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Abstract

We investigate links between routine-biased technical change, the structure of oc-
cupational employment, and cross-country income differences. To implement this,
we combine several data sources including national labour force surveys and Penn
World Tables. We first document that in our novel dataset spanning 92 countries
there is a negative relationship between the employment share of routine occupa-
tions and GDP per hour worked. We then conduct a development accounting exer-
cise where we differentiate labour inputs by occupation and allow for occupation-
specific technologies. We find a systematic relationship between occupation-specific
technologies and GDP per hour worked. More developed economies use technolo-
gies that are more routine-biased. The productivity of routine labour is about
11 times higher in the top 25 percent than in the bottom 25 percent of countries
ranked by GDP per hour worked. International differences in this routine labour
technology by themselves account for about 13 percent of the 90-10 ratio of GDP
per hour worked, whereas differences in abstract labour technology do not con-
tribute to the observed GDP dispersion. Eliminating all occupations’ and capital’s
technology differences across the world would compress the GDP distribution by
35 to 41 percent.
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1 Introduction

A large literature has investigated cross-country differences in incomes per capita or
per worker. Most studies find a rather modest role for production factors explaining
these differences but assign a large role to technologies (e.g. Klenow and Rodriguez-Clare
(1997), Hall and Jones| (1999), |Caselli (2005)), Caselli (2016])). That technology differences
are the biggest force behind income differences has also been supported by more recent
papers that break up the labour input and allowing for imperfect substitutability between
unskilled and skilled labour and factor-biased technologies (e.g. [Hendricks (2002), Caselli
and Coleman (2006), |Caselli and Ciccone| (2013))). While distinguishing workers based
on their education has a long tradition and is relatively easy to implement in the data, it
potentially misses out on important non-neutral productivity differences at the level of
workers’ tasks or occupations.

Indeed, occupation-specific productivity changes, such as routine-biased technical
change, are known to have been important for developed economies’ labour markets in
recent decades (e.g. Autor et al.| (2003]), |Autor et al.| (2006)), Goos et al.| (2014), Michaels
et al| (2014)). But is such occupation-biased technical change uniform across countries
at varying stages of development, and do differences in occupational technologies and
employment structure matter for international GDP differences? To investigate whether
there are differences in occupation-biased technologies across countries and whether these
matter for income differences across countries, the labour inputs need to be split by work-
ers’ occupation.

In this paper we first document how the employment shares of manual, routine, and
abstract occupations vary across countries with economic development. Using micro
and macro data from several sources, we construct a unique dataset with information
on occupational employment, average occupational wages or earnings and occupational
weekly hours worked for 92 countries for two cross-sectional samples: 1990s and 2010s. We
show that, in a cross-section of the 2010s (which contains 81 countries), richer countries
have a considerably larger share of their labour force employed in abstract occupations,
whereas both the manual and the routine occupational employment shares decline with
GDP per hour worked. This is also seen in the changes in the occupation shares between
the cross-section of the 2010s and the cross-sectional sample of the 1990s: richer countries
have experienced a larger decrease in routine employment and income shares and a higher
increase in the share of abstract occupations vis-a-vis less developed countries.

We then conduct a development accounting exercise where we distinguish between the
occupational labour inputs. We set up a production function that allows for occupation-

specific technologies and complementarity between the occupational inputs. In our frame-



work each production factor, i.e. each occupations’ labour input and capital, has its own
factor-augmenting technology. Our main interest is in the technologies augmenting the
various occupational labour inputs, the occupation-specific technologies, and how these
vary across countries and over time. Such variation can stem from changes in the com-
position of tasks assigned to an occupation, which varies with development according to
Caunedo et al. (2021)), or from changes in the productivity of underlying tasks. In this
paper we do not ask why cross-country differences in occupation-specific technologies
arise. Instead, we document that there are systematic patterns in how technical change
is biased in the occupation dimension across countries and then evaluate consequences
for GDP.

We use firm optimality conditions to back out factor-specific technologies by country
from the data, conditional on values of the elasticity of substitution. Similar methodology
has been used extensively in the literature that studies the role of skill-biased technical
change across countries, for example (Caselli (2005)), [Caselli and Coleman| (2006), and
Buera et al.| (2021)). However, we focus on occupation-biased technologies and follow
Barany and Siegel (2021)) in assuming a (location-invariant) CES production function that
combines capital, manual, routine and abstract effective labour inputs. While Barany and
Siegel focus on the time series of the US economy and show that routine-biased technical
change has been the first-order driver of labour productivity growth, we investigate in this
paper the role of occupation-biased technologies in explaining cross-country differences
in GDP per hour worked and find a large role.

Our framework features complementarity between the differentiated labour inputs. In
the context of skills such complementarities have been investigated in the recent devel-
opment accounting literature (e.g. [Jones| (2014)), [Rossi| (2022), Hendricks and Schoellman
(2022)), but unlike these papers we differentiate labour by occupation and thus focus on
complementarities between occupations[l As advocated by [Caselli and Ciccone (2019), in
our setup a country’s set of technologies impacts relative (occupational) wages. Our paper
is also related to |Vizcaino| (2021)) who uses detailed occupational data in a development
accounting framework. However, while |Vizcaino uses occupation information to improve
the measurement of unskilled and skilled labour and then develops a model with two
skill types, we take, as [Barany and Siegel (2021)) do, each (broad) occupational group’s
labour supply directly as the relevant factor of production and allow for occupation-
specific technologies to study how these vary across countries. In our analysis we infer

occupation-specific technologies from the observed equilibrium allocation of workers into

"When calibrating the production function for our development accounting exercise we set the elastic-
ity of substitution between occupations to a value below one, given the evidence in previous literature. As
such, the degree of complementarities is much stronger than in the skilled vs. unskilled labour dimension
where the typical elasticity is above one.



occupations and their wages. The fact that this allocation reflects occupational choices
and not underlying endowments (for instance, such as skills) does not pose a problem
to backing out technologies, as these map the observed (occupational) inputs to output.
However, to fully evaluate the consequences of occupation-biased technology differences
across countries, we conduct model counterfactuals where we endogenize occupational
choice to allow for technology changes to alter occupational choices.

We find that higher real GDP per hour worked is associated with higher relative pro-
ductivities of labour in routine compared to abstract occupations. To put it differently,
more developed economies use technologies that are more routine-biased than less devel-
oped economies do, implying —borrowing on (Caselli and Coleman| (2006)’s terminology—
there are occupation-biased cross-country technology differences. Specifically we find that
in the 2010s cross-section, countries in the highest quartile of income per hour worked
have a routine labour productivity that is 142 percent above the world average, whereas
countries in the lowest quartile are 78 percent below the average. This implies that routine
labour in the top 25 percent of countries is about 11 times as productive as in the bottom
25 percent of the GDP per hour worked distribution. We also find that the growth rate
of routine augmenting technologies is higher in the top 50 percent of countries, compared
to the bottom 50 percent. Out of the four factor-specific technologies, the routine and
manual technologies account for most of GDP per hour worked differences across coun-
tries. The dispersion in manual labour technology across countries is considerably larger
than the one of routine, but plays a smaller role in explaining GDP dispersion as the
manual employment share is rather small. On the other hand, giving all countries access
to the best abstract technology would exacerbate the 90-10 ratio, since more developed
economies have a larger abstract employment share and therefore would gain dispropor-
tionally. If all countries used the frontier technology for all inputs, the gap between the
10th and the 90th percentile of GDP per hour worked would be reduced by somewhat
over a third. When we allow occupational choice to vary with technologies, this effect
becomes stronger and income differences are reduced by approximately 41 percent.

These findings imply that declining routine employment shares, increasing routine-
bias of technology (RBTC), and economic development go hand in hand. As richer
economies also tend to have a smaller manufacturing sector (see Herrendorf et al.| (2014)
for an overview), this raises the question whether the patterns observed in the aggregate
are due to the varying size of industrial sectors (e.g. Duarte and Restuccial (2010)) or

are also a within-sector phenomenonEl We therefore conduct our accounting exercise

2 There is a tight nexus between technical change, occupational employment structure, sectoral com-
position and economic development. On the one hand, |Barany and Siegel| (2018) document a close
connection between the evolution of occupational employment and structural change for the US econ-
omy over the past six decades. On the other hand, |Goos et al.| (2014), [Duernecker and Herrendorf



at the sectoral level too, albeit only for a sub-sample of countries as we need further
information on real value-added by sector. By large, the sectoral results are aligned
with the aggregate patterns. Indeed, we find that the biases in occupation technologies
in the goods sector and in the service sector are qualitatively the same, and thus as
documented in our aggregate analysis. However, we find that in services, contrary to in
goods and the aggregate economy, the technology augmenting routine labour compared
to the capital-augmenting technology declines with development.

In the next section we describe our data sources and document patterns of occupa-
tional employment and wages in the cross-section of countries. Section [3| introduces our
model framework and implements the development accounting exercise through which we
identify occupation-specific technologies. In Section {4 we study the implications of tech-
nical differences for the dispersion of GDP per hour worked across countries by running a
series of counterfactuals. Section [5| conducts the accounting exercise at the sectoral level
and Section [6] shows robustness of our main results to alternative reparametrizations and

accounting for workers’ human capital. The final section concludes.

2 Documenting Empirical Facts

As we want to analyse relationships between occupational employment structure, sectoral
composition, technologies, and GDP differences across countries, we need a large array of
data. While data on aggregate or average income such as GDP per hour worked or per
capita for a large set of countries is readily available from commonly used data sources, for
our analysis we need more disaggregated information as we want to distinguish between
different occupational labour inputs at the aggregate and sectoral level. The development
accounting exercise also requires data on relative occupational average wages within a
country and sector as well as macro data on real GDP and sectoral real value added. We
therefore have to combine multiple sources of micro and macro data. Our final dataset

includes 92 countries. In the following we describe its construction in detail.

2.1 Data Sources

Using micro data from several sources we have complete information on persons engaged

(employees and self-employed), hourly wages or earningsEl, and weekly hours worked, all by

(2022)), [Lee and Shin| (2017)), and [Barany and Siegel (2020]) show task-biased technical change can have
implications for labour reallocations, not only across occupations, but also across sectors.

3For some countries we have information on hourly wages by occupation, for others only on earnings.
When we infer countries’ technologies in the model-based accounting exercise, what we need to use is the
ratio of occupational wages within the country. When we cannot construct relative occupational wages,
we use relative occupational earnings instead, implicitly assuming that these two ratios are identical.



occupation, for at least one year for 113 countries from 1970 to 2020E| These variables are
the key for conducting our development accounting exercise differentiating technologies
by occupation. As we also conduct our accounting exercise at the sectoral level, we have
gathered sectoral-occupational information for a subset of countries. We have complete
information on sectoral-occupational persons engaged, sectoral-occupational hourly wages
or earnings, and sectoral-occupational weekly hours worked for at least one year for 81
countries from 1970 to 2020.

The sources for the micro data are the statistical database of the International Labour
Organization (ILO)| (2020) (ILOSTAT), Occupational Wages around the World (OWW)
by [Freeman and Oostendorp (2012), IPUMS International by the Minnesota Population
Center| (2020), IPUMS USA by Ruggles et al. (2020), the European Labour Force Survey
(EU-LFS) by |[Eurostat| (2021a), the European Statistics on Income and Living Condi-
tions (EU-SILC) by [Eurostat| (2021b]), the Harmonized Microdata Center for Household
Surveys in Latin America and the Caribbean (CMAEH) provided by [Inter-American
Development Bank (IADB) (2021)), and the International Income Distribution Data Set
(World Bank 12D2) by Montenegro and Hirn| (2009).

When combing these various sources at the aggregate and sectoral level we have
to ensure comparability of the data. At the aggregate level, we take the following steps.
First, we select regional harmonized household surveys (EU-LFS, EU-SILC and CMAEH)
as the base datasets for the number of persons engaged, since they allow us to construct
this indicator from raw data and we can use other variables from the same source to
minimise comparability and noise issues in our analysis. We construct this indicator
following ILOSTAT and thus taking the same definition for persons engagedﬂ the same
one-digit ISCO classification and the same age-range (from 15 to 65+ years of age). To
complement this information we use 12D2, IPUMS international and finally ILOSTAT.
As the hourly wages/earnings for persons engaged is a key variable for our analysis, we
select EU-SILC, CMAEH, 12D2 and IPUMS international as the base datasets, using local

currency units (LCU) for the current hourly wages or earnings based on individuals that

4Despite the common problems related to the measurement of proprietors’ income, in the development
accounting exercise we use persons engaged (employees and self-employed) instead of employees. The
reason is that our measure of GDP per hour worked includes in the denominator persons engaged. While
in developed countries employees represent a high share of persons engaged, in developing countries this
is not the case; for instance, in our sample for the 2010s those countries in the bottom 25 percent of
countries ranked by GDP per hour worked have a share of 43%, compared to the 88% in the top 25
percent. Thus, using employees instead of persons engaged would not be consistent with our production
measure in a cross-country setting.

SILOSTAT uses the term employment, which is analogous to the term persons engaged, and defines
it as “(...) all persons of working age who, during a specified brief period, were in one of the following
categories: a) paid employment (whether at work or with a job but not at work); or b) self-employment
(whether at work or with an enterprise but not at work)”.



match our definition of persons engagedﬁ To complement information not available in
these sources, we use the LCU current hourly wages or earnings for employees available
in OWW and ILOSTAT datasets. For the weekly hours worked we follow the same
procedure as per wages/earnings, and restrict the maximum number of hours worked per
week to 86, which is the maximum of weekly hours worked in ILOSTAT []] For the US we
use micro data from the 5% State Sample 1990 and the American Community Survey
(ACS), as they contain more complete information compared to the surveys available for
this country in the IPUMS international dataset ] Appendix [A] gives further details on
the data sources.

The occupations contained in our dataset are classified to one digit according to ISCO-
08, ISCO-88 and ISCO-08(COM), ISCO-88(COM) which are used by Eurostatf] At the
one digit level, the four classifications contain broadly the same occupations and it is
therefore possible to combine data across the various sources. We assign each occupation
to the group of manual, routine, or abstract occupations. Following Autor et al.| (2003)
and [Autor and Dorn| (2013), we first classify occupations depending on their task-content
in the United States into routine and non—routinem The non-routine occupations are
split according to their cognitive skill requirements further into manual (non-routine
and non-cognitive) and abstract (non-routine cognitive) occupations. Table [1] lists the
resulting classification of occupations into these three groups. When we analyse the data
we alternatively focus on routine vs. non-routine occupations or on the categorization into
routine, manual, and abstract occupations. To conduct our cross-country analysis with
labour differentiated by occupation, we collapse the dataset according to year, country
and occupation.

For the 113 countries with complete information on persons engaged, hourly wages or

6Qur construction of average wages/earnings reflect the number of hours worked in each occupation.

"The ILOSTAT and OWW datasets do not provide information on occupational wages/earnings and
weekly hours worked for persons engaged, that is why we use the information available for employees.
In the case of the relative occupational wages-earnings, this procedure implicitly assumes that the ratios
for persons engaged and employees are the same. With respect to the weekly hours worked, we are in
practice assuming that the shares of the total occupational worked hours are the same for employees and
persons engaged.

8Specifically, we use 5% State Sample 1990 and the ACS of 2005 and 2014. For the classification of
occupations, we used the “harmonized occupation coding scheme based on the Census Bureau’s 2010
ACS occupation classification scheme” available in IPUMS USA. In its most aggregated groups, this
classification can be roughly matched with the ISCO 1 digit and with our grouping of occupations
presented in Table

9The occupational codes in the OWW dataset are those used by the ILO October Inquiry, which
includes 161 codes. We crosswalk these codes to the ISCO-08 at 2 digits and finally we collapse the 2
digits into the ISCO-08 1 digit.

10While |Autor and Dorn| (2013) exclude agricultural occupations from their analysis of U.S. labour
markets, we assign these to the group of routine occupations. We want to keep workers in these jobs in
our development accounting analysis since (i) they contribute to GDP and (ii) for many less developed
economies the agricultural employment share is not as small as it is for the U.S.



Table 1: Classification of Occupations

ISCO-88/ISCO-88(COM) ISCO-08/ISCO-08(COM) Grouping
Legislators, Senior Officials and Man- Managers Abstract
agers

Professionals Professionals Abstract
Technicians and Associate Profession- Technicians and Associate Profession- Abstract
als als

Clerks Clerical Support Workers Routine
Service Workers and Shop and Market Services and Sales Workers Routine
Sales Workers

Skilled Agricultural and Fishery Work- ~ Skilled Agricultural, Forestry and Fish- Routine
ers ery Workers

Craft and Related Workers Craft and Related Trades Workers Routine
Plant and Machine Operators and As- Plant and Machine Operators and As- Routine
semblers semblers

Elementary Occupations Elementary Occupations Manual

Note: The abstract and manual occupations jointly give the set of all non-routine occupations. Note
that in the ISCO 08, the elementary occupations classification includes the following groups (previous
versions of the ISCO roughly contain the same groups): cleaners and helpers; agricultural, forestry and
fishery labourers; labourers in mining, construction, manufacturing and transport. While some of the
tasks performed by these kinds of workers are repetitive, most of them require basic skills and situational
adaptability, which make them difficult to be automated. These characteristics allow us classify them as
manual and to differentiate them from abstract (tasks require problem solving skills and creativity) and
routine occupations (tasks are repetitive, well defined and prone to be codifiable).

earnings and weekly hours worked, we collect macro data from the Penn World Tables
(PWT) version 10.0 provided by |Feenstra et al.|(2015), the World Development Indicators
of the [World Bank] (2021)), and from ILOSTAT on GDP, GDP per worker, capital stock,
the labour share in GDP and other relevant variables. We will use these macro variables
when conducting our development accounting exercise which tries to identify how GDP
differences across countries can arise due to differences in technologies and in production
factors, capital and the various occupational labour inputs. For GDP we use the output-
side real GDP at chained PPPs (in mil. 2017US$) from the PWT, as constant PPP allows
us to make cross-country and cross-time comparisons. Our variable for capital stock comes
from the PW'T version 10.0, which measures the capital stock at constant local currency
units and at current PPP (in mil. 2017US$); thus, we use the GDP deflator between the
output-side real GDP at current PPPs and the output-side real GDP at chained PPPs
to convert the capital stock from current PPP to constant PPP (2017US$).

When collecting the sectoral-occupational information, we follow the same steps as
for the aggregate level with some differences worth to point out. First, we classify each

of the occupations defined earlier into one of the two (four) broad sectors shown in

Appendix Table [ALll'Y| Second, for the sectoral analysis of Section , we differentiate

"Each dataset has a specific classification scheme for industries, we therefore focus on broader sectors



between goods and services sectors. The goods sector can be broken into agriculture and
industry sectors, this is relevant as for some developing countries agriculture represents
a high share of the valued added and employment. The services sector is split into high
skilled and low skilled services, based on the skills or educational composition of labour
in each industry, which is a standard in the recent structural transformation literature
(Buera and Kaboski (2012), Duernecker et al. (2017)), Barany and Siegel (2021))).

For the sectoral data we use the World Input-Output Database (WIOD) by [Timmer
et al] (2015) and World KLEMY to obtain data on sectoral nominal gross value added,
sectoral nominal capital stock, sectoral labour share and sectoral number of total hours
worked by persons engaged. To deflate sectoral gross value added and the capital stock,
we use the GGDC Productivity Level Database (benchmark 2005) by Inklaar and Tim-
mer| (2014) to obtain the sectoral PPP for 2005. The PPPs’ sectoral breakdown matches
with our goods and services industry-grouping. The fact that we only have access to
the sectoral PPPs for the goods and services sectors and only for one year (2005) re-
stricts the analysis of occupation-specific technology levels by sector to 31 countriesE|
In documenting cross-sectional patterns and in conducting our development accounting
exercise at the aggregate and sectoral level, we want to include as many countries as
possible. One complication is that data availability sometimes differs across countries
by a few years. We try to overcome this issue by assigning each country-year full set
of information to two cross-sectional samples, the “1990s” and the “2010s”. We include
in the “2010s” (“1990s”) sample for each country the most recent full set of main data
points (i.e. all required information on occupational outcomes) —as long as it is from the
year 2010 (1990) or newer. This results in having 96 (68) countries of the 2010s (1990s)
sample, with about 82.30 (83.81) percent of observations corresponding to 2015 (1995)
or more recent yearsﬂ E|

Once we have the micro data and the macro data at the sectoral and aggregate level,

we proceed to merge the databases. From here we have 105 countries with the required

only, which we can construct consistently across the different datasets by assigning them to one of our
broad sector classifications

12This is a dataset compiled by World KLEMS consortium that includes EU KLEMS, LA (Latin
American) KLEMS and Asia KLEMS.

BHowever, with the amount of data collected, it is possible to estimate the relative sectoral-
occupational technologies for other countries and years. We can do this because the model expressions
for the sectoral-occupational technologies do not include the absolute real values of sectoral gross value
added and capital stock.

“For 55 (46) countries the most recent data we have is for 2018 or 2019 (1998 or 1999). For another
11 (3) countries we got data for 2017 (1997).

15Tf we focus our attention on the sectoral level, we have a total of 73 countries, of which 52 belong
to the “1990s” sample, 55 to the “2005” sample (as mentioned, we include a sample for “2005” in order
to obtain the absolute labour augmenting technologies at the sectoral level using sectoral PPP data
from the GGDC Productivity Level Database) and 60 to the “2010s” sample. In the “2010s” sample 90
percent of observations correspond to 2014 or more recent years.



aggregate and occupational data, whereas the sectoral dataset contains 70 countries.
Finally, we conduct an exercise to detect outliers and exclude them from the analysisﬂ
Thus, in the most basic setting, we are able to estimate absolute and relative labour
augmenting technologies for 92 countries at the aggregate level (81 for the “2010s” and
57 for the “1990s”). At the sectoral level, we are able to estimate the absolute labour
augmenting technologies for 31 countries (all for the “2005”) and the relative technologies
for 41 countries (25 for the “1990s”, 36 for the “2005” and 35 for the “2010s”). The list
of countries included in each sample as well as their corresponding variables and sources
of the occupational micro data and the macro data are presented in Appendix Table
and Appendix Table [A3]

2.2 Occupational Patterns in the Cross-section of Countries

In this subsection we show various novel descriptive statistics on the relationship be-
tween occupational labour and economic development. We show how the employment
and income share of labour in routine occupations and how the relative wages of routine
workers vary with real GDP per hour worked in the cross-section of countries. Figure
shows the cross-sectional patterns in the 2010s of the employment shares of manual,
routine, and abstract occupations against the log of real GDP per hour worked. The plots
show clear discernible patterns: the higher the countries average income, the lower is the
employment share of manual and of routine occupations, and the higher the abstract em-
ployment shareﬂ The cross-sectional behaviour of the routine and abstract occupational
employment shares mimics the time-series behaviour for advanced economies over time
(e.g. see [Barany and Siegel (2018) for the trends in the U.S. since the 1950s).

In Table [2| (columns two to four) we show how the annual average percentage point
change of the employment shares per occupation vary across the cross-country distribu-
tion of the GDP per hour worked. Countries at the top of the income distribution have
experienced, on average, a faster annual decrease in the routine employment share com-

pared with the bottom quartile. This suggest the existence of a process of substitution

16We perform a boxplot analysis to remove implausible looking values in our occupational and sectoral
occupational data when at least one of the following conditions is met: 1) if the country is an outlier in
more than one of our occupational data (hours worked, wages/earnings and labour shares) (see Section
, or 2) if the country is an outlier in the estimated labour augmenting technologies compared to other
countries in the same quartile of GDP per hour worked (see Section .

1"We can compute in our data also the correlation between the employment shares in terms of occu-
pations and in terms of skills. In the 1990s, the correlation between abstract and skilled labour shares
was 0.71, whereas the correlation between routine and unskilled was 0.36 (37 countries included). For
the 2010s, these correlations are 0.80 and 0.20, respectively (47 countries included). While there is a
strong correlation between skilled and abstract labour shares, the routine and unskilled labour shares
depict a weaker association. This implies that the skilled-unskilled dimension cannot fully capture the
full dynamics associated with technical change biased against routine workers.

10



of routine occupations between the 1990s and the 2010s that has been faster in richer
countries compared to less developed nationd™} This decline goes hand in hand with
an increase in the employment share of abstract occupations at the top of the average

income distribution.
Figure 1: Occupational employment shares vs log of GDP per hour worked in the 2010s
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Notes: This figure plots the three occupational groups’ employment share against log of real GDP per
hour worked based on the cross-section of countries in the 2010s. In this figure the 2010s sample contains
81 countries.

We also document in Figure [2| the occupational income shares and their distribution
in the cross-section of countries for the 2010s. The patterns resemble those observed
in the employment shares: the higher the income of a country is, the lower the labour
income shares of manual and routine occupations are; whereas the labour income share of
abstract occupations increases with the level of GDP per hour worked. Table [2| (columns
five to seven) contains the annual average percentage point variation of labour income

share per occupation between the 1990s and 2010s.

Figure 2: Occupational income shares vs log of GDP per hour worked in the 2010s
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Notes: This figure plots the three occupational groups’ occupational income share against log of real
GDP per hour worked based on the cross-section of countries in the 2010s. In this figure the 2010s
sample contains 81 countries.

Bnterestingly, [Reijnders and de Vries (2018) take a task-based model of global value chains to data
over 1999-2007 and find that technological change matters much more for the non-routine employment
share than task reallocation across countries.
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The results are similar to the change of the employment shares; however, we docu-
ment that the speed at which the labour income share of routine (abstract) occupations
decreases (increases) in richer countries is faster than the one observed in the employment
shares. In Figure |3| we show how relative wages across the three occupational groups vary
with GDP per hour worked across countries. Relative wages do vary with GDP per hour
worked, but the relationships are weaker than those observed for the occupational em-
ployment and income shares. While higher GDP tends to be associated with lower wages
for routine occupations relative to manual, there is a positive association between GDP
per hour worked and routine wages relative to abstract occupations. When we compare
wages of abstract to manual occupations, there exists a negative association with the
GDP per hour worked.

Table [2 reports over time changes of these occupational outcomes by quartiles of the
world GDP per hour worked distribution. Relative wages of routine to manual occupa-
tions have increased in richer countries over the last three decades. Relative wages of
routine to abstract labour have decreased at the top of the income distribution, while
there has been a positive evolution in the poorest countries. We observe that in the range
where labour income share of routine labour decreases, behind of it there is a decrease
of the employment share in routine occupations combined with a drop in relative routine
to abstract wages. We document the opposite when the labour income share of routine
labour increases, which is the case at the bottom of the income distribution. Overall
these figures suggest that there are substantial systematic differences in the occupational
employment structure across countries (Appendix Figure and Figure present ad-
ditional information on the employment structure). In the remainder of the paper we
analyse to what extent differences in the occupational composition and in occupational

technologies can explain cross-country differences in average income per hour worked.

Figure 3: Relative occupational wages vs log of GDP per hour worked in the 2010s

WK

HN o SR
z

colt BEL Nor NaM

czE
MAC az g

3 HRwST LD
NaM 9 VM e FiL

SRB LT
3

ams

HKG

HKG
MDG
KAZ

MW DG

4

uGA

Routine to abstract
Abstract to manual

U g P,
TG, LK

g
BD PRYk A T TUR. ’
wr M 3 Be . : e » BV
@ cri A N NoR o MDG Y o ne . - TR T e ESUS)
COL MDV ISL| SLV g SLV X
- PR S oL Y au “ R T A R TR P
v Uky MEX oy, QsL K NOR

NIC 19
VENSLY. BRA TUR SV
vex¥Snaper poy M 110 o O VN S
wp L™ covow aina

o 4 NAM s
4 5 4 1 4 H 0 1

2 3 2 3 2 3
Log of GDP per hour worked Log of GDP per hour worked Log of GDP per hour worked

(a) Routine to manual (b) Routine to abstract (c) Abstract to manual
Notes: This figure plots the relative average occupational wages against log real GDP per hour worked

based on the cross-section of countries in the 2010s. In this figure the 2010s sample contains 81 countries.

12



Table 2: Cross-country comparison of the annual average percentage point changes of
occupational employment, occupational income shares and relative wages (1990s-2010s)

Quartile of  Occupational employment shares ~ Occupational income shares Relative wages
GDP p.h.w Manual Routine Abstract Manual Routine Abstract R-to-M R-to-A
1 -0.13 0.17 -0.04 -0.01 0.20 -0.19 -0.15 0.16
2 -0.14 -0.24 0.38 -0.11 -0.43 0.54 -0.43 0.00
3 0.05 -0.31 0.26 -0.05 -0.45 0.50 0.82 -0.47
4 -0.01 -0.31 0.32 -0.06 -0.45 0.51 0.35 -0.53

Notes: This table reports by quartile of GDP per hour worked (of the 2010s) the annual average per-
centage point change of occupational employment, income shares and relative wages. This table contains
46 countries. For each country we take the absolute variation of the employment and income shares and

relative wages and divide them by the year difference between the two observation points.

3 Analysis with an Aggregate Production Function

Similar to Barany and Siegell (2021) we make assumptions about the degree of substi-
tutability or complementarity between different forms of occupational labour by imposing
a structure on the production function. Assuming perfect competition in labour markets,
we then derive profit maximising firms’ optimality conditions which equate an occupa-
tion’s wage rate to its marginal product which in turn is a function of production inputs.
We invert these optimality conditions to back out for each country factor-augmenting
productivity terms from observables. In particular, we make use of data on the occu-
pational labour input shares and mean wages by occupation to infer —conditional on a
value of the elasticity of substitution— relative technologies of occupational labour inputs
within a country. In specifications with capital as further production factor, the amount
of capital per hour worked together with the share of capital in total value-added pins
down the relative technology of capital compared to the labour technologies. Given the
observed factor inputs and the relative technologies of each country, we solve for the
technology levels such that the countries’ implied real GDP per hour worked matches the

one in the dataH The method of inferred factor-augmenting technology is in essence the

9Note, these occupation-specific technologies are different to occupations’ marginal products or wages.
An occupation’s marginal product does not depend on an occupation’s technology alone, but also on
the other occupations’ technologies and the occupational employment structure. Given the observables
our model allows to infer the occupation-specific technologies. In our baseline analysis of this section we
draw on a one-sector model to study overall GDP differences as this does not require sectoral data. One
concern might be that cross-country differences in the sectoral composition of value-added or in relative
sectoral prices might be confounding our results (c.f. foontnote . However, in section [5| we show that
in the subset of countries for which we have sectoral data, the general patterns of the occupation-biased
technology differences across countries also holds at the sectoral level.
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approach of Barany and Siegel (2021), but applied to the cross-country Contextm

As discussed in the introduction, we infer technology based on the observed equi-
librium allocation of workers into occupations (as well as other objects in the data).
That this allocation reflects occupational choices does not pose a problem to backing out
technologies. However, if occupational choices are affected by technologies, for instance
through their effects on wages, this endogeneity matters for the role of technological
differences in shaping cross-country differences in GDP. In section [d] we will therefore
conduct two types of counterfactuals. In the first one, we will study consequences of
eliminating technology differences at given inputs, including the occupational structure.
In the second type of experiments, we will allow countries’ occupational composition to
adjust to changes in technology by endogenising occupational choice.

To explain our approach we start in Section [3.1] with a much simplified production
function that distinguishes only between routine and non-routine labour. In Section
3.2l we differentiate further between manual, routine, and abstract occupational labour
inputs, and develop our preferred specification that also models capital as production
factor in Section 3.3

3.1 Routine and Non-routine Labour as Distinct Inputs

The most basic way to conduct the development accounting exercise allowing for routine-

biased technical change is to specify the following labour-only production functionEl

Vi = (aluniB) = + (L= @) V) ) ()

It stipulates that the real GDP per hour worked in country i, Y;, is the result of combining
routine labour R; and non-routine labour N; (both measured in terms of their labour input
share), according to an elasticity of substitution o. Routine and non-routine labour inputs
are augmented by factor-specific technologies pr; and py; respectively, which are allowed
to differ across countries. The parameter « is invariant across countries and captures the
routine-intensity of production. Assuming perfect competition in the occupational labour

markets, as we show in Appendix [B]the optimality conditions of the representative firm’s

20Unlike Barany and Siegel (2021) we do not distinguish ICT and non-ICT capital as we do not have
such data for our (large) sample of countries.

21Throughout we use CES specifications for our aggregate production function. As noted by [Barany
and Siegel (2021)), this has some advantages. First, CES functions are relatively simple to calibrate,
allowing to capture the nature of occupation-biased technical change with a small set of parameters.
Second, CES functions are flexible enough to avoid the need of imposing restrictions on the nature of
technical change. Third, this production side approach does not require to make assumptions about the
sources of changes in relative wages, and we are not obliged to model labour supply choices and capital
accumulation.
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profit maximisation problem can be rearranged to give

a a 1
i 1 _ o—1 i o—1 i o—1
KN o WN ; N;

where wg,; and wy,; denote the routine and the non-routine wage rates respectively.

This condition informs us about the optimal relative occupational productivities within a
country. Equation together with allows us to derive country ¢’s routine technology

as

o

o—1 1 r—

YTwRiR? -
i — 7 ) 7 , 3
MR, (Oé( > ( )

wg,Ri +wn;N;)

where Y; is real GDP in purchasing power parities and per hour worked in country ¢. After
specifying a value for the elasticity of substitution o, every term on the right-hand side
is observable, apart from the parameter a. To obtain a value for «, we impose that for
a benchmark country, (g penchmark = HN penchmark- We can then use equation to solve
for av using the observable information for the benchmark country. Once we have found a
value for «, we infer from all countries’ data their technologies; gives us pp; and fin;
follows from . Note that o then reflects both the routine-intensity and the relative
productivity of routine-labour in the benchmark country, whereas pp,; and pn,; capture
the factor-augmenting technologies of country i relative to the benchmark economy. As
throughout the paper our results are based on relative technologies, either between factors
within a country or for a given factor across countries, this does not pose any problem for
the analysis. To implement this approach on our dataset, we take the United States as
the benchmark economy and set o = 0.56, following |Duernecker and Herrendorf (2022)
who obtain this value for the substitution elasticity when differentiating labour into two
occupational categories and allowing for occupation-specific technical change. We plot
the inferred labour-augmenting relative technologies for the 2010s and 1990s in Figure [4

While there is some dispersion in the implied relative routine to non-routine tech-
nologies, Figure fa] shows a discernible pattern to them. The higher an economy’s real
GDP per hour worked is, the higher tends to be the relative technology of routine labour.
Since the occupational labour inputs are complements (since ¢ = 0.56 < 1), this implies
that countries that have higher average labour productivity, as measured by GDP per
hour worked, tend to have technologies that are more biased against routine workers.
These results complement the decline observed in the routine labour shares with respect
to countries” GDP (Figure [I)). Figure 4] also reveals that, while due to data availability
the 1990s sample contains a smaller set of countries, the relationship between relative
routine to non-routine technologies and GDP per hour worked is also positive in the 90s

decade. However, it is worth to note that the slope of the regression line in Figure [a]
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Figure 4: Relative routine to non-routine technologies based on (1) vs real GDP per
hour worked
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(a) Routine to non-routine technologies (2010s) (b) Routine to non-routine technologies (1990s)

Notes: This figure plots the relative routine to non-routine technologies inferred based on the aggregate
production function with o = 0.56 against log GDP per hour worked in the cross-section of countries
in the 2010s and 1990s. In this figure the 2010s sample contains 81 countries and the 1990s 57 countries.

is statistically significant and is approximately 3.6 times higher than the slope in the
regression line of Figure (which is not statistically significant), suggesting that the

technical bias against routine workers in more developed economies has increased over

timeP_7|

3.2 Routine, Manual and Abstract Labour as Distinct Inputs

One drawback of the parsimonious specification in the previous subsection is that it
lumps all non-routine labour together into one category. Yet, as the task content differs
substantially within the non-routine category, in particular with respect to cognitive
activities, we now split non-routine into manual and abstract occupations. Following
Barany and Siegel (2021) we allow for the technologies of all three occupational groups

to differ and assume for the aggregate production function

Y, = (‘)‘(MR@R@‘)”T_I + 5(/~LM,1'M¢)GT_1 +(1-—a-— 5)(1%4’1»14@.)“7_1) o1 ) (4)

where R;, M;, A; respectively denote the employment share of routine, manual and ab-
stract occupations, and ptr, fiar, b4, respectively denote their technologies in country i.

Just like before, Y; is the real GDP per hour worked and o the elasticity of substitution

22Due to data availability the set of countries included in the 1990s and in the 2010s cross-section
differs. However, the increasing routine-bias over time we see also in the balanced panel of 44 countries.
Between the 1990s and the 2010s, routine labour augmenting technical change has been the fastest, see
Table
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between occupational labour. In this formulation substitutability is the same across any
pair of the three occupations. In Section [6] we show that the main results hold through
when relaxing this assumption.

Assuming perfect competition in labour markets, we can derive (see Appendix

expressions for relative technologies within a country as
pai  (l—a—=p 71 Wi -1 (M, & (5)
KA B B WA, A; ’
fed o 1
Pri _ (BY (wri \ 7 R\ (6)
fari \« Wit M; ’

where the first equation pins down the relative technology of manual compared to abstract

labour and the second equation the technology of routine relative to manual labour.
The level of each country’s technology is such that the observed inputs and inferred

technologies are in line with the data for real GDP per hour worked and thus must satisfy

Y 5wy My .
[t = ( ’ ) : (7)

B(wg,iRi +war i M; +wa; A;)

We set, as in Barany and Siegel (2021)), the substitution elasticity ¢ = 0.6, and take again
the US as the benchmark economy for which we normalise all factors’ technologies to take
the same value, i.e. [iR penchmark = MM benchmark = MApenchmark- W then use equations
and (@ to obtain a value for o and S, which given our normalisation capture a
combination of the occupational intensities and the relative occupational productivities
of the US. However, as already noted before, this normalisation does not drive any of
our results as all our results are derived from relative technologies, either between factors
within a country or for a given factor across countries. Equipped with the values for a and
B, we use data for all other countries to compute their technologies using equations
to @ This gives us all countries factor-augmenting technologies, ftg ;, ftari, fta; relative
to the US economy.

Figure |5| plots the resulting relative technologies against GDP per hour worked in the
2010s and 1990s. The two periods display similar patterns, indicating that the connec-
tion between occupation-biased technical change is fairly stable over timeF_g| These plots
reveal several important insights. First, the relative technologies do vary considerably

with economic development as captured by real GDP per hour worked. Second, while

23When we estimate the regression lines of the four sub-figures in Figure |5| we find that the slopes
for routine to manual technologies vs GPD per hour worked are not extremely different in the 1990s
(-0.51) and 2010s (-0.34); however, the slope of the line for routine to abstract technologies in the 2010s
is approximately 2.3 times higher compared to the slope in the 1990s.
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Figure 5: Relative technologies based on vs real GDP per hour worked
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Notes: This figure plots the relative technologies inferred based on the aggregate production function
(EI) with ¢ = 0.60 against log GDP per hour worked in the cross-section of countries in the 2010s and
the 1990s. In this figure the 2010s sample contains 81 countries and the 1990s 57 countries.

the technology of routine compared to abstract labour tends to increases with GDP per
hour worked, it decreases relative to manual labour’s technology. Third, the differen-
tial trends of manual and of abstract relative technologies implies that it is important
to differentiate between the two occupational groups. Specifying the production func-
tion as in is therefore better suited for a development accounting exercises than the
one in , which pooled manual and abstract labour, and thus their factor-augmenting
technologies, together into the non-routine group. Fourth, accounting for these three oc-
cupational groups gives new insights beyond what has been established in the literature
that differentiate between unskilled and skilled labour. While there might be a strong
connection between the share of college-educated workers and the abstract employment
share, our results highlight differential technology trends between manual and routine
labour, which a model with only two inputs, such as two skill groups, would not be able

to identify.
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3.2.1 Routine, Manual and Abstract Labour and Capital as Inputs

The simple production function in is the most parsimonious framework to study
complementarity between routine, abstract and manual labour allowing for routine-biased
technical change. Yet, as it does not take into account capital whose stocks differ vastly
across countries, it is not suitable for comparing technology levels across countries. It is
straightforward to augment this framework to allow for capital to be a further input to
production. The simplest framework with capital would be to assume a Cobb-Douglas

production function in capital and a CES labour aggregator of the following form:

o—1

o\ 1=
Vo= K7 ((aluns) ™ 4 Bae M) T 4 (1= a = )uasid)) )

Since profit maximisation requires the cost minimal combination of the different occu-
pational labour inputs, the optimality conditions for the relative labour demands remain
unchanged. Therefore equations and @, which pin down relative technologies within
a country, continue to hold. Accounting for capital in the neutral way assumed in ({8
affects only the level we infer for a country’s technology, which is now given by

1 o1 1 o1
e e - )
BE ™ 7 (wriRi + wariM; + wa,; A;)

But since and @ still apply, relative occupational productivities within countries
are identical to Figure 5] However, the level of the inferred technologies become now
meaningful as —otherwise potentially confounding— differences in capital per worker have
been taken into account. In Table|3| we show how the technology of manual, routine, and
of abstract labour varies across the cross-country distribution of GDP per hour worked.
We do this by reporting the ratios of the quartile average of a technology relative to
the world average for each occupation-specific technologyF_Zl As one would expect, the
ranking of GDP per hour worked, which of course is a measure of the productivity of
an economy’s average hour worked, maps into differences in technologies augmenting the
various forms of occupational labour. However, the table demonstrates clearly that the
dispersion of technologies is not the same for the three occupational groups. While the
top 25 percent countries in terms of GDP per hour worked have an abstract technology
that is 5 percent above the cross-country average, the bottom 25 percent have abstract

technologies that are 6 percent above the world average. This dispersion is much smaller

24We restrict our sample to countries for which we have data on the capital share in GDP, as we want
to compare the results in Table [3| with the results provided by the nested CES specification we present

in section @
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Table 3: Cross-country comparison of occupation-augmenting technologies in 2010s
based on (8)

Quartile of | GDP p.w. | Technology relative to world avg.
GDP p.w. | rel. to world | Manual Routine Abstract

1 0.33 0.03 0.31 1.06
2 0.74 0.19 0.55 1.04
3 1.14 0.62 0.98 0.84
4 1.82 3.22 2.21 1.05

Notes: This table reports by quartile of real GDP per hour worked the average inferred technology of
routine, manual, and abstract labour relative to the world average, as inferred from the data based on
the aggregate production function with ¢ = 0.6 and ~ equal to the value of capital share in the US.
In this table the 2010s sample contains 65 countries, where the sub-sample contains only the countries
for which we have data on the capital share in GDP.

than the spread in GDP per hour worked in this cross-section. In contrast, differences in
manual technologies across GDP per hour worked quartiles are much more pronounced,
ranging from 0.03 at the bottom to 3.22 at the top. Also the dispersion in routine
technologies is larger than the dispersion of GDP per hour worked, but smaller than the

one in manual technologies.

3.3 Routine, Manual and Abstract Labour and Capital as In-
puts in a Nested CES Specification

In the previous sections when we include capital as an additional input in our aggregate
production function we use a Cobb-Douglass structure in capital, assuming efficiency
neutrality in the way this input is used in the production process. We can relax this
assumption by using a nested CES production function to rule out efficiency neutral-
ity in capital. We adopt the structure of the nested formulation used by |[Barany and
Siegel| (2021)), allowing for factor-augmenting technology for Capitalﬁ Our nested CES

specification has the following structure:

Y, = <¢ |:a<,uR,iRi)GT_l + 5(MM,¢M1')GT_1 +(1—-a-p) (10)

o n—1
o—1| o—1 n—

X (paiAi) = o +(1-— ¢)(MK1Kz)T1) "

where p g ; is the factor-augmenting technology for capital in country ¢. In this formu-

lation the most inner nesting is the combination of effective routine, abstract and manual

25In section as robustness check, we use an alternative specification of the nested production
function in which there are different substitution elasticities between different pairs of occupations, and
the complementarity of capital vary across the occupational labour inputs.
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labour. As before, labour inputs are aggregated according to an elasticity of substitution
o < 1. The most external layer of the CES function combines the aggregate labour and
effective capital using an elasticity of substitution n < 1 to produce the final output.
Using the production function ({10)) we can back out the countries’ technologies from ob-
servables conditional on o < 1 and 1 < 1 with the following expression (see Appendix

for derivations):

1 n

Ok, )n—l r; ( b )Ha"l< 1 >(<f—71])((:7—1) )
(1 —Ok;i)0r; wr; \1—¢ Or.i

pri  (Org & wp (1—a—pB\71 (12)
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( _1 _o

i 9 i o—1 o—1 i
pri _ (On, ) (E) Wr, (13)

37 % Onr i « Wi

Y;
/"LK,’L - n (1 o ) 7]1 (14)
7 —YK,i =
Ki(1—¢)7a ( ol 1)

where Og,; = ”Yﬁ is the non-labour share in GDP of country ¢, r; is the rental

k3

price of capita]'ﬂ in country ¢ and 0,; the share of labour income going to occupation
o € {R,M,A}. We take the US as the benchmark economy to normalise all factors’s

technologies and define KR benchmark — MM penchmark = HApenchmark = HFbenchmark- This

helps us to obtain «, [ and ¢, using equations , and . When using the
data to infer technologies here, we take —as in the other specifications— the US as the

benchmark economy and set the elasticity parameters to ¢ = 0.60 and n = 0.84 (all
factors are considered to be gross complements), which are the values Barany and Siegel
(2021)) use in their calibration against US data. Figure |§| plots the relative routine labour
augmenting technologies for the 2010s and 1990s.

The relative technologies of routine to manual and abstract occupations display the
same patterns documented before for both samples. This is not a surprise, as the occu-
pational labour inputs are aggregated using the same symmetric structure as in equation
. However, that technology becomes more routine-biased compared to capital in both
samples, is a conclusion beyond what was possible to infer with the aggregate produc-

tion function E| Equation (10]) is our preferred specification as it incorporates all

26We back out the rental price of capital from the following macroeconomic identity: r; = W,
where 0 € {R, M, A}. '
2"When we estimate the regression lines of the six sub-figures in Figure @We find that, while the slopes
for the lines for routine to abstract and capital technologies are rather similar between the 1990s and the
2010s, the slope for routine to manual technologies in the 2010s is approximately 5 times higher than

the corresponding slope in the 1990s.
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mechanisms we want to account for, yet is parsimonious enough as it only requires the

calibration of two elasticity parameters.

Figure 6: Relative technologies based on vs real GDP per hour worked
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Notes: This figure plots the relative technologies inferred based on the aggregate production function
(10) with ¢ = 0.60 and n = 0.84 against log GDP per hour worked. In this figure the 2010s sample
contains 65 countries and the 1990s 51 countries, where the sub-samples contain only the countries for

which we have data on the capital share in GDP.

We also compare the technologies in the 2010s across countries by reporting the ratios
of the quartile average of a technology relative to the world average for each occupation-
specific technologyP¥| The results in Table [4] resemble those obtained in Table [3} The
dispersion in manual labour augmenting technologies is higher than the one observed
in the GDP per hour worked and the other factor augmenting technologies. Routine
workers in countries at the top of the income distribution use on average 11 times better

An

interesting result is that allowing for non-neutrality in the efficiency of capital increases

technology than routine workers in countries located in the bottom 25 percent.

the dispersion in routine and abstract labour augmenting technologies. Finally, capital
augmenting technology is the least dispersed factor augmenting technology in the 2010s
cross-section.

To some degree, the patterns in the occupation-specific technologies that we document
here echo those for sectoral labour productivity or TFP differences across countries. It

is well known that with development the share of the agricultural sector declines and

28Tn Table we present a cross-country comparison of the occupational employment structure and
by quartiles of occupation augmenting technologies.
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Table 4: Cross-country comparison of occupation-augmenting technologies in 2010s

Quartile of | GDP p.h.w. Technology relative to world avg.
GDP p.h.w. | rel. to world | Manual Routine Abstract Capital
1 0.33 0.06 0.22 0.66 0.84
2 0.74 0.25 0.66 0.86 0.62
3 1.14 0.43 0.76 0.57 1.00
4 1.82 3.33 2.42 1.94 1.55

Notes: This table reports by quartile of real GDP per hour worked the average inferred technology of
routine, manual and abstract labour and capital relative to the world average, as inferred from the data
based on the aggregate production function with ¢ = 0.60 and 77 = 0.84. In this figure the 2010s
sample contains 65 countries, where the sub-sample contains only the countries for which we have data
on the capital share in GDP.

the one of services increases (e.g. Herrendorf et al. (2014)) and that amongst broad
economic sectors the cross-country productivity gaps are largest in agriculture (e.g. Caselli
(2005), |[Duarte and Restuccial (2010)). Given how occupational employment shares vary
with development in Figure [1 it might seem that our findings for the dispersions of
occupational technologies pick up these known sectoral facts, in particular if one associates
routine occupations with manufacturing and abstract occupations with service sector jobs.
However, our results are not just reflecting these sectoral differences for two reasons. First,
the classification of workers into occupations is not due to sectors and there is no one-
to-one mapping from one to the other. Second, the patterns of the occupation-bias in
technology are also discernible within economic sectors, as we show in Section |5 for the
set of countries where we have sectoral data.

Finally, we extend the cross-country comparison of occupation-specific technologies to
an over-time comparison. For the sub-sample of 43 countries for which we can compute
technologies in the 1990s and in the 2010s we present the results in Table 5, where for
each country and technology we compute the geometric rate of growth. While countries
at the top of the income distribution have experienced a higher rate of growth for manual
and routine labour augmenting technologies, all countries report a negative growth in
capital augmenting technologies. Our results indicate that more developed countries
have experienced faster routine-biased technical change than less developed countries,

with the fastest changes in the third quartile of GDP per hour worked.
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Table 5: Cross-country comparison of occupation-specific technology changes

Quartile of Growth (%) 1990s-2010s

GDP phw M R A C GDP phw
1 4.26 490 1.22 -2.37 2.36

2 441 527 -0.62 -1.49 2.87

3 6.12 6.05 1.52 -2.17 2.73

4 4.36 495 0.13 -1.87 1.69

Notes: This table reports by quartile of real GDP per hour worked (2010s) the geometric rate of growth
of inferred technology of routine, manual and abstract labour and capital, as inferred from the data
based on the aggregate production function with ¢ = 0.60 and 1 = 0.84 and using the factor input-
intensities of production of the US in the 2010s. The sample in this table contains 43 countries, where

the sub-sample contains only the countries for which we have data on the capital share in GDP.

4 Implications of technical differences for cross-country

dispersion in GDP per hour worked

To understand the role the identified technologies play in shaping cross-country produc-
tivity differences, we conduct a series of counterfactual exercises based on our baseline
results of Section In a first set of experiments, we evaluate in partial equilibrium
what the cross-country distribution would have looked like if all countries had an input’s
frontier technology, at given inputs. To do this we assign, one by one, to each technology
the highest value we found in our analysis across all countries in the 2010s. In a second
set of experiments we allow for the occupational employment shares to adjust in response
to technologies. To do this, we utilize an equilibrium model where occupational choice

and occupational labour demands respond endogenously to changes in technologies.

4.1 Implications of technology differences at given inputs

In this exercise, we assign to each technology the highest value we found in our analysis
across all countries in the 2010s and we leave the other technologies and all inputs at
their actual values. We then compute in each simulation and in the data the implied
ratio of GDP per hour worked at the 90th percentile to the 10th percentile, as well as
the 90-to-50 and the 50-to-10 percentile ratio. Table [6] shows the results.

While assigning the frontier manual technology to all countries, given the other tech-
nologies and all inputs, would have lowered international differences in income per hour
worked as measured by the 90-10 ratio of GDP per hour worked, the effect would have

been relatively modest (a reduction by 6.4 percent), considering that this technology has
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Table 6: Data and Counterfactual Inequality in Partial Equilibrium of GDP per hour
worked in the 2010s

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 Ratio 6.22 5.82 5.39 8.65 5.45  4.06
90-50 Ratio 1.95 1.89 1.67 2.56 1.88  1.62
50-10 Ratio 3.19 3.08 3.23 3.37 290 251

Note: This table reports the percentile ratios of GDP per hour worked in the data and in the following
counterfactuals: best manual technology only, best routine technology only, best abstract technology only,
best capital technology only and all best technologies. This is based on the the aggregate production
function with o = 0.60 and n = 0.84. In this table the 2010s sample contains 65 countries, where
the sub-sample contains only the countries for which we have data on the capital share in GDP.

the highest dispersion across the income distribution (as shown in Table[d). A somewhat
larger effect would occur if all economies had access to the best routine technology (13.3
percent), even though the dispersion in routine technologies is smaller than the one of
manual (see Tableld)). This is likely to be due to the fact that the routine share in employ-
ment is relatively large and exceeds the one of manual occupations considerably. Perhaps
somewhat surprising, if all economies had access to the highest level of abstract technol-
ogy, given the current inputs and other technologies, cross-country dispersion in GDP
per hour worked would have been higher. This occurs because more developed economies
have a larger employment share in abstract occupations (recall Figure (1)), so they gain
more when having access to the best abstract technology than poorer economies do. As-
signing the best capital technology to all countries would have the second most equalizing
effect in international income differences among all the factor augmenting technologies,
this is in spite that capital technology is the one that shows less dispersion across the
income distribution.

On the other hand, if all countries could use the best possible technology for each
occupational input and capital, GDP per hour worked differences would be much reduced.
This would reduce per hour worked income differences by about 35 percent. To see where
in the distribution of countries inequality is reduced, investigating the 90-50 and the 50-10
ratios is useful. Eliminating cross-country differences in technologies reduces inequality by
more in the bottom of the distribution (by about 21 percent) than in the top (by about 17
percent). On the contrary, eliminating differences in routine technologies only, compacts
the distribution of GDP per hour worked more at the top (by about 14 percent) than
at the bottom. Yet these numbers are considerably smaller than what the literature has

found when not differentiating labour by occupation@ The reason we find smaller gains

29Tn Figures and and Tables and we show that these results are qualitatively the same
when we use information solely coming from persons engaged or male workers.
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from eliminating cross-country differences in technology are the complementaries between
the different labour inputs in the production function. Because of these complementaries,
differences in the occupational composition of the workforce matter. Note, in computing
these counterfactuals we kept countries’ occupational employment shares constant. If
convergence in technologies were to imply an assimilation of the occupational employment
structure, eliminating technical differences might have larger effects, as we will explore

next.

4.2 Implications of technology differences under endogenous oc-

cupational choice

In our previous counterfactual exercises we have kept countries’ occupational employ-
ment shares constant. However, one would expect that the process of convergence in
technologies goes hand-in-hand with changes in the occupational employment structure.
To evaluate the full effect that technology has on cross-country differences in GDP, we
should take into account how the various technologies through their impact on the oc-
cupational labour demands impact wages and the employment structure. To do this, we
adapt the model of Barany and Siegel (2020]) to the cross-country context. A change in
technologies will alter firms’ optimal occupational labour demand and therefore occupa-
tional wages. Workers face costs to enter each occupation and decide optimally which
one to enter, and thereby react to changing occupational wages. In equilibrium, the set of
wages clears the labour market for all occupations; technical change will result in a new
equilibrium with a new occupational employment mix. The model is described in Ap-
pendix [C| The distribution of occupational entry costs is calibrated country-by-country
such that the observed occupational employment structure is consistent with the observed
relative wages. Note, this implies that the cost distributions are country-specific, which
is needed to fully replicate the data and might reflect differences in institutions or in
(multi-dimensional) skills due to education. As such, assigning equal technologies to all
countries does not necessarily imply convergence in occupational employment. In our
counterfactuals we see, however, a tendency towards such convergence (as we will show
in Table .

In this model with endogenous occupational employment structure, we then re-run our
counterfactual exercises. Table[7]reports the resulting inequality measures and Table[§|the
underlying occupational labour shares. Any differences in results relative to our analysis
of Section stem from the endogenous adjustment of the occupational composition.

By large our conclusions are unchanged but several things are worth to point out.

We continue to see that assigning the best abstract technology to all countries increases
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Table 7: Data and Counterfactual Inequality of GDP per hour worked in the 2010s
under Endogenous Occupational Labour Shares

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 Ratio 6.22 4.90 5.52 9.57 545  3.66
90-50 Ratio 1.95 1.87 1.59 2.56 1.88  1.56
50-10 Ratio 3.19 2.63 3.48 3.74 290 234

Note: This table reports the percentile ratios of GDP per hour worked in the data and in the following
counterfactuals: best manual technology only, best routine technology only, best abstract technology
only, best capital technology only and all best technologies. This is based on the general equilibrium
model described in Appendix [C} In this table the 2010s sample contains 65 countries, where the sub-
sample contains only the countries for which we have data on the capital share in GDP.

cross-country income disparities. However, this effect here is even larger than in partial
equilibrium with constant occupational shares, since equalising only the technology of ab-
stract occupations, but keeping all other technologies constant, widens the cross-country
differences in the occupational employment structure (see Table . In terms of assigning
only the best manual or the best routine occupational technology to all countries, there
is one very noticeable difference to the previous results. In general equilibrium manual
augmenting technologies account for most of the observed GDP per hour worked dif-
ferences across countries (measured by the 90-10 ratio of GDP per hour worked), while
in partial equilibrium routine technologies were the most equalising. However, routine
augmenting technologies still have the highest equalising effect in the 90-50 ratio. In our
last experiment we eliminate all technology differences across countries. When we assign
all the best input-specific technologies to all countries the dispersion of the GDP per hour
worked is compressed the most. In terms of the 90-10 ratio, the per hour worked income
differences are reduced by approximately 41 percent (compared to 35 percent in partial
equilibrium, see Table @ While the 90-50 ratio changes under endogenous occupational
composition rather similar to under constant inputs, changes in the 50-10 ratio are much
more pronounced here. This indicates that the effects of technology on GDP differences
are amplified through the employment structure, especially at the bottom of the income
distribution.

Table [§] presents how the occupational labour shares change in each of the counterfac-
tual scenarios. When we assign one occupation’s best technology to all countries, there
is a reduction in the labour share of that occupation across the income distribution.
However, note that the labour share ordering in the occupation that is being substituted
remains preserved across the distribution of countries. When we assign all occupations’
best technologies at once to all countries, there is an assimilation of the occupational

employment structure across the income distribution, towards the employment structure
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of countries located at the top quartiles of the GDP per hour worked. Precisely, this
assimilation process is the main driver behind the higher reduction in inequality of GDP

per hour worked differences in general equilibrium in comparison to partial equilibrium.

Table 8: Cross-country Comparison of Endogenous Occupational Labour Shares in
2010s Counterfactuals

Q. GDP Actual Data Best Routine Best Abstract Best Manual Best All
p-h.w M R A M R A M R A M R A M R A
1 0.26 055 020 038 031 031 030 061 0.08 0.05 066 029 0.14 0.57 0.30
2 0.15 057 028 022 034 045 019 068 0.13 0.04 063 033 0.11 0.56 0.33
3 0.10 053 036 0.15 0.28 0.57 0.15 070 0.15 0.03 057 040 0.10 0.53 0.37
4 0.08 047 046 0.10 0.26 0.63 0.12 067 020 0.03 049 048 0.09 0.51 0.40

Note: This table reports by quartile of real GDP per hour worked (2010s) the average occupational
labour share in the data and in the following counterfactuals: best manual technology only, best routine
technology only, best abstract technology only and all best technologies. This is based on the general
equilibrium model described in Appendix [C] In this table the 2010s sample contains 65 countries, where

the sub-sample contains only the countries for which we have data on the capital share in GDP.

5 Sectoral Analysis

With the aim to see whether the results presented in previous sections stem from cross-
country differences in sectoral composition and to study the nexus between biased techni-
cal change, employment structure, and structural transformation, we conduct our analysis
at the sectoral level. To implement this, we use our benchmark equation and our
sectoral-occupational data already described in Section 2.1} We have collected data for
the goods sector and for the services sector that allows us to compute the absolute and
relative factor augmenting technologies in these two sectors. We focus our attention on
the year 2005, as it allows us to compute the absolute and relative technologies with the
same cross sectional sample and data.

In Figure[7]we plot the inferred sectoral factor-augmenting relative technologies against
the sectoral value added per hour worked at current PPPs (2005 US$). While the results
are based on a reduced sample of 31 countries | the patterns resemble those observed for
the aggregate economy. In both sectors the technology of routine compared to manual
labour tends to decrease in the sector’s average productivity. We observe that the higher
a sector’s real value added per hour worked is, the higher tends to be the relative tech-
nology of routine labour compared to abstract occupations. That is, our results on the
occupation bias in technology that we documented based on the aggregate production

function and in the much larger sample of countries are upheld also within the sectors

30All countries in this sample, with the exemption of Korea, are included in our 2010s sample.
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we consider here. Yet, for the services sector the labour augmenting technology of rou-
tine occupations compared to capital technology decreases with average sectoral labour

productivity, which differs from the aggregate pattern.

Figure 7: Sectoral relative technologies based on ([10)) vs sectoral real value added per
hour worked for 2005
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Note: This figure plots the sectoral relative technologies inferred based on the aggregate production
function with ¢ = 0.60 and 1 = 0.84 against log sectoral real value added per hour worked in the
2005 for the goods and services sectors. In this figure the 2005 sample contains 31, where the sub-sample
contains only the countries for which we have sectoral data.

In a further analysis we split these sectors finer into agriculture, industry, high-skilled
services and low-skilled services. For these four sub-sectors, we can compute relative
factor augmenting technologies, but not conduct our accounting exercise as sectoral PPP
data to deflate value-added and the capital stock are not available. Most technology
patterns seen in the two sector classification of Figure [7] are discernible in the finer four
sector classification of Appendix Figure too. As the average goods-sector productiv-
ity increases, technologies become more routine biased compared to abstract technologies
in agriculture as well as in industry, and the opposite is true for the routine to manual
technologies. These two patterns are in line to what we observe for the overall goods
sector and the aggregate economy. However, the ratio of routine to capital technologies
depicts a different pattern in the industry sub-sector: the most productive countries tend
to use less routine labour augmenting technologies compared to capital technologies. The
patterns in the two services sub-sector are rather similar to the overall services sector.

The higher the average productivity in services, the lower is the ratio of routine to manual
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occupations’ technology and the higher is ratio of routine to abstract occupations’ tech-
nology. Similar to what we observe in the industry sub-sector, high-skilled and low-skilled
services sectors tend to have slightly lower relative routine labour compared to capital
technologies as the average sectoral productivity increases. Overall, these technology
patterns identified suggest that our results derived at the aggregate economy level are
not driven by substantial differences in the sectoral and sub-sectoral composition across

goods and services.

Table 9: Sectoral Data and Counterfactual Inequality of GDP per hour worked in 2005

Goods- Counterfactual: Best Technology
Actual Data | Manual Routine Abstract Capital All

90-10 Ratio | 5.68 5.32 4.11 6.42 8.28 2.28
90-50 Ratio | 1.92 1.80 1.37 2.12 2.84 1.39
50-10 Ratio | 2.96 2.96 3.00 3.03 2.92 1.63

Services- Counterfactual: Best Technology
Actual Data | Manual Routine Abstract Capital All

90-10 Ratio | 2.02 2.04 247 2.83 2.92 1.62
90-50 Ratio | 1.34 1.32 1.31 1.47 1.78 1.19
50-10 Ratio | 1.50 1.55 1.88 1.92 1.64 1.36

Notes: This table reports the ratio of sectoral value added per hour worked at the 90 percentile to the 10th
percentile in the data and in the following counterfactuals: best manual technology only, best routine
technology only, best abstract technology only, best capital technology only and all best technologies.
This is based on the the aggregate production function with o = 0.60 and n = 0.84. In this table
the 2005 sample contains 31 countries, where the sub-sample contain only the countries for which we

have sectoral data.

We replicate our counterfactual exercise of Section [4] to evaluate how the cross-country
sectoral income distribution would have looked like if all countries had access to the best
factor augmenting technology. Assigning the sector specific technology frontier of routine
occupations to all countries in the goods sector and leaving the other technologies and
all inputs at their actual values would have the most equalising effect. However, in the
services sector assigning the best routine technology would increase the cross-country
sectoral dispersion of output per hour worked between the 90th and the 10th percentiles.
In fact, we observe that all frontier factor augmenting technologies, considered one by
one, tend to increase the dispersion of value added per hour worked in the services sector;
the only equalizing effect is found for the 90-to-50 ratio in manual and routine abstract
technologies. These results are explained by a smaller dispersion of factor augmenting

technologies in the services sector compared to the goods sector. In this subset of coun-
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tries and sectors, capital augmenting technologies increase the dispersion in value added
across the sectoral average income distribution. This contrast to our finding at the aggre-
gate level, where capital augmenting technologies reduce international differences labour
productivityF_Tl When we assign the technology frontier to all sectoral inputs we find the

most equalizing effect in both sectors, echoing the results for the aggregate economy.

6 Robustness Checks and Extensions

To check for the robustness of our results, we conduct a series robustness checks and
extensions. Firstly, we calibrate our preferred specification of the aggregate production
function under a different set of substitution elasticities to see if our conclusions are sensi-
tive to different parametrisation. Secondly, we take into account cross-country differences
in human capital and include efficiency units of labour into our calibration. Finally, we
use a different specification of the nested CES function and compare the results against

our preferred specification of the aggregate production function.

6.1 Alternative and heterogeneous substitution elasticities

Our results using the benchmark equation are based on a parametrisation with two
set of elasticities: ¢ = 0.60 and n = 0.84. We also explore the impact of changing the
values of these elasticities. To implement this we follow the “one-deviation principle” and
change the values of the elasticities one by one, leaving everything else constant. These
changes will impact the values we get for the factor input intensities of production and the
inferred factor augmenting technologies, as these variables adjust to perfectly recover the
GDP per hour worked. The alternative values we choose for the elasticities are guided
by the literature, where the vast majority of studies allowing for productivity shifters
have found values below one, both for the substitution elasticity between occupations
(e.g.|Goos et al. (2014)), |Lee and Shin| (2017, Aum et al.| (2018)) and for the one between
capital and labour (e.g. Lawrence| (2015), [Herrendorf et al| (2015), Oberfield and Raval
(2021))). Like Barany and Siegel| (2021) we use 0.70 and 0.50 as the alternative values for
o, while for 1) the alternative elasticities are 0.75 and 0.65. Table[I0]shows the correlation
between the relative factor augmenting technologies and GDP per hour worked under each
scenario. The correlation between relative factor augmenting technologies and GDP per

hour worked is very similar across parameterizations, with virtually no changes in the

31However, if we restrict our sample at the aggregate level to countries with available sectoral data,
we find that capital augmenting technologies increase the dispersion of the average income distribution.
Since the majority of countries with sectoral data are developed, it seems that the equalising effect of
capital augmenting technologies at the aggregate level disappears when we consider only richer countries.
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patterns of the occupation-bias and no qualitative changes in the capital to routine labour
bias. This indicates the patterns we identify are robust to different parametrisations.
We also explore how the results shown in our counterfactual analysis of the inequal-
ity of GDP per hour worked change with different parametrisation of the elasticities of
substitution (see Appendix Table . First, we analyse the results when the values of o
change to 0.70 and 0.50. Routine and manual technologies continue to be the most alone
equalising labour augmenting technologies in both scenarios. Also, we observe that when
o takes the value of 0.50 there is a decrease in the dispersion effect of assigning the best
abstract labour augmenting technology. Second, we analyse the changes in our results
when 7 takes the values of 0.75 and 0.65. When the elasticity of substitution between
occupations and capital is below 0.84 the equalising effect of routine and abstract labour
augmenting technologies increases. Overall, our conclusions are robust to the change
in the elasticity of substitution between labour inputs and between labour inputs and

capital.

Table 10: Correlation between factor augmenting technologies based on vs real
GDP per hour worked with alternative substitution elasticities for the 2010s

Scenario Routine to manual  Routine to abstract Routine to capital
corr. coef. p-value corr. coef. p-value corr. coef. p-value
Baseline: ¢ = 0.60 & n =0.84 | -0.65 0.00 0.70 0.00 0.23 0.07
Alternative: o = 0.70 -0.65 0.00 0.69 0.00 0.25 0.05
Alternative: o = 0.50 -0.65 0.00 0.72 0.00 0.22 0.08
Alternative: n = 0.75 -0.65 0.00 0.70 0.00 0.52 0.00
Alternative: n = 0.65 -0.65 0.00 0.70 0.00 0.72 0.00

Notes: This table presents the relative technologies inferred based on the aggregate production function
against log GDP per hour worked with alternative and heterogeneous substitution elasticities. In
this figure the 2010s sample contains 65 countries, where the sub-samples contain only the countries for

which we have data on the capital share in GDP.

6.2 Nested CES with efficiency units of labour

In our baseline equation we are implicitly assuming that workers in all countries have
the same efficiency level, as labour inputs are represented by the share of hours worked
per occupation. Not taking into account cross-country differences in human capital might
obscure the role of routine biased technical change in explaining differences in productivity
between countries. In order to assess the role of human capital, we adopt the approach
of Barany and Siegel (2021) and augment the model for efficiency units of labour by
fitting a Mincer log wage regression. We adopt two strategies. In the first one we run a

Mincer wage regression (equation ) for each country with all the required information
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available. We adopt this strategy as it has been documented that Mincerian wage returns
differ across rich and poor countries (e.g. due to quality of human capital accumulation)
and this may matter for accounting for technology differences (Manuelli and Seshadri
(2014)), Lagakos et al|(2018])). In the second strategy, we run the Mincer wage regression
only for one benchmark country and apply its coefficients to data from all countries to
predict each country’s human capital. We select the US as our benchmark country and

run the following regression
log(wj) = 50 —+ ﬁlXj + €5, (15)

where X is a vector of worker js’ characteristics, which includes years of schooling s,
a second order polynomial for potential work experience e; interacted with a dummy for
college education (15 years or more of education) college and a gender dummy f emalelﬂ

To ensure comparability of the Mincerian returns across countries, we use a similar
definition for years of schooling based on the International Standard Classification of
Education (ISCED). In addition, we deflate the nominal wages/earnings in LCU using
the price level of household consumption (price level of USA GDPo in 2017=1) and the
exchange rate (national currency/USD), both available in PWT version 10.0. After run-
ning regression ([15)) in each country, we predict the workers’ efficiency units using formula
(16)). Finally, we obtain the averages per occupation and country. In our second strategy
we run these regressions using cross-sectional data from the American Community Survey
for 2014. Then, we obtain the estimated coefficients for each regressor and predict the

average worker’s efficiency units by country ¢ and occupation o using formula

e; = exp(f s; + fo femalej—l—Bg e; + B4 e? (16)
+ 35 college; + fg college; * e; + f3r college; x e?).

Table reports how the predicted efficiency units of labour vary across countries
in the 2010s. We see that there is quite some variation. While richer countries tend
to have more human capital than poorer countries (but by a factor that is considerably
smaller than the dispersion for capital per hour worked), there is also vast dispersion
across occupations, in particular with workers in abstract occupations having higher
efficiency units. While qualitatively we get similar results with our two strategies, the
use of country-specific Mincer returns gives a wider dispersion of labour efficiency units
between countries at the bottom and at the top of the income distribution. Equipped with

the value of e, ;, we can include efficiency units of labour into our model by modifying the

32We define potential work experience as e; = age; — s; — 6.
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amount of labour that the firm optimally chooses to oe; = o; * €,;, where 0 € {R, M, A}.

Thus, we can obtain an estimate of the occupational efficiency wages per hour in country

Wo,;

1as We; =

€o,i

Table 11: Data on average efficiency units of labour by occupation in the 2010s

Quartile of | Capital | Country-specific Mincer regression Benchmark country Mincer regression
GDP p.h.w | p.how Manual Routine Abstract Manual Routine Abstract

1 50.16 2.79 2.64 5.41 5.52 5.28 9.09

2 162.68 5.67 6.94 11.21 6.27 6.7 9.61

3 234.33 5.55 6.33 8.37 6.22 6.86 9.41

4 331.24 6.48 7.23 9.19 5.94 6.78 9.63

USA 214.26 5.77 6.63 9.44 6.38 7.47 10.54

Notes: This table reports by quartile of real GDP per hour worked the average efficiency units of labour
by occupation predicted from based on estimating in each country (columns 3 to 5) and on
estimating in a benchmark country (columns 6 to 8). The second column reports capital per hour
worked for comparison. In this table the 2010s sample contains 46 countries (both panels contain the
same countries), where the sub-samples contain only the countries for which we have data on the capital
share in GDP, gender, age and years of schooling.

Figure 8: Relative technologies with efficiency units of labour based on vs real
GDP per hour worked in the 2010s
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Notes: This figure plots the relative technologies with efficiency units of labour inferred based on the
aggregate production function with ¢ = 0.60 and n = 0.84 against log GDP per hour worked.

The first panel plots the efficiency units of labours obtained using country-specific Mincer regressions.

The second panel is obtained using the US as the benchmark country to run the Mincer regression. In

this figure the 2010s sample contains 46 countries (both panels contain the same countries), where the

sub-samples contain only the countries for which we have data on the capital share in GDP, gender, age

and years of schooling. For each country and sample we take the most recent full observation we have.

34



With this information we proceed to re-calibrate equation and obtain the factor
augmenting technologies for the 2010s (see Figure . In the first panel of Figure |8 the
efficiency units of labour are obtained from country-specific Mincer regressions, while in
the second panel the efficiency units are obtained using the US as the benchmark country
to run the Mincer regression. Figure[§|contains a smaller set of countries compared to our
baseline scenario (see Figure @, as we only include countries in which we can compute
the efficiency units of labour using our two strategies. While we have a smaller set of
countries, the patterns displayed by the two panels of this figure are qualitatively and

quantitatively similar to the ones observed in our baseline scenario.

Table 12: Data and Counterfactual Inequality of GDP per hour worked with efficiency
units of labour in the 2010s

Country-specific Mincer regression

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 ratio 3.48 3.48 3.52 4.82 521  3.28
90-50 ratio 1.92 1.83 1.80 2.13 2.67 141
50-10 ratio 1.81 1.90 1.96 2.26 1.95 233

Benchmark country Mincer regression

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 ratio 4.24 3.74 4.51 7.71 4.13  3.38
90-50 ratio 1.80 1.83 1.56 2.21 1.51 1.43
50-10 ratio 2.35 2.04 2.89 3.50 2.73  2.36

Notes: This table reports the ratio of GDP per hour worked at the 90 percentile to the 10th percentile
in the data and in the following counterfactuals: best manual technology only, best routine technology
only, best abstract technology only, best capital technology only and all best technologies. This is based
on the aggregate production function with ¢ = 0.60 and 1 = 0.84 with efficiency units of labour.
The top panel reports results based on country-specific Mincer returns in the construction of labour
efficiency units. The bottom panel’s results are obtained using the US as the benchmark country in the
construction of the Mincer coefficients. In this table the 2010s sample contains 46 countries (both panels
contain the same countries), where the sub-samples contain only the countries for which we have data

on the capital share in GDP as well as age and years of schooling by occupation.

We also compute the counterfactual scenarios shown in Section [4] (see Table [12)). For
this smaller sample, both panels show that there is less dispersion of the output per hour
worked, however, our main conclusions remain unchanged, as in both panels manual and
routine labour augmenting technologies have the most equalising effect when we vary one

technology at a time. Quantitatively, the equalising role of capital augmenting technology
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differences is somewhat reduced when we account for efficiency units of labour.

6.3 Different nested CES specification

As a robustness test to our baseline specification , we also explore a different struc-
ture of the nested CES production function. This new specification allows for (i) different
substitution elasticities between different pairs of occupations and (ii) for the complemen-
tarity of capital to vary across the occupational labour inputs. The structure of the nested
formulation follows [vom Lehn| (2020)), but we allow for factor-augmenting technologies of

each input. We thus asssume here for the aggregate production function

1 y=1
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where in the most inner nesting routine labour and effective capital are nested together
and considered to be gross substitutes, i.e. n > 1. This gives a routine-task aggregate
that is then combined with effective abstract labour with an elasticity of substitution
v < 1, such that routine and abstract tasks are complements. This routine-abstract task
bundle, in turn, is in the most outer layer combined with effective manual labour under
a substitution elasticity ¢ to produce final outputﬂ

Under the production function , a country’s technologies can be backed out from
observables (again conditional on parameterizing the substitution elasticities) according

to the following equations (see Appendix [B| for derivations):
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When using the data to infer technologies here, we take —as in the other specifications—

33This production structure implies that the effects of capital accumulation on the demand for labour
differs across the occupational groups. This in line with [Kehrigl (2018)’s finding that the degree of
substitutability between computer equipment and labour varies across occupations.
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the US as the benchmark economy and set the elasticity parameters to o = 1.49,v =
0.31,n7 = 1.3, which are the values [vom Lehn/ (2020) obtained in his calibration against
US data. Figure [9 plots the inferred relative technologies in the 2010s and the 1990s

cross-sections of countries.

Figure 9: Relative technologies based on vs real GDP per hour worked
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Note: This figure plots the relative technologies inferred based on the aggregate production function
with ¢ = 1.49,v = 0.31,n = 1.30 against log GDP per hour worked in the 2010s. In this figure the
2010s sample contains 65 countries and the 1990s 51 countries, where the sub-samples contain only the
countries for which we have data on the capital share in GDP.

This figure displays, just as Figure[6] systematic relationships between GDP per hour
worked and relative technologies. According to this figure, the technology of routine
labour compared to the one of any input, manual or abstract labour or capital, increases
with GDP per hour worked in both samples. The patterns in technology of routine
compared to abstract labour are qualitatively the same as in our baseline, whereas the
relationship between GDP per hour worked and the technology of routine relative to
manual labour changes signs. This is due to the parametrisation of the elasticities of
substitution. In Figure [6] we set o = 0.60 implying that routine and manual workers are
gross complements. In Figure@l, based on the [vom Lehn| (2020]) parametrisation, o = 1.49
implying that these two groups of workers are gross substitutes. As the elasticity of
substitution changes from below to above one, the opposite bias in relative technologies
is needed to match the data. However, the effect that a decrease in the routine to

manual technology has for o < 1 is qualitatively equivalent to the effect an increase in
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the routine to manual technology has for o > 1@ In contrast, the pattern of relative
routine to abstract technologies is qualitatively the same in Figures [0] and [9] as in both
cases routine and abstract occupations are gross complements. The relative technology of
routine labour to capital exhibits the same pattern as in Figure [f] despite that in equation
both inputs are considered to be gross substitutes. This is due to the structure of
the aggregate production function, in which several bundles of inputs are aggregated
together with different elasticities of substitution. In fact, if we consider routine labour
and effective capital to be gross complements (n < 1) the relative technology between
these two inputs continues to increase with the countries’ average income per hour worked.
Hence, overall the results derived from the nested specification are in line with what
we found under our preferred specification .

When we evaluate the implications of technical differences for cross-country dispersion
in average labour productivity based on the nested production function , we draw
virtually the same conclusions as under our baseline specification. In Table [13| we show
measures of GDP per hour worked dispersion implied by eliminating differences in factor-
augmenting technologies across countries. These numbers are similar to the ones in Table
[0, even more so when focusing on the model implied dispersion relative to the dispersion in
the data. In this specification the routine technology is the one that compresses the most
the distribution of the GDP per hour worked among all factor augmenting technologies.
The distribution is equalized even more when countries are assigned the best possible
technology for each production factor, just as in Table[6] Overall we see that the results

are robust across alternative specifications of the (aggregate) production function.

Table 13: Nested CES-Counterfactual Inequality of GDP per worker in the 2010s

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 ratio 6.22 5.18 3.85 6.51 4.56  2.65
90-50 ratio 1.95 1.82 1.54 1.98 1.69 143
50-10 ratio 3.19 2.84 2.49 3.28 2.69 1.86

Note: This table reports the ratio of GDP per hour worked at the 90 percentile to the 10th percentile
in the data and in the following counterfactuals: best manual technology only, best routine technology
only, best abstract technology only, best capital technology only and all best technologies. This is based
on the the aggregate production function with ¢ = 1.49,v = 0.31,7 = 1.30. In this table the 2010s
sample contains 65 countries, where the sub-sample contains only the countries for which we have data

on the capital share in GDP.

34Gee for instance |[Ngai and Pissarides| (2007) who discuss how the effects of changing relative produc-
tivities depend on whether the elasticity substitution is above or below one.
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7 Conclusions

This paper investigates the links between routine-biased technical change, the structure
of occupational employment, and cross-country income differences. To carry out our
analysis, we construct a novel dataset containing occupational employment, wages, weekly
hours worked and macro aggregates, such as real GDP, for two cross-sectional samples
(2010s and the 1990s) containing 92 countries, and for a subset of 31 countries with data
also at the sector-occupation level.

We establish a series of new facts of economic development. We document that
the employment share of routine and manual occupations decreases with the increase
of the GDP per hour worked, whereas the share of abstract occupations has a positive
relationship with average productivity. We further show that in more developed countries
the routine labour share has decreased more rapidly than in less developed countries, while
the share of abstract occupations exhibits the opposite pattern.

Drawing on our model framework with the three occupational labour inputs for a
development accounting exercise, we demonstrate that while the technology of routine
occupations tends to increase with the GDP per hour worked compared to abstract occu-
pations, it decreases with respect to manual occupations. We further document that with
development technology becomes more routine-biased compared to capital. Analysing the
dispersion of technologies across the GDP per hour worked distribution, we find that the
dispersion of manual augmenting technologies is higher than the one observed in the other
factor augmenting technologies, with capital-augmenting technologies being the less dis-
perse. Our results suggest that the productivity of routine workers in the top quartile of
countries, which tend to have low routine employment shares, is about 11 times higher
than in the bottom quartile of countries ranked by GDP per hour worked. Interestingly,
we see that countries in the upper half of the distribution have experienced a faster growth
of routine-augmenting technologies between the 1990s and the 2010s. These results are
complementary to [Rossi| (2022) who documents that highly educated workers are rela-
tively more productive in rich countries. While his finding is based on differentiating
labour by skills, we focus on occupational differences for which we see an inverse relation
between abundance and productivity.

Through counterfactual experiments we assess how eliminating cross-country differ-
ences in occupational technologies would impact GDP differences. We find that eliminat-
ing manual or routine technology differences would have comparable equalising effects.
However, for the technology of abstract occupations we find that if all countries were
assigned the frontier technology the dispersion of GDP per hour worked would increase.

This is due to international differences in the occupational employment structure, with
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more developed countries having a higher share of abstract occupations. When we elimi-
nate all cross-country differences in technologies by assigning the frontier values for each
occupation and for capital, we find the most compressing effect: per hour worked income
differences would be reduced by about 35 percent. When we allow for countries’ em-
ployment structure to adjust to technology in our model with endogenous occupational
choice, this effect becomes even stronger, approximately 41 percent.

Our results, which are robust to various alternative specifications and parametrisa-
tions, highlight the nuanced nature of economic development. There are many well-known
differences between the technology used in rich and in poor countries. What we newly
demonstrate is that there are also occupation-biases in the technology differences. Our
paper highlights that not only occupation-biased technical change and the occupational
employment structure vary systematically with development, but also that level differ-

ences in occupation-specific technologies matter for cross-country GDP differences.
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Appendix

A Data

A.1 Data Sources

In this subsection we describe the sources of the micro and macro data and our harmo-
nization procedure in greater detail.

International Labour Organization (ILOSTAT)

ILOSTAT contains a wide range of information on labour market variables. We use the
employment, working time, earnings and labour income modules. Specifically, we obtain
the number of persons engaged (employment) by occupation (from 1968 to 2018), the
mean weekly hours actually worked per persons engaged and by occupation (from 1991
to 2018) and the mean nominal hourly earnings (in LCU) of employees by occupation
(from 1981 to 2018). These three datasets are collapsed into routine, non-routine, abstract
and manual occupations. We repeat the process at the sectoral level for persons engaged
(from 1992 to 2019), but classifying each of the occupations into one of the broad sectors

shown in Table [A1IF

Occupational Wages around the World (OWW)

This dataset, constructed by [Freeman and Oostendorp| (2012) and based on the Interna-
tional Labor Organization October Inquiry, contains information on occupational wages
for 161 occupations and 49 industries, covering 171 countries from 1983 to 2008. We
choose to use the standardised wage (LCU) with country-specific calibration and impu-
tation and lexicographic weighting (hw3wl -hourly wages- and mw3wl -monthly wages-)
as it provides the widest sample of countries. We collapse the 161 occupations into the
following categories: routine, non-routine, abstract and manual occupations. First, we
codify the 161 occupations at two digits using the ISCO-08, then we collapse this to the
one digit ISCO-08, with the one-digit classification we assigned the occupations to rou-
tine, non-routine, abstract and manual occupations. We apply this procedure to reduce
subjectivity when classifying the 161 occupations between routine and non-routine occu-
pations and to standardize the classification process with the other datasets that do not
have such an extensive list of occupations. Finally, we obtain an approximation for the av-
erage weekly hours worked knowing that mw3wl = hw3wlxmonthly_hours_worked, thus
weekly_hours_worked = mw3wl/hw3wl/52/12. We repeat the process at the sectoral
level using the industry classification presented in Table to classify the occupations
into one of our broad sectors.

IPUMS International
[PUMS International, provided by Minnesota Population Center| (2020)), is a standard-
ized dataset that collects information on censuses and household surveys for more than

35For some countries and years ILOSTAT provides occupational information from two or more different
surveys. We select only one survey using the following hierachy: 1. Labour force surveys with national
representativeness, 2. household surveys with national representativeness, 3. administrative data.
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90 countries. We collect information on occupational employment, occupational earn-
ings/wages, occupational weekly hours worked for 78 countries from 1962 to 2018. In
this dataset, the variable for occupations is codified to the ISCO-88 (one digit). This
allows us to collapse the database to routine, non-routine, abstract and manual occu-
pations. For labour income, this dataset contains two variables: (i) earned income and
(ii) wage and salary income. These two variables are computed on monthly or annual
basis, so we proceed to construct the hourly wages using the weekly hours worked and
applying the same procedure as we do for the OWW data. When possible, we use the
wage and salary income. However, when this variable is not available, we use earned
income. These two variables are adjusted using a modified weight, including the number
of hours worked during the week. To harmonize this dataset with ILOSTAT, we use the
same definitions for persons engaged and remove weekly hours worked above 86. We
repeat the process described using the sectoral classification shown in Table[AT] Finally,
using the occupational and the sectoral-occupational differentiation, we get the average
age and average years of schooling.

IPUMS USA

The IPUMS USA by Ruggles et al.| (2020)) is a database that contains decennial censuses
for the US from 1790 to 2010 and American Community Surveys (ACS) from 2000 to
2019. We use the 5% State Sample 1990 and the American Community Survey for
the years 2005 and 2014, provided by Ruggles et al| (2020) in order to get data at the
sectoral level for the US. We use the “harmonized occupation coding scheme based on the
Census Bureau’s 2010 ACS occupation classification scheme” available in IPUMS USA to
group the occupations into routine, non-routine, abstract and manual occupations. We
also get the sectoral-occupational wage and salary income per hour and the usual hours
worked per week. We adopt the same definition as ILOSTAT to obtain the number of
persons engaged and we remove weekly hours worked above 86. We also get the sectoral-
occupational average age and years of schooling.

European Labour Force Survey (EU-LFS)

The EU-LFS (Eurostat|, [2021a)) contains information on persons engaged by occupation
and occupational weekly hours worked for 31 countries from 1993 to 2018. The occupa-
tions are classified according the ISCO-08 (COM) from 2011 onwards and the ISCO-88
(COM) from 1993 to 2010. This allows us to collapse the dataset to our classification of
routine, non-routine, abstract and manual occupations (the same procedure applies for
the sectoral level, in which we group industries according to Table . A drawback of
the EU-LFS is that it does not contain information on labour income. Thus, we are not
able to retrieve information on wages/earnings from this dataset. We adopt the same
definition as ILOSTAT to obtain the number of persons engaged and we remove weekly
hours worked above 86. Finally, using the occupational and the sectoral-occupational
differentiation, we get the average age and average years of schooling.

European Statistics on Income and Living Conditions (EU-SILC)

The EU-SILC (Eurostat, 2021b)) is a comparable database that contains information
on 32 countries within the EU and some non-EU member countries. This survey targets
individuals of age 16 or older and was launched in 2003, initially in six countries. We use
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the gross employee cash or near cash income, the gross non-cash employee income and
the cash profits or losses from self-employment to construct our earnings variable. In the
EU-SILC, the labour income variables are computed for the reference period of the EU-
SILC, which is one year. Therefore, we convert them to hourly wages using the weekly
hours worked and applying the same methodology as for the OWW data. The earnings
are adjusted using a modified weight, which includes the number of hours worked during
the week. The EU-SILC classifies occupations according to the ISCO-88 (COM) and the
ISCO-2008 (COM). We use these codes to collapse the dataset into routine, non-routine,
abstract and manual occupations. In addition, we assign to reported weekly hours worked
above 86 the maximum value found in the ILOSTAT database. Finally, the process is
repeated at the sectoral level, grouping industries as presented in Table

Harmonized Microdata Center for Household Surveys in Latin America and
the Caribbean (CMAEH)

The [Inter-American Development Bank (IADB)| (2021)) compiles this dataset that con-
tains harmonized information based on household surveys for 23 countries from the LAC
region’] The CMAEH allows us to get information from 1990 to 2019 for the majority
of LAC countries. We include information for all individuals aged 16 and above that
were working as paid employees or as self-employed to construct the variable for persons
engaged, following the definitions of ILOSTAT. For the labour income information, we
use the monetary wage in the principal activity, which is computed on a monthly and
hourly basis. For the weekly hours worked, we remove those hours above 86. In the
CMAEH, the occupations are harmonized to one digit using the ISCO-88 and ISCO-08.
Thus, we are able to collapse the dataset into routine, non-routine, abstract and manual
occupations. To get the occupational data at the sectoral level, we apply the same pro-
cedure using the industry classification presented in Table [AT The wages are adjusted
using a modified weight, which includes the number of hours worked during the week.
Finally, using the occupational and the sectoral-occupational differentiation, we get the
average age and average years of schooling.

The International Income Distribution Data Set (I2D2)

This database was initially constructed by |Montenegro and Hirn| (2009) and thereafter
maintained by the World Bank. The 12D2 includes standardized information along several
dimensions such as: (i) demography, (ii) education, (iii) labour markets and iv) welfare.
According to Montenegro and Hirn| (2009), the database contains information on more
than 120 countries. This dataset is not publicly available, thus, following Kunst| (2019),
we asked for access to some statistics. World Bank staff shared with us information on
a subsample of 20 countries from 1970 to 2016. This includes information on labour
market, demographic and educational variables. As part of the standardization process
followed by the World Bank, the occupations have been codified to one digit following
the ISCO-88. The hourly wages are in local currency units. For the weekly hours worked,

36During the construction of our database, we accessed to the CMAEH through the following link:
https://microdatos.iadb.org/node/11. This website allowed us to upload Stata routines to retrieve
data extracts directly from the household surveys. During 2022, the website was updated under the
name of ‘Social Data-Household Socio-Economic Surveys’. Now it can be accessed through the link
https://microdatos.iadb.org/en/public and provides access to pre-defined indicators.
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numbers above 86 hours are removed, following ILOSTAT, and only employees and self-
employed individuals aged 15 or above are considered. We implement the same procedure
at the sectoral level in order to get the occupational data required at this level. Finally,
we adjust the hourly wages using a modified weight, resulting from the individual weight
and the number of hours worked during the week.

Penn World Tables (PWT), World Development Indicators and International
Labour Organization (ILOSTAT)

PWT version 10.0, provided by Feenstra et al.| (2015), is a well-known macro dataset
with information on GDP, capital stock, investment, price levels and other macroeconomic
variables. For our product variable, we use the output-side real GDP at chained PPPs
(in mil. 2017 USD), as it allows to make comparison across countries and across time.
The PWT estimates the capital stock at constant 2017 national prices (which allows
comparison across time for a given country) and the capital stock at current PPPs (which
allows comparison across countries at a specific point in time). In order to be able to
make comparison across countries and across time, we deflate the capital stock at current
PPPs with a GDP deflator obtained from the PWT with the aim to obtain a measurement
of capital stock at chained PPPs (in mil. 2017USD). In addition, we obtain the labour
income share, population, number of persons engaged, and prices levels from this dataset.
From WDI and ILOSTAT, we obtain data on GDP per capita and per worker at constant
2011 PPPs and 2017 PPPs and unemployment shares.

World Input-Output Database (WIOD), World KLMES and GGDC Produc-
tivity Level Database

For the sectoral macro data we use the WIOD by Timmer et al. (2015), the World
KLEMS and the GGDC Productivity Level Database by [Inklaar and Timmer| (2014).
The WIOD contains information on national accounts and macroeconomic variables for
43 countries, specifically, we use the Socio Economic Accounts (Release 2016) to collect
industry data on nominal gross value added, number of persons engaged, labour com-
pensation and nominal capital stock. The World Klems is a data repository compiled
by the WORLD KLEMS consortium, which includes the EU KLEMS (See [Jager (2017)
for a detailed description of the dataset), LAKLEMS (This is the regional dataset for
Latin American and the Caribbean, see Mas and Benages (2020)) and ASIA KLEMS.
World KLEMS contains data on output, inputs and productivity at the sector level. We
use World KLEMS to complement the data for the countries and years not available in
the WIOD. Both databases are in nominal values of LCU, then, in order to estimate the
absolute labour augmenting technologies at the sectoral level, we use the GGDC Pro-
ductivity Level Database, which contains information on the PPP at the industry level.
This information is available for 42 countries and only for the service and good sectors

and for the year 2005 ]

3"The goods sector includes: Agriculture, forestry & fishing; Mining & quarrying; Food, beverage &
tobacco; Textile products; Leather & footwear; Wood products; Paper, printing & publishing; Coke &
refined petroleum; Chemical products; Rubber & plastics; Non-metallic mineral products; Basic & fab-
ricated metal; Machinery; Electrical & optical equipment; Transport Equipment; Other manufacturing;
Utilities; Construction. The service sector includes: Motor vehicle & fuel trade; Wholesale trade; Retail
trade; Hotels & restaurants; Land transport; Water transport; Air transport; Transport services; Post &
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Table A2: Data sources by year and country- Aggregate

Country Year Persons Wages- ‘Weekly Age Schooling Output Persons Capital Labour

engaged earnings hours engaged stock share

worked (overall
economy)

ABW 2010 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
ALB 2017 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT N.D.
ARG 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
ARG 2018 ILOSTAT ILOSTAT ILOSTAT CMAEH CMAEH PWT PWT PWT PWT
AUS 1998 ILOSTAT OWW ILOSTAT N.D. N.D. PWT PWT PWT PWT
AUS 2016 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
AUT 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
AUT 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
BEL 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
BEL 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
BGD 2017 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT N.D.
BGR 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
BLZ 1995 ILOSTAT OWW OWwW CMAEH CMAEH PWT PWT PWT N.D.
BLZ 2017 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT N.D.
BMU 2010 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
BOL 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
BOL 2018 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
BRA 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
BRA 2015 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
BRB 1995 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT PWT
CAN 1999 ILOSTAT OWW OWW IPUMS-I IPUMS-I PWT PWT PWT PWT
CAN 2014 ILOSTAT ILOSTAT ILOSTAT IPUMS-I IPUMS-I PWT PWT PWT PWT
CHE 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
CHL 1992 IPUMS-I ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
CHL 2017 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
COL 2018 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT N.D.
COM 2014 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
CRI 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
CRI 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
CYP 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
CYP 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
CZE 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
CZE 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
DEU 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
DEU 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
DJI 1996 12D2 OWW OWW 12D2 12D2 PWT PWT PWT PWT
DNK 1992 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
DNK 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
DOM 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
DOM 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
ECU 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
EGY 1996 IPUMS-I OWW OWW 12D2 12D2 PWT PWT PWT PWT
ESP 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
EST 1997 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
EST 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
FIN 1999 EULFS OWW OWW EULFS EULFS PWT PWT PWT PWT
FIN 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
FRA 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
GBR 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
GBR 2018 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT N.D.
GHA 2017 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT N.D.
GMB 2012 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
GRC 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT N.D.
GRD 1994 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT PWT
GTM 1998 CMAEH OWW OWW CMAEH CMAEH PWT PWT PWT PWT
GTM 2018 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
HKG 1999 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT PWT
HKG 2016 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
HND 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
HND 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
HRV 1996 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT PWT
HRV 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
HUN 1999 ILOSTAT OWW EULFS EULFS EULFS PWT PWT PWT PWT
HUN 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
IDN 1995 IPUMS-I IPUMS-I IPUMS-I IPUMS-I IPUMS-I PWT PWT PWT PWT
IND 1994 ILOSTAT OWW OWwW N.D. N.D. PWT PWT PWT PWT
IRL 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
ISL 2018 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
ITA 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
ITA 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT N.D.
KAZ 2017 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT N.D.
KHM 1999 ILOSTAT OWW OWW 12D2 12D2 PWT PWT PWT N.D.
KHM 2016 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT PWT
LCA 1991 IPUMS-I OWW IPUMS-I IPUMS-I IPUMS-I PWT PWT PWT PWT
LKA 2016 12D2 ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT PWT
LTU 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
LUX 1995 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
LUX 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
LVA 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
LVA 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT N.D.
MAC 2016 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT N.D.
MDG 2015 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
MDV 2016 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT

telecommunications; Financial services; Real estate; Business services; Government; Education; Health;
Other services; Households with employed persons.
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Country Year Persons Wages- ‘Weekly Age Schooling Output Persons Capital Labour

engaged earnings hours engaged stock share

worked (overall
economy)

MEX 1999 ILOSTAT OWW OWW CMAEH CMAEH PWT PWT PWT N.D.
MEX 2018 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
MLI 2016 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT N.D.
MLT 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT N.D.
MMR 2018 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT PWT
MNE 2011 12D2 12D2 12D2 12D2 12D2 PWT PWT PWT PWT
MNG 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
MUS 1995 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT N.D.
MUS 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
MWI 2013 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
MYS 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
NAM 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
NIC 1998 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
NIC 2014 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
NLD 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
NOR 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT N.D.
NOR 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
NPL 1998 12D2 12D2 12D2 12D2 12D2 PWT PWT PWT PWT
PAN 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
PER 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
PER 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
PHL 1997 IPUMS-I OWW 12D2 12D2 12D2 PWT PWT PWT PWT
PHL 2018 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT PWT
POL 1999 EULFS OWW ILOSTAT EULFS EULFS PWT PWT PWT PWT
POL 2019 EULFS EUSILC EULFS EULFS EULFS N.D. N.D. N.D. N.D.
PRT 1999 EULFS OWW OWW EULFS EULFS PWT PWT PWT PWT
PRT 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
PRY 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
PRY 2018 ILOSTAT ILOSTAT ILOSTAT CMAEH CMAEH PWT PWT PWT PWT
ROU 1999 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
ROU 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
SGP 1999 ILOSTAT OWW OWwW N.D. N.D. PWT PWT PWT PWT
SLV 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT N.D.
SLV 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT N.D.
SRB 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
SVK 1999 EULFS OWW OWW EULFS EULFS PWT PWT PWT PWT
SVK 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
SVN 1997 EULFS OWW EULFS EULFS EULFS PWT PWT PWT PWT
SVN 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
SWE 2019 EULFS EUSILC EULFS EULFS EULFS PWT PWT PWT PWT
TTO 1999 CMAEH CMAEH CMAEH CMAEH CMAEH N.D. N.D. N.D. N.D.
TTO 2013 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
TUR 1990 IPUMS-1 OWW OWW IPUMS-I IPUMS-1 PWT PWT PWT PWT
TUR 2014 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
UGA 2017 ILOSTAT ILOSTAT ILOSTAT 12D2 12D2 PWT PWT PWT PWT
UKR 1999 ILOSTAT OWW OWW N.D. N.D. PWT PWT PWT N.D.
UKR 2016 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
URY 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
URY 2019 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
USA 1990 IPUMS-U IPUMS-U IPUMS-U IPUMS-U IPUMS-U PWT PWT PWT PWT
USA 2014 IPUMS-U IPUMS-U IPUMS-U IPUMS-U IPUMS-U PWT PWT PWT PWT
VEN 1999 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
VEN 2015 CMAEH CMAEH CMAEH CMAEH CMAEH PWT PWT PWT PWT
VNM 2018 ILOSTAT ILOSTAT ILOSTAT N.D. N.D. PWT PWT PWT PWT
ZMB 1990 IPUMS-I OWW OWW 12D2 12D2 PWT PWT PWT N.D.

Note: N.D.= No data.

IPUMS-I = IPUMS International. IPUMS-U = IPUMS USA. PWT = PWT V.

10.0. Ouput = Output side real GDP at chained PPP (2017 US$). Capital stock = Capital stock at
chained PPP (2017 US$).

Table A3: Data sources by year and country- Sectors

Country Year Persons Wages- ‘Weekly Age Schooling Gross Persons Capital Labour PPP
engaged earnings hours value engaged stock share (US$
worked added (overall 2005)
economy)
AUT 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
AUT 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD ‘WIOD GGDC
AUT 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
BEL 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
BEL 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD ‘WIOD N.D.
BGR 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
BGR 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
BRA 1999 CMAEH CMAEH CMAEH CMAEH CMAEH WIOD WIOD WIOD WIOD N.D.
BRA 2014 CMAEH CMAEH CMAEH CMAEH CMAEH WIOD ‘WIOD WIOD ‘WIOD N.D.
CAN 1991 IPUMS-I IPUMS-I IPUMS-I IPUMS-I N.D. KLEMS KLEMS KLEMS KLEMS N.D.
CAN 2005 IPUMS-I OWWwW IPUMS-I IPUMS-I N.D. WIOD ‘WIOD WIOD WIOD GGDC
CHE 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
CHL 1990 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
CHL 2015 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
CRI 1999 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
CRI 2005 CMAEH OWW OWW N.D. N.D. KLEMS KLEMS KLEMS KLEMS N.D.
CRI 2016 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
CYP 1999 EULFS OWWwW EULFS EULFS EULFS KLEMS KLEMS WIOD KLEMS N.D.
CYP 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
CYP 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
CZE 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
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Country Year Persons Wages- ‘Weekly Age Schooling Gross Persons Capital Labour PPP
engaged earnings hours value engaged stock share (US$
worked added (overall 2005)
economy)
CZE 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD ‘WIOD WIOD ‘WIOD GGDC
CZE 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D
DEU 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
DEU 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD WIOD WIOD WIOD GGDC
DEU 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D
DNK 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
DNK 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
DNK 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
DOM 1999 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
DOM 2005 ILOSTAT CMAEH CMAEH N.D. N.D. KLEMS KLEMS KLEMS KLEMS N.D.
DOM 2016 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
ESP 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
ESP 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
EST 1997 EULFS OWW EULFS EULFS N.D. KLEMS KLEMS WIOD KLEMS N.D.
EST 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
EST 2014 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD N.D.
FIN 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
FIN 2005 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD GGDC
FIN 2014 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD N.D.
FRA 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD WIOD WIOD ‘WIOD GGDC
FRA 2014 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD N.D
GBR 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
GBR 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD WIOD WIOD WIOD GGDC
GBR 2014 EULFS EUSILC EULFS EULFS EULFS ‘WIOD ‘WIOD WIOD ‘WIOD N.D.
GRC 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
GRC 2014 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD N.D.
HND 1999 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
HND 2005 ILOSTAT CMAEH CMAEH N.D. N.D. KLEMS KLEMS KLEMS KLEMS N.D.
HND 2016 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
HRV 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
HUN 1999 EULFS OWWwW EULFS EULFS EULFS KLEMS KLEMS KLEMS N.D. N.D.
HUN 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
HUN 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
IDN 1995 IPUMS-I IPUMS-I IPUMS-I EULFS EULFS WIOD WIOD WIOD WIOD N.D.
IRL 2005 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD GGDC
IRL 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D
ITA 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
ITA 2005 EULFS OWW EULFS EULFS EULFS ‘WIOD WIOD WIOD WIOD GGDC
ITA 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
KOR 2005 ILOSTAT OWW OWW N.D. N.D. ‘WIOD WIOD WIOD WIOD GGDC
LTU 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS WIOD KLEMS N.D.
LTU 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
LTU 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
LUX 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS KLEMS KLEMS N.D.
LUX 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
LUX 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
LVA 1999 EULFS OWwW EULFS EULFS EULFS KLEMS WIOD WIOD WIOD N.D.
LVA 2005 EULFS OWWwW EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
LVA 2014 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD N.D.
MLT 2005 EUSILC EUSILC EUSILC N.D. N.D. WIOD WIOD WIOD WIOD GGDC
NLD 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
NLD 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
NOR 2005 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD GGDC
NOR 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D
PER 1999 CMAEH CMAEH CMAEH CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D
PER 2005 12D2 12D2 12D2 N.D. N.D. KLEMS KLEMS KLEMS KLEMS N.D
PER 2014 12D2 12D2 12D2 CMAEH CMAEH KLEMS KLEMS KLEMS KLEMS N.D.
POL 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD WIOD WIOD WIOD GGDC
POL 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
PRT 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS WIOD KLEMS N.D.
PRT 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
PRT 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
ROU 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS WIOD KLEMS N.D.
ROU 2005 EULFS OWWwW EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
ROU 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
SVK 1999 EULFS OWW EULFS EULFS EULFS KLEMS KLEMS WIOD KLEMS N.D.
SVK 2005 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD GGDC
SVK 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
SVN 1997 EULFS OWWwW EULFS EULFS N.D. KLEMS KLEMS WIOD KLEMS N.D.
SVN 2005 EULFS EUSILC EULFS EULFS EULFS WIOD ‘WIOD WIOD WIOD GGDC
SWE 2005 EULFS EUSILC EULFS EULFS EULFS ‘WIOD WIOD WIOD WIOD GGDC
SWE 2014 EULFS EUSILC EULFS EULFS EULFS WIOD WIOD WIOD WIOD N.D.
TUR 2005 ILOSTAT OWW OWW N.D. N.D. WIOD ‘WIOD WIOD WIOD GGDC
USA 2005 IPUMS- IPUMS- IPUMS- IPUMS- IPUMS- ‘WIOD WIOD WIOD WIOD GGDC
19) U U U 19)
USA 2014 IPUMS- IPUMS- IPUMS- IPUMS- IPUMS- WIOD WIOD WIOD WIOD N.D.
U U U U U

Note: N.D.= No data. IPUMS-I = IPUMS International. IPUMS-U = IPUMS USA. Gross value added
= Gross value added at current basic prices (in mill, of LCU). Capital stock = Nominal capital stock (in
mill. of LCU).
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A.2 Additional Figures and Tables

Figure A1l: Occupational average weekly hours worked vs log of GDP per hour worked
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Note: This figure plots the three occupational groups’ average weekly hours worked against log of real
GDP per hour worked based on the cross-section of countries in the 2010s and the 1990s. In this figure
the 2010s sample contains 81 countries and the 1990s 57 countries.

Figure A2: Relative occupational employment rates vs real GDP per worker
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Note: This figure plots the employment rates against log GDP per worker in the cross-section of countries
in the 2010s and the 1990s. In this figure the 2010s sample contains 81 countries and the 1990s 57
countries.
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Table A4: Cross-country comparison of occupational employment structure vs quartiles
of occupation augmenting technologies - in 2010s

Quart. of Quartiles of ppr;

Quartiles of pp;

Quartiles of ju4;

Quartiles of g ;

tech. M R A M R A M R A M R A

1 0.27 053 0.20 0.16 0.57 027 0.11 049 0.40 0.20 0.54 0.26
2 0.15 0.53 031 0.17 056 0.28 0.12 0.50 0.38 0.16 0.56 0.28
3 0.09 055 037 0.10 049 041 0.15 0.55 030 0.13 0.51 0.35
4 0.08 0.51 042 0.17 0.50 0.34 0.21 0.57 0.23 0.09 0.51 0.40

Note: This table reports by quartile of specific factor augmenting technology (2010s) the average occu-
pational labour share. This is based on the the aggregate production function with ¢ = 0.60 and
7n = 0.84. In this table the 2010s sample contains 65 countries, where the sub-sample contains only the
countries for which we have data on the capital share in GDP.

Figure A3: Relative technologies based on ([10)) vs real GDP per hour worked using
information exclusively for persons engaged
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(C) Routine to capital tech. (2010s)
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(d) Routine to manual tech. (1990s) (e) Routine to abstract tech. (1990s)
Note: This figure plots the relative technologies inferred based on the aggregate production function
with 0 = 0.60 and n = 0.84 against log GDP per hour worked. In this plot we use non-adjusted hourly
wages and the information on employment shares, hourly wages and weekly hours worked comes entirely
from persons engaged. In this figure the 2010s sample contains 51 countries and the 1990s 18 countries,
where the sub-samples contain only the countries for which we have data on the capital share in GDP.
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Table A5: Data and Counterfactual Inequality of GDP per hour worked in the 2010s
using information exclusively for persons engaged

Range of GDP Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 ratio 7.05 6.10 5.85 9.56 5.39 4.7
90-50 ratio 1.90 1.92 1.66 2.29 .72 1.62
50-10 ratio 3.71 3.17 3.52 4.18 3.13  2.57

Note: This table reports the ratio of GDP per hour worked at the 90 percentile to the 10th percentile in
the data and in the following counterfactuals: best manual technology only, best routine technology only,
best abstract technology only, best capital technology only and all best technologies. This is based on
the the aggregate production function with o = 0.60 and i = 0.84. In this table we use non-adjusted
hourly wages and the information on employment shares, hourly wages and weekly hours worked comes
entirely from persons engaged. In this table the 2010s sample contains 51 countries, where the sub-sample

contains only the countries for which we have data on the capital share in GDP.

Figure A4: Relative technologies based on ([10)) vs real GDP per hour worked using
information exclusevely for males
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Notes: This figure plots the relative technologies inferred based on the aggregate production function
with ¢ = 0.60 and 1 = 0.84 against log GDP per hour worked. In this plot the information on
employment shares, hourly wages and weekly hours worked comes entirely from males. In this figure the
2010s sample contains 47 countries and the 1990s 15 countries, where the sub-samples contain only the
countries for which we have data on the capital share in GDP.
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Table A6: Data and Counterfactual Inequality of GDP per hour worked in the 2010s
using information exclusively for males

Range of GDP | Actual Counterfactual: Best Technology

per hour worked | Data | Manual Routine Abstract Capital All
90-10 ratio 7.7 5.15 6.44 11.91 6.41 4.37
90-50 ratio 1.72 1.77 1.41 2.26 1.93 143
50-10 ratio 4.17 291 4.55 5.27 3.33  3.05

Note: This table reports the ratio of GDP per hour worked at the 90 percentile to the 10th percentile
in the data and in the following counterfactuals: best manual technology only, best routine technology
only, best abstract technology only, best capital technology only and all best technologies. This is based
on the the aggregate production function with ¢ = 0.60 and n = 0.84. In this table the information
on employment shares, hourly wages and weekly hours worked comes entirely from males. In this table
the 2010s sample contains 47 countries, where the sub-sample contains only the countries for which we
have data on the capital share in GDP.
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Figure A5: Sectoral relative technologies based on vs sectoral real value added per
hour worked for 2005
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Note: This figure plots the relative technologies inferred based on the aggregate production function
with ¢ = 0.60 and n = 0.84 against the log of goods sector’s real value added per hour worked in the
2005 for agriculture and industry, and the the log of services sector’s real value added per hour worked
in the 2005 for high-skilled services (HSK) and low-skilled services (LSK). In this figure the 2005 sample
contains 33 countries. The sub-sample contains only the countries for which we have sectoral data.
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Table A7: Data and Counterfactual Inequality of GDP per hour worked in the 2010s
with alternative substitution elasticities

Baseline: o = 0.60 & 1 = 0.84- Counterfactual: Best Technology

ratio Actual Data | Manual Routine Abstract Capital All
90-10 ratio | 6.22 5.82 5.39 8.65 5.45 4.06
90-50 ratio | 1.95 1.89 1.67 2.56 1.88 1.62
50-10 ratio | 3.19 3.08 3.23 3.37 2.90 2.51
Alternative: o = 0.70- Counterfactual: Best Technology
ratio Actual Data | Manual Routine Abstract Capital All
90-10 ratio | 6.22 5.02 5.33 10.16 5.45 4.05
90-50 ratio | 1.95 1.88 1.56 2.63 1.88 1.62
50-10 ratio | 3.19 2.68 3.42 3.86 2.90 2.50
Alternative: ¢ = 0.50- Counterfactual: Best Technology
ratio Actual Data | Manual Routine Abstract Capital All
90-10 ratio | 6.22 5.99 5.43 7.36 5.45 4.12
90-50 ratio | 1.95 1.92 1.73 2.35 1.88 1.62
50-10 ratio | 3.19 3.12 3.14 3.13 2.90 2.55
Alternative: n = 0.75- Counterfactual: Best Technology
ratio Actual Data | Manual Routine Abstract Capital All
90-10 ratio | 6.22 5.81 5.20 8.07 4.45 4.51
90-50 ratio | 1.95 1.89 1.66 2.46 1.60 1.67
50-10 ratio | 3.19 3.08 3.14 3.29 2.78 2.70
Alternative: n = 0.65- Counterfactual: Best Technology
ratio Actual Data | Manual Routine Abstract Capital All
90-10 ratio | 6.22 5.81 5.11 7.51 5.17 4.96
90-50 ratio | 1.95 1.89 1.64 2.36 1.79 1.71
50-10 ratio | 3.19 3.08 3.12 3.18 2.89 2.89

Note: This table reports the ratio of GDP per hour worked at the 90 percentile to the 10th percentile in
the data and in the following counterfactuals: best manual technology only, best routine technology only,
best abstract technology only, best capital technology only and all best technologies. This is based on
the the aggregate production function with alternative and heterogeneous substitution elasticities.
In this table the 2010s sample contains 65 countries, where the sub-sample contains only the countries
for which we have data on the capital share in GDP.

B Derivations

CES aggregator in routine and in non-routine labour (Section [3.1])
Under the aggregate production function (1} the profit maximization problem of the
representative firm in country ¢ is given by

max m; = pY; — wn;N; — wg,;R;

i34 Vg

where Y; is the production function specified in [I The first order conditions for routine
and non-routine occupational labour are

om 1

817;@- - p}/iaa(MR,iRi)_%,uR,i —wgr; =0

om _ 1 1

82@ =pY;" (1 — a)(pniNi) 7 v — wn; =0
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From these two FOCs, the relative occupational labour demand are as follows

N; . <1 - 04>0 (NN,i)Jl (wR,z’)U

R; « KR W ;
This equation can be solved for relative technologies as a function of observed labour
inputs and relative wages, which gives equation in the main text.

Symmetric CES aggregator in routine, manual, abstract labour (Section (3.2))
The profit maximization problem of representative firm in country ¢ is now given by

Rﬂ?ﬁi pY; — wR,iRi - wA,z‘Ai - wM,iMz‘

where Y is the production function specified in equation[d The first order conditions for
routine, abstract, and manual occupational labour demands are:

om; 1 1

8:%,» =pY,"a(pur:Ri)” 7 piri — wr; =0
87?1- 1 1

oM, = pY,;7 B(par,i M) ;,UM,i —wy,; =0

871'@' 1 _1
oA = pY; (1 — o — B)(paiAi) o ppa; —wa; =0

From these FOCs, relative labour demand for three occupations are given by
A; . (1 - — 5)0 (MA,i)Ul (wM,i>U
M; B JYE WA,
% _ é o /LM,i o—1 wR,i o
R; o' UR.i Wi

which can be can rearranged to give equations [p] and [6] in the main text.

Routine, Manual and Abstract Labour and Capital as Inputs in a Nested CES
Specification (Section [3.3|)

max Y —wriR — wa A — wrr M — 1 K 99
Ri,Ai,Mi,Kip ! Rilh Al Midtvtq i\ ( )

where Y] is 1production fun(lztion specified in dleﬁning the labour aggregate as LA =
a(priRi) 5 +B8(uariM;) % +(1—a—pB)(1aiA;) %=, the first order conditions for routine,
abstract and manual occupations and capital are given by
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) 1 n—o _
= pY;" GLAT I B(pariMi) = piari — war =0

1 —o _
= pYi"gbLA“’n—WOé(MR,iRi)%MR,i —wg; =0

. 1 —o _
= pY;" LA (1 — Q= B)(MA,iAi>71/LA,i —wy; =0

= pr(l — ) (i) = g — i =0

From these FOCs, relative labour demand for three occupations are given by

() () ()
B Wi Q MR
o (wR,i)U <1 — Q= ﬁ)g (MA,i)al
B WA,; o MR,
which can be can rearranged to give equations[12]and [I3)in the main text. The process
to obtain equations [11| and [14] follows the same logic; however, some additional steps are

needed. Defining 6,; as the share occupation o has in the non-capital income of country
1, we can obtain the optimum relative labour inputs:

paaM;  (Oa\ 7T (@) 7T
priR; N (@u) (E)

praiAi 040\ 71 ¢ =
() (=)

The expressions above allow us to express the labour aggregate as:

EEE

o—1

o—1 o—1 7! 1
LA = a(pupRi) = + B(uariMy) = + (1 —a— B)(paid) = =alprili) = (9R )

Substituting LA in the expression for the relative price of routine labour to capital,
“Ei (obtained from the FOCs), and defining the capital share in GDP as Og,; = ”}f(’ give
the relative labour demand of routine occupations to capital and the optimum relative

input of routine labour to capital:

R; ri \" ¢ \" [ pri T e 1\
_— = « o—1
K; WR,; 1—-¢ MK Or,i

61




piciki ( O, ) ( ¢ )a ( 1 )
pri I (1 —Ok,;)0r; 1-¢ Or.

Using the relative demand of routine labour to capital we can arrive to expression
in the main text. Finally, plugging the optimum relative input of routine labour to
capital and LA in equation [L0] allows us to obtain equationI4] in the main text.

Routine, Manual and Abstract Labour and Capital as Inputs in a Nested CES
Specification (Section [6.3) The profit maximization problem of the firm is given by:

Ri’gl’%’m pY; — wR,iRi - wA,iAi - wM,iMi — 1k (23)

where Y; is production function specified in [I7] Defining the routine aggregate as RA =
—1 —1 —1

G(uriR:) " +(1—¢)(uxiK;) " and the complex aggregate as CA = B(paA;) 7 +(1—

(=1 .. . .
B)RAWL) E , the first order conditions for routine, abstract and manual occupations
and capital are given by

67@ 1 _1

oM. Y, a(pnriM;) 7 piar; — war; = 0

871'7; 1 o—v 1

oA, pY;? (1 — a)CAGD2 B(paiAi)” 7 pa; — wa; =0

87@ 1 o7 Y=n _1

OR, pY;” (1 —a)CAGT (1 — B)RACDY $(pupi i) "R — wri =0

8 i 1 o—y =" _1

a;r( =pY;7 (1 — a)CACo (1 = B)RAG (1 — ) (pwi i) purci — 1 = 0

From these FOCs, relative demand of routine occupations to capital is given by

K; WR,; 1—¢ MK i
which can be can rearranged to give equation in the main text. The process to
obtain equations to follows the same logic, however, some additional steps are
needed. Defining 6,; as the share occupation o has in the non-capital income of country

¢ and the capital share in GDP in country 7 as Og,; = T"f", we can obtain the optimum
relative capital input to routine labour input:

MK,iKi _ ( o) )”nl ( @K,i )"nl
pri 1-9 (1 —Ok)0,,

The expression above allows us to express the routine aggregate as:
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B g1 =1 Pyt _ Ox
RA=¢(CiR;)' ™ + (1 =) (FK;) 7 = (priRi) ™ ¢ (1 - @K)GR,)

substituting RA in the expression for the relative wages of routine labour to abstract,
Zf”: (obtained from the FOCs), gives the relative labour demand of routine to abstract

labour and the optimum relative labour input of routine to abstract occupations:

&: <w4,i>7 (1—5)7 (MR,i)Vl (1+ Ok )ﬂgbw
A; WR; B HA (1 - @K,i)eR,i
prili _ (@)— ( 3 )—1 (1 L O )m_?)(l_n S
,MA,Z‘Ai 9A,i 1-3 (1 - ®K,i)9R,i

where the relative labour demand of routine to abstract occupations gives equation
in the main text. The expression RA and the optimum relative labour input of routine
to abstract occupations allows us to express the complex aggregate as:

y—1

CA=BEAYT + (1= HRATT = 50,40 (14

_|_

Or,i Ok >
0a; (1 —0Ok;)0a;

plugging the C'A in the expression for the relative wage of abstract labour to manual

occupations, 5}\“4, gives the relative labour demand of abstract to manual occupations
1

and the optimurh relative labour input of abstract to manual occupations:

o=y

Az’ Wi 7 l—« 7 y(e—1) i ol 0 i (C) i -1
() () () G )
M; WA « K 014,2' (1 - @K,i)eA,i

a o o—
- ()" (522) o )
faiA; 04, ! 0a; (1 —Ok;)0a;
Then, using the relative demand of abstract labour to manual occupations we can get
equation [20]in the main text. Finally, using the optimum relative labour input of abstract

to manual occupations and C'A to substitute in the corresponding terms in equation
allows us to obtain equation [21]in the main text.
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C Equilibrium model with endogenous occupational
choice (Section 4.2

This appendix briefly describes the general equilibrium model constructed for each coun-
try and presented in Section . AsBarany and Siegel (2020)) do, we assume an economy
in which there is a continuum of heterogenous workers that optimally select their occu-
pation. In this economy firms operate under perfect competition and wages are such that
clear the markets.

Production. The production function of this one-sector economy is represented by our
benchmark equation (10). We take the output of this economy as given and then the
problem of the representative firm is reduced to minimise the cost choosing occupational
labour inputs in a competitive settinglﬂ This allows us to endogenise the occupational
labour demands with respect to changes in technologies, as occupational labour demands
are now expressed as a function of wages, technologies and output. These demands
are pinned down by combining the expression for the optimal routine labour demand in
country ¢ (expression , where GDP per hour worked is given by and the optimal
relative labour demands presented in Appendix H

d _
RY = (24)
Y;

o (1-0)(n—1)

-1, 6—1, 0—1 -1, 0—1, o—1 -1, 0-1,,0-1 7= -1 n—1 —1

B i R W AL L W MO WL L L oyl 0, 7

1 1 (e-1)? =12 o(n-1)2

o— o— _ _ g\n—_)-

Wir; Wa,; &7 1“R,¢g r? 1¢’7*1MR72.’7 a (e=1)n

Households —occupational choice. Following Barany and Siegel (2020), in this
economy we assume the existence of a unit measure of workers that face an idiosyncratic
and country-specific cost when selecting one occupation. El This cost is redistributed
in a lump-sum fashion and, given this cost, workers choose the occupation that provides
them the highest income. Therefore, workers in country ¢ will select an occupation if:

wo,ilh ; > wq.ilh, (25)

38Here, we assume that capital is fixed as we want to gain insights about the magnitude of changes in
our counterfactual exercises due to occupational mix changes. In our counterfactual exercises the recov-
ered level of the rental rate of capital complies with the FOCs, given the equilibrium in the occupational
labour markets.

39We add the superscript d to indicate that this is the expression for the routine labour demand. In
equilibrium, O; = O¢ = O3.

1
n=1 e —
<4 n n—o 1
. . . i — s\ 7 - -
40The rental rate of capital is obtained as r; = &% (—1 ¢¢> (—’;’;) (Wlln ) 05" R
; P ctn=1) .

41This cost distribution is calibrated country by country and arguably reflect differences in institutions,

preferences and labour markets. Allowing for country-specific parameters is required to perfectly match
each country’s occupational employment structure given the observed wage rates.

a o—1
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Where O; # Q;, O;,Q; € {R;, M;, A;} and 5?)1 represents the country specific net-of-
cost multiplier faced by worker j to enter occupation O;. By defining Eg)l = ln(fé l) it is

possible to rewrite the previous inequality as (n (wg ’) > § 0. 50 ;, then the occupational

cost differences in country 7 are given by: f = 5 i f R and 621 = 5 Ai— f A Using
this, the optimal labour supplies in each country it and occupation O are described byﬁ
) min[ln(wM,i/wRJ)Jrél,ln(wR’i/wA,i)] 5 B 5 5
- FiEris a0 dE i (26)
In(wpr,i/wa:) oo . .
R | / RGN R (27)
—o0 In(war,i/wr,i)+61
Aj :/ / fil&ri, &2)dE1 idsy. (28)
In(wr,i/wa,i) JIn(wn,i/wa,)

The expression fl<éll,égz) represents the joint probability density function of occu-
pational cost differences.

Equilibrium. This economy is composed of four markets, namely the labour market
for manual, abstract and routine occupations and one goods market. We normalize wages

by assuming that wg,; = 1. Then, the equilibrium is defined by the set of wages w4, and
wyy; that clear the markets, i.e. Rd R:, M = M? and Ad = A3,

Calibration of the cost distribution and parameters Key for our model is the id-
iosyncratic and country-specific cost that workers face when selecting one occupation. To
calibrate the distribution of occupational costs differences we assume a bivariate normal
distribution to represent fl(é“,égl) We further assume that 51,1- and 52,1- are uncorre-
latedﬁ With this set-up, we then calibrate the two means of this distribution (u; and
) and the two elements of the main diagonal in the variance-covariance matrix (0% and
03) such that the occupational cost difference distribution allows us to exactly match the
employment shares. These four parameters allow us to choose two relative wages and
two employment shares for a given country at a given point in time. The means of the
cost differences ensure that wages and employment shares are consistent, while the two
elements of the main diagonal in the variance-covariance matrix are chosen to exactly
match the employment shares. Table presents these calibrated parameters of our
model.

42Tn the labour supplies f (5171-, 521) is the joint probability density function of occupational cost differ-
ences. For a detailed description of this occupational choice setting see section 2.2 in [Barany and Siegel
(2020).

%3 AsBarany and Siegel (2020)) point out, the value of correlation coefficient does not have a significant
impact on any model outcome.

65



Table A8: Calibrated parameters of occupational choice in the 2010s

Quartile of GDP p.h.w. Mean of §&; Variance of &, Mean of £, Variance of &

1 -1.83 8.63 -0.84 2.75
2 -1.31 4.17 -0.25 1.52
3 -0.78 2.15 0.06 1.11
4 -0.49 1.74 0.27 0.92

Notes: This table reports the additionally calibrated parameters for endogenizing the occupational choice.
In this table the 2010s sample contains 65 countries, where the sub-sample contains only the countries
for which we have data on the capital share in GDP.
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