(1/4)] | 2500 — B(1/42) - A%
A[Ea(1/A) - AB,(1/42)]

00 Tl [AE,(1/42) — AB,(1/A) — 1+ AE,(1/A)] + A% [1 — AR, (1/A)]
9A A[E.(1/A) — AE,(1/A2)]
E.(1/A) [Eq(1/A) — AE,(1/A%)] — [1 — AE,(1/A)] E(1/A?)
Z[Ea<1/‘4) - AEa<1/A2)]2

90 P (B [(4/A4)%] — 1) — A% [B,(4/4) — 1]
0A A[El(1/4) — AE,(1/42)]?
+ Ea(l/A2> - [Ea<1/A>]2

Z [Ea(l/A> - AEa(l/AQ)]2

0 _ga(A) [Ea (1/A) — (1/A)]{Ea [(4/A4)%] — 1} — Aga(4) [Ea (1/A%) — (1/A%)] [Ea(4/A) — 1]

DA A[Eq(1/A) — AE,(1/A2)]?
Var,(1/A)
A[E.(1/A) — AE,(1/A2)

o {ga(é)} [Ea (A/A) — 1J{E, [(A/A)°] — 1} — {E [(A/A)’] — 1} [Ea(A/A) — 1]
aA A Z[Ea<1/"4> _AEa<1/A2)]2
Var,(A/A)
Z{Ea(A/A) - Ea [(A/A)Q]}2

0 Var,(A/A)
0A  A{E,(A/A) - E,[(A/A)2)}

where Var,(h(A)) = E, (h(A)?) — [Eq(h(A))]* and we use Proposition A.1 to obtain expres-

OBa(1/A) oo q OBl 1/A)
0A

sions for in the fourth line. Thus > 0. m
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It is worth mentioning that the first two results are not specific to the Cournot model; they
rely essentially on the assumption of homogeneous goods. First, the property Q2 € (0, 1] fol-
lows directly from the fact that 2 measures the distance between actual TFP, AQ, and its op-
timal level, A. This fact depends solely on the assumption of homogeneous goods, which is
precisely what allows us to derive this property from the definition of 2. Second, we showed
that Q@ — 1 as A — A using Equation (A.11), which requires only (i) homogeneous goods
and (ii) optimal input use. Since the optimal allocation is independent of the specific form
of firm behavior, this result does not even require optimal input use; it is sufficient that firms
with the same productivity level behave identically. In this case, for any active firm ¢, we can
write Or; = Ok (A;) and 0;; = 01(A;), which implies 0x; = 1/N, = 0y, if all firms are
equally productive. Under these conditions, the second property of €2 follows directly from
its definition, ) = fON 0%,01;“ (A;/A) di = N, fAZ O (A)*0L(A)' = (A/A) go(A)dA, since
Q= N, [M(1/N,) (A/A) gu(A)dA = 1as A — A.

A.6 Derivation of the cost-weighted average markup

Recall from Section 2 that

1(A:) = i = Ai/ A, (11
while the cost-weighted average markup is defined as p = fON (%) pidi = fON 0; i di.
Substituting Equations (A.10) and (11) into this expression yields
N —
— s(A) ] (AN, AQ
= AQ——=| | — | di = —. 12
=[] (3) -3 a

As Edmond et al. (2023) point out, when firms share the same returns to scale, the cost-weighted
arithmetic average markup is equivalent to the sales-weighted harmonic average markup. Since,
in our model, all firms operate under constant returns to scale, this equivalence also holds here.
To see this, use Equations (A.10) and (11) to obtain

AQ s : AQ
ot a7,
A i i

which then implies
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A.7 Expected profit of an entrant: derivation and properties

As argued in Section 2, the expected profit of an entrant in our model equals the average profit

of incumbent firms, 7. Recalling that p; = 1 and Y; = Y for all sectors s, we have:

7 =G(4) x 0+ (1 - G(A)) x B, [(1 - 1/u(A)) s(A)Y]

7 =(1—G(A) (AQK“L'*) nE, [(1 — A/A)?]
P =KL (1 - G (1 - 44 A0, | LA AE L A
reren (B0, (13)

where we use, in the second line: (i) Y = AQK“L'~® (Equation (9)), (i) u(A) = A/A
(Equation (11)), and (iii) s(A) = n (1 — A/A) (Equation (7)); and in the final line: (i) N~! =
. .. Eo|(A/A)(1-A/A .
n(1—-G(A))[1 — E, (A/A)] (from Equation (8)), and (ii) 2 = Ea[[(éjA;(kA;Ai]] (Equation (10)).
Equation (13) implies that 7 may be non-monotonic in N because both A and (2 increase

with N (Propositions A.3 and A.5).° In words, while a higher N exerts downward pressure
on expected profits through standard competition effects, it also improves allocative efficiency,
which raises sectoral output—i.e., market size—and thereby positively affects expected prof-
its. Figure A.1 illustrates this possibility using a uniform productivity distribution, where we
normalize A = K @L'=® = 5 = 1 and set A = 30. This non-monotonicity appears only un-
der extreme scenarios characterized by very high productivity dispersion among active firms.
In this simulation, 7 is increasing only for N close to N, when the productivity cutoff A is
near A, the cost-weighted average markup p exceeds 8, and allocative efficiency €2 is below
0.4.3! Intuitively, when misallocation is severe, a marginal increase in N can yield a sufficiently
large improvement in allocative efficiency to offset the effect of intensified competition, thereby
raising 7.

Hence, the monotonicity of 7 cannot be guaranteed. However, we can establish two key

properties of this function, as stated in the following proposition:

30The potential non-monotonicity of 7 stems partly from our assumption that entry costs are purely pecuniary
and do not absorb real resources (e.g., labor or capital). As a result, increased entry expands aggregate output by
reducing misallocation without crowding out production inputs—thereby isolating the pure effect of misallocation
on entry and output. Introducing an entry cost denominated in labor, as in Edmond et al. (2023), would strengthen
the negative impact of entry on expected profits. However, such a specification does not guarantee the monotonicity
of 7; the outcome would ultimately depend on the parameter calibration.

3 Empirical evidence from firm-level data indicates that cost-weighted average markups u above 8 are extremely
rare. See De Loecker et al. (2020) for the US (1955-2016), Traina (2018) for the US (1950-2016), Baqaee and
Farhi (2020) for the US (1985-2015), and De Loecker and Eeckhout (2018) for 134 countries between 1980 and
2016. For instance, De Loecker and Eeckhout (2018) find that global cost-weighted average markups are always
below 1.6. The sales-weighted average markup—which tends to overstate 1 (Edmond et al., 2023)—remains below
2 across global regions (Europe, North America, South America, Asia, Oceania, and Africa) and below 4 for the
40 countries presented in their Appendix A.

46



8.45 1

8.40

8.35 1

8.30

8.25 A1

8.20 1

Average profit of incumbent firms 7

8.15 A1

8.10

1.15 1.20 1.25 1.30 1.35
Total number of firms N

Figure A.1: Average profit of incumbent firms 7 versus total number of firms V.

Proposition A.6 The average profit of incumbent firms, T, satisfies: (i) T is continuous in N,

and (ii) as N — +oo—i.e., in the limit of perfect competition—n — 0.

Proof. (i) The continuity of 7 follows from the fact that, in Equation (13), it is a composition
of continuous functions of N: namely, A, ), and N itself. To see that A and 2 are continuous
in N, note that € is differentiable in A and A is differentiable in /N, as shown in the proofs of
Propositions A.5 and A.3, respectively.

(i)) As N — —+o0, Proposition A.3 implies that A — A, which in turn leads to 2 — 1, as
established in Proposition A.5. Consequently, AQ — A — A — A = 0as N — +oo, which
yields the stated result via Equation (13). m

A.8 Free-entry equilibrium: the general case

If 7 decreases with N—as assumed in the main text—it follows directly that the equilibrium
condition f, = 7 implicitly defines N as a decreasing function of f.. However, as discussed in
Appendix A.7, the monotonicity of 7= cannot be guaranteed, so the values of NV satisfying f. = 7
may not be unique. We address this possible multiplicity by selecting the largest such N—a
choice consistent with the notion of a free-entry equilibrium, as it ensures that no profitable
entry opportunities remain. Interestingly, this procedure not only defines N as a well-defined

function of f. but also ensures that this function is decreasing, despite the potentially ambiguous
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effect of NV on 7. Thus, the result is not specific to the monotonic case; it holds in general, even
when 7 is non-monotonic.

This result is formalized in the next proposition. Before proceeding, recall from Section 2
that fe denotes the average profit of incumbent firms when N = N and, therefore, A = é
Formally, from Equation (13):

i =Ko m—fé (A.12)
[ N )

- _ E[a/A)-4/4)]
where () = E[(4/4)(1-A/4)]

Proposition A.7 By selecting the largest total number of firms N that satisfies the condition
fe = 7, we implicitly define N as a well-defined and decreasing function of f., where this
function N : (0, f.) = (N, 4+00). In particular, N — +oo as f. — 0.

Proof. By construction, N is a solution to f, = 7. Therefore, for any f, € (0, fe), the equation
fe = 7 admits at least one solution, since (i) 7 is continuous in /N, and (ii) 7 — 0 as N — 400
(by Proposition A.6). If the solution is not unique, we select the largest such N, ensuring that
N is a well-defined function of f.. Furthermore, this function is decreasing: a lower f, must
correspond to a higher /V; otherwise, it would imply that the lower f, fails to intersect 7 for any
larger IV, contradicting the properties of 7 stated in Proposition A.6.

Finally, the codomain of this function is (N, +00)—i.e., N(f.) > N for any f. € (0, f.)—
because (i) N ( fe) > N—holding with strict equality if the solution to f. = 7 is unique—and
(ii) N(f.) decreases with f., as just established. Moreover, since 7 — 0 when N — +00
(Proposition A.6), it follows directly that N — 400 as f. — 0, given that we select the largest
N satistying fo = 7. =

A final comment is in order. In the main text, we assumed for simplicity that 7 decreases
with IV, in which case N > N—as implied by our low-barriers assumption—if and only if
f. < f.. In the general, possibly non-monotonic, case, the condition f, < f. remains sufficient
to guarantee that N > N, since (i) N(f.) > N, as N(f.) is the largest N satisfying f, = 7—
which necessarily holds for N = N by construction, and thus N(f,) = N in the monotonic
case, when the solution to fe = 7 is unique—and (ii) N(f.) decreases with f., as established
in Proposition A.7. However, this condition is not necessary, since an f, greater than f. may
still imply N > N. This result is illustrated by the exercise with a uniform distribution shown
in Figure A.1.
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B Calibrating the productivity bounds among active firms:

conditions for exact moment matching

Given the shape of the productivity distribution, determining the productivity bounds among
active firms—A and A—is sufficient to compute the key model outcomes, such as allocative
efficiency €2. Section 3.1 proposes calibrating these bounds by targeting (i) aggregate TFP, A,
and (i1) the cost-weighted average markup, p. These two target moments directly pin down the
lower bound, since Equation (12) implies A = AQ/p.

The difficulty, then, is to recover the upper bound A, since it requires solving

. 1 _Ea (A/A)
" TR @A) - AJA)]

(14)

This appendix studies the existence and uniqueness of a solution to this equation. Formally,
we show that under certain conditions, Equation (14) implicitly defines A as a well-defined
function of p. This result—made possible by the tractability of our model—guarantees an exact
match of both target moments.

We proceed by first deriving conditions that apply to any continuous truncated distribution
defined for any A € (A, +00). We then specialize this general framework to the case of a Pareto
distribution with shape parameter £ # 0. Within the Pareto case, we also examine the limiting

behavior of allocative efficiency 2 as k — —oc.

B.1 Arbitrary distribution

Assume that A € [4, A] is distributed according to a density function g, with cumulative dis-

tribution function G, for any A satisfying 0 < A < A < 4o0. Then, for A € (4, A), the

density over the interval [A, A] is given by g,(A) = 5 fg&)

> 0, with associated cumulative
distribution function G,,.

Since both g and g, are defined for any A € (A, +00), we further introduce a density § and
its corresponding cumulative distribution function G over the extended support A € [A, ﬁ} ,

A4 — 94

for some A > A, such that g,(A) = e
Proposition B.1 Let h be a function of A such that (i) 82%4) = 0 and (ii) E, (h(A)) is well
defined. Then,

OEq (M(A) _ = 137
e = 0u(A) [A(A) — B, (h(4))].
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Proof. Given a function A satisfying the two conditions in the statement,

oy O || aee@oa - [ aeosai s
oA A B G(A)2

OB, (h(A) o

Pa A g, G0 1) — B (1)),

a[ I h(A)g(A)dA]
0A

A

where we use the fact that = h(A)g(A), since h does not depend on A. m

oy 8_“
Proposition B.2 == > 0.

Proof. Differentiating Equation (14) with respect to A yields:

SN, (4/4)(1 — A/A)) - Ba(1 - 4/4) { g _ 2l

8_,u B 0A 0A 0A
04 {E. [(4/A)(1 = 4/A)F

o _ AR (1 - 4/4) - B, 11— (4747

04 (B [(A/A)(1 - 4/A)]F

O _ g (@) [1 = (A/AP] Ea (1= A/A) + u(A)(1 = A/DE, [1 = (A/AP]
04 {E. [(4/A)(1 = A/A)Y

O gl = AFAE, [(1 - A/A) (4/A— A/A)

04 {E. [(4/A)(1 = A/A)Y |

O, (A/A) OE[(A/A)?]
o and 55— - The final expres-

sion is positive because (1 — A/A)(A/A — A/A) > 0 forall A € (A, A). This completes the
proof. m

where the third line uses Proposition B.1 to compute

Proposition B.3 limz , ,+ = 1.

Proof. From Equation (14), we can bound p as follows:

_ B.(1-4/4) <y = E.(1-A/A)  _  E.(1-A/A) 1
Eo [(A/A)(1—A/A)] =" Ead[(A/A)(1 = A/A)] ~ E, [(A/A)(1 - A/A)] 4.

Hence, 1 < pu < A/A, implying that limg 4+ p=1 m

Proposition B.4 Equation (14) implicitly defines the technology frontier A € (A, +00) as a
continuous, increasing, and well-defined function of the cost-weighted average markup i, for
JINS (1, limz_, ,u). However, if p > limz_,  p1, there exists no A € (A, +00) that solves
Equation (14).
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Proof. First, ;1 is continuous and increasing in A € (A, +00), as it is differentiable with g—% >0
(Proposition B.2). This implies that x is a one-to-one function of A. Second, by Proposition
B.3, we have limz _, 4+ © = 1. Thus, since p is continuous and increasing in A, its image is
(1, limz_, ,u). As a consequence of these two results, the inverse mapping from y to A is
also continuous, increasing, and well-defined for p € (1, limz_, o y), with A € (A, +o0).

Moreover, the same two results imply that no A € (4, +o0) solves Equation (14) for any

po=limyg . m

B.2 Pareto distribution of firm productivity

Assume that A € @, Z] C (0, +o0) follows a truncated Pareto distribution with shape param-
eter k, implying

AV AR
g(A) =k (ﬁ) Ak (B.1)
A" AvA A
G(A) = Z’“_ - (B.2)

This distribution is well defined for any k # 0, as g(A) > 0 forall A € [A, A] and G(A)

In particular, when k£ = —1, it corresponds to the uniform distribution.

1.

It is straightforward to verify that A € [A, m also follows a truncated Pareto distribution

with the same shape parameter £, since its density is

A AR A" A
ga(A) = 15’(—(@ =k (ﬂ) AL =k < - ) AL (B.3)

where A = A/A > 1.

Proposition B.5 Ler A € @, Z] follow a truncated Pareto distribution with shape parameter
k, with k # 0. Then, for any integer j > 1,

(%) (4555) irk+i#0

Ba [(4/4Y] = (S )mAd  ik+j=o0.

Ak_1

Proof. Let k£ # 0 and j € N\ {0}. From the truncated Pareto density (B.3), if k + j # 0,

A i A* i q* AR p—k—g
E, [(A/A)] = / k[ A4 grimiga = (A4 A 4
A Ak —1 Ak 1 —k—

oA N (Ao k(A
Ea[(A/A”—k<Ak_1> ( "k >_ (k+j> <[1k+j_[1j),
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while,ifk—l—j:O,Ea[(A/A)j]:f§k<A§i1>A1dA ( )lnA .

Proposition B.6 Let A € @, Z] follow a truncated Pareto distribution with shape parameter
k, with k # 0. Then,

pioy AZ(Ak— 1)—kA(A 1) .
( 2 )A D)1 (A-1) ifk #0,—1,
- ( 1)— lnA . _ _
= i (2 ifk=-1
1) _(A-1)? 1
(5 (A—1)—-In A ifk =~

Proof. If £ = —1, using Proposition B.5 in Equation (14),

-4 (A-1)—InA

()M()

If £ = —2, from Proposition B.5 and Equation (14),

’1
b

. 1—2(A2 1> ) _ (1) (,212—1)—2(,21—1):(1) (A(A_m?

—Q(g_—ll)_Q(j‘S—i 2) (A-1)-mA 2) (A—1)—InA’

2 2
Finally, if £ # 0, —1, -2,

_(k+2)

FTE ) e (E) — ke ()
k42 (k+1) Ak+2_A2>_k<~k+2_A>

M:( k )(k+2)(Ak+2—A>—(k;+1)([1k+2—1)
k+2\ A2 4 kA — (k+1)A2

M:( k )Ak+2+(k+1)—(k+2)21

k4o Az(Ak_l)_kA(A_l)
( )A(Akﬂ_l)_(kH)(A_l)’

where we once again use Proposition B.5 and Equation (14). =

Proposition B.7 Let A € @, Z] follow a truncated Pareto distribution with shape parameter
k, with k # 0. Then,

. 2 ifk >0
m p=

A=too +oo ifk <.
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Proof. Initially, note that limz_, , ¢ = limg_, _ p, since p is solely a function of A=4/A
(see Proposition B.6). Thus, it is sufficient to compute lim 5_, .

If £ > 0—so that k& + 7 # 0 for any integer j > 1—then Proposition B.5 implies

| e
lim B, [(4/A7] = () i (222 2 K
Aortoo k4+7) Aot \ 1 —A°F k+j

which, combined with Equation (14), yields

lim = =g _G+2)[(k+1)—k _k+2
Aotoo Pr -y kk+2) = k(k+1) k

If k£ < 0, Proposition B.5 gives the following limits, for £ + j # 0 and k + j = 0, respectively:

: k Ak — A
lim E, [(A/A)| = —— | li — | =0
B laray] (kﬂ)ﬁw( O )

lim E, [(4/A)] = (jim _ i > lim hf—A = —k| lim 1{—‘4 =0,
A—+oo A——+oo Ak -1 A—+oo A_k A—+oo —k?A_k_l

where we apply L’Hopital’s rule in the last line. As a result, from Equation (14), lim 5,  u =

+oowhenk < 0. m

Proposition B.8 Ler A € @, Z] follow a truncated Pareto distribution with shape parameter
k, with k # 0. Then, Equation (14) implicitly defines the technology dispersion A= (A/A) €
(1,+00) as a continuous, increasing, and well-defined function of the cost-weighted average
markup L, for all y satisfying (i) p > 1, and (ii) k < % However, if n > 1 but k > %—a
case that can arise only when k > 0—then no A € (1, 400) solves Equation (14).

Proof. From Proposition B.4, Equation (14) implicitly defines A € (A, +00) as a continu-
ous, increasing, and well-defined function of u, for p € (1, lim_, Yoo u). However, if y >
limg . 1o A € (A, +oo) solves Equation (14). From Proposition B.6, in the Pareto case,
1 depends only on A= A/ A (given k # 0), so the same properties carry over to Ae (1,400).

Moreover, using Proposition B.7, the condition p € (1, limz_, ,u) can be rewritten as:
M p>1ifk <0,and ()1 < p < B2if & > 0. Note that 1 < p < =2 implies

k < %, which is automatically satisfied when £ < 0 and p& > 1. Therefore, for any k£ # 0,

the condition ;1 € (1, limz_, ,u) holds if and only if x > 1 and k£ < ﬁ Consequently,

,uZlimZ_Hroou>1arisesifand0nlyk2l%>0. |

Figure B.1 illustrates the results of Proposition B.8, plotting A against p for truncated Pareto
distributions with £ = 3, 5, and 9, as well as for the uniform distribution (corresponding to

k = —1). It is worth noting that the condition k < ﬁ always holds if £ < 0 and p& > 1. Thus,
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the function fl(u) is well defined for any ;1 > 1 when k < 0—a result illustrated in Figure B.1
for the uniform case (k = —1).
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Figure B.1: Technological dispersion A = A/ A versus average markup /.

This ensures the feasibility of calibrating the productivity bounds among active firms even
for highly negative values of k. However, an important question concerns the behavior of
allocative efficiency {2 under these extreme conditions—a topic addressed in the concluding

proposition of this section:

Proposition B.9 Ler A € @, Z] follow a truncated Pareto distribution with shape parameter
k, with k # 0. Then, lim_, ., ) = 1.

Proof. From Proposition B.5, for any given integer j > 1, we have:

, k AR+ 1 ~
lim E, [(A/Aﬂ — { lim <—)} lim (| =———= || =A4"".
k——o0 k——co \ k + ) k——oo \ Ak+i — AJ
Consequently, it follows from Equation (10) that
1 - At(1-Aa)
lim Q= lim |1~ Fa (4/4)] = ~ =1

e T, (/) ~ B A7 T A oA

where we use that lim,_,_.. E, [(A/A)] = A7 forj =1,2. m
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C Model extension: beyond Cobb-Douglas production func-

tions

In this appendix, we show that the model can be readily generalized by allowing intermediate
firms to operate under an arbitrary well-behaved production function with A > 0 factors of pro-
duction, provided that it exhibits (i) constant returns to scale and (ii) Hicks-neutral productivity.

Formally, the production of firm 7 in sector s is now given by

Yo =Aaf(Fi .. F), (5"
where F Sjl > 0 denotes the quantity of factor j used by firm ¢ in sector s. The function f is
assumed to be (i) homogeneous of degree one, (ii) differentiable, and (iii) well behaved, in the
sense that the firm’s cost-minimization problem admits a unique interior solution for positive
rental prices.

We discuss the derivation of the model under the general production function (5°) next. Be-
fore proceeding, however, it is useful to establish a preliminary result. Recall that intermediate
firms choose inputs optimally, taking the same rental prices as given. As a consequence, the
FOCs of the cost-minimization problem for a firm 7 in a sector s imply that, for any pair of

factors r and k,

v _ w W folFhe P BQLFR/Fh FMUFY)

= = —
MPFT, MPFk W, f(F1 Sy (1, F2) sz,...,Fg/Fsli)’

siv e

where w, > 0 denotes the rental price of factor r, M PF; denotes the marginal product of
factor r for firm ¢ in sector s, and f,. denotes the partial derivative of f with respect to its r-th
argument. The final equality uses the fact that f, is homogeneous of degree zero, since f is
homogeneous of degree one.

Setting r = 1,2,...,k — 1,k +1,..., M in Equation (A.7’) yields a system of M — 1
equations in the M — 1 unknowns F? / L. .., FM/FL. Since the cost-minimization problem
admits a unique interior solution by assumption, the FOCs characterize the optimum, implying
a unique solution to this system. Hence, because all firms face the same optimization problem,
they choose the same relative input mix—i.e., F7,/Fk = FT, i/ Fk ; for any firms ¢ and j, sectors

s and s, and factors r and k.

C.1 Derivation of the model

Given the similarity to the baseline model, we do not present the full derivation here. Instead,

we solely highlight the differences relative to the baseline Cobb-Douglas case.

Households. The household side remains unchanged.
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Final good producers. The original formulation remains valid, with Equations (1), (2), and
(3) still holding.

Intermediate goods producers. Firms’ production function is now represented by Equation
(5’), replacing (5). However, sectoral output Y, continues to be given by Equation (4). Since
marginal cost remains invariant to output, Equation (6) from the Cobb-Douglas case still ap-

plies, albeit with a distinct marginal cost function. Finally, the SOC remains as in Equation
1+é/2}

(A.6) and thus holds, as before, for low values of > (0—that is, for any n € (O, T

shown in Proposition A.4.

Equilibrium allocation. From the result established at the beginning of this appendix, based
on Equation (A.7’), we have F[;/Fl, = F.;/F and MCy; = b = L

MPF¥ Asifx(LFZ/FL, . FM/FL)
for any firms ¢ and j, sector s, and factors r and k. Consequently, 5; M C“ = ig? , as in the baseline

Cobb-Douglas case, implying that Equations (A.1), (A.2), (A.3), (7), and (8) remain valid.

Aggregate productivity and misallocation. The aggregate production function is no longer

given by Equation (9). However, given Equations (4) and (5°), the new expression is
N —
YZ/ Az’f(ﬂlw"aFiM)di:AQf(Fh'”aF]VI)a )
0

— N g N f(F}...,FM) -\ -
where I, = [ Fidiand Q= [" 7755 (A;/A) di.

As established at the beginning of this appendix, cost-minimization implies that every active

firm 7 selects the same relative input mix, so that

kL k F-T
Er F =5 Fi =g Fk
0, i = L = I (A8")

N - FT F N .
I Bdi Y Erpedi fy F’“ ) ERd

for each pair of inputs r and k. This allows us to define 0; = 01; = 0y; = - - - = 0,,;. As aresult,
using Equations (5) and (9’), we obtain
\ 7 Aif(eiFla--weiFM) A;i0; s(Ai)

— 24 — 0, = AQ
Y AQf(Fy, ..., Fy) AQ A;

s(4;) = (A.10%)
which is identical to Equation (A.10). As a consequence, the aggregate TFP A() continues to
correspond to the quantity-weighted harmonic mean of firms’ productivity shown in Equation
(A.11), with allocative efficiency (2 still given by Equation (10), and thus retaining the same

properties as in the baseline model.
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-1
Markups. Since Equations (7) and (A.10) still hold, firm 7’s markup, p; = (1 — ﬂ) , and

n
M k
Zkzl Ffwy
M
Zk:1 Frwy

the cost-weighted average markup, p = fON ( ) pidi = fON 0;11;di, continue to be

given by Equations (11) and (12), respectively.

Entry decision and free-entry equilibrium. Equations (13) and (A.12) remain valid if the
Cobb-Douglas composite of aggregate inputs, KL=, is replaced by the new composite,
f(Fi,..., Fy). Formally,

AQ— A
T :f(Fl,. ,F]V[) ( N _) (13’)
; AQ— A
fe:f(Flv"'aFM)< N_>7 (Alz’)

where  is defined as before.3?

C.2 Quantitative strategy for TFP decomposition

The model’s solution for the target moments—aggregate TFP, AS), and the cost-weighted av-
erage markup, p—is identical to that in the Cobb-Douglas case, as given by Equations (10)
and (12). Consequently, the quantitative strategy for TFP decomposition described in Section
3 remains broadly valid. Specifically, given the shape of the productivity distribution, decom-
posing TFP requires calibrating only the productivity bounds A and A, which proceeds exactly
as before by applying the algorithm described in Section 3.1. Importantly, the existence and
uniqueness results established for the Cobb-Douglas case in Appendix B continue to hold in
this more general setting.

The only substantive difference introduced by this generalization concerns the empirical
computation of the target moments. On the one hand, aggregate TFP is still identified as a

residual from the aggregate production function, which is now given by Equation (9°):

Y

AQ:f(Fla---,FM)'

On the other hand, the cost-weighted average markup . continues to be pinned down by the
ratio of the labor elasticity of output to the labor income share. Formally, if labor is one of the

inputs, then for any intermediate firm ¢,

_Y;P LiMPL; _ar
Mi=Tw v, LS’

The derivation of Equation (13”) follows the same steps as in Appendix A.7, except that Equation (9’) is used
in place of Equation (9).
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t denotes the elasticity of output with respect to labor. As a result,

N NL, Yip prYdi ar,
= [ Oiypdi = — ) di = = = 15°
o= mai= () (g ) =™t = as)

_ L;MPL
- Y;

where o = LAl
1

Under the generalized production function (5°), computing «;, t requires informa-

tion on the relative aggregate quantities of factors, since

:Lifl(Li,Ff,...,FM) B [ E? Ly, ..., FM /L) (L /L, Fy/L)

7

ORI F, . FM) T f(LEF2/L,... . FM/L)  f(LF%/L,...,Fa/L)

where we assume that labor corresponds to input 1 and use the fact that all firms choose the
same relative factor quantities, as established at the beginning of this appendix. By contrast, in

the Cobb-Douglas case, o, is simply the exponent on labor in the production function. Indeed,

if f(L,K) = K*L'", we have a, = ];3((117}1((//5)) = (1_(‘;2/(2{)/QL)Q = 1 — «, which implies
e

p = 5, exactly as in Equation (15). Thus, unlike in the Cobb-Douglas case, ay, is not

generally time invariant under production function (5’), even if the parameters of the technology
remain constant. As a consequence, growth in the average markup p need not mirror growth in

the labor share.

C.3 Calibration of the production function

In the Cobb-Douglas case, cost minimization implies that « equals capital’s share in total factor

Kr
Kr+Lw

calibrated using cost data, as discussed in Section 3.3.3 A similar approach can be employed

costs, thatis, a = (Equation (A.9)). This property allows the production function to be

under the generalized production function (5°).
Formally, since y; = o /LS;, it follows that

Yip/ i Zkle 0; Fwy, Zkle Frwy,

ar, (A9%)

where we use the fact that F* = 0, F}, for any input k and firm i.>* As a result, the production

f1(L,Fa/L,....Fp /L)
f(l,Fg/L,...,F]w/L)

matches the observed labor cost share. Cost share data for other inputs can also be incorporated

function can be calibrated by choosing the parameters of f so that oy =

Frw,
M
> k=1 Frwg

. . . .. M
are informative, since by definition ) |~ o, = 1.

into the calibration by using o, = for all factors r. However, only M — 1 cost shares

3In models with input-output linkages, aggregate production elasticities generally depend on the production
network and cannot be recovered from aggregate factor cost shares alone (Bagaee and Farhi, 2020). In this ap-
pendix, we abstract from this complexity and strictly follow the simple structure of our model.

As expected, Equation (A.9’) is consistent with Equation (A.9): in the baseline case, 1 —a = a = Lw

Kr+Lw"*
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To illustrate this calibration procedure, consider the CES production function

o-175=1

Y, — A, [QK? +(1-a)L," |7, (C.1)

where o > 0 denotes the elasticity of substitution and o € (0, 1). In this case, the elasticity of

output with respect to labor is given by

A [eEDT 0 -a)] T e -«
FLEID) g v q-a)] ™ oE/D +0—a)

(C2)

ay,

As expected, oy, — 1 — a as 0 — 1, since the CES production function (C.1) converges to
the baseline Cobb-Douglas specification (5) in this limit. Hence, given data on K and L and
values for the parameters o and o, Equation (C.2) allows «a, to be computed directly, making it

possible to calibrate a and o by matching o, to labor cost share data.
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D Bounds for the capital elasticity

In a setting without input-output linkages—as in our model—cost minimization implies (up to

_Kr
Kr+Lw*

production elasticities generally depend on the production network and cannot be recovered

a first-order approximation) that o ~ 35 With input-output linkages, however, aggregate
from aggregate factor cost shares alone (Bagaee and Farhi, 2020). In either case, calibrating
« requires measuring capital costs, K7, which is challenging because national accounts do not
separately report capital expenses and economic profits.

Because estimating capital expenses is notoriously difficult, Vollrath (2024) proposes plau-
sible bounds for « in the US, based on extreme assumptions about capital costs. The upper
bound is obtained under the no-profit assumption—so that all value added not paid as labor
compensation accrues to capital—implying « = 1 — LS. The lower bound assumes instead
that capital costs account only for depreciation. In his baseline analysis, Vollrath (2024) com-
putes capital expenses under these extreme assumptions at the industry level and then uses
input-output information to recover aggregate production elasticities, following the framework
of Baqaee and Farhi (2020). He also computes the bounds directly from aggregate cost shares.
The no-profit upper bound necessarily coincides with 1 — LS (Baqaee and Farhi, 2020). This
equivalence does not hold under alternative assumptions about capital costs, but Vollrath (2024)
finds that the depreciation-based lower bound computed from aggregate cost-share data is only
slightly lower—by about 0.03 on average.

Motivated by these findings, we use PWT 11.0 to construct analogous bounds for the global
economy based on aggregate cost shares.’® Throughout the paper, we focus on non-oil coun-
tries and therefore exclude oil producers from these bounds.>’ Figure D.1 reports these global
bounds and compares them to the baseline US bounds in Vollrath (2024). The lower bound—
constructed under the depreciation-only assumption—is broadly similar across the two cases,
particularly after the 1980s. In our global estimates, it remains close to 0.20 until the early 2000s
and then gradually increases to about 0.25-0.27 by the 2010s. The upper bound—obtained un-
der the no-profit assumption—is higher for the global economy: it fluctuates around 0.35-0.38
in the 1950s and 1960s and rises steadily thereafter, reaching roughly 0.44-0.45 by the 2010s.
Overall, both bounds display a clear upward trend over time, consistent with the patterns em-
phasized by Vollrath (2024).

These results indicate that our baseline choice o = 0.30 1s plausible, as it lies comfortably

within the global bounds and is broadly consistent with the US bounds, with only minor and

3In our Cobb-Douglas model, this identity holds exactly, as shown in Appendix A.4.

36The global bounds are computed as follows. For each country-year, we construct alternative capital cost shares
KS e {l1-LS, 6/Y}, where 6/Y denotes depreciation as a share of GDP. Labor shares LS are measured using
the PWT labsh variable, while GDP (in current PPPs) Y is measured using cgdpo. Depreciation § is computed as
the sum of Dc_Struc, Dc_Mach, Dc_TraEq, and Dc_Other from the PWT capital detail dataset, expressed in current
PPP terms. Each K S is then mapped into an implied capital elasticity as « = KS/(KS + LS). Global bounds
are reported as year-by-year cross-country averages weighted by total factor costs (K.S + LS)Y.

37 As we discuss in Section 4, a country is classified as an oil producer in a given year if its oil rents exceed 10
percent of GDP.
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Figure D.1: Bounds for the aggregate capital elasticity, .. Notes: bounds for non-oil countries
are based on aggregate cost shares from PWT 11.0 (1950-2019), while the US bounds corre-
spond to the baseline estimates reported by Vollrath (2024) (1948-2018).

short-lived deviations from the upper bound in the 1970s (Figure D.1). As a robustness check,
Section 8 examines two alternative calibrations for the capital elasticity, « = 1/3 and v = 0.27.
As shown in Figure D.1, the bounds indicate that these alternative values of o correspond to
relatively extreme cases within the plausible parameter space. On the upper end, while o« = 1/3
is among the most common assumptions in economics (Vollrath, 2024), it lies above the no-
profits upper bound for the US over most of the sample period, falling below this bound only
from the early 2000s onward. On the lower end, o = 0.27 is essentially pinned to the global
depreciation-only lower bound in recent years. Taken together, these alternative values provide

a stringent robustness check, spanning a wide range of economically plausible elasticities.
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E Constructing a broad-coverage labor income share mea-

sure for growth analyses

In level analyses, we rely on the baseline PWT labor share series (labsh) in the dataset that
maximizes coverage. For growth analyses, however, this baseline series is unsuitable, as it may
not accurately measure labor share growth rates, potentially distorting estimates of changes in
allocative efficiency over time. This concern arises for two reasons.

First, the treatment of self-employed income underlying the baseline series is not necessar-
ily consistent over time. The PWT considers five distinct labor share measures, available in
the PWT labor detail database, which differ in their treatment of the income of self-employed

workers (also referred to as mixed income):

labor compensation of employees
GDP at basic prices

1. Naive share (comp_sh):

2. Ad] 1, mixed income (lathI) labor compensaGtiI(;rllof em@oyeps—}—mixed income )
at basic prices

labor compensation of employees
GDP at basic prices—mixed income *

3. Adj. 2, partial mixed income (lab_sh2):

( labor compensation of employees

mamber of employees ) (number of employees+number of self-employed)

4. Adj. 3, average wage(lab_sh3): GDP at basic prices

5 A d] ) 4’ agricul ture ( lab _sh 4) labor compensation of employee.erv:dlu? added in agriculture .
GDP at basic prices

The baseline labor share series is constructed by applying a set of selection rules to choose
among these measures on a country-by-country and year-by-year basis. As a result, the under-
lying labor share concept may change over time within a given country.

Second, all five labor share measures include imputed observations to ensure coverage.
Specifically, labor shares are assumed to remain constant at the beginning or end of the sample
when data are unavailable, and missing observations within the sample are filled in by linear
interpolation.

Against this backdrop, we construct an alternative labor share series that addresses these
limitations and is therefore suitable for growth analyses. The series draws on the PWT variables
lab_sh2, comp _sh, and labsh, excluding all imputed observations, as identified in the PWT labor
detail database. The construction proceeds as follows. For each country, the growth rate of the
constructed series follows the growth of the preferred PWT adjustment 2 measure (lab_sh2).
When this measure is unavailable, we instead rely on the growth of the naive share (comp_sh).
Once country-specific growth rates are determined, the level of the series is pinned down by
matching its country-specific mean to that of the baseline PWT labor share series (labsh), over
the longest coincident sample available.

This constructed series achieves broader sample coverage than the preferred PWT adjust-
ment 2 measure, as it does not necessarily require data on self-employed income, which are

available for a more limited set of countries. Moreover, insofar as the baseline PWT series
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provides an accurate measure of the overall labor share level, anchoring the constructed series
to this benchmark ensures a consistent level, even though the new measure relies in part on the
naive share—which is known to underestimate the labor share by assigning no self-employed
income to labor (Gollin, 2002). Crucially, the constructed series accurately captures labor share
growth.

This is shown in Figure E.1, which compares annual labor share growth rates, A In LS, from
the preferred adjustment 2 measure with those from each of the other four labor share measures
(all excluding imputations), using only country-year observations for which all five labor share
growth measures are simultaneously available. Each panel also reports the 45-degree line and
the Ordinary Least Squares (OLS) linear trend, along with the associated centered R2. As can
be seen, the naive share exhibits the strongest linear relationship with adjustment 2 growth, with
an estimated slope close to unity. This evidence suggests that the naive share provides a reliable

proxy for labor share growth when the preferred adjustment 2 measure is unavailable.
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Figure E.1: Comparing alternative measures of annual labor share growth.
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F Exploring the datasets for level analyses
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Figure F.1: TFP vs. GDP per worker — level dataset with broad coverage (k = —1).
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TFP vs. GDP per worker — level dataset with broad coverage (k = 3).

64




1965 1975

2
1 ,,ff”’ ) AR
1/2 4 el . P
1/4 A P . -7
1/8 Slope coeff.: 0.47*** (non-oil) / 0.47*** (all) Slope coeff.: 0.41*¥** (non-oil) / 0.41%** (all)
T T T T T T T T
= 1985 1995
© 2
8 - -
éo 14 ’,‘w-’ E o SR
0 1/4 1 T . e
2 Slope coeff.: 0.46*** (non-oil) / 0.46%** (all) Slope coeff.: 0.49%** (non-oil) / 0.48*** (all)
c 1/8 T T T T T T T T
I<
o 2005 2015
L
[ 2
14 ’,,r’ . ,’/”
e =
1/2 1 o Syt . o AT O
A coexTT . il
1/8 Slope coeff.: 0.51*** (non-oil) / 0.51%** (all) Slope Coeff.: 0.49%** (non-oil) / 0.50%** (all)
T T T T T T T T
1/32 1/8 1/2 2 1/32 1/8 1/2 2
GDP per hour worked (US=1, log-scale)
Non-oil countries ———Non-oil countries trend
Oil countries - -+ All countries trend

Figure F.3: TFP vs. GDP per hour worked — level dataset with best proxies (k = —1).

1965 1975
2
14 1’””’ T ...—-—""”
12 PR - P
1/4 4 T - -
1/8 Slope coeff.: 0.45*** (non-oil) / 0.45%** (all) Slope coeff.: 0.37*** (non-oil) / 0.38*** (all)
T T T T T 1 T T
> 1985 1995
© 2
g - -
éu 1 S AT b _efk”
o 1/2 A et . o
0 1/4 1 T . T
2 Slope coeff.: 0.43*** (non-oil) / 0.42*** (all) Slope coeff.: 0.50*** (non-oil) / 0.49*** (all)
c 1/8 T T T T T T T T
<
a 2005 2015
[= 2
1 sa T oA
s 226
1/2 A oS 1 © aAT
1/4 1 LT 8 =T
1/8 Slope c3eff.: 0.52*** (non-oil) / 0.53*** (all) Slope coeff.: 0.48*** (non-oil) / 0.48*** (all)
T T T T T T T

1/32 1/8 1/2 2 1/32 1/8 1/2 2
GDP per hour worked (US=1, log-scale)

Non-oil countries ——=Non-oil countries trend
Qil countries - - = All countries trend

Figure F.4: TFP vs. GDP per hour worked — level dataset with best proxies (k = 3).
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Figure F.5: Technology frontier vs. GDP per worker — level dataset with broad coverage (k =

—1).

Figure F.6: Technology frontier vs. GDP per worker — level dataset with broad coverage (k =

3).
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Figure F.7: Technology frontier vs. GDP per hour worked — level dataset with best proxies
(k=-1).
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Figure F.8: Technology frontier vs. GDP per hour worked — level dataset with best proxies
(k = 3).
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Figure F.9:
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Figure F.10:
(k =3).
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Figure F.11: Allocative efficiency vs. GDP per hour worked — level dataset with best proxies
(k=-1).
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Figure F.12: Allocative efficiency vs. GDP per hour worked — level dataset with best proxies
(k = 3).

69



1965 1975
4.6 b
2.8 1
174 "mm—ea o P 1 TTm——ro . .
s 1 cee s TETE R e e g e
1.0 {Slope coeff.: -0.09%** (hon-oil)*/ E0:08F* ¥ (FIy — ~ Slope coeff.: -0.09%** (fofitoll) Y @01°(GIT == — — _
T T T T T T T T T T T
%\ 1985 1995
@ 4.6 B
®
< 2814 4
3
=2 1.7 A "——--.....____‘____‘_“ o i ittt SR P i
=< e e e BT Pm o5 e o L L L
g 1.0 4Slope coeff.: -0.08***«(norfoil) /9004 (al)~ — = — — —Slope coeff.: -0.05**,(non-sil)"/ 703#* (all)
T T T T T T T T T T T
&
o 2005 2015
2 461 .
2.8 A b
17 cr s 2 DY ) 1 N S-S T T im0 pd e, 8.
1.0 4Slope coeff.: -0.04** (non-oil) OTO Gy T~ —Slope coeff.: -0.04* (non—oill) v—O‘.O?(aII) o
T T T T T T T T T T T T
1/128 1/32 1/8 1/2 2 8 1/128 1/32 1/8 1/2 2 8

Figure F.13: Cost-weighted average markup vs. GDP per worker — level dataset with broad

GDP per worker (US=1, log-scale)

Non-oil countries
Oil countries

Non-oil countries trend
All countries trend

coverage (k = —1).
1965 1975
1.7 4 1 ===
14 ‘\\55‘\‘ i T h"*..\‘\
1.2 - Tl i TRl
1.0 Slope coeff.: -0.06*** (non-oil) / -0.06%*% (all) {Slope coeff.: -0.08*** (non<oil) / -0.07**¥(all)
T T T T T T T T T T
© 1985 1995
[0}
» 1.7 A E
I T
< 149 Taveal -4 e al -l
3 “~~_~_§ "'"'---.~‘_______
5 124 O o
E 1.0 4Slope coeff.: -0.06*** (non=oil) / =0.06*** (3ll) {Slope coeff.: -0.04*** (non-oil) / #0.04*** (all)
T T T T T T T T T T
&
c 2005 2015
2 174 4
14 q =i T T T
1.2 A Y 1 T
1.0 4Slope coeff.: -0.02* (non-oil) / -0.02* (all) JSlope coeff.: -0.02* (non-oil) / -0.02 (all)
T T T T T T T T T T
1/128 1/32 1/8 1/2 2 1/128 1/32 1/8 1/2 2

GDP per worker (US=1, log-scale)

Non-oil countries
Qil countries

Non-oil countries trend
All countries trend

Figure F.14: Cost-weighted average markup vs. GDP per worker — level dataset with broad
coverage (k = 3).
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Figure F.15: Cost-weighted average markup vs. GDP per hour worked — level dataset with best
proxies (k = —1).
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Figure F.16: Cost-weighted average markup vs. GDP per hour worked — level dataset with best
proxies (k = 3).
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G Exploring the datasets for growth analyses

TFP AQ, annual growth

Figure G.1:
(k=-1).

TFP AQ, annual growth

Figure G.2:
(k= 3).
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TFP AQ, annual growth

Figure G.3:
(k=-1).

TFP AQ, annual growth

Figure G.4:
(k = 3).
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broad coverage (k = 3).
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Figure G.11: Allocative efficiency growth vs. GDP per hour worked growth — growth dataset
with best proxies (k = —1).
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Figure G.12: Allocative efficiency growth vs. GDP per hour worked growth — growth dataset
with best proxies (k = 3).
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Figure G.13: Cost-weighted average markup growth vs. GDP per worker growth — growth
dataset with broad coverage (k = —1).
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Figure G.14: Cost-weighted average markup growth vs. GDP per worker growth — growth
dataset with broad coverage (k = 3).
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Figure G.15: Cost-weighted average markup growth vs. GDP per hour worked growth — growth
dataset with best proxies (k = —1).
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Figure G.16: Cost-weighted average markup growth vs. GDP per hour worked growth — growth
dataset with best proxies (k = 3).
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H Measures of success under common country samples
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Figure H.1: Measures of success, common sample of non-oil countries across datasets for each
year, 1954-2019.
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Figure H.2: Success gains due to misallocation, common sample of non-oil countries across
datasets for each year, 1954-2019.
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Figure H.3: Measures of success, common sample of non-oil countries over time for each
dataset, 1960-2019.
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Figure H.4: Success gains due to misallocation, common sample of non-oil countries over time
for each dataset, 1960-2019.



I Results under alternative calibrations of the capital elastic-

ity
Table 1.1: Growth accounting for the US (o = 1/3)
GDP/hour GDP/hour decomp. Labor-aug. TFP decomp.
Period
_a_ 1 kE=-—1 k=3
Y 11— L A 1—a
R N ) T a—
A7 Q1o A QT-a
1954-2019 1.8 0.2 0.5 1.1 1.2 -0.1 1.2 -0.1
1954-1973 2.6 -0.0 1.0 1.7 1.7 0.0 1.7 0.0
1973-1995 1.3 0.3 0.5 0.5 07 -02 07 -0.2
1995-2000 2.5 0.2 0.3 2.0 1.3 0.7 1.1 0.9
2000-2007 2.1 0.5 0.3 1.3 1.9 -06 2.1 -0.7
2007-2019 1.0 0.2 0.2 0.6 0.7 -0.1 0.8 -0.2

Notes: Logarithmic approximation of average annual growth rates (in percent).

Table I.2: Growth accounting for the US (o = 0.27)

GDP/hour GDP/hour decomp. Labor-aug. TFP decomp.
Period
Y K\ L (Fo)\ia h=-1 k=3
B (¥)™ 7 (49) o

AT Qe AT QT

1954-2019 1.8 0.1 0.5 1.1 1.2 -0.1 1.3 -0.1
1954-1973 2.6 -0.0 1.0 1.7 1.7 0.0 1.7 0.0
1973-1995 1.3 0.2 0.5 0.6 07 -02 09 -03
1995-2000 2.5 0.1 0.3 2.0 1.4 0.7 0.9 1.1
2000-2007 2.1 0.3 0.3 1.4 20 -05 24 -09
2007-2019 1.0 0.1 0.2 0.7 0.8 -0.1 09 -02

Notes: Logarithmic approximation of average annual growth rates (in percent).
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Figure I.1: Measures of success, common sample of non-oil countries for each dataset and year,
19502019 (o = 1/3).
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Figure 1.2: Success gains due to misallocation, common sample of non-oil countries for each
dataset and year, 1950-2019 (a = 1/3).
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Figure 1.3: Measures of success, common sample of non-oil countries for each dataset and year,
1950-2019 (o = 0.27).
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Figure 1.4: Success gains due to misallocation, common sample of non-oil countries for each
dataset and year, 1950-2019 (o = 0.27).
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Figure L.5: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with broad coverage (k = —1, a = 1/3).
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Figure 1.6: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with broad coverage (k = 3, « = 1/3).
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Figure .7: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with best proxies (k = —1, a = 1/3).
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Figure 1.8: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 1970-1999 — datasets with best proxies (k = 3, « = 1/3).
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Figure 1.9: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on initial
log levels, 19701999 — datasets with broad coverage (k = —1, o = 0.27).
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Figure 1.10: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on
initial log levels, 1970-1999 — datasets with broad coverage (k = 3, o = 0.27).
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Figure I.11: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on
initial log levels, 1970-1999 — datasets with best proxies (k = —1, o = 0.27).
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Figure 1.12: Slope coefficient from regressing 20-year-ahead annual growth (in percent) on
initial log levels, 1970-1999 — datasets with best proxies (k = 3, a = 0.27).
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J Measures of success for the full country sample
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Figure J.1: Measures of success, common sample of countries for each dataset and year, 1950—
2019.
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Figure J.2: Success gains due to misallocation, common sample of countries for each dataset
and year, 1950-2019.
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