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Abstract

Misallocation of human capital across sectors can have substantial negative implications
for aggregate output. So far, the literature examining this type of labor misallocation
has assumed a Cobb-Douglas production function. Our paper departs from this as-
sumption and instead considers more flexible CES production functions with different
labor skill types as individual inputs. Our estimates from sectoral data of 39 coun-
tries suggest that physical and human capital are less substitutable than Cobb-Douglas
assumes. Our counterfactual results indicate that human capital misallocation can
explain approximately 15% of output per worker variation across countries, which is

substantially less than under a Cobb-Douglas specification (21%).
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1 Introduction

Countries do not allocate production factors to their most efficient use and some countries
manage this allocation better than others. Such factor misallocation across sectors, firms, or
plants lowers aggregate productivity and output. In fact, variation in the degree of factor
misallocation across countries offers to be one of the best candidates to answer the question
why some countries are so much richer than others (Banerjee and Duflo, 2005; Hsieh and
Klenow, 2010; Jones, 2016; Restuccia and Rogerson, 2017).

To quantify the costs of misallocation, researchers need to specify how production units
generate output from inputs (see, e.g., Restuccia and Rogerson, 2008; Vollrath, 2009; Hsieh
and Klenow, 2009).) Empirical work on misallocation generally assumes a Cobb-Douglas

production function of the form

Y = AH*K'"™  a€(0,1) (1)

where Y and K are output and physical capital, respectively, and H is human capital, which
is skill-augmented labor. The term A represents total factor productivity (TFP) and «
defines the factor output shares. Allocative efficiency demands production factors K and H
to be allocated to sectors or plants with the highest productivity A.

The assumption of a Cobb-Douglas production function in the misallocation literature
is analytically convenient but imposes strong assumptions. Those assumptions can be par-
ticularly problematic when quantitatively assessing the degree of factor reallocation that is
necessary to achieve allocative efficiency. In the neoclassical framework, the latter requires
equalization of marginal products across sectors (or firms). How strongly marginal produc-
tivity responds to such reallocation depends on the production function and, particularly,
the elasticity of factor substitution, which is equal to one in the Cobb-Douglas case.

By now, there is vast empirical evidence that production factors are more complemen-
tary in aggregate production than implied by Cobb-Douglas (e.g., Leén-Ledesma et al., 2015;
Knoblach et al., 2019; Gechert et al., 2022). Quantifying what this means for the misalloca-
tion literature is plagued by several challenges. First, estimation and parameterization of a
more flexible production structure is a challenge by itself. Parameters of the most natural al-
ternative production functions, the constant-elasticity-of-substitution (CES) function, are not
‘deep’. Instead, they are a function of the elasticity of substitution itself. This feature signif-
icantly undermines their use for comparative-static exercises (Klump and de La Grandville,
2000; Klump et al., 2007; Klump and Saam, 2008; Klump et al., 2012). Second, output

elasticities are not constant in a CES framework. I.e., once a unit of a production factor

'In this paper, output refers to value added. Gross output comprises valued added and intermediate
inputs.



is reallocated to another sector, the production function takes another form. Finally, lack
of sector-specific data on internationally comparable prices and inputs constitute another
challenge in the literature.

The main contribution of our paper is to tackle those challenges of moving beyond Cobb-
Douglas. In line with Vollrath (2014), Herrendorf and Schoellman (2018), and motivated by
the neoclassical growth model, where labor is the constrained production factor, we focus on
quantifying the role of human capital misallocation for explaining cross-country output per
worker differences but consider a more flexible aggregate production structure. We therefore
combine data from the World-Input-Output Database (WIOD) for 39 countries? and relative
industry-level prices from Inklaar and Timmer (2014) and rely on the class of CES production
functions. Those CES functions relax the assumption of a unitary substitution elasticity of
inputs while still imposing a structure that can be used to calculate counterfactuals that are
necessary to gauge misallocation costs. More precisely, we build on theoretical and empirical
advances for so-called ‘normalized’ CES production functions. As introduced by Klump and
de La Grandville (2000) in the context of growth models, normalizing creates “families”
of CES functions that are only distinguished by their constant elasticity of substitution.
To address the issue of varying output elasticities, we rely on iterative solution techniques.
This allows us to conduct suitable counterfactuals in the context of a standard misallocation
framework.

A second contribution of our paper is to relax the assumption of perfect substitutability
of workers with different educational achievements (henceforth: skill levels). Human capital
H in equation (1) is usually constructed as unskilled worker equivalents, which imposes
perfect substitutability (Jones, 2014; Caselli and Ciccone, 2019). Again, this assumption
influences the output and marginal product levels for a given allocation of factors and hence
the aggregate cost of factor misallocation. Since WIOD’s Socio-Economic Accounts (SEA)
include information on hours worked and labor compensation for three different skill types,
we can consider more flexible forms of the human capital aggregate than commonly done in
the literature.

Our empirical strategy first estimates sector-specific values for the elasticity of substitu-
tion between inputs, given the lack of reliable estimates on the sector level in the literature.
The second empirical task is to examine the role of human capital misallocation across sectors
for cross-country output per worker differences under different production function specifica-

tions. We build on the standard misallocation framework, where market frictions cause gaps

2Despite only ranging until 2007, this data set has several attractive features. First, it covers the total
economy for a sample of 40 countries, accounting for 85% of world output. Second, it differentiates between
several service sectors. Third, it covers a time horizon of more than a decade from 1995 onward, allowing to
track changes of the role of misallocation over time. Moreover, it contains detailed information for different
skill levels (see below).



in the marginal product of human capital across sectors within countries. We then first es-
timate by how much aggregate output in each country would hypothetically grow, assuming
that human capital misallocation is eliminated so that the marginal products across sectors
are equalized. Given each country’s hypothetical output per worker, we obtain two ratios
and compare each across different production function specifications. The first ratio, R.ysa,
tells us how much of the output per worker gap between each country ¢ and the U.S. is left
to explain after we have eliminated differences in the degree of misallocation. The second
ratio, Ry ora, €xtends this exercise to the overall output per worker variation in the sample.

Our results indicate that cross-country differences in human capital misallocation can
account for 15% of the output per worker variation in the sample in 2007 if we assume
that sectors produce with a CES technology; considerably less than the 21% that a Cobb-
Douglas production function implies for our sample. The reason for this difference are the
elasticities of substitution between physical and human capital, which we estimate to range
between 0.3 and 0.7. As both production factors are found to be gross complements in all
sectors, the marginal products respond more strongly to human capital reallocation across
sectors. This implies that less human capital needs to be reallocated for marginal products to
equate across sectors, leading to lower hypothetical output gains of reallocation. Importantly,
however, the extent to which the gains decrease in the CES case differs across countries and
is (at least weakly) correlated with the output per worker level. This results in a smaller
role of human capital misallocation for explaining the cross-country variation in output per
worker. Moreover, we find that deviating from the assumption of perfect substitutability of
skill types affects the estimated hypothetical reallocation only marginally in most countries.

As a sensitivity check, we consider different parameter values and sample compositions.
The 10th-to-90th percentiles intervals from different simulations suggest that human capital
misallocation across sectors can account for 12-21% of the variation in output per worker in
our sample. Overall, we hence conclude that imposing a Cobb-Douglas production function
specification can have sizable implications for the estimated gains from reallocation.

This paper links to the growing research on the role of factor misallocation for aggregate
productivity and output. Specifically, it relates to previous efforts that follow an indirect
approach (cf. Restuccia and Rogerson, 2013, 2017). This approach aims to quantify the
cost of factor misallocation that results from many possible frictions without identifying the
underlying source of misallocation.® In their seminal contribution to this literature, Hsieh
and Klenow (2009) propose a methodology to quantify the cost of factor misallocation that

involves fitting a production function to firm level data to infer distributions of marginal

3Contrary to this, the direct approach aims to assess the consequences of a specific source of misallocation.
See e.g., Buera et al. (2011) and Midrigan and Xu (2014) for the role of financial frictions, Caselli and Gennaioli
(2013) for the role of failures of meritocracy due to dynastic management, or Garcia-Santana and Pijoan-Mas
(2014) for the role of size-dependent policies and regulations in India.



products within manufacturing industries in the U.S., India, and China. Numerous papers
have followed this approach.* What unifies all these studies, but also the misallocation
analyses in Vollrath (2009), Caselli and Feyrer (2007), Restuccia and Rogerson (2008), Alfaro
et al. (2008), and Bartelsman et al. (2013), is that they rely on a Cobb-Douglas function as
in equation (1).

We are not the first to note that the assumed functional form of the production function is
central to measures of allocative efficiency (see, e.g., Restuccia and Rogerson, 2017). However,
previous work focused on relaxing the assumption that producers use the same Cobb—Douglas
technology by allowing for heterogeneous capital intensities in production (Hsieh and Klenow,
2009; Oberfield, 2013; Schelkle, 2016). The two assumptions on the substitutability of inputs
implied by equation (1) remain unaddressed. Our paper highlights the need to take this aspect
of the production function more seriously in future research on misallocation — irrespective
of whether one works with sectoral macro data, as we do in our paper, or with micro data
sets and micro-founded structural models, which are increasingly popular in this literature.®

The remainder of this paper is structured as follows. Using a development accounting
framework, the next section outlines how human capital misallocation translates into ag-
gregate output per worker differences within and across countries. Section 3 presents the
theoretical framework and optimization approach applied to calculate efficiency losses from
labor misallocation. Section 4 discusses the data and model calibration. Particular focus is
placed on “normalization” as a means to conduct suitable counterfactuals and facilitate the
estimation of the elasticity of substitution. Section 5 presents the results, while section 6

contains robustness tests and extensions. Finally, we conclude.

4Among others, Busso et al. (2013); Brandt et al. (2013); Oberfield (2013); Vries (2014); Chen and
Irarrazabal (2015); Dabla-Norris et al. (2015); Dias et al. (2016); Ryzhenkov (2016); Bento and Restuccia
(2017). See also Restuccia and Rogerson (2013) and Restuccia and Rogerson (2017) for surveys of the
misallocation literature.

5Microeconomic estimates of firm- or plant-level substitution elasticities are rare but suggest an elasticity
around 0.4 for the U.S. case (Chirinko et al., 2011; Raval, 2019), well within the range of our sector-level
estimates.



2 Human capital misallocation and output per worker

differences

Before conducting the empirical exercise, it will be useful to recap how human capital misallo-
cation across sectors relates to cross-country differences in output per worker. The standard
approach in the development accounting literature is to attribute differences in output per
worker in country ¢ and a benchmark country to the sum of differences in factor endowments
(e.g., physical and human capital), sector productivity (e.g., technology), and factor market

efficiency.® Formally:

Aggregate TFP

y%enchmark: - yg = (yOBenchmark - yi) + (y}i’enchma'rk - yg) + (i‘/z - yg) (2)
—_———

Factor Endowments Sector Productivity Factor Market E f ficiency

Although the U.S. are generally chosen as a benchmark country, note that for each of the
three channels we can also choose the benchmark setting to be a hypothetical version of
country c. In that case, we can write the latter term as (y? — y°). It measures the difference
within country ¢ between its maximized output per worker given its endowments as well
as sector productivities and its actual output per worker. If factor markets are operating
efficiently in country ¢, then this difference should be at or close to zero. Note that if we
assume that all countries operate at y?, we effectively eliminate all cross-country differences
in the degree of misallocation, while keeping the assumption that countries operate with
different sector productivities and are endowed with different amounts of inputs per worker.
In other words, we isolate the contribution of factor market efficiency in explaining output
per worker differences across countries.

Importantly, we can also look at just a portion of (y? —3°) that can be attributed to the
allocative efficiency (AE) of specific factors. Equation (3) illustrates this extension for the

case of two inputs, physical and human capital.

Aggregate TFP

y%enchmark - y? = (y%enchmark - y(l') + (leenchm,ark - y?) + (yf - yf) + (yf - y?) (3)
— ———

Factor Endowments Sector Productivity Physical capital AE Human capital AE

SFor long, empirical work focused on the first two channels. The third channel, different degrees of
inefficiency in the allocation of factors, was rather neglected. The reason for this was the use of an aggregate
production function as the workhorse model in both growth and development accounting exercises. In order
for the aggregate production function to be a valid representation of what happens in an economy, however,
a key assumption is that prices reflect marginal product values and that inputs and outputs are perfectly
mobile. In that case, the market allocates the available supply of inputs to maximize total output, or put
differently, all factor markets operate efficiently (Banerjee and Duflo, 2005).



This paper focuses on g2, which represents the output per worker level in country c if
human capital is allocated across sectors so that it maximizes aggregate output. It should be
stressed that y2 is a hypothetical output per worker level. To the extent that some amount
of misallocation can appropriately be considered the result of measurement error or factors
omitted from the model (e.g., adjustment costs), the estimated gains from reallocating human
capital, captured by y2 — ¢, are likely overstated. This paper therefore focuses on the role
of misspecification for examining differences in misallocation across economies, rather than
the levels per se.

Using y2, the next step is to estimate the variation in aggregate output across coun-
tries that can be attributed to differences in the misallocation of human capital across sec-
tors. More precisely, we are interested in how the current variance in logorithmized output
per worker across countries, yg, compares to the counterfactual variance given each country
reaches y2. Formally, following the approach of Vollrath (2009), we compute the ratio of
variances as

var(lny?)

(4)

The ratio Rwona tells us how much of the total variation in output per worker across

R orld —
Werld = var(Iny?)

countries is left to explain after we have eliminated differences due to the misallocation of

human capital across sectors.” In the same spirit, we calculate for each country:

RC,USA = yU_ss> (5)

which states how much of the output per worker gap between country ¢ and the U.S remains

when both countries reach their hypothetical output per worker level y3.

"The ratio R is analogous to the ratio V in Vollrath (2009), when only frictions in the labor market are
eliminated.



3 Calculating efficiency losses in a CES framework

3.1 Model specifications

To calculate Ryonq and R.ps, we need to calculate the hypothetical output per worker, 32,

which differs from the actual output per worker,y?, only in that human capital is reallocated

across sectors so that gaps in the marginal product values are eliminated.® In each country,
aggregate output per worker, y., is defined as

b= (6)

where N is the total number of workers.” We assume that there is a single final good Y

produced by a representative firm in a perfectly competitive and undistorted final output
market. This firm combines the value added Y; of i = 1,... , J sectors using a Cobb-Douglas

production technology'®
Y. = HYi”i, WhereZUi =1 (7)

In each sector, a representative firm produces value added using a constant-returns-to-

scale CES production function of the form (the country index is omitted for clarity)

Y, =G [BH + (1 — B)K*]%  Bie(0,1) (8)

8To be precise, we do not compute y> directly, but calculate Y2 first. That is, the aggregate output level
of country ¢ given an efficient allocation of labor across sectors. In a second step, we then calculate y> by
dividing Y2 by the total workforce N.

9Note that we work with each country’s output per worker level and not their output per capita level.
This choice is motivated by the main data set that we work with, the Socio-Economic Accounts in the
World-Input-Output Database (WIOD-SEA), which contains employment data for the aggregate economy.
The correlation of the aggregate employment data in WIOD-SEA and the employment data in the PWT 8.1
(Feenstra et al., 2015) is 0.9997 with equal means and medians across the countries of my sample. Using
population data from PWT 8.1 does not affect the results in any significant way.

10 Assuming that the final good is aggregated using a Cobb-Douglas production technology is analogous
to assuming that aggregate preferences are Cobb-Douglas. The aggregator function thus explicitly states the
underlying assumption how relative sector output prices respond to the change in sector quantities caused
by the reallocation of labor types. More specifically, using a Cobb-Douglas function implies the assumption
that the elasticity of substitution is the same for any pair of sector value added and takes a common value
of 1. As a consequence, the share of the total budget spent on each good is assumed to be unaffected by the
presence or absence of factor misallocation. This benchmark scenario is also used in the Hsieh and Klenow
(2009) framework to aggregate output from different manufacturing industries. Similarly, Hallak and Schott
(2011) assume that 1-digit SITC manufacturing industries, or selected 2-digit SITC manufacturing industries
sectors are aggregated via Cobb-Douglas preferences. Recently, Redding and Weinstein (2018) estimated a
substitution elasticity of 1.36 across 4-level NAICS sectors in the U.S.



where K is physical capital, C'is a (Hicks-neutral) efficiency parameter, /3 is the distribution
parameter and the elasticity of substitution between physical and human capital is defined

as 0 = 1/(1—p) > 0. We define H; in each sector as a human capital input aggregator

H,=F (LHmLMi,LLu%) (9)

that is defined by the hours worked of low-skilled (LL), medium-skilled (L), and high-
skilled (LH) workers and the elasticity of substitution between the skill types defined as
n = 1/(1 —+) > 0. Building on (9), we modify (8) to a two-level nested CES production

function of the form

i i -

Y =Ci | B [ef ™ (LH)" + af™ (LM;)" + (1 — af™ — o} ™) (LL;)"] (1= B) (K
(10)

Here, oM, o

and ( are the distribution parameters, while p and v govern the sub-
stitutability between inputs. Each function is assumed to be “well-behaved” such that it
satisfies standard regularity conditions like continuity, differentiability and is strictly increas-
ing and concave in all factors. Note that in the traditional approach where v — 1 (i.e.,
perfect substitution), the human capital input is calculated as low-skilled labor equivalents
by weighting the hours worked by each skill type with its relative efficiency, captured by the

LM and o™f. Importantly, this means that the relative marginal

distribution parameters «a
productivity of each skill type is independent from the skill composition of the labor force.
A main contribution of this paper is to relax this assumption and work with the generalized

function (10) to allow 1 < n < oo (i.e., imperfect substitutability).

3.2 Optimization problem

In each country ¢, the optimal allocation of each skill type Ly € {LL,LM,LH} across
sectors, ceteris paribus, can be determined by solving the problem of a social planner who

maximizes aggregate value added.!!

Lj, = arg max Y, (11)

L

1 Ceteris paribus implies that the optimzation is subject to the constraint that technology and the physical
capital stock in each sector stay constant and that the overall supply of each labor skill type in each country
is fixed.



The first order condition of this maximization problem is that the marginal product value
(MPV) of each skill type is equated across sectors. In reality, mobility barriers distort the
allocation of workers across sectors. The sources of these barriers are numerous, including
sector-specific labor regulations, skill requirements, or direct mobility costs (non-monetary
and monetary). These distortions cause a wedge between the current MPV in each sector
and the hypothetical sector-spanning MPV obtained at an efficient allocation, so that

MPVM = (14 AP ) MPVEE v (12)

hyp
where )\iL * displays the wedge. The set up presented in equation (12) is the starting point
to find y2. Following Aoki (2012), we use equation (12) and L. = ijl L, to write the

current sector allocation of human capital within each country (omitting the country index

¢ for clarity) as

(1AF)MPY, - Ly
L L
AR ) MPY, K
Ly = ( 2 hprk Ly, (13)
> (1427 ) MPV, kL
TEE (1R My
which can be written as
MPVE L, -
Ly; = e YL I (14)

S (MPV L)

where S\ZL * does not display the absolute, but relative wedge for each sector. The optimal
quantity of each skill type in each sector can be obtained by setting S\ZL ¥ equal to unity. That
is, we assume that distortions do not bias the allocation of skill types across sectors.

Some additional remarks are in order. A major assumption underlying the reallocation
exercise is that human capital (or labor skill type respectively) is perfectly substitutable
across sectors within each country. Clearly, this assumption is still strong. Note, however,
that if workers in each sector are seen as idiosyncratic, this would render an investigation of
human capital misallocation obsolete. Further note that equating the MPV of human capital
instead of raw hours worked or number of workers allows for the possibility that wages per
hour or worker across sectors may vary because of cross-sector differences in actual human
capital. In the case of skill types being imperfect substitutes, optimization within skill types
allows for wage gaps between different skills types after reallocation.

The optimal sector allocation of each factor is essentially determined by the sector’s rela-
tive value added and factor output elasticity. If one assumes that both consumer preferences

and production in each sector are best represented by a Cobb-Douglas function, the optimal

9



sector allocation can be readily obtained from equation (14). However, in general, the output
elasticities of inputs are not constant, but depend on the form of the production function and
the current allocation of factors. While this emphasizes the restrictiveness of using Cobb-
Douglas functions, it also highlights that the flexibility of the CES framework demands some

adjustments.

3.3 Normalization

To advance the reallocation framework outlined above into the CES environment, we need to
address two key challenges. First, parameters of the non-normalized CES functions are not
deep in the sense that they dependent on the elasticity of substitution (Leén-Ledesma et al.,
2010). As such, non-normalized CES functions with different elasticities of substitution
are unsuitable for comparative-static analysis. We address this issue by normalizing the
production functions, which has the important advantage that it allows to fix the distribution
parameters so that they are no longer a function of the elasticity of substitution. The second
challenge is that even with fixed distribution parameters, output elasticities are not constant
in a CES framework. The optimal worker allocation is therefore determined numerically
based on equation (14).

To be more specific, we replace the sector production functions in (8) and (10) by the

H Pi Ki Pi p%,

normalized functions

and

ol

i

Yi = Yo [mﬂ’“ + (1 — ;) ( s )p] (16)

K(]z

i i Vi
where Q; = [QLH (LH ) + GEM (LM ) + (1 — 0§ — 65M) (%) } The subscript 0
stands for the point of normalization.
Given the production function (15), the optimal allocation of human capital input in each

sector is then determined by (see appendix 7 for derivation):

. b0iYi ( ) [ém ( )pi + (1 — ¢o;) (L".)pz}_l " )

o (o () o () 0 (7)) )

10



and in the case of the sector production function with the generalized human capital aggregate

the optimal allocation of each skill type is found by

Pi—74

N :
P0ifok; Y <LLO’§> a7

Pj*"/j
J Lij \ - j
S (m%km (£2)"o'r, )

L = Ly, (18)

where 0, = [¢01Fivz + (1 - ¢Oi)K§o}

N\ Ve N\ Ve N\ Vi
andBZ{H&H<LLIi’i> 4 oi (£35)" 4 (1 o — o) (%)]

3.4 Choosing a normalization point

The choice of the normalization point warrants some discussion. Essentially, normalization
reshapes the surface of the production function without shifting it so that CES functions
characterized by the same normalization points and distribution parameters but different
elasticities of substitutions are tangents. Figure 1 illustrates a family of normalized CES
functions. Importantly, the point of tangency is not random, but the chosen normalization
point. Setting the normalization point therefore influences how the production surface is
reshaped by changing the elasticity of substitution. This means that the counterfactuals
are not invariant to the choice of the normalization point (Klump and Saam, 2008; Temple,
2012).12

This begs the question what normalization point to choose. From an empirical standpoint,
the choice of the normalization point should be motivated by defining appropriate values of
the fundamental production technology (Klump et al., 2007).1 An attractive feature of nor-
malization is that the distribution parameters can be linked to the factor shares of production
at the normalization point, given the maintained assumption of perfect competition and firm
optimization. It is important to point out that all CES production functions, if not explic-
itly, are at least implicitly normalized in the point where the input values equal one. In this
implicit case, the distribution parameter ¢y can be interpreted as the labor revenue share

that will arise if all input ratios are unity (Leén-Ledesma et al., 2010; Klump et al., 2012;

12More precisely, ceteris paribus, the increase in output from an increase of an input factor is positively
related to the elasticity of substitution, except at the point of normalization. The farther away the normal-
ization point is from a given level, the stronger is the effect of the substitution elasticity on the shape of the
production surface.

13 As criticized by Temple (2012), formally, the choice of the normalization points is arbitrary. Although
the choice of the normalization point has quantitative implications, there is “no inherent reason to prefer one
normalization of the CES production function to another.”

11



Figure 1: A family of CES functions

A family of normalized CES production functions

Output per worker

0 Norm. point

Input per worker

0=05— o0=1—- 0=10

Temple, 2012). In practice, however, gauging a sensible magnitude for the revenue shares at
this points is quite infeasible.!* Instead, Klump et al. (2007) argue that appropriate values
for the distribution parameter are best detected from the data and propose to calculate the
baseline values on the basis of sample averages to use as much information as possible, while
also netting out short-term fluctuations.

Following this argument, two explicit normalization points offer to be appropriate in
this paper: 1) sector-specific sample averages or 2) sector-country-specific averages of Y,
K, H, LH, LM, and LL. Recall, though, that the counterfactuals are based on sector-
country-specific production functions and countries differ greatly in their absolute input
quantities. Hence, in case of a common normalization point, the effect of ¢ and n on the
production surface will differ strongly across countries. This biases the gains from reallocation
across countries, and consequently, the ratios R.pga and Ryweng. Sector-country-specific

normalization points are therefore the appropriate choice for the counterfactuals in this paper.

14As pointed out by Leén-Ledesma et al. (2010), one consequence of normalizing the CES function by
Ky = Hy =Yy =1 is the counterfactual outcome that the factor prices at the normalization point are equal
to the factor revenue shares.
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4 Data and calibration

4.1 Output and input data

All output and input data used in this study come from the Socio-Economic Accounts in
the World-Input-Output Database (WIOD-SEA).'> The WIOD-SEA database has been con-
structed on the basis of national accounts data and harmonization procedures were applied in
order to ensure international comparability. For the period 1995-2007, WIOD-SEA contains
annual data for 35 industries in 40 countries (27 EU countries and 13 other major countries)
on gross output and intermediate inputs at current basic prices, capital stock, as well as
hours worked and labor compensation by skill type (low-, medium- and high-skilled) (Tim-
mer et al., 2015). Since information on the latter is not available at the industry level for a
large number of countries, We aggregate the 35 industries into 14 sectors. Moreover, we drop
the Mining and Quarrying sector as well as Public Utilities sector. The motivation to do so
is that both sectors have high labor productivity levels, but are unlikely able to absorb large
quantities of workers in reality. This would considerably inflate the estimated (hypothetical)

reallocation gains. The final sample therefore consists of the 12 sectors listed in table 1.

Table 1: Sector overview

Abbr Sector Name ISIC Rev3.1 description

AtB Agriculture Agriculture, hunting and forestry, fishing

D Manufacturing Manufacturing

F Construction Construction

G Trade Service Wholesale and retail trade, repair of motor vehicles,
motorcycles and personal and household goods

H Hotels & Restaurants Hotels and restaurants

I Transport & Storage Transport, storage and communications

J Finance Services Financial intermediation

K Business Services Real estate, renting and business activities

L Public & Social Services Public administration and defense

M Education Education

N Health & Social Work Health and social work

OotP Other Services Other community, social and personal service activities,

Private households with employed persons

A central issue for cross-country comparison of output and productivity levels is that
output is nominated in international purchasing power parities (PPP). To account for the

substantial variation in relative prices across industries, we use multilateral industry-level

15This paper uses the 2014 release of WIOD-SEA. Later global input-output tables, such as WIOD 2016
released in February 2018, do not include hours worked by skill types.

13



PPPs from Inklaar and Timmer (2014) (see table 6 in the appendix). As no information on
relative prices are available for Taiwan, the sample reduces to 39 countries. Also, relative
price data is only available for the year 2005. We therefore proceed as follows. We deflate both
gross output and inputs using the industry-level price deflators integrated in WIOD-SEA and
obtain growth rates of both series. An advantage of the double-deflated value-added method,
oppose to a single-deflated value-added measure, is that it can account for changes in the
relative prices of intermediate inputs to gross outputs. The real growth rates are then used
to extrapolate the gross output and intermediate input series, which are converted into PPPs
for the available year 2005.1% In a last step, we construct a value added series in constant
2005 PPPs by subtracting intermediate inputs from gross output, both in constant PPPs.
For the physical capital stock, we use growth rates from the real capital stock data nominated
in national currencies in WIOD-SEA and the exchange rate from PWT 8.1 (Feenstra et al.,
2015) to convert the series into constant 1995 USS.

The data on hours worked in WIOD-SEA includes both self-employed and employees.!”
Worker skill types are classified on the basis of educational attainment levels as defined in the
International Standard Classification of Education (ISCED): low-skilled (ISCED categories
1 and 2), medium-skilled (ISCED 3 and 4) and high-skilled (ISCED 5 and 6). We define the

general normalized human capital input in country c in sector ¢ as

ch‘ Vei Lch Yei LMcz Yei Lch Yei le
(B)™ = fotr ()" o (M) g (H) ] g

where the subscript 0 indicates the normalization point defined as the average over the

period 1995-2007. Recall that both the Cobb-Douglas and the standard two-factor CES
production function implicitly assume v = 1 (i.e., perfect substitutability of skill types), in

which case equation (19) can be rewritten as

H ct
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(20)

Further, note that the general normalized form in (20) includes the implicitly normalized

human capital input Hy; if Hyi = LLos = LMo = LHoe; = 1. In this case, 02, 94M  and

Octr Y0ci »
0L collapse to measures of relative wages.'® The general normalized human capital input

16While this approach is not uncommon, it should be pointed out that the underlying assumption is that
cross-country industry-level prices deflators are constant over time. Given the time horizon 1995-2007, this
assumption seems defensible. Also note that we do not compare output levels of different countries at different
time periods (e.g. the U.S. in 2000 to Germany in 2005) as for instance Inklaar and Diewert (2016).

17To be precise, the latter is estimated based on the assumption that average hours worked by employees
and self-employed are equal.

18Following neoclassical theory, the assumption of v = 1 implies that relative wages are constant. This
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thus incorporates the standard human capital input measured as unskilled worker equivalents

Hci
> Hoci

which measures the contribution of low-skilled workers to human capital

with different worker types being weighted by their relative wage. Importantly, however

LL

also contains 6,

services in sector ¢ in country ¢.'® In growth or development accounting exercises, 0% is
often (implicitly) assumed to be fix across time or equal across countries and can therefore
be ignored (see, e.g., Jones, 2014).2° Conversely, by working with the nested CES function
in equation (18) directly, we implicitly assume that 6% differs across sectors and countries.
Considering 6% in equation (20) is thus important to ensure consistency, and therefore,
allow a direct comparison between the obtained cost of misallocation based on the different

specifications.

4.2 Distribution parameters

Aside from output and input data, we need values for the distribution parameters. An
important benefit of normalizing the production functions is that it allows to follow the
common approach to calibrate the distribution parameters based on the factor shares at
the point of normalization, given the maintained assumption of perfect competition and
firm optimization. A unique feature of WIOD-SEA is that it contains information on labor
compensation on the sector level. We thus calculate ¢y as the geometric average labor
share in value added (measured based on current prices in national currency) in sector ¢ in
country c¢ over all time periods T'. Notably, WIOD-SEA also provides information on the
compensation shares for each skill type. This allows us to calculate 052 and 0}4 based on
the relative skill-shares in total labor compensation of each skill type working in sector ¢ in

country c¢ at the normalization point. Specifically, we calculate

oLH — g LHe; (21)
0t = N @ELLL ey + wEM LM, + wEH LH,;

oLl — e LMe; (22)
0t " | WELL Ly + wEM LM, + wkH LH,,

Ooei =1 — Ooci' — Ooci (23)

Oct

where the bars indicate geometric averages over time.
Despite the effort put into the construction of WIOD-SEA, important limitations exist

and warrant discussion. It is a well know problem that hours worked and labor income of

LL gLM LH
allows to construct 6.7, 0. , and 6.7 based on average country-sector wages.

YMore precisely, 5L governs the contribution of low skilled workers to the total (i.e., collective) human
capital services in sector ¢ in country c .
200n reason for this assumption is that 6% is often unobserved (whether directly or indirectly) in the

data.
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self-employed is not registered in the National Accounts in many countries. As discussed
in detail in appendix B, WIOD-SEA addresses this issue through imputation. A drawback
of this imputation is that it can result in economically unreasonable labor revenue shares.
Indeed, in 16 out of the 486 country-sector observations, ¢g. exceeds the value of 1. We
deal with these questionable parameter values in the baseline counterfactual by setting the
maximum value of ¢g.; to 0.9. Admittedly, this ad-hoc adjustment is somewhat arbitrary. We
therefore run robustness tests, where we treat ¢g. as a structural parameter that is common

21

across countries.* It is worth noting that the relative efficiency parameters of skill types,

0L and OLI | are unaffected by a potential bias in ¢g.; as long as there is no systematic

Oci
relation between compensation shares and self-employment.??

4.3 Elasticity of substitution parameters

Lastly, we require values for the unobserved substitution parameters, ¢ and n. While there is
now a large set of estimates for the aggregate elasticity of substitution between physical and
human capital, evidence for the sector level is scarce. Also, the few available estimates do not
directly map to the sectors considered in this paper. A secondary contribution of this paper
is thus to estimate elasticities of substitution on the sector level that can then be used in
the reallocation exercise. More precisely, we identify the parameters based on a normalized
supply-side system of equations (Klump et al., 2007; Herrendorf et al., 2015; McAdam and
Willman, 2018). As shown by Leén-Ledesma et al. (2010), this approach is superior to single-
equation estimation or factor-demand-equation systems, as it not only increases the degrees
of freedom but also considers both technology (via the underlying production function) and
optimization behavior (via FOC equations).?

Despite the advantages of the normalized system approach, identifying two elasticities
simultaneously in a highly nonlinear function remains challenging.?* The identification is
further constrained by the fact that the harmonized sector data in WIOD-SEA only cover a
rather short time horizon. Against this background, we focus on the estimation of o, which

we assume to differ across sectors, but not across countries and time. To consider the impact

21Gpecifically, we consider two different values for ¢g;. First, We set ¢o.; to the geometric sample-average
labor share over time. Second, we set ¢g.; to the geometric average of the U.S. labor share over time. This
approach is also applied by Hsieh and Klenow (2009); Vollrath (2009); Busso et al. (2013); Oberfield (2013);
Brandt et al. (2013). Note that the assumption of homogeneous industry production functions can be in line
with varying aggregate labor shares across countries due to differences in the sector composition.

22Unfortunately, we do not have country-sector-specific information on this. We therefore continue by
relying on the assumption that no systematic relation exist.

23Tn addition, the normalized system of equations performs well even for relatively small samples and is
found not to be sensitive with respect to simultaneity biases or estimation technique (Leén-Ledesma et al.,
2010).

24This challenge is also noted by Papageorgiou et al. (2017). The authors therefore proceed by assuming
a CES-in-CD production function.
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of n on o, we follow a grid search approach as proposed by Henningsen and Henningsen
(2012). That is, we impose plausible estimates of 7 that are motivated by the literature and
obtain corresponding estimates for 0.2> While clearly restrictive, note that these assumptions
implicitly also work in all misallocation studies that use a Cobb-Douglas production function,
as this function implies ¢ = 1 and n — oo (see, e.g., Vollrath, 2009; Hsieh and Klenow, 2009;
Inklaar et al., 2017). Nonetheless, as a sensitivity test, we follow a more agnostic approach
with regard to the true values of o, and 7. and compute bootstrap confidence intervals for
Reusa and Ryona.?®

For matter of space, the estimation specification of the normalized supply-side system
and additional results are placed in the appendix. Table 2 presents sector-specific estimates
of o; and corresponding 90%-confidence intervals (CI) based on bootstrap standard errors.
Three findings stand out. First, in all sectors, and regardless of the imposed value of n;, o;
is estimated to be statistically significant below unity. Second, o; is lower for lower values of
1; and approximates the estimated value of the 1-level CES specification for n — oo. Third,
0; is estimated quite precisely.

There is some evidence to which we can compare these estimates, but mostly restricted to
the U.S. For instance, Young (2013) finds that the elasticity of substitution between physical
and human capital is less than unity for a large majority of U.S. 2-digit SIC level industries.
Aggregating industries into sectors based on value-added-share-weights, Young (2013) ob-
tains an elasticity of 0.57 in the manufacturing sector and of 0.66 in services. Using capital
price series and applying a low-pass filter to better capture the long-run substitution elas-
ticity, Chirinko and Mallick (2017) find industry-level estimates for U.S. to be below unity
with most estimates being in a range of 0.2-0.7. Similar estimates are also found by Dis-
sou et al. (2015) in ten Canadian manufacturing industries for the period 1962-1997 and by
Oberfield and Raval (2014), who recover elasticities for two-digit SIC U.S. industries from
plant-based estimates. The latter estimate a weighted average plant-level elasticity of 0.52 in

manufacturing. Taking substitution across plants and industries into account, they recover

258pecifically, we impose n € [1.6, 2, 4]. These values are motivated by estimated aggregate elasticities of
substitution between skill types. For instance, Ciccone and Peri (2005) use variation across U.S. cities in the
relative skill supply instrumented with compulsory-schooling laws over the period 1950-1990. They obtain
an elasticity of substitution of 1.5 between unskilled and unskilled worker, where high-school completion
functions as the threshold. Autor et al. (2008) estimate an estimated aggregate elasticity of substitution
of 1.62 between college equivalents and high-school equivalents for the time period 1963-2005 in the U.S.
Mollick (2011) obtains values for a global elasticity of substitution between “unskilled” and “skilled” workers
varying from 2.00 to 3.21 for the “college-completed” definition, of 3.53 to 4.07 for the “secondary- completed”
definition and of 6.25 to 12.66 for the “primary- completed” definition. Imposing values for 7 is a common
strategy in the development accounting literature (see e.g. Caselli and Coleman, 2006; Jones, 2014; Caselli,
2016). In addition, we also ran regressions to estimate 7; by imposing the estimated &; and starting the
optimization algorithm from an initial value of n; = 2. The results suggest a high substitution elasticity of
7; > 15 in multiple sectors. However, for some sectors, 7; is estimated to be negative.

26See section 6.1.1 for details.
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Table 2: Sector elasticities of substitution with 90%-CI in parentheses

2-Level CES 1-Level CES
Sector n=1.6 n=2 n=4 n =100 (implicit n — 00)

Agriculture 0.49 0.51 0.55 0.60 0.62
(0.44-0.55)  (0.46-0.57)  (0.50-0.61)  (0.54-0.67) (0.54-0.73)

Manufacturing 0.46 0.47 0.49 0.52 0.53
(0.43-0.49)  (0.44-0.50)  (0.46-0.52)  (0.49-0.55) (0.50-0.57)

Construction 0.41 0.42 0.45 0.47 0.46
(0.34-0.51)  (0.35-0.52)  (0.38-0.55)  (0.41-0.57) (0.38-0.61)

Trade 0.51 0.52 0.54 0.58 0.63
(0.43-0.63)  (0.44-0.63)  (0.47-0.65)  (0.51-0.67) (0.56-0.72)

Hotels&Restaurants 0.43 0.44 0.46 0.48 0.49
(0.38-0.49)  (0.39-0.50)  (0.41-0.51)  (0.44-0.54) (0.44-0.55)

Transport&Storage 0.46 0.46 0.48 0.50 0.52
(0.41-0.52)  (0.41-0.53)  (0.43-0.54)  (0.46-0.55) (0.47-0.58)

Financial Intermediation 0.50 0.51 0.52 0.54 0.67
(0.47-0.54)  (0.48-0.54)  (0.49-0.56)  (0.50-0.58) (0.60-0.75)

Business Services 0.44 0.44 0.44 0.45 0.54
(0.38-0.52)  (0.38-0.52)  (0.38-0.53)  (0.39-0.54) (0.46-0.66)

Public&Social Services 0.41 0.41 0.41 0.43 0.45
(0.37-0.45)  (0.37-0.45)  (0.38-0.46)  (0.39-0.47) (0.40-0.51)

Education 0.36 0.36 0.37 0.38 0.40
(0.34-0.39)  (0.34-0.39) (0.35-0.39)  (0.36-0.41) (0.37-0.44)

Health&Social Work 0.38 0.38 0.39 0.40 0.44
(0.35-0.41)  (0.35-0.41)  (0.36-0.42) (0.37-0.43) (0.40-0.48)

Other Services 0.42 0.43 0.45 0.47 0.49
(0.37-0.49)  (0.38-0.50)  (0.40-0.52)  (0.42-0.54) (0.44-0.57)

Note: Estimates of o (i.e., the elasticity of substitution between physical capital and the labor input aggregate with
three skill types) based on different imposed values of 1. Estimation applies a two-step FGNLSUR on a normalized
supply side system. 90%-CI in parentheses. Standard errors are bootstrapped based on 500 iterations.

an aggregate elasticity of 0.75 for the manufacturing sector in 2007. For broad sectors, Her-
rendorf et al. (2015) find that capital and labor are gross complements in U.S. manufacturing
and services. Conversely, they estimate an elasticity of above one in agriculture. This stands
in contrast to Mundlak’s (2005) examination of the U.S. agriculture sector, advocating an
elasticity of equal or below one.?” Overall, the sector estimates for the elasticity of substitu-
tion between physical capital and the human capital aggregate obtained in this paper seem
to be fairly consistent with previous findings. Moreover, the estimates strongly suggest sub-
stitution elasticities that are inconsistent with Cobb-Douglas and in favor of a more flexible

CES specification.

27Tt is worth noting that the ratio Ry o4 is not sensitive to this value.
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Figure 2: Baseline results for Ry o4
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Note: Own calculation based on WIOD-SEA. Ry ,rq states the remaining fraction of output p.w. variation after
misallocation across sectors is eliminated. Specifications: CD: Cobb-Douglas production function. CES: Constant
elasticity substitution function. EMP: Labor input measured in raw hours worked. HC: Labor input measured as
quality adjusted hours worked. All calculations based on value added nominated in constant PPPs for 12 sectors.

5 Counterfactual results

Equipped with the parameter values, we can now calculate the hypothetical output per worker
level for each country, y2, that would be implied by an optimal allocation of human capital
across sectors. Based on 32, we can then obtain the ratio Ry,q. A central result of this
paper is depicted in figure 2, which shows values of Ry,.;q for three different specifications.
For now, we will focus on specifications that assume perfect substitutability between different
skill types of workers (HC) and the final year 2007.

The value of 0.79 obtained under the Cobb-Douglas set up with human capital as labor
input indicates that 21 percent of the cross-country output per worker variation can be
explained by differences in the efficiency of human capital allocations across sectors within
countries. This share reduces by 6 percentage points to 15 percent if we assume sectors to be
characterized by a CES function and impose the estimated sectoral elasticities of substitution.
To put this into perspective, the quantitative implications of the functional form are similar
to the change due to human capital replacing raw hours worked (0.74; EMP).

To better understand what drives these results, we look at the individual country results.
Table 3 presents summary statistics for the year 2007. The first row presents results for a
simple labor input measured in raw hour worked. On average, output per worker increases by
about 12.8 % if countries allocate labor efficiently across sectors. The large spreads between
the respective percentiles and the large gap between the mean and median indicate, however,

that countries record sizable differences in their current misallocation costs. We replace the
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Table 3: Gains from reallocation (2007)

Percentile Min 10th 25th Median Mean 75th 90th Max

CD-EMP
24 35 4.3 6.0 12.8 9.9 225 141.2
17 — 00
CD-HC
1.2 3 3.5 5.6 10.6 9.8 179 105.3
1N — 00
CES-HC
0.8 2.2 2.8 4.2 7.6 85 164 659
1N — 00

Note: Hypothetical output per worker gains in percentage points. Calculation based on dif-
ferent specifications of normalized sector production functions. Specifications: EMP: Labor
input measured in raw hours worked. HC: Labor input measured as quality adjusted hours
worked. CD: Cobb-Douglas production function. CES: Constant elasticity substitution func-
tion. All calculations based on value added nominated in PPPs for 12 sectors.

simple labor input with a measure of human capital in row (2). In line with previous findings,
the hypothetical gains decrease (to 10.6 %). This indicates that some of the misallocation
of labor across sectors can be explained by cross-sector differences in human capital (Gollin
et al., 2014; Vollrath, 2014; Herrendorf and Schoellman, 2018).

Most important for this paper is the change in the distribution of the reallocation gains
when we depart from the assumption of an unitary elasticity of substitution between physical
and human capital. Row (3) shows that the average gains decrease to 7.6 % and are smaller
than in the Coub-Douglas case at each percentile. At the mean (median), human capital
reallocation gains are 28 (25) % lower under the more plausible CES production structure.

What drives the reduction of reallocation gains in the CES case? Recall that our estimates
impose substitution elasticities of below unity, which implies that the physical and human
capital are gross complements in all sectors. As a consequence, marginal products respond
more strongly to changes in the factor allocation across sectors. A laborer moving from a low-
productivity sector A to a high-productivity sector B initially experiences a strong increase
in marginal productivity: since human capital is scarce in sector B and physical capital K
is relatively abundant, the laborer is using this capital in sector B very productively when
H and K are complements. Since we only focus on the reallocation of human capital and
consider physical capital fixed in each sector, this effect quickly decays: there is not enough
physical capital K available in sector B that a large influx of laborers could work with.2®

This results in faster convergence of the marginal products across sectors, leading to less

28Remember that this is less of a problem in the Cobb-Douglas case since H and K are more substitutable:
labor needs less capital to productively work with.
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reallocation, and lower output growth overall.??:30

To what extent these differences affect the ratio Ry ,.q depends on whether the country
gains respond differently to the production function specification and whether this variation
is correlated with output per worker. Figure 3 sheds light on this issue. The figure shows
each country’s value of Ry g4 for different specifications in relation to their output per worker.
Recall that R, 754 states the remaining output per worker gap of a country relative to the U.S.
after differences in labor allocation efficiency across sectors have been removed, effectively
normalizing the hypothetical gains across countries. While many countries seem to not differ
too much in their degree of misallocation, those countries that do have large efficiency losses
tend to be at the poorer end of the output per worker distribution. In fact, two of the three
poorest countries, India and China, have, by far, the largest reduction in the output gap to
the U.S. It is further noticeable that while not all countries are estimated to have a lower
efficiency gap relative to the U.S. in a CES set up, this does seem to be the case for all
countries in the lower half of the distribution. For instance, eliminating differences in human
capital misallocation across sectors reduces the output gap to the U.S. in the year 2007 for
India (China) by 48% (33%) in the case of Cobb-Douglas, but only by 34% (17%) under the
CES specification.

5.1 Imperfect skill substitution

We now relax the implicit assumption that labor skill types are perfect substitutes. Table
4 summarizes the hypothetical gains for the nested CES specifications. Rows (1)-(3) still
impose o; to be unity, while rows (4)-(6) consider different values of 7; and a simultaneous
change in the corresponding ;. Some changes in the distributions are visible. However, if we
fix 0;, the reallocation gains change only marginally for different values of n;, with notable
exceptions in the case of India and Romania (see appendix figure 5). Overall, the results
suggest that the substitutability of physical capital and the human capital aggregate has
larger quantitative implications than relaxing the assumption of perfect substitution across
skill types.

There is limited evidence to which we can compare our estimates, as studies differ in

290n average, countries reallocate around 13% and 10% of their aggregate human capital under the Cobb-
Douglas and CES specification, respectively. The largest extent of reallocation is found in India (40% in
CD and 34% in CES). In many countries, however, less than 15% (CD) or 10% (CES) of the aggregate
human capital is reallocated. The difference between the two specifications is on average 3 percentage points.
Overall, the extent of human capital reallocation decreases, on average, by around 20% (not percentage
points) in the CES set up compared to the Cobb-Douglas set up. The difference is as small as 4% and as
large as 28% across countries.

30 Another important channel for lower overall output growth in the CES case operates through average
productivities of sectors: because H and K are gross complements (but are not required in fixed proportions,
as in the Leontief case), inflowing laborers in the higher-productivity sector B ‘take away’ some capital from
incumbent laborers in that sector, lowering average productivity.
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Figure 3: Baseline results for Ryga
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Note: Own calculation based on WIOD-SEA. CD: Cobb-Douglas production function. CES: Constant elasticity substitu-
tion function with sector-specific o;. All calculations based on value added nominated in constant PPPs for 12 sectors.

Table 4: Gains from reallocation (other specifications, 2007)

Percentile Min 10th 25th Median Mean 75th 90th Max

oc=1

(1) 4 2.0 3.2 3.7 6.0 10.5 9.5 18.6 92.6
’r] pry
c=1

(2) 5 1.9 3.1 3.6 5.6 10.0 9.0 17.5 85.0
’r] =
c=1

(3) 1.8 3.1 3.5 5.6 9.8 8.9 17.3  82.0
n=16
o<1

(4) 4 1.4 24 3.1 4.2 7.3 7.9 14.3 55.6
77 =
o<1

(5) 5 1.3 2.3 2.8 3.9 6.9 7.4 13.2 51.8
”"] =
o<1

(6) 16 1.3 2.3 2.8 3.8 6.8 7.3 13.0 50.5
n=1

Note: Hypothetical output per worker gains in percentage points. Calculation based on different
specifications of normalized sector production functions. Note that 7 is assumed homogeneous
across sectors and determines o in the 2-level nested CES function in rows (4)-(6). All calcula-
tions based on value added nominated in PPPs for 12 sectors.
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their focus regarding input factors (physical and /or human capital), aggregation level (sector,
industry, or firm), or outcome measure (total factor productivity or output). For instance,
Inklaar et al. (2017) estimate that the average observed manufacturing productivity level in
their sample of 52 medium- and low-income countries would rise from 23% to 37% of the U.S.
level if cross-country differences in both capital and labor misallocation would be eliminated.
In contrast, besides differences in the sample composition, this paper examines the role of
human capital misallocation across sectors in explaining cross-country differences in aggregate
output per worker levels. Similar, the seminal study by Hsieh and Klenow (2009), calculates
that improving factor allocation across firms to the extent observed in the United States could
rise manufacturing productivity by 30%-50% in China and 40%-60% in India. However, as
pointed out by Vollrath, this increase in manufacturing productivity would “only” translate
into a 10% increase in aggregate output in India, and a 15% increase in China (Vollrath,
2015).

Closer to this study, Vollrath (2009) estimates that variation across countries in the de-
gree of human capital misallocation between the agriculture and non-agriculture sector could
account for 30% of the variation in income per capita in his sample of 42 countries. Con-
sidering that Vollrath only looks at efficiency losses that occur between agriculture and the
remainder of the economy, this estimate appears to be large, but it does not necessarily
contract mine. For one, Vollrath’s sample consists of several economies in which the agricul-
ture sector employs a large share of total human capital at low productivity levels, thereby
capturing a substantial portion of the inter-sector misallocation in poor countries. Besides
this, Vollrath is forced to work with an arguably cruder sectoral measure of human capital.
These differences considered, Vollrath’s empirical estimates seem to be consistent with our

findings.

6 Robustness and extensions

6.1 Robustness
6.1.1 Parameter assumptions

Until now, we have not only assumed that o; and 7 are homogeneous across countries, but we
have also imposed a common 7 for all sectors. To test how sensitive our results are to these

assumptions, we make use of a key advantage of normalization and artificially introduce
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variation in the substitution parameters.”’ Specifically, we perform 1000 calculations of

31Recall that the normalization procedure allows to fix the distribution parameters while varying the
substitution parameters.
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Rworia and R.psa based on simulated samples. For each sample, we draw random values for
Ne; from the possibility set [1.6, 2, 4, oo]. For a given 7.;, we then obtain the corresponding o;
from the 90%-CI around 6;(n;).>* The motivation for this simulation is as follows. Provided
that the actual degree of cross-country parameter heterogeneity is moderate, in the sense that
the 90%-CI envelops most of the true parameter values in each country and sector, increasing
the set of possible production structures also raise the probability of approximating the true
production side.

Appendix figure 4 shows the 10th-to-90th percentile from the resulting distribution of
Rworg- Two findings stand out. First, Ry .-q reacts moderately sensitive to variation in 7,
and o.; (about 3-4 percentage points). Second, departing from the Cobb-Douglas assumption
reduces the fraction of output per worker variation explained by misallocation by at least
6 percentage points. Appendix figures 5 and 6 show the 10th-to-90th percentile interval of
each country’s hypothetical gains and remaining gap to the U.S., respectively. Countries are
ordered by their actual output per worker. The figures indicate that for many countries the
estimated reallocation gains are robust to the artificial variation in 7. and .. Nevertheless,
there are several countries, especially in the lower half of the output per worker distribution
in the sample, for which the estimated absolute (and relative) gains from reallocation are
sensitive to the imposed parameter values.

So far, the results are based on production functions with a distribution parameter ¢q.;
that is specific to each country and sector. As a robustness test, we replace ¢q.; by a structural
parameter that is common across countries. Appendix figure 7 shows the results for Ry 4.
Noticeable, the cross-country differences in the estimated efficiency losses increase when we
treat the distribution parameter ¢g; as structural and are largest if we impose distribution
parameter obtained for the U.S., ¢gysai, as the true technology parameter for all countries.
In this case, the Cobb-Douglas results suggest that differences in human capital misallocation
explain as much as 28% of the output per worker variation in 2007.

The explanation for this is visible in appendix figure 8. With imposed ¢gysa4; in all
countries, countries in the lower half of the income distribution obtain larger hypothetical
gains from reallocation relative to the U.S. Put differently, countries are estimated to be
less inefficient in allocating their human capital across sectors if technology parameters are
assumed to be country-specific.3®* This seems economically plausible and is supported by the
concept that countries opt for technologies that are appropriate for their factor endowments
(see, e.g., Caselli, 2005).

In terms of sensitivity regarding 7.; and o.;, the 10th-to-90th inter-percentile range spans

32Tn practice, the 90%-interval does not introduce huge variation as the sector substitution elasticities are
estimated quite precisely.

33Note that the reduction in the relative efficiency gaps mirrors less absolute efficiency losses because the
gains from reallocation for the U.S. are constant.
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from 0.79 to 0.83. This implies that human capital misallocation explains between 17%-21%
of the output per worker variation, given that ¢gs4; resembles the true technology parameter
in all countries. Overall, the robustness exercises regarding the assumed parameter values
support the previous finding that imposing a Cobb-Douglas production function specification
can have sizable implications for the estimated gains from reallocation. It does, however, not
necessarily have to. The appropriateness and quantitative implications of the production

function specification should therefore be evaluated on a case-by-case bases.

6.1.2 Sample composition

We have found that countries not only differ in their degree of human capital misallocation,
but also by how much their estimated hypothetical gains differ across production function
specifications. This raises the question to what extent the change in Ry .4 across specifica-
tions is robust to the sample composition. To examine this, we create 1000 simulated samples
consisting of 100 countries drawn with replacement from the original set of 39 countries in our
sample. For each sample, We calculate Ry ,.1q based on the Cobb-Douglas and CES specifi-
cation. Appendix figure 9 plots the difference in Ry -4 between the two specifications. The
10th and 90th percentile lines mark a difference of 4 and 8 percentage points, respectively.
If we set this into relation to the 6 percent difference from the baseline, this indicates that
the previous result is moderately sensitive to the countries in the sample.

Evidence on how sensitive the absolute value of Ry,.q is to the sample composition
is shown in appendix figure 10, which depicts the respective distributions and means of
Ry ora for different specifications. Two things are noticeable. On the one hand, there is a
considerable degree of variation in Ry, .4 for each specification, and as a consequence, overlap
across the different specifications. On the other hand, there is a noticeable differences in the
distributions. This indicates that the previous finding that the Cobb-Douglas specification
overstates the role of misallocation in explaining output per worker variation is not just an

artifact of the sample composition.

6.1.3 Non-market services

A caveat regarding the data is that output in non-market service sectors (public adminis-
tration, education, and health care) is potentially poorly measured. While this provides a
serious problem for, e.g., sector level comparison across countries, we consider it less severe
for the main objective of this paper for a set of reasons. First, the measurement error only
biases the estimated hypothetical reallocation gains given that measurement errors in sector
outputs correlate systematically with productivity and employment levels. Second, to bias

the ratio Ry o4, the bias in the country gains need to systematically correlate with the coun-
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try output per worker levels. Third, even if some bias due to measurement error is present,
it needs to have a systematically different and sizable effect across the different production
function specifications.

Nonetheless, as a check, we run the reallocation exercise on a sample in which we drop the
non-market service sectors. While the overall importance of human capital misallocation for
explaining cross-country variation in output per worker is reduced in both the Cobb-Douglas
and CES specification, the previous qualitative finding still holds. Allowing physical and
human capital to be gross complements reduces cross-country differences in efficiency losses
due to human capital misallocation. With this being said, the robustness exercises also
indicate that the quantitative implications of the imposed production function parameter

values depend on the countries and sectors examined.

6.2 Country dynamics in misallocation over time

One interesting finding depicted in figure 2 is the stability in Ry,.q over the years. Ap-
pendix figure 11 indicates that this hides country dynamics in misallocation over time. The
figure plots the hypothetical gains from reallocation for six countries. What we see is a
mixed picture. Two countries, namely the Republic of Korea and Czech Republic, improved
the allocation of human capital across sectors over the 12 year period. On the contrary,
in countries like Belgium, Greece, China, and India, the aggregate output costs of human
capital misallocation in 2007 exceed the 1995 level. In light of the widespread structural
change that occurred in China and India, this finding seems puzzling. However, underlying
these developments are different records of human capital reallocation across sectors and
productivity growth within sectors. While a thorough investigation is beyond the scope of
this paper, it is worth noting that an increase in the aggregate costs of misallocation does not
imply that there has been no growth-enhancing reallocation of workers across sectors over
the period. In fact, in both China and India the reallocation of human capital across sectors
contributed positively to growth, albeit just marginally (see appendix table 7).3* The dom-
inant contribution came from within sector productivity growth. In fact, in both countries,
marginal productivity values of human capital in agriculture remained low, despite substan-
tial reallocation. Conversely, marginal productivity values increased further in other sectors.

Consequently, gaps in marginal products across sectors increased. Rapid productivity growth

34We apply a shift-share-approach to decompose human capital productivity growth into three different
components. The first component captures productivity gains within sectors. The second (static) component
captures gains that result from human capital shifting into sectors with above-average productivity levels.
The third (dynamic) component, captured gains that result if human capital shifts, overall, to sectors with
above-average productivity growth.
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within highly productive sectors can thus increase allocative inefficiency.?®> At the same time,

however, it raises the potential for growth-enhancing human capital reallocation.

7 Conclusion

In this paper, we have examined whether the strong functional form assumptions imposed by
Cobb-Douglas functions have quantitatively important implications for measuring aggregate
costs of human capital misallocation across sectors for a sample of 39 countries. We extend
the misallocation framework to the CES and nested CES specification by drawing on a
normalization approach. This allows suitable counterfactuals and improves the identification
of sector-level substitution elasticities. Physical capital and the human capital input are
estimated to be gross complements in all sectors. This suggests that counterfactuals based
on Cobb-Douglas sector production functions are not appropriate.

We find that relaxing assumptions on the substitutability of input factors affects the
hypothetical gains from reallocation considerably in some countries, but not in all. As a
consequence, the degree to which human capital misallocation can explain aggregate output
per worker variation in the sample drops from 21% (Cobb-Douglas) to 14% (CES). Allow-
ing for imperfect substitution of skill types has by itself only small effects on the estimated
reallocation gains. It does, however, imply some changes in the estimated elasticity of substi-
tution between physical capital and the human capital aggregate, which in turn translate into
moderate changes in the estimated reallocation gains. Finally, we find that the fraction of
output per worker variation in the sample that can be explained by cross-country differences
in the degree of human capital misallocation across sectors has been quite stable over the
period 1995-2007. This stability, however, hides the fact that countries experienced different
developments regarding the extent of cross-sector human capital misallocation.

Our results raise the question whether previous work has overestimated the role of factor
misallocation by working with a Cobb-Douglas production function. This conclusion appears
premature. First, we have focused on the allocation of one production factor only, keeping
the other production factor fixed. In the long run, physical capital may reallocate as well,

36 Second, and relatedly, the rate at which

leading to different quantitative implications.
marginal products of one production factor are equated across sectors or firms depends on
how abundant or scarce the mobile factor is in the economy. Additionally, we want to

emphasize that output gains from efficiently allocating human capital across sectors, which

35Ceteris paribus, a shift of human capital out of (into) a sector implies an increase (decrease) in the
marginal products of the remaining workforce due to an increase (decrease) in the capital intensity. The
increase in the marginal product gaps, despite substantial reallocation, therefore indicates changes in the
sectoral capital stock and/or technology.

36See the recent contribution by Mallick and Magsood (2023).
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we estimate to be 7.6 % on average, are still substantial.

In any case, the results stress that the appropriateness and quantitative implications of
the production function specification should be evaluated on a case-by-case basis. Hence, a
test for model specification should be a prerequisite for parametric counterfactuals that gauge
the aggregate cost of factor misallocation, irrespective of whether they focus on the macro or
micro level. For cases in which the CES specification is found more appropriate, this paper

presents an approach to extend the misallocation framework beyond Cobb-Douglas.
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Appendix

Appendix A: Tables and figures

Table 5: Reallocation gains for varying n; and fixed p;

Country‘n—>oo n=4 n=2 n=16 Country n—o0 n=4 n=2 n=16

AUS 3.12 3.23 317 3.17 IRL 3.36 3.55  3.52 3.62
AUT 4.61 4.67  4.63 4.64 ITA 4.94 5.85  5.62 5.4
BEL 4.03 439 413 4.07 JPN 2.05 214 212 2.11
BGR 8.88 821 781 7.74 KOR 17.56 1827 1798 17.72
BRA 8.48 9.9 9.16 9.06 LTU 2.3 238 224 2.16
CAN 2.15 241 241 2.42 LUX 4.16 491 448 3.98
CHN 27.06  25.98 25.68  25.57 LVA 3.11 3.23  3.12 3.09
CYP 3.81 5.4 5.11 5.04 MEX 3.63 3.7 3.7 3.55
CZE 2.44 3.02 273 2.68 MLT 4.73 5.59 4.9 4.71
DEU 7.45 7.85  7.55 7.47 NLD 3.41 3.35 3.18 2.97
DNK 5.55 2.96  5.71 5.63 POL 2.83 3.79  3.73 3.64
ESP 3.09 3.9 3.72 3.72 PRT 8.89 798  7.39 7.32
EST 2.62 2.85 274 2.72 ROU 16.44 1229 12.02 11.89
FIN 4.22 4.13  4.06 4.04 RUS 14.41 1498 14.09 13.47
FRA 2.19 2.57  2.38 2.35 SVK .84 142 1.29 1.26
GBR 4.86 4.81  4.68 4.64 SVN 3.72 3.79  3.66 3.67
GRC 12.28 13.63 13.49 13.47 SWE 4.75 4.55 4.34 4.25
HUN 2.5 3.25 294 2.89 TUR 2.72 2.75 278 2.76
IDN 11.15 11.93 11.33 11.26 USA 5.37 5.85  5.65 5.55
IND 65.91  59.73 56.52  55.29

Note: Hypothetical output per worker gains in percentage points. Calculation based on different specifications of nor-
malized sector production functions. 7 is assumed homogeneous across sectors. o; is set to the estimated value of the
1-level CES sector function. All calculations based on value added nominated in PPPs for 12 sectors.
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Figure 4: Robustness test for Ry oma (1)

Smaller role of misallocation is robust to varying o.; and 7,
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Note:  Own calculation based on WIOD-SEA. Ry ,.q states the remaining fraction of output p.w. variation in
2007 after misallocation across sectors is eliminated. Specifications:

CD: Cobb-Douglas production function. CES-
CI: 10th-to-90th percentile bootstrap interval of Ry orq based on 1000 iterations with random values of o and
Nei-

For a given 7.;, the admissable range of o, is the 90%-CI around estimated expected value. For n., —
00, Rworig is calculated based on a 1-level CES function. For n. = 1.6,2,4, Rworiq is calculated based

on a 2-level CES function. All calculations based on value added nominated in constant PPPs for 12 sectors.
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Figure 5: Robustness test for Ryga (I)

Remaining fraction of output p.w. gap to USA (2007)
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Note:  Own calculation based on WIOD-SEA. CD: Cobb-Douglas production function. CES-CI: 10th-90th per-
centile bootstrap interval based on 500 iterations with varying values of p.; and ~.;. For a given 7.,
the admissable range of o, is the 90%-CI around estimated expected value. For ne; — oo, Reusa is
calculated based on a 1-level CES function. For n., = 1.6,2,4, Rcysa is calculated based on a 2-
level CES function. All calculations based on value added nominated in constant PPPs for 12 sectors.
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Figure 6: Hypothetical reallocation gains

Hypothetical reallocation gains (2007)
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Note:  Own calculation based on WIOD-SEA. CD: Cobb-Douglas production function. CES-CI: 10th-90th per-
centile bootstrap interval based on 500 iterations with varying values of pq; and ~¢;. For a given ¢,
the admissable range of o. is the 90%-CI around estimated expected value. For n.; — oo, gains are
calculated based on a 1-level CES function. For n.; = 1.6,2,4, gains are calculated based on a 2-
level CES function. All calculations based on value added nominated in constant PPPs for 12 sectors.
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Figure 7: Robustness test for Ry oqq (1)

Smaller role of misallocation is robust to assumption on ¢,
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Note: Own calculation based on WIOD-SEA. Specifications: CD: Cobb-Douglas production function. CES: Con-
stant elasticity substitution function. ¢o,;: sample-average of ¢;. ¢o0,c: country-averages of ¢;. bo,USA:
U.S.-average of ¢;. All calculations based on value added nominated in constant PPPs for 12 sectors.
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Figure 8: Robustness test for Ryga (II)

Correlation Rys4 and output per worker (2007)
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Note: Own calculation based on WIOD-SEA. CES: Constant elasticity substitution function. ¢gc;: country-averages of
bi. Pousai: U.S.-average of ¢;. All calculations based on value added nominated in constant PPPs for 12 sectors.

Figure 9: Robustness test for Ry o.q (111)

Smaller role of misallocation is robust to sample composition
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Note: Own calculation based on WIOD-SEA. Dependent variable is, for 1000 simulated samples, the difference
between Ryy,.iq based on the Cobb-Douglas and CES specification, respectively. The dotted lines indicate the
10th and 90th percentile. All calculations based on value added nominated in constant PPPs for 12 sectors.
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Figure 10: Robustness test for Ry oma (IV)

Overlap but clear differences across specifications
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Note: Own calculation based on WIOD-SEA. Dependent variable is Ryyorq calculated for a bootstrap sample of
100 countries with replacement based on 1000 iterations. The dotted lines indicate the respective mean value
for Rworiqg for each specification.  All calculations based on value added nominated in constant PPPs for 12
sectors.  Specifications: CD: Cobb-Douglas production function. CES: Constant elasticity substitution function.

Table 7: Contributions to human capital productivity growth

Country | CAGR within static dynamic

BEL 1.1 1.4 0.4 -0.7
CHN 8.8 7.9 0.4 0.6
CZE 2.4 2.0 0.5 -0.2
GRC 2.7 2.7 1.2 -1.3
IND 5.0 4.2 1.3 -0.5
KOR 3.4 3.9 0.9 -1.4

Note: CAGR: Compound annual growth rate of human capital
productivity in percentage points over period 1995-2007. within:
Growth in human capital productivity within sectors. static:
Growth due to human capital shifting into sectors with above-
average productivity levels dynamic: Growth due to human capital
shifting, overall, to sectors with above-average productivity growth.
All calculations based on value added nominated in PPPs for 12 sec-
tors.
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Appendix B: Labor value added shares in WIOD-SEA

A key feature of WIOD-SEA is its harmonized information on compensation payments to
specific skill-types of workers on the sector level for a panel of countries. Linked to a normal-
ization approach, this data information be used to infer the unobserved distribution parame-
ters. In practice, however, a drawback exist, as there are multiple labor revenue shares which
are economically unreasonable. Specifically, in 16 out of the 486 country-sector observations,
o exceeds the value of 1.

To explain the large labor shares in value added, it is important to note some assumptions
underlying the construction of WIOD-SEA. As is well known, labor income of self-employed
is not registered in the National Accounts in many countries. Following standard practice,
WIOD-SEA addresses this issue by imputing self-employed income. For advanced countries,
it is assumed that the compensation per hour of self-employed is equal to the compensation
per hour of employees. Arguing that this assumption is not plausible for emerging countries
as a large part of informal workers earns much less than the average wage of low-skilled
workers, additional country-specific information is used (Timmer et al., 2012).

The imputation of self-employed income in advanced economies is, however, not without
problems. Even if the assumption of equal compensation per hour holds, total labor compen-
sation is mismeasured if average compensation per hour of employees is biased. The latter
is calculated by dividing the total compensations to employees by their hours worked, while
the total compensations to employees include wages and salaries but also all other costs of
employing labor which are borne by the employer (e.g. social security taxes). Especially in
cases with high amount of net subsidies and a large share of self-employed, the imputation
of self-employed incomes based on average wages per hour of employees can result in total
labor compensation being larger than value added. An examples is the agriculture sector in
several European countries.

The problem of inflated and implausible labor shares on the sector level is also noted by
Bentolila and Saint-Paul (2003) and Inklaar and Diewert (2016), who point to self-employed
earning on average a lower wage than employees as a likely source. Both papers deal with the
issue in a pragmatic manner by adjusting the assumed average wage ratio of self-employed to
employee. Specifically, Bentolila and Saint-Paul (2003) assumes a ratio of two-thirds, while
Inklaar and Diewert (2016) assume a ratio of 60 percent and even 30 percent in agriculture
to ensure that capital income at the sector level is positive in all countries and years.

Cai and Pandey (2015) propose an adjustment to the imputation approach in WIOD-SEA.
Using census data of ten European countries, they impute compensation for self-employed
in each sector based on the assumption that a self-employed earns the same hourly wage as
a wage worker who has the self-employed’s observable characteristics. They find an average

ratio of wage of self-employed to that of employee of 1.012 for agriculture and 1.035 in the
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remaining non-agriculture economy. Note, though, that based on these estimates the adjusted
total labor compensation would in fact even rise.

An alternative source of bias in the labor revenue share is under-reporting of self-employment
income (e.g. due to tax evasion) leading to a downward bias in the measurement of value
added. For instance, Kukk et al. (2018) reviews the literature on the magnitude of under-
reporting of self-employment income and provides own estimates for a set of European coun-
tries in the range of 10% to 40%. Although these estimates indeed indicate substantial
under-reporting of self-employment income, they measure under-reporting on the aggregate
and not the sector level. Indeed, both Herrendorf and Schoellman (2015) and Cai and Pandey
(2015) make the case that under-reporting of income is a particular problem in the agriculture
sector. Despite this plausible explanation for inflated labor value added shares, we am never-
theless practically constrained, as we do not have estimates of the degree of under-reporting
across the sectors and countries in our sample. And, because cross-sector differences are key
in this paper, imposing an, arguably arbitrary, aggregate adjustment factor might in fact
make matters worse.

In the absence of appropriate adjustment factors, we deal with questionable parameter
values in the baseline counterfactual by setting the maximum value of ¢g.; to 0.9. Addition-
ally, we run robustness tests where we treat ¢, as a structural parameter that is common
across countries. Specifically, we consider two different values for ¢g;. First, we set ¢ to
the geometric sample-average labor share. Second, we set ¢g.; to the geometric average of

U.S. labor share. Table 8 states the imposed values in each sector.

Table 8: Labor shares by sector

(1) (2) B ¢ (5)

Sample U.S.
Abbr - Sector Name Mean Std. Dev. Min. Max. Mean
AtB Agriculture 0.74 0.19 0.26  0.90 0.47
D Manufacturing 0.56 0.12 0.32 0.75 0.60
F Construction 0.66 0.16 0.29 0.90 0.83
G Trade Service 0.60 0.14 0.23 0.85 0.60
H Hotels & Restaurants 0.64 0.18 0.28 0.90 0.71
I Transport & Storage 0.53 0.12 0.29 0.76 0.63
J Finance Services 0.49 0.13 0.20 0.71 0.50
K Business Services 0.31 0.11 0.07 0.55 0.42
L Public & Social Services 0.81 0.10 0.48 0.90 0.85
M Education 0.88 0.08 0.55 0.90 0.96
N Health & Social Work 0.80 0.10 0.55 0.90 0.75
OtP Other Services 0.70 0.13 0.42 0.90 0.68

Note: Column 1 states the sample average labor shares in value added (geometric average over time and
countries). Columns 2-4 show summary statistics for country-specific labor shares (geometric average
over time). Column 5 shows the labor share in value added in the U.S. (geometric average over time).
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Appendix C: Derivation of optimal labor input allocation

Assuming that H = Z , (Hj), we can write H; as:

H.
== 8
Zj:l (H])
o . . 1A Py,
multiplying the nominator and denominator by (+H)—’IH?“’ results in
(1A MPY,
(1+/\H)MPVhypH
o — (1+2H )MPVhyp
! > <(1+)\H)MPVhypH >
= (1+)\H)MPVhW
rewrite this as
1
1+ E) M PV,
H; = (1+ 1) MPV,, H; N M Vi H
J 1
Zj:l ((1 + )\’L ) MPVhypH (1+)\H)Mpvhyp>
which is
(1+XF) MPV, H; ()
Hi — hyp ( +A; ) H

Z] 1 ((1 T AH) MPVhyp ) Z‘] ( (1+/\H)MpvhypH 1 )
S

j=1 :1<(1+,\§f)MPV yij) (1+AH)
which results in equation (14)
H H
(1+X) MPV,, H,

= > ((1+)\H> MpvhypH)XfIH

where

A\ =
J (1+>\H)MPVhyle 1
Zj:l P (<1+)\H)MPV Hy) (1+2H)

)
hyp

Note that (1 + A7) MPVh};p = MPV;" and MPV,” « H; is the sector output multiplied

by the factor output elasticity. Specifically, given equation (15), we have

H, pi H, pi K; pi1—1
~ovgi (i) | (7) ~0-e () |

so that
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In the case of the sector production function with the generalized human capital aggregate

in equation (16), the marginal product with respect to skill type L, € {LL,LM,LH} is

defined as

Y: L Yi Pi .W
MP‘/; — ¢0290k2 1 < ki > QZ—IFZ Vi
L LOk”L

. . 1 Vi
S\ 7 o\ 7 o\ Ve
where ; = | ¢o; [Q&H (LLII}Z) + OEM (LLJ\]%) + (1 — OE — QézM) (LLLLOZ) ]

S\ Yt S\ Yt S\ Ve
andn:[e@ff@},{;) O () (1 05— o) (£) }

This gives

N\ =
P0ifok; Y <,;Lok,j) a7 <L
Ly = ——\* Ly,

P75 7
L _ .
> (%901@ ()" o', )
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Appendix D: Human capital aggregate

It is important for this paper to ensure that the values of Ry g and R.pysa can be com-
pared across different specifications. The case of v — 1 (perfect substitutability) allows a
verification. That is, if ¥ — 1, the hypothetical gains obtained from the 1-level CES function
should coincide with the results from the 2-level CES set up. The crucial element here is

the consistency of the human capital aggregator. We define the explicitly normalized human

capital aggregator as

1

H. LL.: Yei LM.. Yei LH. Yeil 3
o _ QLL i HLM ci QLH ci
HOci |: Oct (LLOC’L) * Oct LMOci * Oct LHOCZ'

Assuming that factors get paid their marginal product values the distribution parameters

are defined as

LH
HLH o Wy LHOci
Oci — | 'LH LM LL
Wy LHOCZ' + Wy LMOci + Wy LLOCZ'

LM
QLM _ Wo LMoe;
Oci — . LH LM LL
wo : LH()CZ' + de LMQCZ' + wOCi LLOci

Cc?

where 0 defines the point of normalization. We can rewrite the human capital aggregator as

o LL,; 60 LM, n ok LH,
Hy,; Oct LLoe; 08 LMy 00F LHoe

where

LH LH 1—v vy
Opei Wy LH, "LH,,
LL — LL 1—v 0%
00ci Woei LLci LLoci

LM LM 1—y 2
0 W LM, "LM,,

Oci
LL ~— LL 1—v o7
Odei Woei LLe "Ll

and for 7y — 1

LH LH v
O _ Woci LH,,

LL L ¥
O Woei Ll

LM LM ¥
O woe LMy,
LL — . LL ¥
Opei Woe Ll
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Note that growth or development accounting exercises usually work with the implicitly

normalized human capital input at Hy; = LLo,; = LMy.; = LHy; = 1,

LL 05’ 05
Hci = 90(:1' X LLCZ + 9(1];[/ LMCZ + 06/[/ Lch

so that each skill type gets weighted by the relative wage (oppose to the cost share). Further
it is often (implicitly) assumed that the quality of low skilled workers in sector i in country
c, 08L is fix across time or equal across countries and can therefore be ignored (see, e.g.,
Jones, 2014). In contrast, when we work with the 2-level CES function, we implicitly assume
that 0L differs across sectors and countries. 6F% thus also needs to be considered in the

construction of the human capital aggregate that enters the 1-level CES specification.

In theory, as we set Ho. (i.e., country-sector-specific), the relative efficiency levels are

equal to
LH LH
i _ Wopei LHy;
LL — . LL ,
O Woei LLoci
LM LM
0o _ Woe L Mo
LL — LL ]
0002’ w()ci LLOCT
while
LL
gLl — Wowi LLoci B 1
Oci — - LH ) LM )
CZ w(L)/CI;LHOCi -+ w(glc]z\‘/[LMOci -+ wécﬁLLOm» 1+ woys LHoci 4 Woeq LMoci
wéc%LLOCi w(%clilLLOCi

which for the implicitly normalized case LLy = LMy = LHy = 1 becomes

QLH LH

oci _ Woci

LL — . LL

O Woe;

LM LM

Ooei Wy

LL — . .LL

Odei Woe;

QLL . 1

Oci — wlLH wkM
+ 54 5t
chi chi

In practice, the output elasticities with regard to each labor skill type react to changes
in the factor allocation across sectors to a degree that prevents convergence in the marginal

product values even after numerous iterations. We work around this problem by artificially

49



reducing the degree of reallocation in each iteration. More precisely, we conduct the following

steps:

1. Calculate the optimal sector share of the economy’s total human capital H. based on

Hci
Hoe; *

2. Obtain the ratio between the optimal sector share and the current sector share of H..

As }I;;CZ can not be aggregated over sectors, we calculate H, = 21121 H,.; using the

relative efficiency levels of low-skilled shown in table 9 to obtain H,;.3
3. Close 70% of the gap between the optimal allocation to the current allocation.
4. Repeat steps (1)-(3) until the marginal product values converged across sectors.

This approach ensures that the hypothetical gains from reallocating the labor input(s) across

sectors can be compared between the different specifications.

Table 9: Relative efficiency of low-skilled by sector

(1) (2) B ¢ ()

Sample U.S.
Abbr  Sector Name Mean Std. Dev. Min. Max. Mean
AtB Agriculture 1.03 0.19 0.52 1.43 1.03
D Manufacturing 0.97 0.08 0.65 1.11 0.89
F Construction 1.03 0.09 0.72 1.25 1.00
G Trade Service 0.97 0.09 0.70 1.19 0.98
H Hotels & Restaurants 1.03 0.11 0.66 1.19 1.02
I Transport & Storage 1.04 0.11 0.73 1.49 1.05
J Finance Services 1.03 0.20 0.56  1.47 0.90
K Business Services 0.91 0.11 0.63 1.40 0.77
L Public & Social Services 1.03 0.15 0.74 1.38 1.02
M Education 0.98 0.12 0.72 1.25 1.07
N Health & Social Work 0.95 0.08 0.80 1.12 0.82
OtP Other Services 0.97 0.10 0.75 1.20 1.00

Note: Columns 1-4 state sample summary statistics on normalized 6y, i.e. the contribution of low skilled
workers to the total human capital services in each sector (normalized with respect to each country’s
median 6p;). Column 5 shows the normalized 6p; for the U.S.

LH LM
37 As Since, for v = 1, the relative wages Z% and wwoﬁ are stable, 1L is also stable in this case. Hence,

Oci Oci
for v = 1, we can use average values of wh%, wt  and wii.
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Appendix E: Estimation of sigma across sectors

The estimation of the unobservable elasticities of substitution parameter, p;, in each sector ¢

starts with the sector production functions in (8) and (10):

Y, = G [BH + (1 B)KP]%  £ie(0,1)

and

Y =G | B [or ™ (LH)™ + o™ (LM;)" + (1 = af™ — o) (LL;)"] T - By (K

% %

This paper identifies the parameters based on a supply-side system approach using non-
linear SUR (Klump et al., 2007; Leén-Ledesma et al., 2010; McAdam and Willman, 2018).
This approach facilitates identification as it increases the degrees of freedom and considers
both technology (via the underlying production function) and optimization behavior (via
FOC equations). Aside from this, the use of level variables stress the long-run information
in the data, which is particular valuable given the rather short time dimension in the data
(T" = 13). Moreover, as shown by Ledén-Ledesma et al. (2010), the supply-side system ap-
proach performs well even for relatively small samples and is not sensitive with respect to
simultaneity bias.

In practice, we replace (8) and (10) by the normalized production functions (dropping

the sector index for clarity):

Yo = YoAg. [qso (Ag]“) + (1 — o) (A}f“) } (24)
and
a 14 %
Y = Yo Ao [¢5on + (1 = ¢o) (Alf((lo(d) } (25)

Y v vy
where ) = |:(9(€1H (ALffIzjfct) + eézM <AL£{]\Zé\4ct> + (1 o egH . eé,M) (ALLLLLOLct> ]

To improve the estimation, we make three changes compared to the reallocation exercise.
First, we define the normalization points to be sector-specific. This choice is motivated by
the necessity to estimate the substitution parameter of a global sector production function.

Following the argument by Baccianti (2013), intuitively, observations that are represented
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by the same production function should have the same normalization point. Consequently,
we define Yy = Y¢, Ky = K, Hy = H, LLy = LL, LMy = LM, LHy = LH, ¢y = ¢,
OLH = gL GLM — gLM and 9FH = (1 — 9FH — M) where the bar refers to the respective
geometric average over countries and time. Note that we introduce two additional parameters
¢ and Ag.. Analogously to Klump et al. (2007), £ accounts for the non-linearity of the CES
functions, which implies that the sample average of production need not exactly coincide
with the level of production implied by the production function with sample averages of
the right-hand variables. Unobserved heterogeneity across countries is captured by a set of
country dummies, Ag.. As & and Ag.effectively enter the estimation as products, we replace
them by the vector &..

The second change applies to the human capital input. As a consequence of redefining

the normalization points, we calculate the human capital input in each sector ¢ in country c

as
H, LL,; 60" LM, 60" LH,
=0 X | = — o — (26)
H, LL, O TM, 6 TH,

Constructing the human capital input based on (26) also ensures comparability across coun-
tries within sectors.®® Given H,;, we calculate the average wage per efficiency unit as total
labor compensation, nominated in constant 2005 U.S. dollars, divided by H;.>

Third, we add a set of parameters, Ax, Ary, Ary and Arp, which capture factor-directed
technical change. This choice is motivated by the findings of Antras (2004), who shows that
restricting the analysis to Hicks-neutral technological change necessarily biases the estimates
of the elasticity of substitution between capital and labor towards one. The importance
of factor-directed technical change in the estimation of the substitution parameter is also
confirmed by the Monte-Carlo-study of Leén-Ledesma et al. (2015).

Taking logarithms, assuming that technical change for each factor k takes the form
e"k(=t0) ~and adding an error term p, we estimate the two systems of equations for each

sector individually.*® First,

Yer 1 _ (evn=te [\ _ (errtTt) NP
) = - _— 1-— —_— 2
tog (32) =toa 6+ 3toa |6 (=) w0y (=) e en

38This is different from the reallocation exercise, where comparability of the human capital input across
sectors within countries is important.

39More precisely, we estimate growth rates of real wages in constant national currency. We use these
growth rates to extrapolate the wage in 2005 converted into U.S. dollar using the PWTS8.1 exchange rate.

40 An important feature of the specifying technical change for each factor k as e”*(*=%) is that e*»(*~t0) =1
for t = tg. This ensures that the factor shares are not biased by the growth of factor efficiencies but simply
equal to the distribution parameters at the common fixed point.
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gt = tog (77 )+ (1= pleg 52757 ) + p(log (€ + v (1= )+ (25)

Second,

vi (t—to) P o
tog (32) =toa €+ 2tog [(1-0) (T ) w0l v @)

HOLHY Yy, LH
log (wg;") = log (¢LH ) + (1= p)log <7) + (v = Dlog (ﬁ)

+ %Qct + plog(&e) +v (vow (t —to)) + per (30)

N S W A 1)
log (wi™) = log ( 77 + (1 — p)log 7 + (v —1)log AT
+ B0 plog (&) + 7 (v (= 1) + e (31)

LL POLLY Yo LL.
— — 1 — —_ — 1 =
log (wct ) log ( A7 + (1 = p)log 7 + (v = 1)log i

+ %Qd + plog(&) + v (vir (t —to)) + per (32)

_ (g (ernt—topm,\" | pgrm ((errmCG—topng,\” _pLH _ LM\ ezt "

While the supply-side system approach does improve the identification of the substitution
parameter considerably, estimation problems remain for some sectors when we estimate p and
~ simultaneously. Against this background, we follow a grid search approach, as proposed by
Henningsen and Henningsen (2012). Instead of estimating both parameters simultaneously,
we impose plausible estimates of 7 and obtain corresponding estimates for p. Specifically,
motivated by Ciccone and Peri (2005) and Mollick (2011), we impose n € [1.6, 2, 4].

As a final note, WIOD-SEA does not contain information on capital income. This impedes
the separation of the pure profit (or the markup) component from the rest of non-labor
revenue share in WIOD-SEA. As a consequence, we decide to not work with the FOC for the
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capital input in the system estimation.
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